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Abstract
The predictive processing framework posits that the brain
constantly compares incoming sensory signals with self-
generated predictions. However, evidence for prediction
in sensory cortex mostly comes from artificial paradigms
with simple, highly predictable stimuli, leaving it unclear
whether the reported sensory prediction effects generalise
to perception more broadly. Here, we probe predictions
in naturalistic perception, analysing high-resolution 7T
functional magnetic resonance imaging (fMRI) responses
of human participants viewing tens of thousands natu-
ral scenes. We use deep generative models to quantify
the inherent spatial predictability of image patches, and
relate resulting estimates to brain activity. Our results
reveal robust and widespread predictability modulations
of BOLD responses across the visual cortex. Higher vi-
sual areas were sensitive to more high-level predictability,
forming a prediction hierarchy. Effects were stronger in
voxels with higher eccentricity receptive fields, aligning
with predictive coding and Bayesian theories. These re-
sults demonstrate the ubiquity of prediction in vision and
inform neurocomputational models of predictive coding
and self-supervised learning in the brain.
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Introduction
Vision is more intricate than meets the eye, requiring the brain
to convert noisy visual input into a coherent percept of the

Figure 1: Graphical outline of the empirical framework, including data and modelling resources (white blocks) and analytical
methods (grey blocks). We quantified the spatial predictability of natural image patches (1° visual angle radius) by comparing
actual visual content with model-predicted reconstructions from a U-Net autoencoder (Liu et al., 2018). These predictability
estimates were regressed on retinotopically (pRF) relevant fMRI BOLD responses from humans viewing 73,000 natural images
(NSD (Allen et al., 2022)), controlling for low-level visual features (Gabor pyramid filter outputs).

world. Theories of predictive processing postulate that this
conversion relies on constant comparison between incoming
sensory signals and self-generated predictions (Rao & Ballard,
1999; Friston, 2005), of which the discrepancy serves both
perceptual inference and self-supervised learning. While influ-
ential (Summerfield & de Lange, 2014), accumulated evidence
supporting prediction in sensory cortex has largely relied on
artificial, prediction-encouraging experimental paradigms, leav-
ing it unclear whether observed effects generalize to perception
more broadly.

Generative AI offers a new way to study prediction (Heilbron
et al., 2022; de Lange et al., 2022). Instead of experimen-
tally manipulating stimulus predictability, this involves estimat-
ing stimulus predictability using generative models. As these
models are stimulus-computable, they allow probing sensory
predictions using complex, naturalistic stimuli.

Uran et al. (2022) introduced a way to apply this approach to
natural scene perception, using the fidelity with which an image
patch could be ’in-painted’ as a metric for spatial predictability.
They found that neurons in macaque V1 fired more strongly if
the image content in their receptive field was less predictable.

Here, we build on their method, investigating the effect of
spatial predictability in the Natural Scenes Dataset (NSD (Allen
et al., 2022)), analysing BOLD responses throughout the visual
system of human participants viewing 73,000 natural images.

Methods
Our analyses involve the stimulus images, fMRI recordings,
and population receptive field (pRF) maps from NSD. We use



Figure 2: Results (n.b.: single-subject surface plots display effects found in full sample) A) Baseline model of bottom-up encoded
features (gabor pyramid) is substantially predictive of evoked response variance in visual cortex (Pearson correlation (r ) between
actual HRF amplitude and predictions of cross-validated ridge regression model). B) Unpredictability features robustly contribute
additional explained neural variance (∆r ) over and above baseline. C) Direction of neural response modulations by spatial
unpredictability is consistently positive, expressed as the mean difference in estimated change of normalised response (β). D)
Visual cortex is hierarchically tuned for spatial unpredictability, as revealed by voxel assignment of the abstract feature level most
predictive of its response variance (argmax(∆r )). E) Spatial prediction effects scale proportional to sensory evidence across the
visual field, demonstrated by stronger predictive contributions of unpredictability features in more eccentric neural populations.

deep generative models to quantify the inherent spatial pre-
dictability of each natural scene and regress these estimates
on evoked neural responses to test for prediction effects across
human visual cortex, while controlling for low-level visual fea-
tures using a Gabor pyramid baseline model (Fig 1).

For each image, we select a specific patch of which we
quantify its spatial unpredictability and features encoded in
the feedforward sweep of visual processing. Specifically, we
use a U-Net to inpaint masked patches given their spatial
context, and define spatial unpredictability as the discrepancy
between model-predicted and ground-truth patches. This is
based on the ℓ2 distance between features of the predicted and
observed image patch, at each layer of a deep convolutional
neural network (DCNN; VGG-16) (Simonyan & Zisserman,
2014). For bottom-up features we take the first 500 principal
components (PCs) of filter outputs from a gabor pyramid con-
volved with ground-truth patches. We relate these features to
the estimated amplitude (single-trial haemodynamic response
function (HRF) fit β-coefficients) of scene-evoked responses
in the blood oxygenation level-dependent (BOLD) signal using
ridge regression with cross-validation. To assess spatial unpre-
dictability effects we examine the contribution of unpredictability
features over and above the baseline predictive performance
of only bottom-up features.

Results
We first asked whether BOLD responses were modulated by
spatial unpredictability, defined as unpredictablity explaining
significant additional variance over and above the baseline
model. We find this is the case in all participants (Fig 2B).
Moreover, when we inspect the coefficients, the direction of
modulation is consistently positive: BOLD response is stronger
when image content is less predictable, in line with expectation

suppression (Summerfield & de Lange, 2014).
We then asked what level of unpredictability visual cortex

was most sensitive to. This revealed a hierarchy of predictions
where higher-level visual areas become progressively sensitive
to more abstract levels of visual predictability. This gradient
parallels the established bottom-up feature encoding hierarchy
(Güçlü & Van Gerven, 2015). However, it diverges from recent
observations in animal models (Heilbron & de Lange, 2023;
Schwiedrzik & Freiwald, 2017; Uran et al., 2022) and human
fMRI (Richter et al., 2024), which suggested that visual cortex
predicts specifically at higher levels of abstraction.

Finally, we asked whether these effects displayed a key hall-
mark of prediction: sensitivity to sensory reliability. We com-
pared predictability effects in voxels with foveal vs parafoveal
RFs, reasoning that voxels with less reliable bottom-up sensory
input should rely more on sensory prediction. This is indeed
what we find in every brain region where we could perform
this analysis: prediction effects are generally stronger when
visual input is less reliable (Fig 2D). This is in line with Bayesian
inference within predictive processing (Lee & Mumford, 2003),
considering sensory precision decreases with eccentricity.

Discussion
These findings provide evidence for the ubiquity of prediction in
the human visual system. They confirm predictive processing
theories and offer new insights into how the brain generates
and uses predictions across different cortical areas and vi-
sual field locations—supporting ideas of hierarchical prediction
(Heilbron & de Lange, 2023; Friston, 2008; Wacongne et al.,
2011) in active Bayesian predictive coding (Rao, 2024).

Together, these results provide a new window on sensory
prediction, with implications for computational models of predic-
tive processing and self-supervised learning in visual cortex.
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