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Abstract.

Inspired by the robustness of human vision, various attempts have been
made to incorporate brain-inspired mechanisms into artificial neural net-
works. A popular candidate has been predictive coding, a prominent the-
ory in neuroscience, that theorizes that feedback connections communicate
top-down predictions to earlier regions. While recurrence in models has
been demonstrated to be useful when processing noisy and difficult stimuli,
a direct evidence of its utility for explaining brain data under such situation
was yet to be shown. Here, we investigated whether such brain-inspired
mechanism actually helps to capture neural dynamics. Specifically, we
measured the brain alignment between representations of a predictive ver-
sion of a popular feedforward CNN often used as a computational model
of the visual cortex-VGG16—and human EEG collected when viewing im-
ages that were relatively easy (Control) or difficult to classify (Challenge).
We demonstrate that the recurrent dynamics significantly enhanced the
model’s alignment with EEG responses, underscoring the importance of
recurrent connectivity in computational models of human vision, an effect
distinctly visible for challenging stimuli.

1 Introduction

In neuroscience, predictive coding theory posits that the brain functions as a so-
phisticated hypothesis-testing system continuously generating predictions about
sensory inputs and updating its internal world models to minimize prediction
errors [I]. Within this theoretical framework, feedback connections from higher
to lower level brain regions transmit the predictions of incoming stimuli [1].

Motivated by the goal of achieving human-like visual capabilities, researchers
have developed frameworks that integrate predictive coding principles into com-
putational models [2] [8] 4], demonstrating remarkable capacities for reproducing
human-like perceptual behaviors. Moreover, previous investigations with pre-
dictive models like PredNets—LSTM-based models trained in an unsupervised
fashion to anticipate video frame sequences—revealed that it captures key as-
pects in various forms of brain data (fMRI and MEG)[3,[5]. In a similar vein, Guo
et al. [6] found that predictive coding-inspired dynamics improved the alignment
to human fMRI responses during scene recognition.

While these, and various other studies suggest that integrating predictive
top-down information leads to brain-like representations for natural images, their
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Fig. 1: Experimental Design. a) Experimental stimuli. The ‘Challenge’ set comprises im-
ages depicting objects with substantial degradation (occlusion, deformation, or missing parts).
The ‘Control’ set consists of corresponding images with high visibility and minimal distor-
tion. b) EEG-feature encoding pipeline. We integrated predictive coding units into a VGG16
backbone to construct a recurrent neural network (PVGG16). Three image sets-‘Challenge’,
‘Control’, and their combination (‘Challenge & Control’)-were processed through PVGG16 to
extract feature representations from five hierarchical predictive coding stages (PCoders 1-5).
A ridge regression model was trained to map these features onto EEG data, and model per-
formance was evaluated using the Pearson correlation between predicted and actual EEG. c)
Occipital-parietal electrodes (the green 24 channels) provide particularly strong visual signals.

ability to explain brain dynamics under challenging stimuli-where recurrence is
hypothesized to play a prominent role-lacks a direct demonstration. In this
study we directly examined whether the recurrent dynamics implemented in
predictive models align with neural dynamics observed during challenging visual
stimuli processing. Specifically, using ridge regression, we measure the align-
ment of the model representations with the EEG responses collected while the
participants viewed images that are relatively easy (henceforth ‘Control’) and
difficult (henceforth ‘Challenge’) for the model[7].

2 Methods

Predictive coding model (PVGG16) Predify[2] integrates predictive cod-
ing dynamics into models by augmenting a pretrained classification model (here
VGG16), with feedback connections trained in an unsupervised fashion. As illus-
trated in Figure [1} these feedback connections divide the model into a sequence
of consecutive predictive coding (PCoder) modules (5 PCoders in PVGG16).
The output of each PCoder, ey (t), over timesteps, incorporates input from feed
forward, backward, and recurrent connections using the following equation:

feedforward memory
ﬁ ﬁ

6N<t + 1) = “31\/[”/]'(/7]‘]\]6]\771 (t + 1)] + (1 — BN — /\N)EEN(t)
—anVen-1(t) + An[WR 1 ven+1(t)]

error T feedback predictions
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Fig. 2: Whole-scalp EEG alignments, Ay = 0.5, model iteration n = 10. Upper
panel shows pearson correlation between predicted and actual EEG signals while the lower
panel demonstrates the Mean Area Under the Curve (mAUC). Red and blue lines represent
values for PVGG16 and VGG16, respectively. The shaded regions denote the standard error
for 34 subjects. Orange shaded regions represent time points where correlations with the

predictive model are significantly higher than the corresponding feedforward (baseline) values.

where Sy, Any (0 < By + An < 1), ay are layer-specific coefficients controlling
the weight of the feedforward, feedback and error-correction signals respectively.
en—1 is the Mean Square Error between ey_1(t) and W y_jen(t) (the top-
down prediction) at timestep ¢ and is used to train the feedback connections
in-line with the predictive coding. We refer the readers to the original paper
for additional details. For the sake of clarity, we restrict the use of the term
‘timestep’ for EEG data and use ‘iteration’ for model’s recurrence instead.

Ezxperimental stimuli and human EEG recordings: To investigate recur-
rence in PVGG16, we employed the ‘Challenge’ and ‘Control’ image sets from
Opyarzo et al. [7], derived from a 10-category stimulus set [8]. These sets were de-
fined by comparing human (34 participants) and feedforward AlexNet classifica-
tion performance: ‘Challenge’ images (N=121) depicted occluded, deformed, or
partial objects where human accuracy exceeded the model’s by > 1.5d', whereas
‘Control” images (N=121) showed minimal performance differences (< 0.4d").
More importantly, the authors reported that humans showed delayed informa-
tion processing and specific recruitment of frontal brain regions for Challenge
images. For our analysis, we used three conditions: ‘Challenge’, ‘Control’, and
their combination (‘Challenge + Control’). We aligned model representations
with whole-scalp (64 channels) and occipital-parietal (24 channels) providing
strong visual signals [9].

Measuring EEG alignment: We extracted activations from the five PCoders
in PVGG16 and their corresponding layers in the feedforward version of VGG16.
To estimate the alignment between model activations and EEG signals, across
iterations, we trained ridge regressions using nested cross-validation, and calcu-
lated the EEG encoding accuracy by measuring the pearson correlation between
predicted and actual signals. The final scores were averaged across channels and
subjects. We measured the mean Area Under the Curve (mAUC) using a 15ms
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Fig. 3: AmAUC(predictive —baseline) across model iterations n under varying amounts
of top-down (AN) information. The top panel shows the alignment with whole-scalp and the

bottom for occipital-parietal channels.

sliding window, inline with the 10-15 ms processing in the ventral stream]g],
maintaining the fine-grained temporal resolution of neural dynamics.

3 Results

‘Challenge + Control’: Increasing model recurrence and top-down influence
(AN ) progressively enhances whole-scalp EEG alignments. Figurepresents the
EEG encoding performance comparison between predictive VGG16 (PVGG16)
and standard VGG16 architectures under Ay = 0.5 (see Eq. |1)) and model itera-
tion n = 10. The upper panel displays EEG encoding accuracy across time, while
the lower panel illustrates the corresponding mAUC values. Orange shading in
the lower panel denotes temporal intervals where PVGG16 demonstrates sta-
tistically significant improvement in EEG alignment performance over VGG16
(p < 0.05), specifically at PCoder1-3.

Figure [3| examines the difference in mAUC between PVGG16 and VGG16
across whole-scalp and occipital-parietal configurations, revealing that increasing
An from 0.0 to 0.5 produces larger improvements at early and middle PCoders
(1-3). Conversely, late PCoders (4 and 5) show minimal benefits or performance
degradation. While the lack of feedback to the highest layer (PCoder5) can
explain its trendline, the alignment of PCoder4 indicates that the alignment is
driven mostly by early visual cortex—it is possible that the features of a deeper
layer like PCoder4 might have already peaked in their alignment, with additional
recurrence only deteriorating or stagnating their performance. We validated our
intuition by re-performing our analysis only on the occipital-parietal channels
(Fig[3| bottom) and observing similar values for alignment across all layers.

‘Challenge’ vs. “Control’: with higher top-down influence, PVGG16 more
comprehensively captures the divergent processing of challenge and control im-
ages inside brains between around 0.17s and 0.22s after stimuli onset. In Fig-
ure 4] the upper panel shows occipital and parietal alignments with Ay = 0.5
at model iteration n = 10, mAUCchallenge significantly exceeds mAUCcontrol
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Fig. 4: Influence of reccurrent dynamics on enhancing occipital-parietal align-
ments, Ay = 0.5. In the upper panel, green and orange lines represent mAUC values across
EEG time points for the ‘Challenge’ and ‘Control’ conditions, respectively. Shaded regions in-
dicate the standard error across subjects. Vertical green shading highlights time intervals where
mAUC for the ‘Challenge’ condition significantly exceeds the ‘Control’ condition (p < 0.05).
The bottom panel displays AmAUC = mAUCchpalienge —MAUCcontrol, Where A denotes statis-
tically significant positive differences (p < 0.05), indicating model iteration n where recurrence

improves EEG dynamic predictions for ‘Challenge’ stimuli.

between approximately 0.17-0.22 s at PCoder 1-3 (vertical green shading). This
temporal window closely aligns with Oyarzo et al. [7] who identified divergent
neural processing for challenge and control images in the human brain from
0.14-0.22 s. The middle panel illustrates that with Ay = 0.5, mAUC gener-
ally increases with model iterations at PCoder 1-3 within both [0.17 s, 0.2 g
and [0.2 s, 0.22 s], indicating recurrent engagement during recognition of both
conditions. Conversely, late PCoders exhibit declining mAUC with excessive
recurrence, indicating stage-dependent effects.

We further asked whether additional model iterations increasingly contribute
to the alignment with the brain data on challenge stimuli. We thus looked at the
difference in mAUC scores and found significant differences within [0.2 s, 0.22
s] for PCoders 1-3 (Fig4, bottom), suggesting that recurrence enhances neural
dynamic prediction specifically for challenging stimuli.

4 Discussion and Conclusion

This study provides direct evidence that predictive coding-inspired recurrent
dynamics enhance the modeling of EEG activity, particularly for challenging vi-
sual stimuli, with gains scaling directly with top-down influence. These dynamics
successfully capture the differential neural processing observed by [7].

Previous arguments for recurrent models in predicting brain data have relied
on indirect evidence, such as late-onset decoding from natural stimuli or the
alignment of deeper network layers. Our work offers the first direct demonstra-
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tion of their utility for explaining brain activity elicited by degraded stimuli,
while also proposing a viable candidate architecture for implementing these dy-
namics.

Although the moderate effect sizes may reflect constraints of our EEG dataset
(121 images), and our focus on PVGG16 architectures leaves open questions
about generalizability across other predictive coding implementations, our work
provides empirical support for predictive coding theory, demonstrating that re-
current mechanisms are engaged during core object recognition and become in-
creasingly critical for capturing neural dynamics of demanding perceptual tasks.
This research contributes to bridging computational models of predictive coding
with the brain’s own predictive processing mechanisms.
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