Explorations in Predictive Coding Models of Hallucinations
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Abstract

In this paper, we explore the emergence of visual hal-
Iucinations in a hierarchical predictive coding model
trained on the MNIST digit dataset. Adding precision
to the model enables exploration of the role of priors
in hallucinations. Forcing sensory precision to low val-
ues corresponds to regarding the sensory data as unreli-
able. Conversely, precision in the upper layers driven to
disproportionately high values yields strong priors, cor-
responding to rigid beliefs characteristic of psychiatric
disorders. The aberrant precision weighting is taken as
the mechanism underlying the hallucinations. Halluci-
nations can be induced either by clamping the top layer
to a specific digit or by letting the system evolve its in-
ternal landscape from an unconstrained internal state.
The latter would correspond to spontaneous hallucina-
tions in the absence of sensory input, while the for-
mer would result in the generative model maintaining
a strong belief despite the sensory evidence.

1 Introduction

Recently, predictive coding has shown promise as an
explanatory and exploratory framework for phenom-
ena in computational psychiatry. This influential the-
ory in neuroscience (Friston and Kiebel, |2009) has been
used to explain various cognitive phenomena, including
those in the domain of human vision.

In predictive coding, processing of neural signals
approximates Bayesian inference on the latent causes
of sensory data. Observations (likelihoods) are weighed
against expectations (priors) to arrive at better beliefs
(posterior probabilities or posteriors). Prediction errors
signal the discrepancy between likelihoods and priors,
which guides adaptive belief updating. The goal of this
process is to minimize the free energy. The theory as-
sumes a hierarchical brain structure and bidirectional
transmission of neural messages (bottom-up and top-
down). From the standpoint of computational psychi-
atry, positive psychotic symptoms, such as hallucina-
tions and delusions, may be seen as profound disrup-
tions in forming, maintaining, and updating our beliefs

about the world.

In this paper, we focus on visual hallucinations of
indeterminate etiologyﬂ In a general sense, hallucina-
tions signify percepts arising without the corresponding
external stimulus. The other most common type is audi-
tory (verbal) hallucinations (AVH), i.e., hearing voices
(Corlett et al., 2019).

In the current literature, there are two opposing
hypotheses about the nature of priors associated with
hallucinations (Corlett et al., [ 2019; Sterzer et al., [2018)).
The strong prior hypothesis states that hallucinations re-
sult from enhanced top-down predictive signaling (i.e.,
increased prior precision) relative to sensory-level ac-
tivity. Therefore, perception relies more on beliefs than
on the sensory input. Conversely, a weak prior account
(i.e., lower precision) posits relying more on the am-
biguous or noisy input from the sensory level, exert-
ing a disproportionate influence on perception. How-
ever, these two hypotheses are not mutually exclusive
and may operate simultaneously in different conditions.

The additional complexity is that different priors
may be associated with different sensory modalities and
hierarchical levels of brain organization. Higher-level
associative cortical regions exhibit a higher density of
recurrent connections than lower sensory regions, with
implications for excitation-inhibition dynamics (Corlett
et al.l 2019). Consequently, priors that are active at dif-
ferent levels have implications for precision dynamics.

2 Hierarchical predictive coding (HPC)
network

To test specific hypotheses about the emergence of
hallucinatory-like behavior in the visual system arising
from aberrant precision weighting, we introduce a hi-
erarchical predictive coding (HPC) architecture based
on the model by T'scshantz et al.| (2023)), with modifica-
tions and simplifications. The current model disregards

! Apart from psychiatric disorders, such as schizophrenia and post-
traumatic stress disorder, hallucinations may be associated with neu-
rological conditions, such as Alzheimer’s disease or epilepsy, eye con-
ditions, or may even appear or be induced in the healthy population
(Corlett et al.|(2019).



the amortized feedforward route, but adds dynamic pre-
cision updating at different hierarchical levels.

2.1 Network architecture

We implemented a 4-layer hierarchical PC model with
interpretable inference dynamics to replicate the normal
activity in the visual cortex (with 4 layers loosely inter-
preted as corresponding to areas V1, V2, V4, and IT)
The lowest, sensory input layer consists of 784 neurons
(corresponding to 28 x 28 pixels input MNIST digit im-
ages). The second and third layers contain 256 and 64
neurons, respectively, while the top (output) layer has
10 neurons, corresponding to the MNIST digit identity
(classes). The reduction from 256 to 64 units imple-
ments a dimensional bottleneck consistent with increas-
ing abstraction along the ventral visual stream.

2.2 Initialization

Generative (top-down) weights are initialized by sam-
pling from a normal distribution (due to the theoretical
Gaussian assumptions). Precisions are initiated as vec-
tors of ones.

Clamping. The highest-level latent representation
is clamped to the target label (a one-hot vector) during
training, thereby implementing supervised learning.

2.3 Network performance metrics

Under similar (Gaussian) assumptions, Mean Square
Error (MSE, summed across all layers) serves as a
proxy for minimizing the variational free energy across
epochs. Reconstruction quality is estimated from the
lowest, sensory layer. It is presented as the percentage
of drop in MSE relative to the first epoch (assuming that
the energy is minimized). Reconstructions allow visual
comparison with the original MNIST digits (Fig. [I).
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Fig. 1: Original MNIST digits vs. reconstructions (gen-
erative model).

2.3.1 Hyperparameters

The following hyperparameters were used: (1) infer-
ence rate (x), controlling the step size of latent state up-
dates, a fast component, (2) learning rate for weights
(n), typically set to a small value, e.g. n = 0.001, a slow

2This mapping is conceptual and does not reflect strict anatomical
correspondence.

learning component, (3) number of inference steps
(typically 30), (4) number of training epochs (typi-
cally 100), (5) learning rate for precisions (K) (typi-
cally 0.005).

2.3.2 Precisions in PC

In predictive coding, precisions (7) reflect the brain’s
confidence in the prediction errors at each hierarchi-
cal level. A high precision means the system strongly
trusts the error signal from that layer, and thus as-
signs more weight to that error when updating its be-
liefs (latent states). Conversely, low precision would
decrease the weighting of the prediction error. Preci-
sion is formalized as the inverse of variance or nega-
tive entropy (Corlett et al.| 2019). Changes in preci-
sion are implemented biologically via neuromodulators
like dopamine, noradrenaline, or acetylcholine (Feld-
man and Friston, 2010). Precision is thought to be en-
coded by the postsynaptic gain of neurons reporting the
prediction error. The gain control adjusts the weighting
of precision errors. Synaptic gain is a fundamental bio-
physical property of neuronal function, and it describes
the sensitivity of a postsynaptic neuron’s membrane po-
tential to variations of strength of the presynaptic input
(Nour and Dolan, 2022). Relationship between preci-
sion, priors and posteriors is presented in Fig. |2 Poste-
rior belief is shifted toward the prior or sensory evidence
(likelihood) in proportion to their relative precision (as
the inverse of variance).

posterior expectation

posterior belief

sensory evidence

prior belief (likelihood)

increased sensory precision

<

>

decreased prior precision

Fig. 2: Relationship between precision, priors and pos-
teriors. Adapted from|Adams et al.[(2013).



Dynamic precision updating. The precision, being
the inverse of the variance m = %, can be iteratively
updated at each level [ using the formula:

Am = —K * (6% - 1) ) (1

™

where the squared error signal €7 (the difference be-
tween expectation and the bottom-up signal at level 1)
is conveniently taken to represent the variance. All pre-
cisions are initiated as vectors of ones. This formula
computes a sliding estimate of the inverse variance of
each component of the error vector. Precision increases
when errors are small and decreases when errors are
large. The order of updates is also important. First, the
inference updates settle latent states, then the precisions
adapt to current uncertainty, and, finally, the weights
learn from precision-weighted errors.

3 Precision experiments

Replicating hallucinatory-like effects by manipulating
precisions.

3.1 Manipulating precisions across layers

Adding precision to the model enables exploration of
the role of priors in hallucinations. Forcing sensory
precision to low values corresponds to regarding the
sensory data as unreliable. Conversely, precision in
the upper layers driven to disproportionately high val-
ues yields strong priors, corresponding to rigid beliefs
characteristic of psychiatric disorders. We created an
imbalanced hierarchy as a way to implement aberrant
precision weighting, which is taken as the mechanism
underlying hallucinations. Hallucinations (or emerg-
ing hallucinatory-like structures) can be induced either
by clamping the top layer to a specific digit or by let-
ting the system explore its unconstrained internal land-
scape. The former would result in the generative model
maintaining a strong belief despite the sensory evidence
(blank input in this case, see Fig. E[), while the latter
would correspond to spontaneous hallucinations in the
absence of sensory input (see Fig. {). The rationale be-
hind this choice is that hallucinations (including visual)
are usually defined as the false sensory perception in the
absence of external sensory stimuli.

This model enables testing different hypotheses
within the same architecture (using the same inference
dynamics). Precision dynamics can be shifted by as-
signing different values to various layers, sensory in-
put could be either blank, regular or corrupted or noisy,
while clamping enables constraining or freeing the in-
ference dynamics.

3.2 Two hallucination regimes
3.2.1 Top-down hallucinations (strong priors)

In this regime, we are clamping the top layer to a spe-
cific digit. The network is generating data from internal
strong priors. We are observing increase in free energy
(negative values of the recorded drop in free energy).
The values are presented in Tab. 1. For comparison,
drop in free energy and MSE during regular inference is
95.79%, and 98.31%, respectively.

Fig. 3: Hallucinated digits from strong priors

Hallucination | FFEdrop
1 -5168.15%
2 -5549.41%
3 -5795.73%
4 -5873.69%
5 -5299.63%

Tab. 1: Negative free energy drop (i.e., increase) in
strong prior condition.

3.2.2 Spontaneous hallucinations

Network samples its own generative model in five itera-
tions in unconstrained generative regime, in the absence
of sensory input. We also observe the negative drop of
free energy, i.e., the increase. This is expected because
the network is generating an image (i.e., a digit) from a
blank input, leading to a large prediction error and thus
an increase in free energy. The values are presented in
Tab. 2.

Hallucination 1~ Hallucination 2 Hallucination 3 Hallucination 4 Hallucination 5
f ) ? 9 r X ;'

Fig. 4: Spontaneous hallucinations

Hallucination | FEdrop
1 -9609.93%
2 -9259.43%
3 -9333.59%
4 -9797.32%
5 -9978.10%

Tab. 2: Negative free energy drop (i.e., increase) in
spontaneous condition.

Free energy increases more strongly in the spon-
taneous condition, reflecting the absence of constraints
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Fig. 5: Probability distributions in strong prior top-down condition
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Fig. 6: Probability distributions in spontaneous condition

and the need to resolve large internally generated pre-
diction errors during convergence.

4 Logistic regression for estimating the
classification confidence

In order not to be relying solely on the observed visual
similarity with the original MNIST digits, we used Lo-
gistic Regression for estimating the classification con-
fidence (i.e., probability distribution of digits given
the hallucinated image). Classification confidence was
higher in the case of top-down strong prior hallucina-
tions (with the exception of digits 3, 8, and 9) (Fig.
[), while for spontaneous hallucinations probabilities
were more distributed, which might suggest that spon-
taneous generation is more ambiguous, and that the sys-
tem is trying to explore various internal landscapes (Fig.
[)). The resulting ambiguity for digits 3, 8, and 9
might lead to speculation about the perceived similar-
ities of rounded and semi-rounded shapes in these fig-
ures, which also might have been encoded in their latent

representations.

5 Conclusion

Exploring hallucinatory-like behavior in a hierarchi-
cal predictive coding model approximating human vi-
sion offers a glimpse into internal dynamics of aberrant
precision-weighting, which is thought to underlie many
psychiatric conditions. Although these deficits may be
tested in experimental conditions (mismatch negativity,
sensory attenuation), computational modeling offers an
alternative method of testing these hypotheses.

Future directions. Another possible direction in
our research is testing the hypothesis of weak priors.
Under these assumptions, hallucinations arise from in-
sufficient top-down constraints on perception, such that
noisy or ambiguous sensory input is not adequately reg-
ularized by prior expectations. In the model, we could
achieve this by reducing the precisions of higher hierar-
chical layers (which would correspond to a weak prior)
and providing a noisy or corrupted input, allowing sen-
sory ambiguities to drive inference.
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