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Abstract

We study predictive coding (PC) on arbitrary directed graphs, unifying classification,
generation, and occlusion within one model. We evaluate hierarchical, fully connected, and
stochastic block models (SBMs) on MNIST-scale tasks. We show that shallow PC models
are competitive for classification, but deeper models amplify training instability and update
divergence compared with traditional backpropagation (BP). Generative PC models query-
ing via clamped labels yield plausible yet weakly controllable MNIST image samples and are
sensitive to hyperparameters. Fully connected graphs favor shortcut credit paths that col-
lapse into near direct (sensory–label) mappings, bypassing rich latent structure. In contrast,
clustered sparse topologies discourage direct sensory-to-label bypasses and scale to larger
node counts without degrading accuracy. Overall, PC is promising for parallel, local learning
on sparse graphs, but remains limited by sensitivity to initialization, step sizes, and topol-
ogy.

Keywords: predictive coding, inference-learning, graph topology

1 Introduction

The backpropagation algorithm (BP) has been essential to the success of deep learning; however,
its reliance on sequential backward passes, non-local computations, and acyclic architectures
makes it biologically implausible. Neuroscience-inspired alternatives, such as predictive coding
(PC), leverage strictly local updates and bidirectional message passing, and have the potential
to overcome these limitations. PC networks (PCNs) can operate as classifiers, generators, and
associative memory systems within a single framework and have been adapted in recent years to
work with arbitrary graph topologies, enabling them to address a broader range of problems be-
yond traditional neural network structures. Building on the fully connected and arbitrary graph
formulations of [1] and the hierarchical PC implementation of [2], we implement PCNs on ar-
bitrary graphs to unify classification, generation, and associative memory tasks in one model.
Therefore, we compare different topologies, such as hierarchical, fully connected, and stochastic-
block graphs, to formally characterize PCNs from multiple perspectives and assess their viabil-
ity as an alternative to backpropagation in modern ML. To improve generalization and scalabil-
ity, we test amplifying slow-moving gradient updates and stochastic learning blocks to scale PC
models.
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2 Predictive coding background

Any computational system with learnable parameters must determine how changes to an indi-
vidual connection affect the system’s output, a challenge known as the credit assignment prob-
lem. Most modern deep learning frameworks are heavily dependent on backpropagation (BP),
which computes how a global loss function changes with respect to individual weight parameters.
The brain faces a credit assignment problem analogous to that in ANNs. Despite BP’s success
in machine learning, evidence suggests that the brain uses a different approach. BP training is
divided into a forward pass (to compute activations) and a backward pass (to compute gradients
and propagate errors). This two-phase update is not how the brain appears to learn, as there is
no evidence of a distinct reverse signaling phase in biological circuits. Moreover, biological learn-
ing appears local in space and time, meaning neurons update based on nearby spiking activa-
tion and plasticity rules rather than a single global objective. The needed memory is carried by
short-lived synaptic traces, not by explicit neuron-level caches stored after the forward pass and
reused for backward (gradient) updates. Predictive coding, on the contrary, performs inference
and learning in a unified process without a dedicated backward pass, meaning that it continu-
ally updates neuron activities to minimize prediction errors and that weight updates occur based
on these local errors. In fact, the standard PC learning algorithm, often called Inference Learn-
ing (IL), does not store or reuse the original feedforward activations to compute weight updates,
unlike BP, which must store activations from the forward pass. Therefore, PC’s learning rule op-
erates online on current activity and error signals, whereas BP explicitly caches neuron outputs
from the forward traversal to calculate gradients during the backward traversal. A detailed com-
parison between BP and PC can be found in the Appendix section A and in [3, 4].

Backpropagation benefits from established techniques such as BatchNorm, dropout, and ro-
bust optimizers, making it highly effective, especially on larger datasets like CIFAR-100, where
it consistently outperforms inference-based learning. While predictive coding can also leverage
some of these techniques, it faces challenges such as instability due to errors, vanishing or ex-
ploding dynamics, and sensitivity in non-sequential or recurrent graphs. Loops and dense con-
nectivity demand careful weight initialization, damping, and edge-specific tuning. While the Pre-
dictive coding framework can approximate backpropagation under certain conditions, it demon-
strates unique capabilities and flexibility that traditional deep learning methods do not possess
[5].

Figure 1: Locality contrast: BP propagates a global error through the network; PC updates
each synapse using local activity and prediction error. Backpropagation updates its synaptic
weights Wi,j with respect to a global local, even if the loss node is not directly connected to it.
PC models on the other hand, perform their updates to correct the error of their directly con-
nected postsynaptic neuron. Figure taken from [6]

From a machine learning perspective, predictive coding has promising properties, achieving
excellent results in classification [7] and memorization [8]. PC has been shown by [9, 10] to be
competitive with BP algorithms (on small datasets) when using feedforward PC models. A hier-
archical PC implementation from [11] even achieves 99.9% accuracy on CIFAR-10.
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Predictive coding networks were first introduced for unsupervised feature learning by Rao
& Ballard [12] and were later extended to perform supervised learning [7]. This extension allows
predictive coding to be used in a range of machine learning tasks, from classification to gener-
ative modeling. The versatility of PCNs stems from their ability to integrate information in a
manner similar to how the brain processes sensory inputs and updates its internal models. Al-
though the brain learns unsupervised, there are tricks to train predictive coding models without
explicit labels as shown in [13, 14].

The concept of (inference) learning is extensively described in Hohwy’s account of the self-
evidencing brain [15] in which the brain’s primary function is to ensure its own model of reality
is well supported by the sensory stimuli. In other words, the brain sets out to confirm and refine
the internal picture it holds about the world by constantly seeking to reduce the gap between
what it expects (its predictions) and what it observes. Active inference is the process of perform-
ing generative actions guided by beliefs that reshape the world to align more closely with one’s
internal model. Perception inference, used in our predictive coding model, creates and param-
eterize an internal model and tries to match that to external stimuli after which its updates its
internal beliefs and therefore increases its evidence.

The core idea of predictive coding is that the brain maintains an internal model that contin-
uously generates predictions about incoming sensory data. These predictions are compared with
the actual sensory inputs, and the discrepancies, known as prediction errors, are used to update
the internal model. Under predictive coding, the brain is modeled as keeping an internal genera-
tive model that predicts its sensory inputs; perception then amounts to (approximate) Bayesian
inference that minimizes prediction errors or free energy [16–19].

In the Predictive Coding framework, higher-level (cortical columns in the brain) predict ac-
tivity in lower-level neurons, all the way down to predicting direct sensory input. Given a stimu-
lus at a sensory neuron, we compare it with the prediction from higher layers, yielding a predic-
tion error. Given the clamped sensory stimulus x0, the representations x1 − xL are updated (us-
ing one or multiple bottom-up prediction errors) and passed as a message to higher layers, which
in turn are used to compute the difference between this new representation and its predictions.

Conceptual

Mathematical
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Figure 2: Hierarchical predictive coding framework showing conceptual and mathematical
processes across lower and higher levels. In supervised learning, the representation xL is clamped
to the label corresponding to the sensory image x0.

Each layer attempts to minimize its own prediction error by comparing top-down predic-
tions with bottom-up inputs. The lowest level receives sensory input (e.g., an image), while higher
levels generate predictions to explain activity in the layer below. Errors are propagated upward
and used to adjust internal representations, with feedback refining predictions. This iterative
process continues until a stable representation is reached throughout the hierarchy. From a math-
ematical perspective, this mechanism effectively implements hierarchical variational Bayesian
inference, assuming a Gaussian variational posterior and a compatible generative model. This
bidirectional flow of information, where both bottom-up sensory inputs and top-down predic-
tions interact, enables efficient and adaptive learning. Furthermore, this bidirectional processing
is fundamental for the functioning of brain areas, such as the hippocampus [8, 20].
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3 Learning

The Rao and Ballard 1999 model was initially formulated as a hierarchical generative model
with both feedforward and feedback connections, rather than a purely feedforward model. Later
work cast predictive coding algorithm as approximating a Bayesian inference process based upon
Gaussian generative models [21, 22]. Recent works also formalized PC in terms of energy-based
models, linking PC dynamics to the principles of variational inference. We formalize this with
Bayesian inference: given (sensory) observations o (images or labels), we wish to infer the latent
states x that caused them. We assume a generative model of the data-generating process: the
joint probability p(o, x; θ) = p(o|x; θ)p(x; θ). Using Bayes’ rule, we can compute the posterior
distribution over latent states given the observation. The posterior p(x|o) captures our updated
belief about the latent state after observing the data (omitting θ).

p(x|o) = p(o|x)p(x)
p(o)

=
p(o|x)p(x)∫

x
p(o|x)p(x) dx

Furthermore, once the latent state x has been inferred, it can be used to predict the ex-
pected sensory input. This prediction is computed as the expected value of the observation con-
ditioned on the latent state:

prediction = E[o | x] =
∫
o

p(o | x) do

This prediction allows us to compare the expected and actual observations, thereby gener-
ating a prediction error. This prediction error is central to predictive coding, where it updates
neural representations of latent states, effectively refining the inference process [12]. However,
the denominator p(o|θ), called the marginal likelihood (or model evidence), is often intractable,
as it requires integration over all possible latent states x. To do this efficiently, we optimize a
tractable upper bound on the divergence, known as the variational free energy, or equivalently,
in machine learning, the negative evidence lower bound (ELBO). To generate this bound, we ap-
ply Bayes’ rule to the true posterior, rewriting it as a generative model and the evidence. We
approximate it with a variational posterior q(x|o;ϕ), parameterized by a learnable ϕ to minimize
the divergence between this approximate distribution and the true posterior.

This approach allows us to iteratively update our belief about the latent state, using predic-
tion errors to drive inference and learning. In this way, variational Bayesian inference and pre-
dictive coding are unified under a common framework for solving the inverse problem. Given ob-
servations o, infer the most likely latent causes x that generated them. In particular, PC can be
seen as a process of inverting a generative model by minimizing an energy function correspond-
ing to variational free energy. This formulation helps us understand how PC can perform both
inference and learning using only local signals. Free Energy from the equation below can be ar-
ranged as Complexity − Accuracy, showing a trade-off between the first term, which forces the
minimization of complexity and thus generalizes well, and the second term, which forces mem-
orization or fitting of the data. The objective becomes minimizing the variational free energy
(negative ELBO):

F(x, o, θ) = KL[q(x | o, θ) ∥ p(x | θ)]︸ ︷︷ ︸
Complexity

−Eq(x|o,θ)[log p(o | x, θ)]︸ ︷︷ ︸
Accuracy
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To obtain the standard PC energy from [23] and used in practice, assume a hierarchical
Gaussian generative model with layers x =

(
x(0), . . . , x(L)

)
and parameters θ =

(
θ(0), . . . , θ(L−1)

)
,

where layer 0 corresponds to the generated data o and layer L is the highest in the hierarchy. In
supervised training, it is standard to clamp the endpoints during inference (e.g., x(0) = oimage

and x(L) = olabel), similar to a standard MLP or, similar to Figure 2. Here µ(l) is the predic-
tion of layer l according to the layer above, with f(·) being a non-linear function and µl = xl.
The joint or marginal probability of all layers of the causes is written as a product of Gaussian
conditionals, which implicitly encodes dependencies between layers:

p
(
x(0), . . . , x(L)

)
=

L∏
l=0

N
(
µ(l),Σ(l)

)
, µ(l) = θ(l) f

(
x(l+1)

)
, µ(L) = x(L)

Here, we assume Gaussian distributed prediction errors at each layer. With a Laplace mean-
field approximation, the true posterior is simplified: the Laplace part replaces the generally non-
Gaussian posterior with a Gaussian around its mode (MAP), and the mean-field part factorizes
it across layers so that updates are independent and tractable. With unit covariance Σ(l) = I,
the upper-bound of the negative log-likelihood terms collapses to squared prediction errors up to
constants, resulting in the free energy F :

F(x, y, θ) =

L∑
l=0

∥∥x(l) − µ(l)
∥∥2 =

L∑
l=0

∥∥ε(l)∥∥2, ε(l) = x(l) − µ(l)

This formulation is equivalent to the original PC objective of Rao & Ballard. It is jointly
minimized over activities and parameters and establishes PC as an energy-based inference aris-
ing from a Gaussian hierarchical model. Maximizing the evidence (marginal likelihood) for a
model, or equivalently minimizing the discrepancy between the internal model and the observed
world, can be seen as reducing prediction error. This formulation shows how the Free energy and
prediction errors are derived and will serve as a basis for a predictive coding model applied to
arbitrary topologies. The complete mathematical derivation can be seen in [24].

4 Inference learning

While predictive coding provides a principled account of inference as free-energy minimization,
different computational schemes can be used to implement this process in practice. These ap-
proaches vary in their assumptions, computational cost, and accuracy, but they all aim to re-
duce the divergence between the approximate and true posteriors. There are multiple approaches
to reduce the divergence between the approximate and true posteriors such as; (Variational)
Laplace approximations [25], Monte-Carlo–based schemes (e.g., Monte Carlo Predictive Coding)
[26], amortized inference via Variational Inference (VI) [27], and the Expectation–Maximization
(EM) algorithm [28–30]. These methods trade off accuracy, assumptions, and efficiency. In this
context, the learning dynamics of many predictive coding models can be interpreted as an EM-
like alternation that jointly minimizes a shared variational free energy F , described by the infer-
ence learning (IL) framework [21, 24, 31, 32].
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The first step in the PC EM-algorithm is
called inference where we try to infer the
best causes x1 − xL−1 (node activities)
given the fixed parameters θ and clamped
observation o data, consisting of sensory
nodes x0 (image) and supervised nodes xL

(label) or in traditional ML referred to as
y. This step is done until convergence
(energy equilibrium) or a fixed number of
steps T . The second M-step is learning, in
which we update the model parameters θ
based on the inferred causes to maximize
the expected output likelihood.

1. Inference (E-step):
x = minimize F(x, o, θ)

2. Learning (M-step):
θ = minimize F(x, o, θ)

The model, see Figure 3, is initialized by
clamping the sensory input x0 and the
supervision nodes xL. The model infers
latent states (gray) given the fixed
parameters (W ) by minimizing prediction
error (red). Notice that we perform
multiple inference steps before a single
weight update or learning step. This is the
main goal of predictive coding: inferring
latent states and learning parameters by
minimizing prediction error. Minimizing
these errors, E will be the same as
maximizing the posterior, which is here the
same as minimizing the negative log
likelihood.
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Figure 3: Inference Learning. Figure al-
tered from [33]

4.1 Incremental inference learning

Incremental variants of predictive coding have also been proposed by [23] to bridge the gap be-
tween standard PC and BP. In traditional PC models, we first infer node values for T iterations
(E-steps) before performing a single weight update (M-step). In Incremental PC (IPC), the net-
work updates its weights at every time step of the inference process, rather than waiting for full
convergence to reach a stable equilibrium of neural activities. Intuitively, this provides a con-
tinuum between the simultaneous convergence of standard PC and the strictly phased update
of BP, effectively a continuous shift between PC and BP’s behaviors. Incremental PC (IPC)
updates the activity and weight at every step (an incremental-EM view), preserving a relaxed
version of energy F while improving stability and efficiency. IPC tends to improve convergence
speed and learning stability (since weights are nudged gradually), but when applied to general,
non-layered networks, it still does not precisely follow backpropagation updates. This contin-
uous updating process allows the algorithm to avoid the need for external control signals that
typically switch between the inference and learning phases, making it more autonomous and bio-
logically plausible.
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5 PC graph

We consider an (arbitrary) directed graph G = (V,E) where V is a set of N vertices represent-
ing nodes, and E is a set of directed edges encoding relationships between these nodes. We de-
fine our direction to be similar to the standard ML convention, see section 5.1 Direction. This
means that our adjacency matrix A is indexed with rows corresponding to targets (receivers),
and columns with sources (senders), meaning Wij is the weight on the directed edge j → i such
that j predicts i. Each node i ∈ V has an activity value (or value node) denoted xi (with a time
index when dynamics are considered, e.g. xi,t). A subset of these nodes is designated as sensory
nodes (e.g., the first s nodes correspond to external data or sensory inputs), while the remainder
are internal nodes that represent latent or higher-level variables. If trained under supervision, an
additional subset l is selected for the label. In this paper, we only mention PC graphs trained in
a supervised manner.

Fully connected,
w. self-connections

1 2 3 4
1 1 1 1 1
2 1 1 1 1
3 1 1 1 1
4 1 1 1 1
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3
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No self-connections
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Figure 4: Different adjacency matrices, determining the topology of the graph and therefore
also the learning dynamics. Figure taken from [2] and altered.

At each time step, node i computes a prediction µi,t, derived from incoming signals trans-
mitted through its incoming edges, based on an aggregation function, typically the weighted sum
of signals. The function f(·) serves as a nonlinear transformation of the activity xj,t from the
sending nodes. Additionally, each node computes a prediction error ϵi,t, quantifying the differ-
ence between the node’s actual state xi,t and its prediction µi,t at time t. This error reflects the
amount of surprise or deviation from the expected activity and is propagated backward along
the graph to inform updates at preceding nodes. Thus, each node computes a prediction µi of its
own activity xi and compares the two, resulting in a prediction error ϵi, computed as follows:

µi,t =

N∑
j

Wijf(xj,t) = Wf(x)

ϵi,t = xi,t − µi,t

(1)

The binary variable Ai,j from the adjacency matrix, which indicates the presence of an edge
from node j to node i, is omitted in the equation above since it is only used to construct the
weight matrix W accordingly.
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PC graph models are trained by minimizing the model’s global energy and incorporating the
adjacency matrix A. This total energy Et is the sum of the prediction errors of the network at
time t. The total error of the predictive coding network is given by:

Et =
1

2

N∑
i

(ϵi,t)
2 =

1

2

N∑
i

(xi,t − µi,t)
2 (2)

Notice how this Energy function E is similar to our energy function F , rewritten over the
sum of each node instead of the sum over each hierarchical layer.

Training: The learning objective is to minimize the energy function Et. In our case, the
parameters of the generative model W need to be learned, where we first infer the latent vari-
ables of a data point given our model (E-step) using Gradient descent, and then use those la-
tent representations to update the model weights w (M-step). During both the inference and
weight phase, we set the input layer to equal the datapoint, while the output layer nodes are
clamped to the desired label (in supervised learning).

Figure 5: This figure shows the training and testing of a fully connected graph with sen-
sory (gray), internal (white), and label (green) nodes. During supervised training, both sensory
and label nodes are clamped (grey background). At test time, clamp either the sensory or label
nodes, perform inference until the model converges to an equilibrium, and recover the unclamped
node of interest for either classification or generation.

1. Inference: During the inference phase, the weights are fixed and the values are updated
for T iterations or until convergence, to minimize the error. The update equations with learning
rate γ for the value xi is given by:

∆xi = −γ
∂Ei,t

∂xi
= γ

−ϵi,t + f ′(xi,t)
∑
j

Wij · ϵj,t


= γ

(
−ϵi,t + f ′(xi,t), (W

⊤ϵt)i
) (3)

The neuron’s activity is adjusted to find a compromise between its own error ei, which drives
it to align with its top-down prediction. The second term, which encourages it to better pre-
dict the activity in the layer below. This equation embodies the view of the passing of messages:
node i adjusts upward or downward in response to its own local error ei and the weighted errors
of the nodes it projects (sending feedback indicating whether the prediction of i was too high or
low). This iterative update of the value nodes distributes the output error throughout the entire
PC graph.
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2. Weight Update:
The weight update for Wij using learning rate α :

∆Wij = α
∂ET

∂Wij
= α

(
−ϵi,T f(xj,T )

)
(4)

The synaptic weights Wij are adapted to minimize prediction errors, via a Hebbian-like up-
date involving presynaptic activity f(xj) at step T and postsynaptic error ei. This rule intu-
itively increases Wij if node j consistently under-predicts (positive ej) when i is active, and de-
creases Wij if node j over-predicts (negative ej) given i’s activity. The result is that over time
the weights learn to encode the dataset, meaning Wij will adjust to better predict j from i, cor-
responding to the original Rao-Ballard error-driven learning rule generalized to graphs.

PC and IPC are 1-hop in time, meaning each update depends only on the present presy-
naptic activity f(xt) and postsynaptic error et. Temporal credit assignment (like BPTT) would
require explicitly unrolling the inference dynamics and summing derivatives through all earlier
steps. Unlike PC and IPC which by default they perform local relaxation (to spread information
spatially over neighbors) and local Hebbian-like weight updates using the current error only.

Importantly, these derivations of the error E with respect to either node value xi or weight
W involve only information from the node’s direct neighbors, making these updates local in both
implementation and time. For full mathematical derivations, see [5, 8].

Testing Although the model is not directly trained on a single task, it can be used for tasks
such as classification, generation, and associative memory. During training, the model parame-
ters are initialized, the data and labels are clamped, and the internal nodes converge to an equi-
librium before updating the weights. Essentially, given training data, the model is trained to
construct an energy landscape where low-energy minima correspond to the distribution of train-
ing samples; see Figure 6 below.

Figure 6: Inference moves the node values towards regions of low energy, while altering the
weights creates an energy landscape such that lower energy states correspond to our preferred
states.

Testing is performed either by query by initialization, where all nodes are randomly initial-
ized and only a subset is set at t = 0 without clamping, allowing inference to naturally denoise
or fill in missing information or by query by conditioning, where a subset of nodes (e.g., pixels
or labels) is clamped throughout inference so that the remaining nodes converge to the corre-
sponding conditional expectation. Under these schemes, classification is achieved by conditioning
on image pixels to infer the one-hot label, while generation starts from a zero-valued image and
conditions on a target label to infer pixel intensities. Reconstruction can be performed by condi-
tioning on half of the image to infer the missing half, or by additionally conditioning on the label
to obtain more accurate and disambiguated completions.
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5.1 Direction in PCN

The literature on predictive coding in neuroscience and the literature in machine learning em-
ploy opposite conventions for the local prediction, and this opposition is visible when one com-
pares the bottom-up formulation from Van Zwol [2] with the graph-oriented top-down formu-
lation of Salvatori [1]. Both papers implement the same free-energy objective, yet they adopt
different notations in order to serve other goals. Throughout this section, we use a fixed row i as
receivers/targets and columns j as senders/sources, so (Wij) is the weight on edge j → i. Rule of
thumb: predictions follow W ; errors flow via W⊤.

The bottom-up formulation is mainly used to demonstrate that a discriminative predictive
coding network reduces to an ordinary feed-forward neural network at test time once inference
has converged. To make this link transparent, Van Zwol et al. [2] define the local prediction in
layer ℓ as:

µℓ = f(Wℓ−1xℓ−1),

so that predictions travel away from the input data toward progressively higher latent layers,
exactly as activations do in a multilayer perceptron. Errors then propagate via W⊤ during infer-
ence. With this choice, the forward sweep executed at test time is numerically identical to that
of a standard classifier, and all proofs that the weight update approximates backpropagation can
be carried out1. Within this convention, the matrix element Wij is stored in row i and column
j. The index j labels the pre-synaptic source of activity, and the index i labels the postsynaptic
target that is being predicted. One therefore reads Wij in Van Zwol as unit j influences unit i’s
prediction.

The top-down formulation instead aims for biological plausibility and a generative latent-
variable interpretation that allows for both hierarchical and arbitrary graph topologies. This
choice keeps the historical convention introduced by Rao & Ballard in which higher or parent
nodes synthesize predictions of lower or child nodes. Their local rule for a fully connected graph
reads:

µi = f(
∑
j

Wjixj),

And if the placement of the activation function f(·) is ignored, this collapses to µℓ = f(Wℓ+1xℓ+1)
when the graph is an ordinary chain of layers or µ = f(WTx) in matrix form. In this perspec-
tive, predictions flow toward the sensory data, and errors are transmitted upward, preserving the
intuitive idea that the cortex explains away incoming signals by sending hypotheses downward.
Notably, these rules are Hebbian-like: they rely exclusively on the local product of source and
target (or pre- and postsynaptic) activities on each edge, with no need for global or non-local
signals. In this notation, the activity dynamics of each node depend on both its own prediction
error and those of its child nodes. These child-node errors are conveyed upward to the parent
node (i.e., by multiplying errors with the appropriate weight matrix in the opposite direction).
As a result, prediction errors naturally propagate upwards along parent-child edges, following the
established PCN conventions for hierarchical inference [7]. For classification vs. generation, the
local equations are unchanged; only the boundary conditions differ (which layers are clamped).
A full comparison can be seen in Appendix Section E.

To translate between the notations, first transpose the weight matrix like: WV anZwol =
(WSalvatori)T . Next, during supervised training, data and labels are clamped; at test time we
clamp x(0) for classification and x(L) for generation. Local equations are unchanged, only bound-
ary conditions differ. Finally, in figures interpret arrow direction as prediction direction (see Fig-
ure 7).

1Furthermore, PCNs can be mathematically considered a superset of traditional feedforward neural networks,
as shown in [34].
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Differences in placement of the activation function f comes from neuroscience literature
where standard point-neuron rate models apply a postsynaptic nonlinearity after linear sum-

mation, µi = f
(∑

j Wijxj + bi

)
, whereas dendritic subunit models use local branch nonlin-

earities before summation µi =
∑

j Wijf(xj) seen in [35, 36]. An optional bias term bi can be
added such that each neuron can shift its activation independently; without biases, networks lose
flexibility, especially with non–zero-centered inputs, because units cannot compensate for mean
offsets in their pre-activations [37–39]. Biologically, a bias corresponds to a neuron’s effective
threshold or resting potential offset rather than a dedicated bias weight [35, 40]. Updated equa-
tion for µit with bias and learning parameter α is defined as:

µi =
∑
j

Wijf(xj) + bi, ∆bi = αϵi,T

In normalized datasets, this choice of activation placement and bias often does not affect
model performance, but it is worth noting that it changes the form of all update equations.

The two definitions of local prediction are complementary views of the same predictive-
coding principle. Van Zwol chose a matrix orientation that foregrounds compatibility with feed-
forward neural networks, whereas Salvatori preserved the classical cortical metaphor in which
higher representations generate hypotheses about lower ones. In either case, a single elemen-
tary transpose reconciles the mathematics, and the element Wij should always be read as mean-
ing that the activity in node j contributes to the prediction in node i. This is a pure index con-
version, where only the directional interpretation flips from top-down prediction (Salvatori) to
bottom-up prediction (Van Zwol). However, for a fully connected or arbitrary graph, there is no
concrete definition of bottom or up, only a conceptual notion of closer to the sensory input data.

In summary, we have revised the directionality assumptions to the Van Zwol convention:
µ = Wf(x) (forward) and inference with ∆x = γ(−ϵ + f ′(x) ⊙ W⊤ϵ) (backward); sensory
data remains clamped at the input layer (ℓ = 0 or sensory nodes s), while optionally supervi-
sion data is clamped at the output layer (ℓ = L or supervision nodes l). Predictions travel up-
ward (from lower-index to higher-index nodes), and errors travel downward (from higher-index
to lower-index nodes).

Figure 7: Similar to the image from [41] Fig. 2, we fix sen-
sory at l0 and label at lN . Meaning sensory are at W 0 (images) and
weights corresponding to the labels are fixed to WN . Here, weights
from block W lk represent weights from layer k sending predictions
to layer l.
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6 Results

In the method above, we define a directed graph G and pose no further restriction on topol-
ogy (sequential) layer or connection information, apart from the sensory and supervision nodes
present. The model inference phase can be seen as a sequential chain of message passing opera-
tions on the same graph as a whole.
Setup: For the given MNIST dataset, we have trained different hierarchical discriminative, gen-
erative models, and a fully connected model trained with Inference Learning.

6.1 Discriminative PC

The graph consists of 784 (28x28 for MNIST) sensory nodes, internal nodes in L layers, and 10
supervision nodes for the one-hot encoding of the digit class, enabling the model to be queried in
a discriminative manner. Here, the model learns a direct mapping from our data X to a label Y .
For this task, we query the model to return the correct class given the sensory stimulus by tak-
ing the highest node values of the supervision nodes. The stimulus and, thus, the sensory node
values are clamped throughout the evaluation, so only the internal nodes are updated during in-
ference.

Figure 8: Simplified MLP architecture which
can be trained with either BP or PC. Prediction
and errors are stored in the nodes themselves;
however, for analogy purposes, we assign predic-
tion and error flow direction.

Table 1: MLP architecture trained
for 15 epochs with PC, IPC, and BP
and classification accuracy evaluated
on the MNIST unseen test dataset.
Tested with the same weight init and
activation function for BP and (I)PC.
Ttrain = Ttest = 35 for (I)PC. ∆w is the
normalized average absolute difference
between IPC and BP.

Layer size PC IPC BP ∆w[%]

L32 0.72 0.93 0.93 126.2

L64,32 0.82 0.93 0.94 136.6

L128,64,32 0.92 0.91 0.98 141.8

L256,128,64 0.87 0.92 0.97 144.6

L512,256,128 0.90 0.92 0.99 171.5

As shown in Table 1, increasing the number of layers does not consistently lead to higher
accuracy, particularly in the PC model, suggesting diminishing returns or instability in deeper
architectures. Both the depth and the width of the networks appear to influence performance.
Notably, in the PC framework, as the number of layers increases, the ∆w metric also rises, sug-
gesting that deeper models may introduce more noise in signal propagation and thus greater di-
vergence in training dynamics than BP.

12
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6.2 Generative PC

The discriminative model, using high-dimensional input data (images) and outputs a low-dimensional
class label, is generally a more straightforward mapping than the reverse for generative models.
Using MLPs in a generative manner is more challenging and less common, as MLPs process spa-
tial information less efficiently compared to CNNs or VAEs. To query the generative capabilities,
we clamp the supervision label (one-hot) to match the desired digit label. We provide the sen-
sory nodes with random noise, fix the labels, and use gradient descent to update the values using
the fixed weights. For the generated output images, we take the values of the unconstrained sen-
sory nodes, which were originally fixed to the image pixels during training. Prediction flows from
clamped labels to the sensory nodes. We test different topologies with direct mappings, one and
multiple hidden layers.

Figure 9: Hierarchical generative PC model, similar to a standard MLP with inverted edge
directions. Optional skip connection (L4) directly from label nodes to the sensory nodes.

a. Direct L2S, no hidden layers

b. Single hidden layer

c. Multiple hidden layers

c. Sample generative distribution

Figure 10: MLP-like hierarchical architecture trained using Incremental predictive coding.
A-D corresponding to generation of MNIST digits 0-9, corresponding with Figure 9 A-C. The
energy plot of a hierarchical generative PC with hidden nodes L = {150, 100, 100}.

Generation does not have direct control over any output attributes, such as capsule net-
works or Predictive coding with topographic variational autoencoders [42]. To sample different
digits from the same class, the hidden values from the layer closest to the label are initialized be-
fore inference. Results in the Figure 9 C. shows no control or chaotic images using this approach.
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6.3 Fully connected

In the fully connected model (or any other topology without direct apparent hierarchy ), there
is no notion of top-down (predictions) and bottom-up (errors). For a single model that simulta-
neously learns to classify and generate, we turn to the Boltzmann and Hopfield families of archi-
tectures, with restricted and unrestricted fully connected PC models. Alongside fully connected,
we tested the influence of different parts of the graph on learning processes by removing certain
edge types, such as direct sensory-to-and-from-label-node connections.

Figure 11: Fully connected model (A. results in Adjmatrix = I) topology similar to a Hop-
field network. Optionally, connections are cut, such as B. Sensory-to-Label (S2L) removed, C.
Sensory-to-Sensory (S2S) removed, D. Both S2S and S2L removed. Arrows are bidirectional,
meaning connections go both ways and do not enforce any hierarchy. Topologies on top of the
adjacency matrix, where some connections are cut in white.

Table 2: Best (stable) IPC model, with N = 1000, for each topology evaluation on both
classification accuracy on 1000 MNIST test images and digit generation. Some topologies are
highly dependent on the learning rate parameters lrx and lrw and on weight initialization. All
results trained on 10 epochs, but (generation) results were taken from epoch 1 of training, be-
cause of instability (on the generation task).

Topology Class. Generation

AN=1000 0.88

AN=1 0.85

B. 0.87

C. 0.84

D. 0.89
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(a) Averaged internal and sensory energy at the last
inference step t = T , over a training period of 20 epochs
for the models A-D from Table 2

(b) Top two images are recon-
struction without providing the la-
bel, where the model’s only informa-
tion is the top part of the sensory
information. The bottom image is
the reconstruction of the occluded
image provided with the label.

Figure 12: Reconstruction of a provided half of the sensory image while occluding the other
part. Reconstruction can be done with and without a label, similar to associative memory tasks.
Given these sensory inputs parts; what is the most likely other sensory part (and thus indirectly
the most likely class label). Notice the top image where the 1 does not collapse to a single aver-
age image of the digit 1. The model maps both variants to the same class label.

Results: The fully connected PC graph was used (as a proof-of-concept in [1]) due to its
generality, and not to obtain the best performance. The fully connected model falls short when
compared to hierarchical networks trained using either backpropagation (BP) or inference learn-
ing. Model depth, i.e., the number of stacking layers, is often considered essential for achieving
strong performance in standard neural networks. Unlike the traditional feedforward MLP, this
model does not contain any implicit hierarchy, which empirically appears crucial to obtaining
good results. However, fully connected PC model training is more similar to how associative
memory models work than a sequential model, where all nodes are used for the same mapping
task. In the fully connected PC model case, the same node value can be used for both the gen-
erative and discriminative tasks. Nevertheless, these results show that this framework can learn
an internal representation of a dataset and that a single model can be queried to solve multiple
classification and generation tasks reasonably.

6.3.1 Value and weight Initialization

Before model inference, the values and predictions are initialized with either zeros or small nor-
mally distributed values to promote diversity in the learned model weights. Some implementa-
tions like in [43], [44], and [2] describe a feedforward initialization pass of latent states values be-
fore the inference step. This reduces the discrepancy between the initial latent states and their
predictive targets and thus provides a good starting point for the inference phase, helping to
avoid the unstable dynamics caused by poor initial conditions. It aligns the latent states more
closely with expected values, smoothing the inference trajectory, minimizing significant updates,
and yielding better results. The above feedforward initialization is only applicable to sequential
predictive coding models that already perform reasonably well on the tested datasets.

Classical ML literature describes variance-preserving weight initializations (matched to the
activation function) to avoid vanishing or exploding signals in deep feedforward networks like
Xavier/Glorot for tanh/sigmoid, He (Kaiming) for ReLU-family activations [45–47]. To prevent
the gradients of the network’s activations from vanishing or exploding, traditional models adhere
to the following rules: the mean of the activations should be zero, and the variance of the activa-
tions should stay in the same range across every layer.
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By maintaining these two conditions, the back-propagated gradient signal will not be mul-
tiplied by values that are too small or too large in any layer, allowing it to propagate to the in-
put layer without exploding or vanishing. Authors of [48] showed with a convergence analysis
that sequential PCNs only converge under certain conditions, such as small initializations, small
weights, and appropriate step sizes. They also provide counterexamples where PCNs fail to con-
verge due to nonlinear dynamics and bifurcations, causing for example, oscillations that produce
values that never stabilize. For discrimination, we can use a standard MLP with weight initial-
ization based on the layer size. For a generative predictive coding model, usually not modeled
with an MLP-like architecture, we initialize the weights using a normal N (0, 0.05).

Similar fully connected energy-based models, such as Ising models and Boltzmann machines,
typically sample weights from a zero-mean Gaussian distribution and enforce symmetry (Wij =
Wji), which, under appropriate assumptions, provides theoretical convergence guarantees. Our
fully connected PC model does not impose symmetry. We initialize weights by sampling from a
zero-mean Gaussian with a small standard deviation or by setting a small constant value for all
weights (usually 0.01 or 0.001) and adding a small stochastic deviation. Both choices keep ini-
tial predictions across internal nodes similar and help prevent large early error spikes that could
destabilize inference.

6.4 Convergence instability

Predictive coding networks can converge to correct solutions that minimize prediction error,
but may also settle in incorrect local minima. When convergence fails, the system may collapse;
too large learning rates cause unstable inference and explosive values, while too small rates halt
learning altogether. In some cases, the model learns a degenerate inverse representation (e.g.,
inverting black and white), leading to a collapse in which it minimizes the training loss via a
trivial representation, yielding predictions that are locally optimal under the objective but lack
semantic alignment with the data. Although [23] shows that Incremental PC (IPC) is less effi-
cient due to the extra weight update at each step T , it is stable and yields better performance
for hierarchical models. For fully connected models, Table 3 shows that FC can achieve similar
accuracy results in hierarchical IPC, at the expense of its generative capabilities. In this case,
changing the learning rate and ht decay parameters, we can change the behavior of the model.

Table 3: Best unstable or partially collapsed IPC with 1000 internal nodes with bot
Sensory-2-sensory and Sensory-2-Label connections removed. In the appendix below, we show
the differences in PCA, std, and mean trajectory of the weight during training, highlighting the
implications of the learning parameters on the system.

Classification Generation

0.94

0.84

For this fully connected model, it seems challenging to perform well on both generation and
classification tasks simultaneously. Research on the energy landscape of discriminative, genera-
tive, or both discriminative and generative hierarchical predictive coding models has been con-
ducted by [49],which showsg cases of misalignment and the inability to perform both tasks. Nev-
ertheless, the authors also showed using an alternative predictive coding approach that a Bidi-
rectional predictive coding (bPC) model is capable of both top-down (generative) and bottom-up
(discriminative) mappings. The model is biologically plausible (local errors and Hebbian weight
updates), however uses two error neurons per value neuron and two error streams.
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6.5 Learned weights

Predictive coding networks can develop features comparable to those learned by backpropaga-
tion [5, 7], including classical edge detectors and Gabor-like filters [12]. In our experiments, the
learned weights adapted to the specific transformations present in the data, demonstrating PC’s
ability to self-organize around underlying visual symmetries without explicit architectural con-
straints.

(a) Discrim. PC
MNIST

(b) Discrim. PC
MNIST translation

(c) Discrim. PC
MNIST 90° rotation

(d) Generative
PC MNIST

Figure 13: Left: Discriminative PC with Rotation and zoom transforms on MNIST, map-
ping the 784 sensory nodes via L = 150, 50 hidden nodes to the 10 supervision label nodes. Plot-
ting the 150 weights that connect the 784 sensory neurons to our first layer. Plotting the most
abstract, but best interpretable, weights closest to the data. Accuracy drops with translation
and rotation for PC and BP-trained discriminator models. But learning general features. Right:
Generative PC weights after training with standard MNIST.

Discriminative PC trained on standard MNIST learned that CNNs like filters that average
digits, similar to BP, as expected. For a dataset containing translated digits, the model indepen-
dently learned the Fourier transform. This is an optimal solution because the Fourier transform
diagonalizes shifts, allowing for easy translation by simply adjusting the phase of the Fourier
components [50]. In a dataset with rotated and scaled digits, the model learned a Gabor trans-
form. This transform, which can be conceptualized as a Fourier transform in a log-polar coordi-
nate system, is effective at handling rotations and scaling. The model discovered these optimal
representations without being explicitly programmed to do so, highlighting its ability to adapt to
the data’s underlying symmetries even when using PC.

17



MSc Artificial Intelligence Thesis

Fully connected
The learned weights in a fully connected model are more difficult to interpret. Comparing

the sensory-to-sensory weights, there is a resemblance to the weight components learned via an
(un)restricted Boltzmann machine. Boltzmann machine is a member of the same family of mod-
els with similar (Hebbian) learning rules and architecture, given that it is fully connected with
sensory-to-sensory connections. To display the fully connected weights, we use a symmetric loga-
rithmic scale (symlog). This scale makes both small values near zeros and large values visible in
the same image, allowing us to see fine details of weak weights while still capturing strong ones.

(a) A trained fully connected net-
work focused on the sensory-2-sensory
part, showing small patches are weighing
and learning from the full sensory grid,
similar to a correlation matrix

(b) A fully connected model with only hidden nodes,
meaning no Sensory-2-Sensory and no Sensory-2-Label.
Inhibitory and excitatory edge weights at the top and left
of the plot show mappings for generative and discrimina-
tive tasks, while mappings between internal nodes does
not capture any relationships.

Figure 14: In this model, the lack of incentives for internal-to-internal communication yields
no visible structure.

Figure 15: Trained Weight matrix using weight decay values λv = 0 (nodes values decay),
λw = 0.0001 (weight decay), and value initialization of N (0, 1e−5). Initializing hidden node val-
ues during training and increasing weight decay λ, lrx, and lrw can impose some internal struc-
ture, without an increase in classification or generation results, suggesting these effects are ran-
dom artifacts rather than dataset-driven structure.
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Direct mapping

Starting from a fully connected predictive coding graph that includes direct sensory-to-label
connections, energy minimisation naturally concentrates credit on the shortest error–reducing
routes. When weights between sensory and supervision nodes are available, the gradient on these
blocks is large. It rapidly drives a shallow one or two–hop solution that bypasses most internal
nodes. This is not a consequence of predictive coding (or BP) but of the objective together with
the topology that allows for shortcuts. Without topological or objective constraints, the fully
connected predictive–coding model collapses to two effective branches: a near–direct mapping
from images to labels and a near–direct mapping from labels to images. Internally, the network
treats the clamped subsets as sources of prediction error and assigns credit to the couplings that
most rapidly cancel these errors. In the presence of powerful sensory–label blocks, there is little
incentive to form compositional features in deeper hidden assemblies. The outcome resembles a
shallow associative link rather than a hierarchical representation.

(a) Inhibitory and excitatory edge weights
at the top and left of the plot show map-
ping for generative and for discriminative
tasks, while mapping between internal nodes
is largely reduced.

(b) The resulting trained model looks
like the figure above, where two distinct (dis-
criminative and generative tasks) mapping are
created. Final classification accuracy of 0.87
on 1000 test images.

Figure 16: starting with a fully connected graph and removing all but 10 internal nodes,
forcing communication through these nodes

This architecture minimizes error in an efficient and less complex manner. As sensory nodes
can directly relate to the labels, strong sensory-to-label connections allow the model to rapidly
converge on expected outputs without needing deeper internal processing. This structure does
not inherently promote feature learning in internal nodes, as internal connections may not sig-
nificantly reduce error when direct connections are optimized. This is a problem because, within
the hidden layer of an ANN, we learn intrinsic features of the data that generalize well beyond
the training dataset, bypassing the internal hidden nodes with a single trivial connection, like in
Figure 16b, where the model learns a map from x → y with a single layer of hidden nodes (simi-
larly from y → x).

A possible solution explored by [51], on causal inference using a different predictive coding
framework involves presupposing the graph and inferring it directly from data. In this frame-
work the sequential MLP-like model begins with a fully connected mapping x → y, discovers
that this flat architecture underfits the classification tasks, and spontaneously inserts latent nodes
and removes direct input-output mappings. Those intermediates separate low-level features from
high-level labels, creating a hierarchical graph that both minimizes free energy and halves the
test error. When the flat mapping x → y underfits (e.g. MNIST), it creates a pressure by intro-
ducing a sparsity and acyclicity penalty in the loss, causing the PC graph to spawn hidden nodes
and forces itself to organize a two-layer hierarchy.
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7 Stabilization and scalability PC models

One of its major strengths of PC is that each layer computation (both in the forward and back-
ward pass) is local and, therefore, can be executed in parallel, removing one of the main bottle-
necks of BP when training deep networks (where the computations induced by each layer have
to be executed sequentially). Thus, we expect PC to scale well on large architectures or topolo-
gies, especially sparse graphs, when paired with a message-passing scheme implementation (see
Appendix section E.1). However, in practice, it is hard to scale PC models due to model collapse
or weak error propagation of local signals, which degrade performance as model depth increases.
BP has the upper hand when scaling on models or datasets (for large dimension datasets (CIFAR-
100 and bigger) as is shown by [52].First, we use generalization techniques at the optimizer level,
tested on traditional ANNs and applied to PC models. Second, we explore different graph struc-
tures for efficient communication while simultaneously promoting feature learning.

7.1 Fast and slow updates

1. memorization vs generalization
Memorization or associative memory is generally simpler than true learning. A common

way to distinguish the two is by observing discrepancies between training and test performance.
However, this raises the question of whether the used testing procedure actually assesses gener-
alization or rather memorization. For instance, in smaller datasets like MNIST, memorization
can sometimes yield performance that appears ”good enough.” This leads to a foundational bias-
variance trade-off question in machine learning: ”Do models memorize their training data (i.e.,
directly map inputs to outputs), or do they genuinely generalize to new, unseen examples?”. In
reality, both processes are essential, meaning that without memorization, a model (or brain)
would need to relearn everything from scratch. Without generalization, it could not adapt to
novel environments or tasks. The goal is therefore to balance retaining specific details through
memorization with abstracting invariant features that support generalization. Humans likely fol-
low a similar pathway: we start by memorizing patterns, then develop more abstract representa-
tions through exposure and learning.

2. Fast and slow learning
We know that inference and learning occur at different rates and time scales, as seen in the

different learning rates lrx and lrw, reflecting the fact that we perform T inference steps and a
single weight update during training in the traditional PC case. The difference between PC and
IPC directly relates to the frequency of latent value updates with respect to weight updates, and
thus requires different learning rate tuning. Given the latent state xt/xT and errors ϵt/ϵT (de-
pending on PC or IPC) we update the weights that contain high-frequency and low-frequency
gradients. Moving beyond the view of purely top-down or bottom-up driven predictions, the pa-
per [53] uses a different predictive coding framework in which the model’s neurons self-organize
and divide themselves into error and prediction neurons over time. The authors demonstrate, via
virtual lesioning experiments, that networks perform predictions on two timescales: fast lateral
predictions among sensory units and slower prediction cycles that integrate evidence over time.

Authors of the paper [54] addresses how neural circuits can both control behavior and learn
by combining fast and slow synaptic plasticity. Fast plasticity enables real-time behavioral adap-
tation, acting as a dynamic controller, while slow plasticity consolidates useful changes for long-
term learning. The authors propose a two-speed learning rule and validate it in single-neuron
and recurrent network models. Fast changes that immediately suppress downstream errors and
slow changes that consolidate optimal learning. This setup reflects biological processes such as
dopamine modulation, offering a concrete, stable solution for simultaneous learning and control.
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The goal is to have an architecture that naturally supports fast-learning outer loops and
slow-learning inner modules. This mimics the distinction between short-term adaptation and
long-term consolidation in biological systems, as discussed similarly in the Forward-Forward Al-
gorithm in [55]. In certain (survival) cases, it might be beneficial to have fast-working initial in-
ference guesses or reflexes that can be adjusted over time.

Experiments from [56] using neural pixels in mice, as well as observations in macaques and
humans, demonstrate a time scale hierarchy, where the response time of a cortical area increases
with its hierarchical position. This is a crucial feature of the cortex, as it enables sensory areas
to respond quickly, while higher-order areas can slow down for complex functions like decision-
making.

In predictive coding, (ascending) prediction errors are transmitted via high-frequency gamma
oscillations from superficial layers, while descending predictions use low-frequency alpha and
beta oscillations from deep layers. This spectral asymmetry shown by [57] reflects functional
roles: nonlinear generation of prediction errors amplifies high frequencies, while linear accumu-
lation into predictions filters them out, favoring slower rhythms.

3. Other works
Hybrid predictive coding learning, introduced by [58], combines the strengths of both ap-

proaches: fast and slow learning. Their approach uses (standard) iterative predictive coding
with amortised inference, so that both bottom-up and top-down signals convey predictions (and
where prediction errors also flow in both directions).

The paper [44] introduces improvements to Inference Learning where the authors address its
high computational cost and convergence issues by (1) proposing sequential inference to speed
up error propagation and reduce computational load, (2) introducing a novel low-memory opti-
mizer called Matrix Update Equalization (MQ-optimizer) that balances weight updates without
the need for Adam, and (3) offering theoretical insights connecting IL to implicit stochastic gra-
dient descent and second-order optimization. These enhancements enable IL to match or exceed
backpropagation’s performance on image classification and autoencoding tasks, while being more
memory-efficient and biologically plausible.

When performing message passing for probabilistic inference, tricks from (loopy) Belief Prop-
agation, such as damping (also called relaxation), can be used to stabilize the algorithm. In
graphs with loops, the same messages can circle back and reinforce each other, leading to oscilla-
tions or non-convergence. Instead of replacing each message with the new update, they damp it
with the previous one, turning volatile updates into gradual, steady changes, making convergence
far more likely on loopy graphs.
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4. Grokfast
The grokking phenomenon, or delayed generalization, is described as a lazy training regime

of a (language) model in which memorization is the dominant force of learning before abruptly
transitioning from overfitting to generalization. The authors of [59] accelerate the grokking phe-
nomenon by amplifying low frequencies of the parameter gradients with an augmented optimizer.
They make a key assumption about machine learning models in which parameter updates oc-
cur on two different timescales: Fast-varying parameters that are chaotic and specific to a given
batch, adjusting their values rapidly, resulting in overfitting of the training data. Slow-varying
parameters, that do not vary much with each batch, learn the consistent patterns in the data
slowly, and contribute massively to the actual generalization of the data. The authors assume
that the reason behind grokking is the delayed generalization of the slow-varying parameters
in the data. This technique keeps track of the average gradient direction over time (using ex-
ponential smoothing) and gently pushes the model in that long-term direction at each update.
The idea is to amplify the functional, slow-changing parts of the learning signal, which are be-
lieved to guide better generalization. The authors claim that omitting faster-moving gradients
completely leads to slower, more unstable training. So the fast-moving gradients do serve a pur-
pose. In our case, direct mapping from data to label nodes is fast, variable, trivial, and non-
generalizable, and thus requires no distinct feature learning. These weight updates are noisy but
faster, while internal weight connections are learned more slowly but generalize better.

Discriminative IPC model: Recreating a training setup to induce showing delayed gen-
eralization (i.e., grokking), inspired by prior work [60], Using AdamW on a discirminiaive IPC
with hidden layers L = {200, 200} with a training dataset of 1000 images2. We recreated a sim-
ilar training scheme that overfitted on the training set, yet showed no delayed generalization in
test accuracy, leading to stagnation (even after 150 epochs).

Grokfast fails to induce generalization of the validation data set in our IPC model setup.
However, both training and validation accuracy increase in parallel when hidden values are ran-
domly initialized before inference, suggesting that our optimizer and inference dynamics may
inherently stabilize learning without requiring gradient amplification.

Figure 17: Discriminative IPC training on 1000 samples showing Grokfast alone does not
improve test accuracy.

Fully connected For fully connected predictive coding models, the use of Grokfast was
negligible on model performance. Accuracy and generative capability did not improve due to the
fully connected starting topology being the main bottleneck.

2In the overfit training setup described by [60], 8x kaiming weight initialization is omitted due to model insta-
bility
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7.2 Graph topology

The expressiveness of the PC model is limited by the expressiveness of the type of message pass-
ing and the graph architecture. Above, we showed the limitation of starting with a fully con-
nected graph and trying to learn a meaningful internal hidden-node structure that captures the
dataset. Another approach, used by [51], creates a training system to build the hierarchy layer-
wise. However, this is limited to directed acyclic graphs, relies on priors and assumptions, and is
primarily validated in MNIST-scale setups.

In our credit assignment problem, the sensory observation node x and supervision node y,
and thus the shortest path length between these nodes, must fall within T , the number of (hop)
steps between nodes. According to our model definition, the signal propagates through the er-
rors and is limited by T . Forcing T to be small constrains the graph to learn only short-range
connections, blocking learning.

DisGen PC

Combining the topology of the discriminative and generative PC, both using two dense con-
nected layers with each L0 = L1 = {150, 50} nodes. Any lateral connections between the two
separate branches are omitted, effectively training two smaller, distinct models simultaneously.
The initial parameters used for the discriminative and generative PC models differ, leading the
DisGen model to perform worse than the individual models.

Figure 18: Left: The DisGen PC model with both branches having L = {150, 50} internal
nodes, and using Ttrain = Ttest = 100 making sure the latent node values have converged. After
training, most model weights are focused on the generative branch on top Right: Classification
on test MNIST and generative task
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Random SBM

The first step is combining the generative and discriminative PC models into a single network
with shared sensory and supervision nodes, but distinct non-interactive layers for the genera-
tive and discriminative parts. Taking inspiration from the human connectome implemented with
weighted stochastic block models used as wiring/weight priors for the graph shown by [61]. We
experiment with a random stochastic block model in which clusters can act as small building
blocks that store parts of a memory or stimulus. The graph is treated as a classical directed
SBM with one sensory block, K (equal-sized) internal communities, and a supervision block
where edges are sampled with intra-community probability pintra and inter-community probabil-
ity pinter. Collectively, these prior architecture choices reflect a trade-off between density inside
communities and clustered sparsity between communities.

The tested model was initialized with pintra = 0.25, pinter = 0.1, and 5 clusters of 100
internals each, yielding a classification accuracy of 0.81. Increasing the total number of internal
nodes to 6000 only improves classification accuracy, while the generative capability degrades,
similar to the fully connected case.

Figure 19: Left: The Random SBM PC model with five internal clusters of 100 nodes each.
Below is the evaluation of the generative task with this model. Right: The internal and sensory
energy over the training duration. Below is an illustration of the connections in this random
SBM model.
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Two way-Layered SBM

To scale, we initialize the branches layer by layer and impose a hierarchy that prevents direct
mapping, as in the fully connected model. This topology can be characterized by the follow-
ing: First, the Two-way branched, referring to the use of a branch for the discriminative tasks
(x → Hdiscrim1

→ · · · → HdiscrimN
→ y) and a branch for the generative tasks (x ← Hgen1

←
· · · ← HgenN

← y). To initialize more like standard sequential model a hierarchical Layering is
used to force signal propagation through layers and promote feature learning at different scales.
Instead of using dense layers, we use multiple stochastic blocks, similar to the SBM topology
above, as a single layer of neurons. Wiring from one layer to the next is determined by pinter, al-
lowing for tunable modularity by increasing the number of layers (hop length) or clusters while
inducing sparse connections. The pixel values of the MNIST (28, 28) image are used as input
to the sensory nodes, where neighboring nodes are grouped into overlapping or non-overlapping
(4, 4) patches. The patches from each layer are pooled into similarly constructed, sequential lay-
ers within the same branch.

Using this architecture, we can increase the model’s depth (number of layers), width (layer
size), and clustering inside each layer, while tuning edge sparsity and signal efficiency. We exper-
imented with this architecture design with 14.000 nodes with over 2 million total edges.

Figure 20: Left: Graph topology of the SBM model with 14k nodes and over 2 million
edges: The generative output granularity is highly dependent on the number of clusters in the
first layer, allowing it to capture information of all 4x4 patches. The classification test accuracy
of 0.78 indicates that scaling up the topology (while keeping sparse connections) does not affect
the classification metrics. Right: The energy of the internal nodes during training. The graph
topology is shown below, with the patching mechanism omitted. Both branches have two layers,
each with a single cluster.
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8 Conclusion

We formalized PC on arbitrary directed graphs, clarified notation across the top-down and bottom-
up conventions, and derived local inference and weight-update rules that require only neigh-
borhood information, unifying inference learning (IL) and its incremental variant (IPC). This
framing treats PC as a single energy-minimization process that can be instantiated across many
topologies and queried for multiple tasks within the same model.

Although our findings are restricted to the MNIST dataset, PC/IPC training appears sensi-
tive to hyperparameters such as initialization, step sizes, and the number of steps T . Shallow hi-
erarchical PC/IPC models reached competitive classification accuracy, but simply adding depth
did not reliably improve performance. Instead, deeper stacks increased the divergence between
PC/IPC and BP updates (larger ∆w), indicating noisier error propagation, convergence prob-
lems, and less stable training as graphs increase layers. Beyond discrimination, we used the same
PC graphs in a generative manner by clamping labels and inferring pixel values. While the ap-
proach produced plausible digits, controllability was limited, and the dynamics were fragile to
hyperparameters. Despite these limitations, the learned representations for sequential PC mod-
els were often meaningful. Under translation and rotation variants of MNIST, discriminative PC
discovered filters that diagonalize shifts and demonstrate that PC can self-organize around task
symmetries without architectural hand-crafting, similar to BP. In fully connected graphs, a sin-
gle PC model could both classify and generate. Still, credit assignment tended to flow through
the shortest paths, encouraging near-direct mappings that bypass richer internal structure.

In network design, backpropagation is limited to predominantly feedforward (and recur-
rent) structures for stable operation. In contrast, predictive coding can train arbitrary graphs
and even use one network for multiple tasks or modalities simultaneously. This indicates a po-
tential path forward for AI: by leveraging Inference learning, we might incorporate more brain-
like connectivity (recurrent loops, multi-sensory integration within a single network, etc.) that
backpropagation would struggle with. First, as a learning paradigm, PC is not merely a quirky
approximation to BP: it trades exact global gradients for strict biological plausibility, parallel
activity and weight updates, and the ability to operate on cyclic, multi-functional graphs. How-
ever, it should be noted that PC remains sensitive to initialization parameters and step sizes.
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9 Future work

The strengths of PC lie primarily in locality, graph flexibility, multi-modal inputs, and bidirec-
tional use cases (classification, generation, completion) within a single network. The path for-
ward is therefore not to force PC into matching BP gradients exactly, but to pair it with topol-
ogy and objectives that make use of those strengths: e.g., connectome-inspired priors or regular-
izers that push the graph toward sparse, layered substructures; penalties that disfavor shortcut
edges; and skip-connected designs that preserve short effective credit paths.

1). Model with prior (connectome) topology: We propose to move beyond generic
fully connected graphs by constraining the model’s topology and, where appropriate, its ini-
tial weights using connectome data. Recent work shows that a continuous-state Hopfield net-
work whose weights are set directly from fMRI-derived functional connectivity exhibits a low-
dimensional energy landscape with reproducible attractor states and realistic dynamics, provid-
ing a concrete form follows function recipe for turning brain measurements into model structure.
This suggests an immediate path for predictive-coding (PC) graphs and Hopfield-like models
where the graph is initialized (or regularized) with a connectome before studying how inference
and learning reshape the energy landscape, similar to other works [62, 63].

2). Alter lost function: Ways to alter the error function of our predictive coding model
to penalize structural characteristics or promote hierarchy. Weight Regularization Mechanism,
such as an ℓ2-penalty on weights (implemented via the weight decay parameter), is used to re-
strain excessive weight growth, encouraging smoother and more generalizable representations,
indirectly altering the energy landscape. Work by [64] provides a unified framework linking pre-
dictive coding and sparse coding, where it discusses how the sparse coding objective (typically
an ℓ1 penalty) maps to predictive coding dynamics and tests model predictions for neural non-
linearities. A method to directly alter the energy function is Power-Law (Scale-Free) Degree Reg-
ularization, which encourages a heavy-tailed, power-law degree distribution by penalizing nodes
with low degree more, allowing a few hub nodes to emerge with many connections 3.

E = 1
2

∑
i

ϵ2i + γ
∑
j

k−α
j

To make the graph both compact and cycle-free, the author of [51] augments the free-energy
loss with two regularizers: pushing the network toward a minimal, feed-forward hierarchy whose
layers emerge solely from the twin pressures of keep it sparse and keep it acyclic, ending in a
two-layer Directed Acyclic Graph

3). Dynamical graph: For structure learning, we can take advantage of locally stored er-
rors in the PC model. Methods like NEAT, GradMAX, or Firefly, not exclusive to PC, can use
pockets of high error or strong gradients to grow the graph where it matters, adding connections
within clusters or layers and linking high- and low-error regions to dissipate mismatch. This can
encourage (power-law–like) growth with paired pruning, allowing nodes and connections to ex-
pand or shrink as needed. After initial training, the model can adapt to novel stimuli by creat-
ing new supervision nodes and internal clusters (akin to liquid neural networks) and, at a later
stage, pruning unused parts, effectively forgetting unneeded information.

To find a good network topology, one can use search methods such as neural architecture
search (for example, NASWOT, which does not require training), simulated annealing, or evo-
lutionary methods like NEAT. Another option is to learn the graph directly from data. For di-
rected acyclic graphs, NOTEARS treats structure learning as a continuous optimization problem
[65]. In causal inference, predictive coding has also been used to help align model topology with
the data [51].

3Degree regularization with kj =
∑

i 1(Wij ̸= 0) denoting the degree of node j; α controls the steepness of the
power-law decay (how strongly hubs dominate), and γ sets the overall regularization strength.
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Appendix

The following appendix provides supplementary material that supports the main text of this
document. It contains additional explanations, extended derivations, and detailed data that were
omitted from the main chapters to maintain readability. In particular, it includes a direct com-
parison between BP and PC, along with details of the neural inference experiment. Furthermore,
the appendix provides an overview of the hyperparameters used in Section E.1 and a description
of the pseudocode in Section F.

A BP and PC

Predictive coding (PC) differs fundamentally from standard backpropagation (BP) in both al-
gorithmic procedure and biological plausibility. PC is often described both as an algorithm and
as a neural architecture. In this context, we treat PC as a (recurrent) network architecture with
local learning rules, in contrast to BP, which is a specific algorithm (error backpropagation) for
training layered networks. Below, we outline key differences and connections between BP and
PC:

A.1 BP vs PC

Backpropagation (BP) and predictive coding (PC) differ fundamentally in how they compute
and propagate error signals for learning. BP is a two-phase procedure: a forward pass first maps
inputs to outputs through the network, and a backward pass then propagates the output error
gradient through each layer to adjust weights. This backward phase uses the chain rule to com-
pute the gradient of each weight, requiring a global error signal that is sequentially propagated
from the output layer to earlier layers. Every weight update in BP implicitly depends on the
computations of downstream layers, tying the whole network together in the credit assignment
process. In contrast, PC uses an iterative, unified inference and learning process rather than dis-
tinct forward and backward passes. The PC update dynamics typically involve running model
inference until the network’s prediction errors converge to a minimum, then performing a lo-
cal weight update to minimize a global free energy objective in two alternating steps. PC, on
the other hand, uses strictly local learning rules. Each synapse’s update in a PC network de-
pends only on quantities from neighboring layers: the pre-synaptic neuron’s activity and the
post-synaptic neuron’s prediction error. BP’s weight changes are non-local, involving informa-
tion about neurons not directly connected to the synapse in question. In contrast, PC’s learning
rule is local in space and time (each connection is adjusted based on locally available error and
activity). Practically, this locality means a PC network can compute updates in a distributed
fashion across layers without needing to route a single global error backward, making it natu-
rally amenable to parallel or even asynchronous implementation.

A.2 Biological Plausibility Comparison

In neuroscience and AI, opinions vary on what constitutes a biologically plausible algorithm.
Generally, an algorithm is considered biologically plausible if it operates according to princi-
ples similar to those found in the brain. In this context, the we outline these minimal criteria:
all computations should be local (i.e., each synapse updates using information available at that
connection) and there should be no single global control signal orchestrating the updates. These
conditions mimic how real neural circuits function autonomously, without external supervision
or control. Traditional predictive coding (PC) networks include dedicated error neurons that
explicitly compute prediction errors, however the case can be made that having separate error-
calculating neurons is biologically implausible. This limitation can be overcome by a different
neural design where instead of special error nodes, the dendrites of regular neurons can encode
the error signals. In other words, the same neuron’s dendritic inputs carry the error information,
as illustrated by [66]. This dendritic implementation avoids separate error neurons, thereby im-
proving biological realism.
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Additionally, PC does not require storing intermediate activations from the forward pass
for later gradient computation. In BP, the activations of each layer must be retained to com-
pute the weight gradients later during backpropagation. By contrast, PC continually updates
neuron states during the inference phase, and weight updates use the current activity and error
values at convergence (or time T ), rather than needing the original feedforward activations to be
cached. Therefore, PC’s learning algorithm inherently updates the necessary signals through on-
going inference, potentially reducing memory overhead and more closely mimicking how a biolog-
ical system processes information (with no distinct recall of a forward pass). Moreover, PC natu-
rally supports asynchronous and continuous updates, whereas BP is a synchronous, clocked pro-
cedure. BP’s forward and backward passes must be carefully coordinated, layer by layer, often
implemented in a lock-step fashion across the network. In contrast, predictive coding updates
can in principle occur without a global clock; neurons and synapses can be updated in parallel
or even in a slightly staggered/asynchronous manner, since each update uses local error feedback
that does not require waiting for a full forward–backward sweep of the entire network. Further-
more, the incremental predictive coding algorithm is more autonomous than the standard ver-
sion since it can adjust its synaptic weights without any external trigger or timing signal. In the
original PC formulations, an external control signal was required before any weight update could
happen. By eliminating this requirement, the IPC algorithm behaves more like actual neural tis-
sue, where learning is an ongoing, self-driven process.

The Weight Transport

One well-known implausibility in many deep learning and PC models is the weight transport
problem. This problem arises from the unrealistic assumption that the same synaptic weight is
used for both the forward signal and the backward error signal. In other words, the connection
strength from neuron A to neuron B is assumed to be exactly reused for carrying error infor-
mation from B back to A. Biological neurons lack an obvious mechanism to ensure that forward
and backward signals use identical weights, so this symmetry in algorithms (notably backprop-
agation) is suspect from a neuroscience perspective. Works such as [67, 68] have been explor-
ing solutions to the weight transport problem. In the broader deep learning field, several ap-
proaches can perform as well as backpropagation without requiring identical forward and back-
ward weights. For example, [69] demonstrated that alternative mechanisms can achieve
backpropagation-level performance on large image classification tasks without perfect weight
symmetry.

Similarly, within the predictive coding framework, the weight transport problem is avoided
by using local error signals; however, this creates a weight symmetry problem, as forward and
reciprocal connections between neurons must still be identical in strength for learning to work
correctly. This paper [70] argues that this is more biologically plausible than weight transport
because reciprocal connections are common in the brain, and local Hebbian plasticity could nat-
urally synchronize the forward and backward weights over time. However, it is even possible
within the predictive coding network to decouple the forward and backward pathways in terms
of weights while still achieving accurate classification, as shown by [71]. Other works have de-
signed predictive coding-like algorithms without any weight symmetry requirement at all. These
approaches [72, 73] modify the learning process so that each connection can be adjusted using
local information alone, without weight mirroring, thereby further aligning the algorithms with
biological plausibility.
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At last, completely forward-only credit assignment schemes have been proposed as alterna-
tives to BP, for instance, the Forward-Forward algorithm described in [55] and the PEPITA rule
by [74], which eliminate the backward pass by using a second forward phase with perturbations
or negative samples. These approaches, like PC, aim to avoid the weight transport, non-locality,
and sequential locking problems of BP. The authors of [75] builds a conceptual bridge between
deep learning (batch/layer/weight) normalization tricks and the brain’s homeostatic plasticity,
claiming they serve the same control goal across scales, from single neurons to whole networks.
By mapping these correspondences, it reframes normalization as a general principle for stabiliz-
ing activity and improving coding. As a proof of concept, it introduces synaptic scaling (normal-
ization), illustrating a biologically plausible normalization technique inspired by standard ML.

One of the central arguments against predictive coding, as described in [76, 77], is the bio-
logical implausibility of its core mechanisms. Predictive coding models often assume continuous
activation levels and the ability of neurons to handle both positive and negative error signals.
However, biological neurons operate using discrete firing rates and cannot send a negative error
signal. The model of summing weighted inputs also fails to account for the crucial role of signal
timing and phase, which can, however, be implemented with Spiking predictive coding models.

A.3 PC approximates BP

Predictive coding (PC) approximates backpropagation (BP) under specific conditions, primarily
when inference fully converges and the model architecture adheres to a hierarchical or directed
acyclic graph (DAG) structure. In these cases, PC’s local updates on node activities and weights
align closely with the gradients computed by BP, especially when inference is initialized using
feedforward activations and weight updates are carefully timed. This approximation holds the-
oretically and has been validated in layered neural architectures. If one carefully orchestrates
when weight updates occur during PC inference, PC can be made equivalent to BP. The au-
thors of [78] demonstrated a variant called Zero-Divergence Inference Learning (Z-IL) in which
each layer’s weights are updated at the precise moment (when the global error signal reaches
that layer), yielding exactly the same parameter changes as backpropagation. This differs from
the standard PC formulation, which updates the parameters only when the total error has con-
verged. Unlike PC, IPC updates the parameters at every time step t. Intuitively, Z-IL can be
seen as a continuous shift between BP and PC. Traditional PC can be slower per iteration than
BP because it may require multiple inference iterations to stabilize the network’s activity before
a weight update, and often requires a separate switch to trigger the weight update phase. The
IPC algorithm, introduced by [23], updates both neuron states and synaptic weights in parallel
(on different timescales) without needing a distinct pause to switch from inference to learning,
eliminating the need for an external control signal to toggle between phases, making the learning
process fully automatic. Notably, these BP-equivalent variants of PC still manage to use local
learning rules, which is intriguing from a biological perspective: they show it’s theoretically pos-
sible to get the same learning outcome as BP without global non-local computations, by relying
on PC’s local error unit.

As shown in the work of [5], PCNs can, under specific conditions, approximate standard
backpropagation across general architectures (CNNs, RNNs, LSTMs) using only Hebbian up-
dates. PC is seen to approximate BP if it converges to the same critical points of the BP loss
function, despite relying on local update rules. The authors of [79] show that when the output
error is small, the parameter update of PC is an approximation of that of BP. Similar correspon-
dence has been observed in the following key scenarios:

1. Influence of Precision Parameters Theory and experiments in [7] demonstrated that
when feedback precision is low (i.e., feedback signals are given low weight), the network dynam-
ics are dominated by the feedforward pathway. In this regime, the equilibrium activities in a PC
network closely match the activations from a standard forward pass. Consequently, the predic-
tion errors at equilibrium approximate the gradients used in BP. Thus, under low feedback preci-
sion, PC behaves similarly to BP.
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2. Locally Linear Activations under Decoupled Optimization Predictive Coding can
approximate Backpropagation when each layer is optimized independently, a condition known
as decoupled optimization, as shown in [5]. This means the inference in one layer assumes the
neighboring layers are fixed. If the activation functions are approximately linear in the operating
range, then the gradient-like signals propagated through the PC resemble those computed in BP.

3. Early-Step Error Similarity Authors of [78] found that if the network is initialized
using a standard feedforward pass, the prediction errors in the early stages of PC inference al-
ready align with BP gradients. This is particularly true if the lower-layer errors begin near zero.
In some special initializations, this alignment can occur immediately in the first inference step.

Together, these results demonstrate that PC can serve as a viable approximation to BP, of-
fering a biologically plausible alternative with equivalent learning dynamics under the right con-
ditions.

Figure 21: Predictive coding first proceeds with an iterative error minimization step before
weight update based upon prediction errors between layers. Backpropagation propagates gradi-
ents backwards in its backwards phase and then uses the gradients to update weights directly.
Image taken from [80]

A.3.1 Implicit vs. explicit gradients

Backpropagation (BP) performs explicit gradient descent on a task loss: one forward pass to
compute activations, one backward pass to transport gradients by the chain rule, then an up-
date. Predictive coding (PC) separates inference and learning: an inner loop infers latent activi-
ties by minimizing an energy, and a weight update uses neighboring prediction errors. In explicit
PC, both state and weight updates use the current gradient, which is fast but can oscillate in
deep, feedback-rich networks. Implicit PC uses proximal (future-state) updates, adding damping
that allows larger, more stable steps on stiff dynamics. Some recent PC papers [44, 80] ) explore
implicit inference updates (e.g., using linear solvers to stabilize updates), especially when run-
ning very deep or stiff networks.

A.4 Memory efficiency

Computation: Backpropagation performs a forward sweep to produce activations and then a
strictly sequential backward sweep to propagate errors; because each layer’s backward compu-
tation depends on the previous one, these matrix multiplications cannot be parallelized across
layers. Classical predictive coding (PC), in contrast, runs short inference updates of values and
errors before updating the weights; crucially, within each inference step, the work per layer is
independent, so the expensive matrix multiplications can be executed (for all layers) in parallel.
Space: BP relies on a global backward pass and additional places to store the backward errors,
on top of caching forward activations. PC and IPC instead maintain local per-layer states and
local prediction and error variables and do not require a separate global gradient tape; In other
words, the scaling is comparable (per-layer state), but PC avoids BP’s extra backward error
storage. For a detailed comparison between BP and PC, and between computation and storage,
see [23].
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B Layer wise updating

Synchronous Sequential Updates vs. Asynchronous Parallel Updates:
BP’s error propagation is a sequential procedure, meaning lower layers must wait for gradient
signals from higher layers, which enforces a strict ordering. The brain, however, performs credit
assignment in a far more parallel and asynchronous manner, with different regions adjusting si-
multaneously without waiting for a global signal (neurons fire in parallel, with slight delays or
oscillatory waves). Predictive coding aligns with this parallelism: all layers update their activ-
ities in parallel based on local prediction errors. There is no strict layer-by-layer waiting as in
BP’s backward pass. This greater parallelizability is a noted advantage of PC networks, po-
tentially allowing more efficient training on neuromorphic hardware by eliminating the waiting
time induced by BP’s sequential backward pass. In essence, BP locks the network into two al-
ternate phases (forward then backward), whereas PC networks continuously and concurrently
refine their neuron states until errors are minimized (often described as a relaxation or inference
phase), making the update process more akin to real-time asynchronous computation.

B.1 Signal propagation

The authors of this paper [43] considered stabilization techniques for sequential PC models, such
as length regularization, which prevents latent state explosion by penalizing deviations from a
target norm, and sequential training, which balances error propagation by gradually training
layers with skip connections. This strategy improves gradient flow, distributes prediction errors
more evenly across layers, and avoids overfitting early on. Predictive Coding Networks (PCNs)
exhibit instability when applied to deep architectures. During inference, the norms of latent
states and prediction errors can grow exponentially, leading to exploding and vanishing gradi-
ents that make training unstable and ineffective. To analyze and understand these problems,
the study applies dynamical mean-field theory to track the latent-state “lengths” (normalized
squared norms), prediction errors, and weights, which serve as a statistically robust proxy for
measuring instability.

Additionally, prediction errors are not evenly spread throughout the network; instead, they
tend to concentrate near the input and output layers. This uneven distribution prevents interme-
diate layers from learning properly and contributes to performance degradation as network depth
increases. While PCNs are theoretically capable of mimicking backpropagation if they reach an
equilibrium state (where ∆z = 0), achieving this condition in practice is difficult. Even when the
network is close to equilibrium, residual prediction errors persist and continue to interfere with
learning. To counter these issues, the authors propose a two-fold solution: length regularization
to control the growth of latent norms, and a sequential training framework with skip connections
that helps distribute prediction errors more evenly across all layers. Sequential Inference alone in
Inference Learning has already been shown by [44] to increase stability. This strategy improves
gradient flow, distributes prediction errors more evenly across layers, and avoids overfitting early
on. Length regularization prevents latent state explosion by penalizing deviations from a target
norm, while sequential training balances error propagation by gradually training layers with skip
connections.

Figure 22: Stage-wise training in hierarchical PCN. Image taken from [43].
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C Neural inference dynamics and simulation

To understand the behavior of predictive coding networks under simplified and controlled con-
ditions, we simulate inference dynamics on synthetic graph topologies using ordinary differential
equations (ODEs) in continuous time. Unlike task-driven setups (e.g., MNIST classification),
these simulations focus purely on the temporal evolution of node activities and prediction errors
under fixed sensory and supervision inputs, without relying on real data. We examine two archi-
tectural regimes. First feedforward (MLP-like) a sequential structure in which information flows
unidirectionally from a clamped sensory node (x0 = 1) through three hidden nodes (x1, x2, x3),
culminating in a supervision node clamped at (x4 = −1). We simulate the node values for su-
pervision and label, clamped to 1 and −1, whereas in the real models, we use the full MNIST
dataset with images and corresponding one-hot labels. Each layer receives only top-down predic-
tions from the preceding layer. Second a Fully Connected (FC) a densely interconnected system
where all five nodes (excluding self-loops) are connected with asymmetric weights. Only the sen-
sory and supervision nodes (x0, x4) are clamped; all intermediate nodes update their activity
in response to incoming prediction errors from all others. The direction of prediction is indi-
cated by arrows (e.g., xj → xi means that node j predicts node i). In both architectures, the
sensory and supervision nodes are clamped (i.e., fixed throughout the inference process). Only
the hidden nodes are free to update their activities to minimize their local prediction errors. In
this framework, each node in the network represents a dynamic variable whose value evolves over
time based on prediction errors and local updates. In both models, the goal is for the internal
(free) nodes to minimize their local prediction errors, given fixed boundary conditions. The val-
ues evolve under nonlinear update dynamics using the activation function f(x) = tanh(x) and its
derivative f ′(x) = 1 − tanh2(x). The system’s behavior is governed by the following core vector-
ized update equations:

Component Equation Description

Prediction µ = Wf(x) Top-down prediction received at each node

Prediction Error ε = x− µ Deviation of value from predicted input

Update Rule (Free Nodes) ∆x = −ε+ f ′(x)⊙ (W⊤ε) Local error-driven update for hidden nodes

Inference Dynamics xt+1 = xt + γ∆xt Step-based update rule

Energy (node i) Ei = ε2i = [x−Wf(x)]
2
i Squared local prediction error

Table 4: Key vectorized equations for Predictive Coding Dynamics for inference only.

WMLP =


0 0 0 0 0

1.00 0 0 0 0
0 0.90 0 0 0
0 0 0.80 0 0
0 0 0 1.10 0

 , WFC =


0 0.11 −0.25 −0.22 −0.23

0.11 0 0.84 −0.09 −0.15
−0.25 0.84 0 −0.26 −0.53
−0.22 −0.09 −0.26 0 −0.34
−0.23 −0.15 −0.53 −0.34 0


The stream plots below visualize how pairs of node values evolve over time under predictive

coding updates. Each subplot shows the local dynamics between two connected nodes, where
arrows indicate the joint evolution of their activities. In the MLP model, the flow is directional
and layered, often converging to a single attractor. In contrast, the fully connected model has
symmetric weights, no self-loops, and mixed signs, resulting in more complex and potentially
unstable dynamics. For both models, the (blue) sensory node x0 and (green) label node x4 have
clamped values.
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Figure 23: Left: graph topology of an MLP-like model and energy during inference. Right:
vector fields (streamplot) for each pairwise active edge

Figure 24: Dynamics of a fully connected predictive coding network with symmetric weights
and clamped endpoints (x0, x4). Both the sensory (blue) and label (green) nodes have their
node values clamped. Left: all-to-all graph topology (excluding self-loops), color-coded by func-
tion. Bottom left: individual and total node prediction error energies over time, reflecting tran-
sient instability followed by convergence. Right: rich vector fields (streamplots) for each pairwise
interaction,

Both models during inference show local attractor regions. Although the fully connected
model has feedback connections that further complicate inference dynamics, both experiments
show a decrease in total inference error.
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D Parameter effect

This section examines the influence of key hyperparameters on the performance and behavior of
our Incremental Predictive Coding (IPC) models. We systematically investigate how parameter
variations affect both the discriminative (classification accuracy) and the generative (image qual-
ity) capabilities of the models. The findings presented below highlight the sensitivity of PC net-
works to these configurations, which is crucial for optimization and understanding the model’s
functional characteristics.

D.1 Discriminative IPC

The most influential parameters for this discriminative IPC model are the learning rates and the
number of steps T . For stable training, the ratio between the two learning rates is one of the
most important parameters. The baseline model, in bold, uses IPC, a discriminative model with
hidden layers L = {300, 100}, the swish activation function, and zero weight decay for both
optimizers.

Table 5: Training configuration and accuracy (per experiment). The baseline experiment
shown in bold or with (−). Other rows are experiments where a single hyperparameter differs
from the baseline.

Run Hyperparameter Setting Accuracy

1. Learning rate ηx = 0.5,ηw = 1e−5 0.94
2. ηx = 0.01, ηw = 1e−6 0.48
3. ηx = 1, ηw = 1e−4 0.37
4. Ttrain & test 15 -
5. 50 0.97
6. 100 0.96
7. Init xt=0/µt=0 0 -
8. N (0, 1e−7) 0.94
9. Use Grokfast False -
10. True 0.93
11. Weight init N (0, 005) -
12. N (0, 0.05) 0.96
13. MLP-like 0.96

D.2 Generative IPC

The findings of Orchard et al. [81] claim that predictive generative coding networks often fail
to generate meaningful inputs when run in reverse (when a class label is clamped and the cor-
responding input is inferred). They showed that this generative task is ill-posed because the in-
verse problem in a sequential model has infinitely many solutions, particularly when the input
space is larger than the output space. The authors claim that clamping the desired class vector
and running the network to equilibrium does not yield a sensible state in the input layer (i.e.,
generating images). To address this, the paper introduced explicit minimum-norm constraints on
both the weights and the value nodes. They showed that adding a decay term to the dynamics
of both the latent values and the learnable weights yields significantly better generative behav-
ior. However, experiments with our sequential generative predictive coding models show sensible
output sensory images even with weight decay terms λw = λw = 0.

(a) λw = λw = 0 (b) λw = 1e−4, λx = 1e−5 (c) λw = 1e−2, λx = 0

Figure 25: weight decay values λw used for the weight optimizer Adam and value λx = 0
used for the SGD optimizer.
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D.3 Model weights during training:

Using different hyperparameter settings with two models, we track the Fully Connected model
weights from Table 3 at each epoch during training. Given all the weights, we use PCA and met-
rics to visualize the difference in training dynamics. We also plot the mean weights against the
standard deviation of the weights, since these statistics can help determine phase shifts and criti-
cality (as in similar models, such as Ising models).

Both models in Table 3 have 1000 nodes and use N (0, 005) for weight initialization, so they
start at the same point. However, the (light blue) model uses activation function swish, T = 40,
no GrokFast amplification, and zero weight decay. The other models uses activation function
relu, T = 15, with grokfast amplification and weight decay λx = λw = 1e−6. Our first model per-
forms well on classification at the expense of its generative capabilities, while the other models
yield good generation but lower classification accuracy.

Figure 26: PCA trajectories and Standard deviation/Mean trajectories of the models in
Table 3.

Figure 27: The weight dynamics of multiple fully connected IPC models during training, vi-
sualized via PCA (a single arrow indicates an epoch), showing the influence of Grokfast training.
Grokfast appears as damping in the PCA plot, while generalization, and thus classification accu-
racy, does not improve as shown in Table 5.
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D.4 Invariant features in predictive coding models

All the experiments above focus on a simple mapping using the MNIST dataset; however, pre-
dictive coding has also been used to learn invariant features. Experiments from [82] show that in
generative PC models trained on videos, higher layers become selective for identity and support
top-down completion under occlusion. Their PC model shows that, when presented with short
sequences of smooth transformations such as translation, rotation, or scale, higher layers come
to represent stable causes like object identity, while lower layers track pose, position, and even
lighting. This follows a slowness prior in which identity changes slowly and nuisances change
quickly. Topographic PC VAE makes this more explicit, where it arranges latent capsules on a
two-dimensional grid so that a change in the input maps to a roll or shift in capsule coordinates.
Invariance is stored in capsule amplitudes, and equivariance is stored in positions or phases. The
predictive pathway uses these structured latents to forecast the next frame, which encourages
separation of identity from pose, as shown in [83].

D.5 Optimization

Predictive coding can be seen as performing gradient descent on an energy (loss) function with
respect to both neural activities and weights. In contrast, backpropagation does so only with
respect to weights. BP has separate forward and backward passes, which require sequential up-
dates. IL performs inference in parallel across layers and iteratively refines activities. Below are
the different phases of the learning algorithm, Backpropagation and Inference Learning on a se-
quential model with l layers side by side. See the Appendix section F for pseudo code and imple-
mentation details.

Table 6: A comparison of backpropagation and inference learning

Backpropagation Inference learning

Forward xℓ = f
(
wℓ−1xℓ−1

)
(ℓ = 1..L) Inference µℓ = f

(
wℓ−1xℓ−1

)
Backward δℓ =


∂L
∂zℓ

, ℓ = L,

(wℓ)⊤δℓ+1 f ′(wℓxℓ
)
, ℓ = (L− 1)..1

ϵℓ = xℓ − µℓ

∆aℓ = −
(
ϵℓ + (wℓ)⊤ϵℓ+1) f ′(wℓxℓ)

Learning ∆wℓ = δℓ+1(xℓ)⊤ Learning ∆wℓ = ϵℓ+1(xℓ)⊤

As optimizers for value updating, we use SGD, and Adam for weight update optimizer. To gen-
eralize to topology and improve speed, vector-matrix multiplication can be used, as well as a message-
passing implementation well suited for sparse graphs.

Inference learning as active recall analogy
Memory strengthens through active recall, not passive exposure. Similarly, inference learning starts with
an initial guess (a proto-memory), recalls it to make a prediction, compares it to the truth, and updates
it. This cycle, recall, compare, and update repeats until the representation aligns with reality. Incremen-
tal Predictive Coding (IPC) mirrors this process, continuously adjusting activities and weights, much
like the E-step (inference) and M-step (update) in EM. Just as understanding grows through repeated
recall, IPC refines its memory by iteratively predicting and correcting.
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E Implementation & reproducibility

We implemented discriminative, generative, fully connected, stochastic block model (SBM), and other
topologies using both Predictive Coding (PC) and Incremental Predictive Coding (IPC). All models
were developed in PyTorch, Inference Learning dynamics, both with Torch matrix multiplication and
Message Passing dynamics for graph variants built with torch geometric. Experiments were run on a
single GPU (RTX 4090), with fixed random seeds to ensure reproducibility. Source code and logs are
openly available at GitHub and Weights & Biases.

Notation & Direction

Shared notation. x = activities, µ = predictions, ϵ = x − µ, f(·) and f ′(x) act element-
wise; ⊙ is the Hadamard product; γ is the inference step size.

Matrix meanings (native).
Van Zwol: rows = receivers/targets, columns = senders/sources;
Wij is the weight on edge j→ i.

Salvatori: rows = senders/sources, columns = receivers/targets;
Wi,k is the weight on edge i→ k.

Original index notation and matrix (vectorized) notation are used from both papers.

Van Zwol

µi =
∑
j

Wij f(xj)

µ = W f(x)

∆xi = γ

(
−ϵi + f ′(xi)

∑
j

Wji ϵj

)

∆x = γ
(
−ϵ+ f ′(x)⊙W⊤ϵ

)

Salvatori

µi =
∑
k

Wki f(xk)

µ = W⊤f(x)

∆xi = γ

(
−ϵi + f ′(xi)

∑
k

Wik ϵk

)
∆x = γ

(
−ϵ+ f ′(x)⊙W ϵ

)
Rule of thumb. Predictions follow the stored weight matrix (left: W ; right: W⊤). Error

messages flow against that direction in the notation (left: W⊤ϵ; right: W ϵ).

Dense vs. Message Passing

These dynamics can be implemented with either dense matrix multiplication or message passing. Dense
formulations compute over the full weight matrix W , including non-existing edges, which is inefficient
for sparse graphs. Message passing, in contrast, restricts the computation to edges stored in an edge in-
dex, scaling with |E|, the number of edges, instead of with the number of nodes scaling with N2. This
better reflects the locality of PC: updates depend only on pre- and post-synaptic quantities, making the
algorithm naturally suited for sparse or non-layered topologies.

Relation to Graph Neural Networks

Although PC can be implemented via message passing, its update rules differ from those of standard
Graph Neural Networks (GNNs). In GNNs, node embeddings are updated via neighborhood aggrega-
tion, and after T layers, they represent k-hop structural information. In PC graphs, node values x are
updated by minimizing the energy function via local error feedback, rather than by aggregating embed-
dings. Thus, while both frameworks exploit graph structure, PC nodes encode predictions and errors
rather than similarity-based embeddings. A more detailed comparison is given by Byiringiro [84].
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E.1 Hyperparameter

Table 7: General training configuration

Item Setting

Dataset MNIST (train 60k / test 10k), grayscale 28× 28
Tasks Classification, Generation, Occlusion
Topologies Hierarchical; Fully connected; SBM (clustered); Two-branch topology
Activation f(·) tanh,hardtanh, relu, swish: no significant differences
Batch size 100 (hierarchical and fully connected), 50 or 10 (bigger graphs)
Hidden nodes initialization Normal N (0, 1e−4) - N (0, 1e−7)
Weight initialization Normal N (0, 0.1) - N (0, 0.01), optional bias b=0
dataset normalization Zero mean and unit standard deviation
Update mode PC vs IPC
Seed {2}
Inference steps Ttrain & test T ∈ {3, 5, 10, 50, 100}
Lr node value ηx (γ) {1, 0.5, 0.1, 0.01}
Lr edge weights ηw (α) {1e−4, 1e−6}
Weight decay node values λv 0
Weight decay edge weights λw {0, 1e−4, 5e−4}
Hardware Single GPU (e.g., RTX 4090)

As for the optimizers, we have used the SDG optimizer for value updating and the Adam optimizer for
weight update. Batch sizes were 100 for hierarchical/fully connected models, reduced to 50 or 10 for
larger graphs. The data sets were normalized to have a mean of 0 and unit variance. Activation func-
tions tested included tanh, hardtanh, ReLU, and swish, with comparable performance across tasks. We
have not used multiple seeds since we are not comparing our results with those of SOTA BP or PC.

Reproducibility. In all experiments, we have maintained a fixed T during training and testing,
rather than a dynamic T that stops at convergence. A dynamic stop at convergence would be particu-
larly useful for adjusting at test time and can thus be tuned to the level of granularity needed for testing
different tasks or combining datasets. All baseline training configurations used Incremental Predictive
Coding (IPC).
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F Pseudo code

Graph G consists of sensory nodes s (which are fixed to the data), internal or hidden (i) nodes, and su-
pervision or label nodes (l), which is fixed to the corresponding label. Each sensory node is connected
to a single pixel, and the label nodes are connected to the one-hot encoding of the image label. Our im-
plementation uses simultaneous updating across all nodes, rather than layer-wise updating. Thus all
nodes are updated at the same time step t, and thus do not wait for other signals. For sequential predic-
tive coding models, such as [41], we set the error at the target or supervision nodes to zero at test time.
The already-clamped supervision values cannot be updated, but their errors can still affect other nodes.
We omit feedforward initialization as in [2], where in hierarchical graphs we require to initialize layer by
layer.

INFERENCE LEARNING

Algorithm 1 Supervised learning on dataset D = {Xi, Yi} with PC. on graph G

Require: (x0:s) is fixed to (X) and (xi:l) is fixed to (Y )
Require: Initialize edge weight and/or values hidden nodes (xs:l)
1: for t = 0 to T do
2: for each vertex i (E-step) do
3: Update xi,t to minimize Et using gradient descent via Eq. (3)
4: end for
5: if t = T (M-step) then
6: Update selected weights Wi, j by edge type to minimize Et via Eq. (4)
7: end if
8: end for

Algorithm 2 Supervised learning on dataset D = {Xi, Yi} with IPC. on graph G

Require: (x0:s) is fixed to (X) and (xi:l) is fixed to (Y )
Require: Initialize edge weight and/or values hidden nodes (xs:l)
1: for t = 0 to T or until convergence do
2: for each vertex i (EM-step) do
3: Update xi,t to minimize Et using gradient descent via Eq. (3)
4: Update selected weights Wi,j by edge type to minimize Et via Eq. (4)
5: end for
6: end for

GROKFAST

Algorithm 3 Grokfast-EMA Gradient Amplification

Require: Model parameters W , loss function L, learning rate η
Require: EMA decay α ∈ [0, 1], amplification factor λ > 0
1: Initialize EMA of gradients: ḡ0 ← 0
2: for each training step t do
3: Compute gradient: gt ← ∇WL(Wt)
4: Update EMA: ḡt ← α · ḡt−1 + (1− α) · gt
5: Amplify: g′t ← gt + λ · ḡt
6: Update parameters: Wt+1 ←Wt − η · g′t
7: end for
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Figure 28: Transitioning from noise to increasing digits by altering the label

Figure 29: Image generation where the supervision labels are clamped to the one-hot encod-
ing of the label 5.

Figure 30: Reconstruction experiments where the dataset has been rotated or scaled.

Figure 31: Illustration of the SBM models from section 7.2 where the sensory nodes (blue)
correspond to multiple clusters, each mapping a 4x4 square of pixel values to a cluster. The hid-
den nodes are also clustered. Depending on the SBM topology type, connections inside each hid-
den cluster (yellow) are fully connected or follow a common direction.
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