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ABSTRACT

Predictive coding (PC) is an influential computational model of visual learning
and inference in the brain. Classical PC was proposed as a top-down genera-
tive model, where the brain actively predicts upcoming visual inputs, and infer-
ence minimises the prediction errors. Recent studies have also shown that PC
can be formulated as a discriminative model, where sensory inputs predict neu-
ral activities in a feedforward manner. However, experimental evidence suggests
that the brain employs both generative and discriminative inference, while unidi-
rectional PC models show degraded performance in tasks requiring bidirectional
processing. In this work, we propose bidirectional PC (bPC), a PC model that
incorporates both generative and discriminative inference while maintaining a bi-
ologically plausible circuit implementation. We show that bPC matches or outper-
forms unidirectional models in their specialised generative or discriminative tasks,
by developing an energy landscape that simultaneously suits both tasks. We also
demonstrate bPC’s superior performance in two biologically relevant tasks includ-
ing multimodal learning and inference with missing information, suggesting that
bPC resembles biological visual inference more closely.

1 INTRODUCTION

Visual inference plays a critical role in the brain, providing information processing for interpret-
ing and interacting with the environment. Two frameworks have emerged to explain how the brain
could implement visual inference. The first describes vision as a bottom-up discriminative pro-
cess, where sensory stimuli are progressively filtered through layered neural architectures, predict-
ing behaviourally relevant outputs (Hubel & Wiesel, 1962). This framework resembles inference
in feedforward neural networks commonly employed in machine learning for image classification.
The other framework formalises vision as a generative process, where the brain constructs a prob-
abilistic model of sensory inputs (Knill & Pouget, 2004). From this perspective, the brain learns a
top-down generative model with priors over incoming sensory activity, and neural responses arise
from the Bayesian inversion of this model, estimating posterior probabilities of brain states given
sensory information. Various neural implementations of this inversion have been proposed, includ-
ing variational methods (Friston, 2005; 2010) or sampling approaches (Fiser et al., 2010; Orbán
et al., 2016; Haefner et al., 2016). Experimental evidence suggests that visual perception may be
a combination of both frameworks (Teufel & Fletcher, 2020; Peters et al., 2024). Discriminative
models explain the rapid initial responses to visual stimuli through efficient bottom-up processing
of the brain (Peters et al., 2024), whereas generative models capture the probabilistic computations
critical for optimally integrating noisy sensory inputs with prior knowledge, as displayed in percep-
tion and behaviour (Ernst & Banks, 2002; Wolpert et al., 1995; Knill & Richards, 1996; van Beers
et al., 1999).

One computational model capable of capturing both generative and discriminative processing modes
in the brain is predictive coding (PC). In its generative formulation, PC accounts for a broad range
of biological data from the visual system (Srinivasan et al., 1982; Rao & Ballard, 1999; Hosoya
et al., 2005) and is successful in tasks such as associative memory (Salvatori et al., 2021) and image
generation (Oliviers et al., 2024). In its discriminative formulation, PC matches backpropagation-
trained neural networks in image classification (Whittington & Bogacz, 2017; Pinchetti et al., 2025)
while also explaining neural data (Song et al., 2024). Crucially, PC relies on local computations
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and Hebbian learning rules consistent with biological constraints (Hebb, 1949; Posner et al., 1988;
Lisman, 2017) and implementable in realistic neural circuits (Bogacz, 2017), making it a strong
candidate for modelling both generative and discriminative learning in the brain. However, current
PC formulations remain restricted to a single inference mode. Hybrid approaches that combine
generative and discriminative versions exist (Tscshantz et al., 2023) but sacrifice performance in at
least one domain, leaving open how a single PC model could flexibly support both inference modes
as required for biological vision.

In this work, we propose bidirectional predictive coding (bPC), a novel model of biological vision.
bPC provides a biologically grounded neural mechanism that explains how the brain can simulta-
neously perform generative and discriminative inference based on PC. We focus on evaluating and
understanding bPC’s performance in a range of computational tasks, where PC models with either
generative or discriminative inference have been individually successful. Our key contributions can
be summarised as follows:

• We propose bidirectional predictive coding, a biologically plausible model of visual per-
ception employing both generative and discriminative inference that naturally arises from
minimising a single energy function;

• We show that bPC performs as well as its purely discriminative or generative counterparts
on both supervised classification tasks and unsupervised representation learning tasks, and
outperforms precedent hybrid models;

• We provide an explanation for the superior performance of bPC in both tasks, by showing
that it learns an energy landscape that better captures the training data distribution than its
unidirectional counterparts;

• We further show that bPC outperforms other PC models in two biologically relevant tasks,
including learning in a bimodal model architecture and inference with occluded visual
scenes, indicating its potential as a more faithful model for visual inference in the brain.

2 BACKGROUND AND RELATED WORK

Discriminative predictive coding. Recent research has explored PC models that employ bottom-
up predictions from sensory inputs to latent neural activities (Whittington & Bogacz, 2017; Song
et al., 2024), analogous to traditional feedforward neural networks. These models are structured as
hierarchical Gaussian models consisting of L layers, each characterized by neural activity xl, where
x1 corresponds to the sensory input and xL represents a label. PC learns this hierarchical Gaussian
structure by minimizing an energy function corresponding to the negative joint log-likelihood of the
model:

Edisc(x; V ) =
XL

l=2

1

2
kxl � Vl�1f(xl�1)k22; (1)

where x denotes the set of neural states from x1 to xL, the parameters V include the bottom-up
weights Vl of each layer l, and f represents an activation function. We refer to this model as discrim-
inative predictive coding (discPC) and illustrate it in the top panel of Figure 1A. In discPC, inference
is performed by a forward pass from x1 to xl’s, and the learning rule of this model approximates BP,
using only local computations and Hebbian plasticity (Whittington & Bogacz, 2017). Recent work
showed that discPC performs comparably to BP in classifying MNIST, Fashion-MNIST and CIFAR-
10 (Pinchetti et al., 2025) and outperforms BP at learning scenarios encountered by the brain, such
as online and continual learning (Song et al., 2024). However, discPC lacks unsupervised learning
capabilities due to the non-uniqueness of the solution to its generative dynamics (Sun & Orchard,
2020).

Generative predictive coding. Classically, PC uses top-down predictions from neural activities
to sensory data, based on the hypothesis that the brain learns by minimizing the error between its
predicted sensory inputs and the actual sensory input (Rao & Ballard, 1999; Friston, 2005). With
neurons arranged hierarchically, the negative joint log-likelihood can be written as:

Egen(x;W ) =
XL�1

l=1

1

2
kxl �Wl+1f(xl+1)k22; (2)
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Figure 1: Model architectures used in our experiments.Arrows indicate the direction of pre-
diction and error propagation. Dashed arrows represent initialisation. Discriminative models (red)
are parametrised by bottom-up mappings from sensory inputs to brain states, generative models
(blue) are parametrised by top-down mappings from brain states to sensory inputs, and bidirectional
models incorporate both directions. Models in the top row employ local computations and error
propagation that are considered biologically plausible, whereas those in the bottom row utilise non-
local, backpropagation-based error computations that lack biological plausibility.

wherex1 is set to sensory data andxL can be clamped to a label for supervised learning or remain
free for unsupervised learning. The parametersWl are top-down weights. We refer to this formu-
lation of predictive coding as generative predictive coding (genPC). In genPC, inference of latent
activitiesx l is performed by clampingx1 to sensory inputs and iteratively updatingx l 's via gradient
descent on the energyEgen . genPC's top-down predictions are illustrated in the top-left panel of
Figure 1B. genPC has explained various visual phenomena, such as extra-classical receptive �eld
effects and repetition suppression (Rao & Ballard, 1999; Hohwy et al., 2008; Auksztulewicz &
Friston, 2016). More recently, genPC has been employed to model associative memory (Salvatori
et al., 2021) and unsupervised image generation (Oliviers et al., 2024; Zahid et al., 2024). The
computational framework of genPC can be implemented within neural networks that utilize local
computations and Hebbian plasticity (Bogacz, 2017). However, genPC has poor performance in
supervised learning tasks (Tscshantz et al., 2023).

Predictive coding models with mixed inference modes. In this work, we benchmark our bPC
model primarily against hybrid predictive coding (hybridPC) (Tscshantz et al., 2023). In hybridPC,
iterative inference proceeds in the same way as in genPC. However, an additional bottom-up network
is introduced to provide a feedforward initialisation of neural activities. This network only sets the
initial states and does not in�uence the subsequent dynamics, as illustrated in the top-right panel of
Figure 1B. Although hybridPC performs both supervised and unsupervised learning, its supervised
performance falls short of discPC. In this work, we show that bPC performs supervised learning on
par with discPC, and we provide an explanation of hybridPC's inferior performance through the lens
of bPC (see SM H). Sun & Orchard (2020) noted the energy-minimising nature of PC models could
theoretically allow image generation in discPC (Eq. 1), by clampingxL to a label and iteratively
updatingx1. However, the generated images appear nonsensical due to the non-unique inferential
dynamics solutions. Salvatori et al. (2022) generalised the idea of Sun & Orchard (2020) to a PC
model where all neurons are interconnected with each other. However, it only slightly outperforms
the classi�cation performance of a linear classi�er. Finally, Qiu et al. (2023) proposed a bidirectional
PC model in which the connections between separate layers share the same weights, e.g. the bottom-
up weights from layerl � 1 to l equal the top-down weights from layerl to l + 1 . It is unlikely that
the brain shares synaptic connections between separate layers of processing.

Discriminative and generative models of the brain. Cortical processing models are often di-
vided into discriminative, which use feedforward networks to �lter inputs (Yamins et al., 2014;
Fukushima, 1980), and generative, grounded in the Bayesian Brain hypothesis (Helmholtz, 1866;
Knill & Pouget, 2004) and theories such as predictive coding (Rao & Ballard, 1999; Friston, 2005)
or adaptive resonance (Grossberg, 2012). Growing evidence suggests the brain combines these ap-
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proaches (Lamme & Roelfsema, 2000; Teufel & Fletcher, 2020; Peters et al., 2024): for example, it
might employ a discriminative approach to rapidly extract important features, and perform Bayesian
inference on these features to form high-level perceptions such as object categories (Yildirim et al.,
2024). Few models explicitly integrate both. The wake-sleep algorithm used to train the Helmholtz
machine (Dayan et al., 1995) is analogous to a generative-discriminative process. The Symmetric
Predictive Estimator (Xu et al., 2017) models bidirectional processing, though only on toy tasks.
A related bidirectional model based on information maximization (Bozkurt et al., 2023) improves
biological plausibility but requires two inference phases per update. Interactive activation mod-
els (Rumelhart & McClelland, 1982) also perform bidirectional inference, but do not incorporate a
learning mechanism.

Discriminative and generative models in machine learning. Research in machine learning has
likewise sought to integrate discriminative and generative pathways. Encoder–decoder architec-
tures such as U-Nets (Ronneberger et al., 2015) combine bottom-up and top-down processing via
skip connections, while models including VAVAE (Yang & Wang, 2025) and VAR (Tian et al.,
2024) unify both pathways within a shared latent representation. Other approaches, exempli�ed
by PredNet (Lotter et al., 2016), take more explicit inspiration from cortical circuitry to implement
bidirectional information �ow. Despite their strong empirical performance, these models depend on
non-local learning signals and therefore do not provide a biologically plausible account of bidirec-
tional learning in the brain.

3 BIDIRECTIONAL PREDICTIVE CODING

In contrast to genPC and discPC, bPC neurons perform both top-down and bottom-up predictions,
as shown in the top panel of Figure 1C. bPC achieves this bidirectional inference by unifying the
energy functions of genPC and discPC into a single formulation, enabling both generative and dis-
criminative prediction within the same circuit. Using the notations previously introduced, the energy
function of bPC given by:

E(x; W; V ) =
X L � 1

l =1

� gen

2
kx l � Wl +1 f (x l +1 )k2

2 +
X L

l =2

� disc

2
kx l � Vl � 1f (x l � 1)k2

2; (3)

whereWl are the top-down weights andVl are the bottom-up weights.� gen and� disc are scalar
weighting constants, which are needed to account for magnitude differences in the errors of bottom-
up and top-down predictions. The weighting constants can be viewed as learnable precision parame-
ters (Friston, 2005); however, they are tuned and kept constant in our implementation for simplicity.

In each trial of learning, we �rst initialise the layers of neural activity using a feedforward sweep
from layer x1 to xL along the bottom-up predictions, similar to discPC (Whittington & Bo-
gacz, 2017). For instance, the second and third layers are initialised asx2 = V1f (x1) and
x3 = V2f (V1f (x1)) respectively. This initialisation strategy can be interpreted as a mechanism
for fast amortised inference when a sensory input is initially encountered, which is also observed in
the brain (Thorpe et al., 1996; Lamme & Roelfsema, 2000). All bPC experiments used this activ-
ity initialisation scheme. After, we update the neural activities to minimiseE via several gradient
descent steps (neural dynamics) following:

dxl

dt
/ �r x E = � � gen

l � � disc
l + f 0(x l ) �

�
W >

l � gen
l � 1 + V >

l � disc
l +1

�
+ N (0; � 2I ); (4)

where
� gen

l := � gen (x l � Wl +1 f (x l +1 )) ; � disc
l := � disc (x l � Vl � 1f (x l � 1)) (5)

denote the top-down and bottom-up prediction errors of neurons in layerl respectively.f 0 denotes
the derivative of the functionf , and� is the element-wise product. The normally distributed noise
N is zero-mean, temporally uncorrelated, and independent across neurons. By default, we set� 2 =
0, yielding deterministic dynamics that converge to the maximum a posteriori estimate. Unless
stated otherwise, all experiments in this paper use these inference dynamics. Setting� 2 = 1 induces
stochastic dynamics that sample from the model's posterior (Oliviers et al., 2024). These dynamics
enable learning the distributions of sensory inputs.

After updating neural activities, the weights are updated to minimiseE via a single gradient descent
step:

� Wl / �r W l E = � gen
l � 1f (x l )> ; � Vl / �r Vl E = � disc

l +1 f (x l )> : (6)
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3.1 NEURAL IMPLEMENTATION

Figure 2: Neural implementation of
bPC (left) and discPC (right).

The computations described in Eqs 4 and 6 can be imple-
mented in a neural network with fully local computation and
plasticity, as illustrated in Figure 2. This network contains
value neurons, which encodex l , error neurons, which repre-
sent prediction errors, and synaptic connections, which en-
code the model parameters. All computations are local, rely-
ing solely on pre- and post- synaptic activity. Value neuron
dynamics depend on local error signals, their own activity,
and incoming synaptic weights. Similarly, error neuron ac-
tivity depends only on adjacent value neurons and synaptic
weights. The plasticity of the weights is also Hebbian, as it is
a product of pre- and post-synaptic activity. The local imple-
mentation of bPC inherits that of genPC or discPC (shown in
Figure 2 right), although it has two distinct error neurons per
value neuron for bottom-up and top-down prediction errors.

3.2 FLEXIBLE LEARNING

bPC can be trained both in supervised and unsupervised settings. In all cases, neurons in inter-
mediate layers (layer2 to L � 1) are un-clamped and evolve according to the neural dynamics in
equation 4. In supervised settings, the �rst layerx1 is clamped to the input, while the top layerxL is
clamped to the target labels. In unsupervised settings,xL is left unclamped, allowing bPC to learn
compressed representations of the input. A mixed setting is also possible, where only a subset of
neurons inxL are clamped to label information, while others remain free. In this setting, the model
can jointly infer labels and learn an compressed representation.

4 EXPERIMENTS

4.1 BPC PERFORMS SIMULTANEOUSLY WELL IN CLASSIFICATION AND GENERATION

Figure 3: bPC accurately classi�es and generates class
average images on MNIST and Fashion-MNIST.A:
Training set-up. The models are trained withx1 �xed to
images andxL �xed to labels. B: Classi�cation accuracy of
models. C: Examples of the generated images conditional
on class labels (left) and RMSEs between generated images
and mean images of each class (right). Error bars denote the
standard error of the mean (s.e.m.) across 5 seeds.

In this experiment, we assessed
bPC's capacity for both clas-
si�cation (discriminative) and
class-conditional image generation
(generative). We compared bPC
with discPC, genPC, hybridPC, and
their backpropagation equivalents
on MNIST and Fashion-MNIST,
using identical architectures with
two hidden layers of 256 neurons
each. Additional baselines, including
bPC with shared bottom-up and
top-down weight as proposed by
Qui et al (2023), are provided in the
supplementary material (SM) C.

During training, the input layerx1
was clamped to images and the out-
put layer xL = x4 to their corre-
sponding one-hot labels (Figure 3A).
After training, discriminative perfor-
mance was assessed by �xingx1 to
an input image and inferring the label
at xL over 100 inference steps. Gen-
erative performance was evaluated by
clampingxL to a class label and mea-
suring the root mean squared error
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Figure 4: bPC matches the performance of hybridPC at unsupervised learning.A: Training
set-up, where onlyx1 is clamped to input images. B: Reconstruction RMSE from representations.
C: Example reconstructions. D: Linear decoding accuracy from representations. E: Fréchet Incep-
tion Distance of samples generated by models with stochastic dynamics, with examples shown. T
denotes the number of inference steps used during training. Error bars show s.e.m. across 5 seeds.

(RMSE) between the inferred image atx1 (after 100 inference steps) and the average image for
that class.

The results are shown in Figure 3B. On both datasets, bPC achieved classi�cation accuracy compa-
rable to discPC and discBP, while genBP and hybridPC performed less well. For generation, bPC
obtained RMSE scores similar to genPC, hybridPC, and genBP, whereas discPC exhibited much
higher errors. Visualizations in Figure 3C further illustrate these differences: discPC generated im-
ages with little class-relevant structure, while bPC and other bidirectional models produced clear
and representative samples.

These �ndings align with previous reports that unidirectional PC models excel only in their special-
ized domain (Sun & Orchard, 2020; Tscshantz et al., 2023), and demonstrate that bPC can integrate
both discriminative and generative capabilities within a single framework. Notably, this integration
uses the same number of error neurons but only half the value neurons required for maintaining
separate unidirectional pathways for the two tasks. This indicates that bPC is more energy-ef�cient,
especially as error signals can be handled in the dendrites of neurons rather than by a separate neu-
ron population (Mikulasch et al., 2023). We observed that the discriminative weighting parameter
(� disc ) must be set higher than the generative weighting (� gen ) due to the larger magnitude of top-
down prediction errors. An exploration of the trade-off between� disc and� gen is provided in SM
D.

4.2 BPC PERFORMS UNSUPERVISED REPRESENTATION AND DISTRIBUTION LEARNING

Next, we show that bPC learns compressed representations and data distributions in the absence of
supervision. We compared bPC, genPC, hybridPC, and their backpropagation (BP) equivalents on
MNIST, Fashion-MNIST, CIFAR-10, and CIFAR-100, excluding discPC since it cannot perform
unsupervised learning. We clamped onlyx1 to input images, leaving all other layers free (see Figure
4A). For MNIST and Fashion-MNIST, models used two hidden layers (256 neurons each) and a 30-
neuron representation layerxL , trained with only 8 inference steps per update to test fast inference.
CIFAR models had �ve convolutional layers and a 256-neuron representation layer, trained with 32
inference steps. An activity decay term atxL stabilized learning and regularized representations.
After training, representations were obtained fromxL using 100 inference steps. We evaluated
these representations in two ways. First, reconstruction quality was measured by reinitializing layers
x1-xL � 1, clampingxL , and running 100 inference steps, with RMSE computed against the input.
Second, linear readout classi�cation accuracy was measured fromxL .

To assess distribution learning, we compared bPC, genPC, hybridPC, and a VAE (Kingma et al.,
2013) on MNIST, extending all PC models with stochastic dynamics to infer full posteriors (� 2 = 1
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in equation 4, see SM A.5 for more details). Architectures matched those above, trained with 50
or 250 inference steps. Models were evaluated using Fréchet Inception Distance (FID). Samples
were generated ancestrally by following top-down predictions starting from samplingxL from its
Gaussian prior and propagating downward through conditional Gaussians.

As shown in Figure 4B-E, bPC consistently outperformed genPC, yielding lower reconstruction
RMSE, higher decoding accuracy, and better FID. It matched hybridPC across most tasks, and on
CIFAR datasets signi�cantly surpassed it in reconstruction error, approaching BP-based baselines.
Reconstructions and generated samples (Figures 4C, E) illustrate these differences.

These results highlight that bPC outperforms genPC when inference steps are limited, and matches
hybridPC despite the latter's amortized pathway. This suggests that bPC's bottom-up pathway also
serves as amortized inference, rapidly initializing neural activities toward the optimal state. The
slight edge of bPC over hybridPC likely arises from the active involvement of bottom-up weightsVl
during iterative inference, which continuously deliver sensory information to latent neurons. This
effect becomes more pronounced with complex inputs such as CIFAR.

4.3 BPC PERFORMS COMBINED SUPERVISED AND UNSUPERVISED LEARNING

In this experiment, we combined the supervised and unsupervised settings described above to test
whether bPC can simultaneously develop discriminative capabilities and compact representations.
This setting is motivated both computationally and biologically: real-world learning rarely occurs
in isolation, and cortical circuits appear to integrate categorical supervision (e.g., from higher-order
areas) with unsupervised structure learning from sensory input.

We trained bPC, hybridPC, and their BP equivalents on MNIST, Fashion-MNIST, and CIFAR-10.
During training, the input layerx1 was clamped to images, while the top layerxL was partially
clamped to one-hot labels, leaving the remaining neurons free to learn complementary representa-
tions (Figure 5A). For MNIST and Fashion-MNIST, models had two hidden layers of 256 neurons
each, andxL comprised 40 neurons (10 for labels, 30 for representations). For CIFAR-10, we used a
convolutional architecture with four hidden convolutional layers and a 266-neuron latent layer (xL ,
with 10 label and 256 representation neurons). Activity decay was applied to the representational
subpopulation inxL to regularize learning. Classi�cation accuracy was evaluated as in Section 4.1,
by presenting only images and inferring labels atxL . Generative quality was assessed as in Section
4.2, but with reconstructions conditioned jointly on the inferred representation and the label.

Figure 5: bPC is the only PC model that can jointly learn
low-dimensional representations of images and accurately
classify them. A: Training set-up, where the latent layer is
only partially clamped to class labels. B: Classi�cation accu-
racy. C: Example reconstructions on MNIST and CIFAR10. D:
Reconstruction RMSEs. Error bars show s.e.m. across 5 seeds.

Figure 5B reveals that bPC
achieves classi�cation accuracy
on par with BP models across
all datasets. Furthermore, it
signi�cantly surpasses hybridPC,
particularly on CIFAR-10, where
hybridPC exhibits more than
45% lower accuracy than bPC. In
terms of generative quality, Figure
5D shows that bPC achieves
reconstruction errors similar to
hybridPC across all datasets.
The reconstructed examples in
Figure 5C illustrate that bPC goes
beyond generating class-average
images, capturing features such as
shape, color, and spatial locations
(e.g., it generates `4's in different
styles). However, �ne details
are absent in bPC's CIFAR-10
reconstructions due to artefacts
introduced by max-pooling op-
erations in the discriminative
bottom-up pathway, affecting the
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Figure 6: bPC develops energy landscape suitable for both generation and classi�cation.A:
We compare bPC (bottom) to training a discPC and a genPC separately (top). B: Visualisation of
the models' energy landscape after training on XOR. Shown are the discriminative, generative, and
summed energies. C: MNIST samples considered highly likely (bottom 10% energy) by the models.

generative top-down reconstruction process. Consequently, bPC shows stronger grid-like artefacts
than hybridPC, which uses only max-pooling for initialization, and than BP models with separate
generative and discriminative layers. While removing max-pooling removes artefacts, it reduces
classi�cation accuracy (see SM E). Nonetheless, even without max-pooling, bPC's classi�cation
accuracy signi�cantly outperforms hybridPC, while generative performance remains comparable.
Future research could re�ne bPC's architecture to balance classi�cation accuracy with artefact-free
generation.

4.4 BPC'S SHARED LATENT LAYERS PREVENT BIASED OR OVERCONFIDENT ENERGY
LANDSCAPE

In this experiment, we investigated why bPC can perform both discriminative and generative tasks
effectively, focusing on the role of its shared latent layers in shaping the energy landscape (Eq. 3).
As a toy example, we considered the XOR problem, where the landscape can be directly visualized.
We trained bPC, discPC, and genPC (each with two hidden layers of 16 neurons) by clampingx1 to
2D inputs of XOR andx4 to scalar outputs (Figure 6A). bPC used the same number of parameters
as discPC and genPC combined but half the neurons.

An ideal XOR landscape has well-localized minima only at valid input-label pairs ([0,1] and [1,0]
for one class; [0,0] and [1,1] for the other). Figure 6B top shows that discPC instead develops broad
low-energy regions, indicating overcon�dence even for implausible or out-of-distribution (OOD)
inputs. genPC collapses each class into a single mean, failing to capture the true structure. A
combined discPC+genPC model inherits both �aws. In contrast, bPC learns sharp, class-speci�c
minima centred on valid inputs (Figure 6B bottom).

To test generality, we evaluated the models from Section 4.1 by sampling MNIST digits. We
clampedxL to a label, initializedx1 randomly, and iterated inference until reaching energies within
the lowest 10% of those observed on test images. For the combined discPC+genPC model, we re-
quired the generated samples to satisfy this low-energy criterion for both components. This set-up
serves as a sampling process, allowing us to inspect images considered as highly likely by the mod-
els. As shown in Figure 6C, bPC produced realistic digits, while the combined model yielded poorly
formed shapes. Quantitatively, bPC achieved higher Inception Scores (6:05� 0:17vs. 3:62� 0:03)
and lower FID (44:4 � 2:2 vs. 140:5 � 2:1). Similar trends held for BP-based baselines (see SM F).

These results clarify the observations in Section 4.1. discPC fails at generation because it produces
broad, overcon�dent minima that admit many nonsensical and OOD inputs, leading to the noisy
conditional generations in Figure 3 and in Sun & Orchard (2020). genPC, by contrast, learns narrow
minima around class means, which rejects OOD inputs but identi�es deviations from training-set
mean as high-energy states, ultimately sacri�cing discriminative precision. bPC integrates the two:
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Figure 7: bPC performance in a bimodal architecture and robustness against missing infor-
mation. A: Bimodal bPC and genPC. Note that bimodal bPC is fully equivalent to unimodal bPC
in Section 4.1; it is bent here to serve visual purposes. B: Classi�cation accuracy of bimodal PC
models. C & D: Generation RMSE and examples. E: Model evaluation with partially occluded
sensory inputs. F & G: Classi�cation accuracy against percentage of missing pixels with MNIST
and Fashion-MNIST respectively. H: Activity ofx1 after inference for genPC and bPC. Error bars
and shaded region show s.e.m. across 5 seeds.

bidirectional predictions effectively regularize each other, sharpening discriminative minima while
anchoring them to speci�c data points through the generative process. Shared latent layers thus
prevent solutions overly biased to training mean or those that are overcon�dent, yielding superior
performance in both classi�cation and generation.

4.5 LEARNING IN BIOLOGICALLY RELEVANT TASKS

In this section, we demonstrate that bPC outperforms other predictive coding models in two biolog-
ically relevant scenarios: (1) learning in a model architecture with two input streams analogous to
two sensory modalities, and (2) classifying images from partially occluded inputs, similar to how
human vision includes regions with missing sensory information, such as the retinal blind spot.

Bimodal model architecture. The brain often develops neural representations through associa-
tions across modalities, such as linking spoken names to visual objects (Rosen et al., 2018). To
test whether bPC can form such associations, we trained bPC and a bimodal variant of genPC on
MNIST and Fashion-MNIST, with one latent layer connected to two inputs: an image and its one-
hot label (Figure 7A; note that bPC is naturally bimodal and thus requires no restructuing). bPC
incorporated both bottom-up and top-down connections for each modality, whereas genPC relied
only on top-down pathways. After training, we evaluated cross-modal transfer by providing input
to one modality and measuring inference quality in the other, classi�cation accuracy for labels and
RMSE for reconstructed images. As shown in Figure 7B-D, bPC signi�cantly outperformed bimodal
genPC on both tasks. This result is consistent with Sections 4.1: bPC's bidirectional pathways nat-
urally support associative coding, while genPC must be restructured to handle multimodal inputs,
where one pathway predicts the image (similar to genPC) and the other predicts the label (similar to
discPC) and inherits the weaknesses of both genPC and discPC.

Robustness to missing information. The cortex can recognize objects even when sensory input
is incomplete or occluded (Komatsu, 2006). We therefore tested the classi�cation performance of
the trained models from Section 4.1 (bPC, genPC, discPC, and discBP) under progressive occlu-
sion of MNIST and Fashion-MNIST inputs, masking up to 90% of pixels (Figure 7E). Observed
pixels were clamped inx1, while missing ones were left free and initialized to zero. We then run
inference on the missing pixels and in latent layers, with extended iterations to accommodate slower
convergence. Results (Figure 7F-G) show that bPC maintained high classi�cation accuracy even
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with 80% missing pixels. genPC also retained some robustness but at consistently lower accuracy.
In contrast, discPC and discBP collapsed beyond 50% occlusion. Visualizations in Figure 7H reveal
that bPC actively reconstructed missing inputs via top-down priors, integrating them with observed
evidence. genPC shared this generative capacity but lacked strong discriminative accuracy, while
purely discriminative models could not compensate for missing information at all.

4.6 GENERATIVE AND DISCRIMINATIVE PROCESSING IN DEEP MODELS

To investigate whether bPC scales effectively to deeper models and more complex datasets, we
trained bPC, discPC and discBP using the following architecture-dataset combinations: VGG-5 on
CIFAR-10, VGG-9 on CIFAR-100, and VGG-16 on Tiny-ImageNet. After training, we evaluated
discriminative performance by measuring the model's classi�cation accuracy. Additionally, we as-
sessed generative capabilities by evaluating classi�cation accuracy when 30% and 50% of the input
pixels were missing, following the methodology outlined in Section 4.5. To ef�ciently simulate
the predictive coding models in this experiment, we employed error optimisation (Goemaere et al.,
2025). This approach prevents energy decay in predictive coding models and enables the training of
larger architectures. Refer to SM I for more implementation details.

Figure 8 con�rms that bPC successfully combines discriminative and generative processing in deep
networks. bPC achieves a classi�cation accuracy comparable to discPC and discBP when full im-
ages are presented and signi�cantly outperforms discPC and discBP on images with missing input
information. For example, when 50% of pixels are missing, bPC classi�es more than 60% more
accurately than discPC and discBP on CIFAR-10 (Figure 8A). This improvement stems from bPC's
generative processing, which �lls in missing information. Figure 8D illustrates this effect: after
inference, the activity of the input layerx1 reveals that neurons lacking inputs have been updated
to predict the missing values. Once the missing information is inferred, bPC classi�es images ac-
curately. Overall, even in larger models, bPC effectively balances discriminative and generative
performance by jointly minimising bottom-up and top-down prediction errors.

Figure 8:bPC's discriminative and generative properties scale to deep networks.A & B & C:
Classi�cation accuracy against the percentage of missing pixels for bPC, discPC and discBP on the
architecture-dataset combinations: VGG-5 on CIFAR-10, VGG-9 on CIFAR-100, and VGG-16 on
Tiny-ImageNet. D: Activity of input neuronsx1 after inference for bPC trained on Tiny-ImageNet.
Error bars show s.e.m. across 5 seeds.

5 CONCLUSION

Inspired by empirical and theoretical insights into visual processing, we propose bidirectional pre-
dictive coding, a biologically plausible computational model of visual inference that integrates gen-
erative and discriminative processing. We demonstrate that bPC performs effectively across both
supervised classi�cation and unsupervised representation learning tasks, consistently outperform-
ing or matching traditional predictive coding models. Our experiments reveal that the performance
of bPC emerges from its ability to develop an energy landscape optimized simultaneously for both
discriminative and generative tasks, thereby improving its robustness to out-of-distribution data.
Furthermore, we show bPC's effectiveness in biologically relevant scenarios such as multimodal
integration and inference with partially missing inputs. Overall, bPC offers a hypothesis for how
�exible inference could emerge in the brain, while also providing a method to enhance the robust-
ness of discriminative models in machine learning applications.
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