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Inferring Spatiotemporal Structure through Self-Supervised Learning: From Predictive
Coding to Neuro Foundation Models

Linxing Jiang

Chair of the Supervisory Committee:
Rajesh P. N. Rao
Paul G. Allen School of Computer Science & Engineering

A hallmark of intelligence is the ability to infer spatiotemporal structure from streams of ex-
ternal input. In this thesis, I investigate prediction-based self-supervised learning as a prin-
ciple for learning such structure in both biological and artificial systems. I first study sparse
coding variational autoencoders as a bridge between classical predictive coding models and
modern self-supervised generative models, showing that weight normalization constraints
substantially improve decoder filter quality while preserving sparse, V1-like representations.
I then introduce dynamic predictive coding (DPC), a hierarchical model of spatiotemporal
prediction and sequence learning in the neocortex. The model assumes that higher cortical
levels modulate the temporal dynamics of lower levels, correcting their predictions of dynam-
ics using prediction errors. When trained by minimizing spatiotemporal prediction errors,
DPC accounts for a wide range of neuronal and cognitive phenomena, from V1-like space-
time receptive fields and cortical-like temporal response hierarchies to postdictive motion
perception, cue-triggered sequence recall, and higher-order temporal abstractions. Finally,
inspired by the recent success of self-supervised pretraining in large language models, I
investigate whether similar approaches can learn generalizable structure from large-scale
neural recordings. Using neural data transformers trained on multi-session mouse electro-
physiology datasets, I show that pretraining improves neural activity prediction but scales

modestly, with brain-region mismatch and session-to-session variability strongly limiting



transfer. Together, these results suggest that prediction-based self-supervised learning can
be a powerful principle for discovering spatiotemporal structure in data. At the same time,
scaling this principle to large-scale neural recordings will require methods that account for
the heterogeneity of neural dynamics across brain regions, recording sessions, and individ-

uals.
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Chapter 1

INTRODUCTION

As humans, perceiving the world through our senses may seem to be one of the most
passive activities we could engage in. After all, perceiving the color of the sky on a typical
Seattle winter morning, or the sound of one’s roommate playing video games while we
are trying to sleep, is usually not optional. However, beneath the seemingly simple act of
opening our eyes to see the world, the brain is believed to perform complicated computations

often described as perception as inference.

A normative theory for understanding perception is that the brain uses an internal model
of the external world to infer the hidden causes of its sensory inputs and maintain beliefs
about those causes. In the early work of Gregory et al. (1980), perception was defined
as hypothesis testing, emphasizing the process of inferring explanations for sensory inputs.
This view of perception as inference, rather than as a purely bottom-up feature-extraction
process, is well illustrated by binocular rivalry. When conflicting monocular images are
presented separately to the two eyes (Fig 1.1A), subjects do not perceive a stable mixture or
superposition of the two stimuli. Instead, perception alternates between the two competing
interpretations every few seconds (Tong et al., 2006). Such rivalry is difficult to explain
if perception is only a passive readout of sensory input. It is more naturally understood
as the brain entertaining and revising competing hypotheses about the hidden causes of

ambiguous sensory evidence.

Internal models also help disambiguate sensory inputs that admit multiple interpreta-
tions. The footprint illusion in Fig 1.1B provides a simple example: the same image can be
perceived as either convex or concave depending on its orientation. This perceptual differ-
ence arises because the visual system appears to use a “light-from-above” prior assumption
(Sun and Perona, 1998). Such assumptions are necessary because visual perception is an

ill-posed problem: many configurations of the three-dimensional world can produce the



Figure 1.1: Bayesian perception. (A) Example stimuli (dichoptic orthogonal gratings)
presented to the left and right eye simultaneously that induce binocular rivalry. Subjects
perceive exclusively one of the two grating orientations, with perception switching between
the two orientations every few seconds. Adapted from Tong et al. (2006). (B) An illustration
of the effects of the light-from-above prior assumption that the brain appears to use in 3D
visual perception of a 2D image. The image of the two footprints on the right is a 180
degree rotation of the image on the left, but the perception of the shape of the footprints is
markedly different. Adapted from Ernst and Di Luca (2011).



same two-dimensional retinal image. The observer is typically unaware of these prior as-
sumptions; they are incorporated by neural circuits subconsciously to compute beliefs over
hidden causes, implementing perception as a form of unconscious inference.

What are the learning mechanisms underlying the brain’s internal model? One critical
aspect to consider is the spatiotemporal regularity of the world. If the world consisted only
of random noise, there would be no statistically meaningful or useful structure to learn, and
the brain would have no reason to build an internal model. Instead, the world is highly
structured, and the learning rules of internal models must discover which regularities in
external stimuli are behaviorally relevant. In the “light-from-above” example, the mean-
ingful structure refers to the direction of illumination rather than to other factors (e.g., the
material properties of the object). When we enter a new environment, such as a house
we have never been to before, we know not to look for a cooking knife in the bathroom,
since we have learned the spatiotemporal structure of a typical house environment and the
relationship between its compartments.

In this thesis, I investigate prediction-based self-supervised learning as a principle by
which internal models can discover spatiotemporal regularities in both biological and ar-
tificial systems. On the biological side, predictive coding (Rao and Ballard, 1999) is a
prominent theory of how cortical areas build an internal model of the world through feed-
forward and feedback connections. Extending this framework, I propose dynamic predictive
coding (DPC), a hierarchical model of spatiotemporal prediction and sequence learning in
the neocortex. DPC assumes that higher cortical levels modulate the temporal dynamics of
lower levels, correcting their predictions of dynamics using prediction errors. When trained
by minimizing spatiotemporal prediction errors, DPC accounts for a wide range of neuronal
and cognitive phenomena, from V1-like space-time receptive fields and cortical-like tempo-
ral response hierarchies to postdictive motion perception, cue-triggered sequence recall, and
higher-order temporal abstractions.

Large language models (LLMs) have recently revolutionized the field of artificial in-
telligence, demonstrating that self-supervised pretraining on large-scale data can lead to
powerful generalization and transfer. Interestingly, the way such systems are trained closely

resembles the principle of predictive coding: the models are trained to predict the next



token in a sequence and learn by minimizing prediction errors. Through this simple ob-
jective, LLMs learn to discover rich spatiotemporal structure in language and generalize to
artificially constructed structures in a zero-shot manner. The latter part of this thesis in-
vestigates whether this large-scale pretraining approach can be applied to neural recordings
to learn generalizable structure in neural activity. Using neural data transformers trained
on multi-session mouse electrophysiology datasets, I examine whether self-supervised pre-
training improves neural activity prediction as the amount and diversity of data increase.
The results show that pretraining can improve downstream prediction, but the improvement
scales modestly and is strongly limited by heterogeneity across brain regions and recording
sessions.

The remainder of the thesis is organized as follows:

e Chapter 2 reviews predictive coding theories of cortical function. It introduces the
Rao-Ballard predictive coding model and related formulations, connects predictive
coding to the free energy principle and active inference, and summarizes experimental

evidence for prediction and prediction-error signals in the sensory cortex.

e Chapter 3 studies the sparse coding variational autoencoder (SVAE), a model that
combines classical sparse coding with variational inference in deep neural networks. I
show that weight normalization improves decoder filter optimization while preserving

sparse, V1-like representations.

e Chapter 4 introduces dynamic predictive coding (DPC), a hierarchical model of spa-
tiotemporal prediction and sequence learning. I show that DPC can learn space-
time receptive fields, temporal response hierarchies, postdictive motion effects, cue-
triggered sequence recall, and higher-order temporal abstractions through prediction

error minimization.

e Chapter 5 investigates the scaling properties of neural data transformers trained on

large-scale mouse electrophysiology datasets. I show that data heterogeneity, including



brain-region mismatch and session-to-session variability, limits the scaling benefits of

self-supervised pretraining on neural data.

e Chapter 6 concludes this thesis and discusses open questions.
1.1 Prior Publications

Portions of this thesis are based on the following prior publications:

e Linxing Preston Jiang and Rajesh P. N. Rao. Predictive Coding Theories of Cortical
Function. Ozxford Research Encyclopedia of Neuroscience, November 2022. doi: 10.1
093 /acrefore/9780190264086.013.328. URL https://oxfordre.com/neuroscience/
view/10.1093/acrefore/9780190264086.001.0001/acrefore-9780190264086-¢

-328.

e Linxing Preston Jiang and Luciano de la Iglesia. Improved Training of Sparse Coding
Variational Autoencoder via Weight Normalization. arXiv, 2021. doi: 10.48550/arX
iv.2101.09453. URL https://arxiv.org/abs/2101.09453.

e Linxing Preston Jiang and Rajesh P. N. Rao. Dynamic Predictive Coding Explains
Both Prediction and Postdiction in Visual Motion Perception. Proceedings of the
Annual Meeting of the Cognitive Science Society, 45(45), 2023. URL https://esch

olarship.org/uc/item/6r74j9k1.

e Linxing Preston Jiang and Rajesh P. N. Rao. Dynamic predictive coding: A model of
hierarchical sequence learning and prediction in the neocortex. PLOS Computational
Biology, 20(2):€1011801, 2024. doi: 10.1371/journal.pcbi.1011801. URL https://jo

urnals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1011801.

e Linxing Preston Jiang, Shirui Chen, Emmanuel Tanumihardja, Xiaochuang Han, Wei-
jia Shi, Eric Shea-Brown, and Rajesh P. N. Rao. Data Heterogeneity Limits the Scaling
Effect of Pretraining in Neural Data Transformers. In COLM 2025 Workshop on LLM



for Scientific Discovery, July 2025a. URL https://openreview.net/forum?id=Wwi
ECjcxNw4.



Chapter 2

PREDICTIVE CODING THEORIES OF CORTICAL FUNCTION

2.1 Introduction

How can neural circuits in the cortex learn internal models of the world, and how can such
circuits combine prior beliefs with sensory evidence for Bayesian inference? Predictive cod-
ing offers a possible neural implementation. The predictive coding model of Rao and Ballard
(1999) assumes that the areas comprising the cortical hierarchy (Hubel and Wiesel, 1959;
Felleman and Van Essen, 1991) implement a hierarchical generative model of the sensory
world. The neural activities at each level of the hierarchy represent the brain’s internal
belief of the hidden causes of the stimuli at a particular abstraction level (e.g., edges, object
parts, objects). Furthermore, the model assumes that the top-down feedback connections
from higher to lower order cortical areas convey predictions of lower-level activities. The
bottom-up feedforward connections in turn convey prediction errors, calculated as the dif-
ference between the top-down predictions and actual activities. The neural activities at
each level representing the beliefs about the hidden causes are jointly influenced by both
the top-down predictions and the bottom-up error signals. Overall, the model assumes the
goal of the cortex is to minimize prediction errors across all levels. Importantly, the above
neural operations can be interpreted within a Bayesian framework: the top-down predic-
tions convey prior beliefs based on learned expectations while the bottom-up prediction
errors carry evidence from the current input. Predictive coding combines these two sources
of information, weighted according to their reliability (inverse variances or “precisions”), to
compute the posterior beliefs over hidden causes at each level. The objective of minimizing
prediction errors across all levels can thus be shown to be equivalent to finding the mazimum

a posteriori (MAP) estimates of the hidden causes.

The phrase “predictive coding” was originally used to capture a form of efficient cod-

ing. The center-surround receptive fields and biphasic temporal antagonism in responses of



cells in the retina and lateral geniculate nucleus (LGN) can be interpreted as performing
decorrelation through a simple form of predictive coding: rather than conveying the local
intensity directly, retinal and LGN cells can be interpreted as sending the differences (errors)
between the local intensity and a prediction of that intensity computed as a linear weighted
sum of nearby values in space and preceding input values in time (Srinivasan et al., 1982;
Dong and Atick, 1995a; Huang and Rao, 2011). In auditory information processing, Smith
and Lewicki (2006) used the same efficient coding principle to derive a model which yields
kernels (filter weights) that closely match auditory filters.

More broadly, predictive coding can be viewed as Bayesian inference in the context of
Rao and Ballard’s hierarchical predictive coding model (Rao and Ballard, 1997, 1999). This
model was originally proposed to explain extra-classical receptive field effects and contex-
tual modulation. More recent models inspired by predictive coding have demonstrated that
a network trained to predict future inputs can explain a number of other cortical proper-
ties (Singer et al., 2018; Lotter et al., 2020). Beyond the cortex, the idea of computing
errors between top-down predictions and lower-level inputs is consistent with theories of
the cerebellum (Bell et al., 1997; Wolpert et al., 1998) and models of dopamine responses
as reward prediction errors (Schultz et al., 1997). These examples suggest that the general
principle of predictive coding could be a widely applicable and flexible algorithmic strategy
implemented by the brain across different regions to support perception, motor control, and
reward-based learning.

FEmpirical evidence for prediction and prediction error signals in the cortex has been
growing at a fast pace. Neural responses corresponding to prediction errors induced by
visual mismatches during self-generated locomotion have been discovered in layer 2/3 of the
primary visual cortex (V1) in rodents (Keller et al., 2012; Fiser et al., 2016). Predictive
signals have been found in V1 when an animal is adapted to visual-locomotion coupling in
a virtual environment (Fiser et al., 2016). The cortex also learns to predict novel auditory
stimuli coupled to an animal’s locomotion and once learned, suppresses the responses to the
learned stimuli in primary auditory cortex (Schneider et al., 2018), consistent with prediction
error minimization. More recent studies (Jordan and Keller, 2020) have found some support

for the distinct computational roles of the laminar structure of cortical columns proposed



by predictive coding theories. Recent research has also found that unexpected stimuli which
induce large prediction error signals can drive synaptic learning in neural circuits (Gillon
et al., 2021), as expected in a predictive coding circuit that uses prediction errors to learn

a generative model of the world.

2.2 Predictive Coding Models: An Overview

The predictive coding model of Rao & Ballard begins with the assumption that sensory
inputs are being generated by hidden states or “causes” in the external world via an unknown
generative model. The goal of the brain then is to learn this generative model over many
inputs. Perception, for any given sensory input I, involves inverting this generative model,
that is, estimating the hidden states or causes of input I given a learned generative model.
Neural activities in the predictive coding model are assumed to represent estimates of the
hidden state (also known as the latent variable) vector as estimated by the predictive coding
neural network, given the observed sensory input vector I. The prior distribution of hidden
states is assumed to be p(r), which imposes a constraint on neural activities such as sparse
activation. The observation model p(I|r) is the likelihood that input I is generated given the
cause or hidden state r. The predictive coding model assumes that p(I|r) is parameterized
by a matrix U, which is assumed to be learned and encoded in the “top-down” synaptic
weights of the network. Inference and learning correspond respectively to estimating r
(equivalent to perception) and learning an estimate U (corresponding to synaptic learning),
both with the goal of maximizing the joint probability p(I,r). Since p(I) is constant, this
is equivalent to maximizing the posterior probability p(r|I), also known as mazimum a
posteriori (MAP) inference.

In the predictive coding model, the likelihood p(I|r) is governed by the following equa-

tion, which relates the hidden state r to the input I via a function f and a matrix U:
I=f(Ur)+n. (2.1)

Here, n is assumed to be zero mean Gaussian noise with covariance oI (I is the identity
matrix). This equation states that the input is assumed to be generated as a linear combi-

nation of the columns of matrix U weighted by the elements of r, followed by a function f
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and additive noise. The function f is a linear or nonlinear function (e.g., identity function,
rectification function, or a sigmoidal function). The columns of U can be regarded as the
“basis” vectors (e.g., edges or “parts” of an image or scene) that can be used to compose
an input according to the values in the hidden “causes” vector r. Given Eq 2.1 and the fact
that n is zero mean Gaussian, the negative logarithm of the likelihood p(I|r) can be shown

to be proportional to:
Hy = T f(UD]3 = (T~ f(Ur)T (- f(Ur)), (22)

where ||x||2 = y/>_; #7 denotes the Euclidean or Ly norm of vector x. Hj is the sum of
squared errors between the image I and its reconstruction (or “prediction”) f(Ur) across
all pixels, weighted by the inverse noise variance (or precision) % The predictive coding
model also allows prior probability distributions p(r) and p(U) for the parameters r and U,

respectively. Taking these priors into account, we obtain the overall optimization function:
H=H,+ H> (2.3)

with
Hy = g(r) + h(U), (2.4)

where g(r) and h(U) are proportional to the negative logarithms of p(r) and p(U), respec-
tively. If one assumes that both prior distributions are zero mean Gaussians with inverse

variances « and )\, respectively, one obtains:
Hy=g(r)+h(U)=a) ri+ A1) U (2.5)
J 2

Minimizing the overall optimization function H is thus equivalent to MAP estimation.
Predictive coding minimizes this objective function using both inference (of r) and learning
(of U). Inference of r is implemented by a recurrent neural network that performs gradient
descent on H with respect to r for each input. Remarkably, rather than being chosen a priori,
the architecture of the predictive coding neural network is predicted from first principles by
the gradient descent equations for optimizing H with respect to r (see “Network Dynamics

and Synaptic Learning” section for details). The matrix U is represented by the synaptic
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weights of the same network and learned through gradient descent on H with respect to U

across many inputs.

2.2.1 Sparse Coding as a Special Case of Predictive Coding

The sparse coding model of Olshausen and Field (1996) for learning simple cell-like receptive
fields can be regarded as a special case of the predictive coding model described above. In
their model, the choice of the likelihood p(I|r) remains the same as above, but the prior
p(r) for the hidden state (causes) r is assumed to be a heavy-tailed distribution such as
a Laplace distribution. Such a prior encourages sparsity in r (majority of the elements
of r are zero or close to zero). Their model does not explicitly assume any specific prior
for the synaptic weights U. The inference and learning processes are almost identical
to those for a single-level predictive coding model (see “Network Dynamics and Synaptic
Learning” section). When applied to natural image patches, their model produces localized,
orientation-selective receptive fields (columns of U) similar to those of V1 simple cells,
compared to using a Gaussian prior, which produces more global receptive fields. Such a
sparseness prior promotes statistical independence in the output and encourages efficiency
by selecting only a small subset of features to encode information (Olshausen and Field,
1996, 1997; Barlow, 1961). The underlying assumption here is that objects in the natural
world are composed of a wide variety of features (or parts) but any given object is composed
of only a small subset of them. This is consistent with the view that the brain evolved to
adopt ecologically useful priors for learning its neural representations in its quest to learn

an internal model of the world appropriate for the organism’s ecological niche.

2.2.2 Hierarchical Predictive Coding

The above-described generative model can be extended to multiple hierarchical levels by

assuming that the hidden state can be generated by a higher-level representation r”, corre-

sponding to more abstract image properties than the lower-level representation:
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Figure 2.1: Caption continued at next page

where r'? = f(U”rh) is the top-down prediction of r and n'? is zero mean Gaussian noise
with variance O'tzd. The lower-level neurons have smaller receptive fields and represent a local
image region by estimating the hidden state r. The higher-level neurons estimate their state
r based on several lower-level hidden states r associated with local image patches. This
arrangement results in a progressive convergence of inputs from lower to higher levels and
an increase in receptive field size as one ascends the hierarchical network, until the receptive
fields of the highest-level neurons span the entire input image.
The overall optimization function for the hierarchical predictive coding model is:

H = (1= f(Ur) (1= f(Ur) + —(r — v (r = x9) + g(r) + g(x") + h(U) + h(UM),

(o2 Utd

(2.7)
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Figure 2.1: (Previous page.) Hierarchical Predictive Coding Model. (A) The general
architecture of the hierarchical predictive coding model. Each predictive estimator (PE)
module maintains an internal representation, generates top-down prediction (lower arrows,
feedback), and receives bottom-up prediction errors (upper arrows, feedforward). (B) Com-
ponents of a PE module. Feedforward connections carry bottom-up prediction errors from
the lower level. Feedback connections deliver top-down predictions to the lower level. The
internal representation neurons correct their current estimate r using both the bottom-up
prediction error and the top-down prediction error. A separate class of error-detecting neu-
rons compute the discrepancy between the current estimate and its top-down prediction,
and send the error to the higher level. (C) An example two-level hierarchical network.
Three image patches at Level 0 are processed separately by three Level 1 PE modules.
These three Level 1 modules converge to provide input (prediction errors) to a single Level
2 module, which attempts to predict the states r in all three of these Level 1 PE modules.
This convergence effectively increases the receptive field size of neurons as one ascends the

hierarchy. (figure from Jiang and Rao, 2022)

where g(r") and h(U") are terms proportional to the negative logarithm of the priors for
r” and U” respectively. Minimizing H is again equivalent to maximizing the posterior
p(r,rh,U,Uh|I). Perceptual inference involves minimizing H with respect to r and r”
jointly, and learning involves minimizing H with respect to U and U”. Note that the first
level state r is now conditioned on the second level state r* and synaptic weights U”, but

an additional prior constraint such as sparseness may be placed on r as well (the g(r) term).

2.2.8 Network Dynamics and Synaptic Learning
Given the hierarchical generative model above, a MAP estimate of r can be obtained using

gradient descent on H with respect to r:

dr __kl oOH - kl T&fT _ kl td _ kl /
W a2V e IO (1) - S ey
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where ki is a positive constant governing the rate of descent toward a minimum for H,
x = Ur, and ¢ is the derivative of g with respect to r. A discrete time implementation
of the above-mentioned dynamics leads to the following update equation for r at each time
step (represented by neural activities or firing rates):

of "

Oxt—1

. k . k .
(L= f (Uirn) + oy (vl = F) = 2hg Ger) . (29)
O 2

Iy =11+ %UT
This equation, derived from first principles, specifies recurrent network dynamics for
hierarchical predictive coding in terms of how the firing rate (or neural response) vector at
a given level should be updated over time. At each time step, the neural activity vector r is
multiplied by the feedback matrix U and a new prediction is generated for the lower level
(Fig 2.1A and Fig 2.1B). This prediction is then subtracted from the lower-level represen-
tation I to generate the bottom-up error (I — f(Ur)), which is filtered by the feedforward
weights U and the gradient of the function f. Note that the bottom-up synaptic weights
are the transpose of the top-down synaptic weights in this model, although this assump-
tion can be relaxed using an approach similar to the one used in variational autoencoders
(VAEs) (see “Predictive Coding and the Free Energy Principle” section). The neural re-
sponse vector r is updated based on a weighted combination of the bottom-up prediction
error (I— f(Ur)) and the top-down prediction error r' —r (Fig 2.1B). Each error is weighted
by the inverse of the corresponding noise variance: The larger the noise variance, the smaller
the weight given to that error term, consistent with the concept of Kalman filtering (see
section “Prediction in Time: Spatiotemporal Predictive Coding and Kalman Filtering”).

The learning rule for the feedback synaptic weights U (and feedforward weights UT) is

obtained by using gradient descent on H with respect to U:

dU  ky0H  kyOfT -
T a0 = o e I U — k)T, (2.10)

where ko is a positive parameter determining the learning rate of the network and x = Ur.
Note that this learning rule is a form of Hebbian plasticity: for the feedforward weights U,
the input presynaptic activity is the residual error (I — f(Ur)) (weighted by dC{—XT) and the
output postsynaptic activity is r. More importantly, unlike backpropagation, the learning

rule above is local since the feedforward connection explicitly conveys the prediction error
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at each level. To ensure stability, learning of synaptic weights operates on a slower time
scale than the dynamics of r: The learning rate ko is a much smaller value than the rate
k1 governing the dynamics of the network. For static inputs, this implies that the network
responses r converge to an estimate for the current input before the synaptic weights U are
updated based on this converged estimate. An example two-level hierarchical network is

depicted in Fig 2.1C.

2.2.4 Feedforward Perception as the Initial Inference Step in Predictive Coding

How does the traditional feedforward “bucket brigade” model of perception, where inputs
are processed sequentially in one area and passed on to the next (e.g., LGN —V1 —V2
...), align with the hierarchical predictive coding view of cortical processing? The answer
to this question is easy to obtain from Eq 2.9 by considering what happens in the very first
time step t = 1 when #o = 0 and the two top-down prediction terms f(Utg) and r'¢ are

also both 0. In this case, if ¢’(0) is also 0, Eq 2.9 reduces to:

.
b= My

= I 2.11
O'2 8Xt_1 ( )

Thus, the first feedforward pass through the network multiplies the input I with the feed-
forward weights U (besides the other multiplicative factors). Assuming this happens at all
patches of an image, this equation describes exactly the type of operation implemented by a
standard feedforward layer where the filters are given by the rows of U". In other words, for
a static input, if the top-down predictions are assumed to be zero, a hierarchical predictive
coding network (e.g., Fig 2.1C) initializes its estimates at all levels in the same manner as a
deep neural network via a feedforward pass through all layers, before proceeding to further
minimize prediction errors by generating top-down predictions from these initial estimates

and refining them based on prediction errors.

2.2.5 Predictive Coding and the Free Energy Principle

Predictive coding and the principle of prediction error minimization are closely related
to variational inference and learning, which form the basis for VAEs in machine learning

research (Dayan et al., 1995; Kingma and Welling, 2014) as well as the free energy principle
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in neuroscience as proposed by Friston and colleagues (Friston, 2005, 2010; Friston and
Kiebel, 2009). This relationship is briefly summarized below.

MAP inference, as employed in the predictive coding model above, finds an estimate
that maximizes the posterior distribution p(r|I). Variational inference aims to find the full

posterior distribution instead of a point estimate. Applying Bayes’ rule:

p(Ir)p(r) _ p(Ijr)p(r)
p(T) J dep(X[r)p(r)

The normalizing factor (denominator) contains multidimensional integrals that are usu-

p(r(l) =

(2.12)

ally intractable to compute (e.g., if p(r) is a sparsity-inducing Laplace distribution in sparse
coding). Due to this intractability, variational inference approximates the posterior as
follows: the true posterior probability distribution pg parameterized by parameters 6 is
approximated with a more tractable distribution g, parameterized by parameters ¢. The
“error” between the two distributions is quantified using the Kullback-Leibler (KL) diver-

gence between the posterior probabilities of the latent variable r given the input data I:

KL (0,610 pa(e/D) = [ a,(6[0 1og 22" Has

r(I)
— /q(p(r\I) log % (r|D

(
(r|I
Pe

1 dr—i—/qw(r]I) log pg(I)dr
= /q@(r\l) log G (r

)
Ly
pg(I‘,I)

= F +log pe(T), (2.13)

dr + log pp (I)

where F is called the “variational free energy” and log py(I) is called the data log likelihood
(given model parameters #) or model evidence. Note that variational free energy F should
not be confused with the physical notion of free energy (e.g., in thermodynamics), although
there is a similarity in their definitions.

Rewriting Eq 2.13, we have:
log pg(I) = KL (g, (r[I)][pe(r[T)) — F
= KL (qp(r[)|lps(r|L)) + £, (2.14)

where £ = —F is called the evidence lower bound (or ELBO) in the variational learning

and VAE literature since log pp(I) > £ (the KL divergence is nonnegative). It can be seen
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that an organism or artificial agent can increase model evidence (data log likelihood) by
maximizing the ELBO L or equivalently, minimizing variational free energy F with respect
to the latent state and parameters. Note that since F = KL (g, (r|I)||pg(r|I)) —log pg(I) and
log pg(I) does not depend on r or ¢, maximizing the ELBO (minimizing F) with respect to
r and ¢ is equivalent to minimizing the KL divergence between the approximating tractable

distribution ¢ and the true distribution p.
To make the connection to predictive coding, the definition of variational free energy F
used in Eq 2.13 can be rewritten as follows:

_ Do qp(r|T) r
d ‘/ 2 Dlos e

= r O ng(r’I) r r O 1 r
—/qw( 1) log po(r) d +/q¢< D! gpe(ﬂr)d

= KL(gp(r[D)]|ps(r)) — Eq [log po(I|r)] . (2.15)

Using the relationship in Eq 2.2 for the negative logarithm of pg(I|r) and using « as the
constant of proportionality for Eq 2.2, the free energy for the predictive coding model is

given by:

F = KI{gp (D) Ipo(x)) — B [~y
= KL, rlD)llpo0) + B, | S50 F(Un) ]

= KL divergence between posterior and prior for r

+ a x mean squared prediction error. (2.16)

Thus, within the predictive coding framework, minimizing the variational free energy F,
as advocated by the free energy principle of brain function (Bogacz, 2017; Friston, 2010),
is equivalent to finding an approximating posterior distribution g, that both minimizes
prediction errors while also attempting to be close to the prior for r. This can be regarded
as a full-distribution version of the predictive coding model described above, which uses
MAP inference to find an optimal point estimate that minimizes prediction errors while

also being constrained by the negative logarithm of the prior (Eq 2.3).
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Figure 2.2: Putative laminar implementation of the Rao-Ballard predictive coding
model. A mapping of the hierarchical predictive coding model components (see Fig 2.1)

to cortical layers. (figure from Jiang and Rao, 2022)

2.2.6 Neuroanatomical Implementation of Predictive Coding

Rao and Ballard (1999) postulated two groups of neurons at each hierarchical level with
distinct computational goals (Fig 2.2). One group of neurons maintains an internal rep-
resentation (state estimate) for generating top-down predictions of lower-level activities.
These neurons are hypothesized to be in the deep layers 5/6 of cortical columns and are
predicted by the model to exhibit sustained activity to maintain predictions to lower levels.
A different group of neurons at the same level calculates prediction errors to be conveyed
to the next higher level. These were suggested to be layer 2/3 neurons which send connec-
tions to “higher” order cortical areas and which are expected to exhibit transient activity.
Since prediction errors can be positive or negative, Rao and Ballard (1999) proposed two
subclasses of error-detecting neurons, one subclass representing positive errors and another
representing negative errors, similar to on-center off-surround and off-center on-surround

neurons in the retina and LGN.

In general, as seen above in endstopping and other contextual effects, the model predicts
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that layer 2/3 neurons are suppressed when the stimuli are predictable (i.e., consistent with
natural image statistics) while deeper layer neurons remain active. Stimuli that deviate from
natural image statistics (“novel” stimuli) on the other hand elicit large responses in layer
2/3 neurons. The model also predicts that prediction error signals are used for unsupervised
learning of the synaptic connections in the predictive coding network, driving the synaptic

weights to better reflect the structure of the input stimuli.

2.2.7 A Common Misconception About the Predictive Coding Model

One of the most common misconceptions about the predictive coding model is that the
model predicts suppression of all neural activity when stimuli become predictable. This
has led some authors to state that experimental evidence showing neurons not being sup-
pressed or maintaining persistent firing for predictable inputs contradicts the predictive
coding model. On the contrary, the predictive coding model requires a group of neurons
to maintain the internal representation (state estimate r) at each hierarchical level for gen-
erating predictions for the lower level (see “Hierarchical Predictive Coding” and Fig 2.2).
Thus, in the predictive coding model, the neurons that are suppressed when stimuli become
predictable are error-detecting neurons that are distinct from the neurons maintaining the
network’s internal representation of the external world. Similar to the efficient coding mod-
els of the retina and LGN (Srinivasan et al., 1982; Dong and Atick, 1995a), redundancy
reduction occurs primarily in the feedforward pathways of the Rao-Ballard predictive cod-

ing model, with the feedback pathways remaining active to convey predictions.

2.3 Empirical Evidence for Predictive Coding

Experimental evidence has been mounting for predictive processing in the cortex thanks
to advances in neuronal recording and stimulation techniques such as optical imaging and
optogenetics. Particularly relevant to the hierarchical predictive coding model proposed
by Rao and Ballard (1999) are findings of top-down predictive “internal representation”
neurons and bottom-up error-detecting neurons in a cortical column. These findings appear
to suggest that the cortex may indeed be implementing a hierarchical generative model of

the natural world. We briefly review the experimental evidence below.
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2.3.1 Internal Representation Neurons and Prediction Error Neurons in the Cortex

The hierarchical predictive coding model predicts the existence of at least two functionally
distinct classes of neurons in the cortex: internal state representation neurons r, which
maintain the current estimate of state at a given hierarchical level and are postulated to

td in layers

reside in the deeper layers 5/6 of the cortex, and error-detecting neurons r — r
2/3, which compute the difference between the current state estimate and its top-down
prediction from a higher level. Recent studies have provided evidence for both types of

neurons in the cortex.

Keller et al. (2012) recorded neural activities from layer 2/3 cells in the monocular
visual cortex of behaving mice that were head-fixed and running on a spherical treadmill.
The mice were exposed to 10-30 minutes of visual feedback as they ran on the treadmill.
In normal “feedback” trials, the visual flow stimuli provided to the mouse were full-field
vertical gratings coupled to the mouse’s locomotion on the treadmill. In “mismatch” trials,
visual-locomotion mismatches were delivered randomly as brief visual flow halts (1 second).
As a control, the mice also went through “playback trials” in which visual flow was passively

viewed without locomotion.

The authors found that 13.0% of the visual cortical neurons recorded responded pre-
dominantly to feedback mismatches. Fig 2.3A shows a sample neuron (cell number 677)
that responded mainly to mismatch trials (orange shading). Also, 23.6% of the neurons
responded mainly to feedback trials in which visual flow feedback was predictable (cell
number 452 in Fig 2.3A). The mismatch responses were also significant in the population
average (Fig 2.3B) and the activity onset in mismatch trials was much stronger than that
in the other trials. Furthermore, the mismatch signals encoded the degree of mismatch — a
visual flow halt during faster locomotion resulted in a stronger response than during slow

locomotion (Fig 2.3C, darker lines denote faster speed at the time of visual flow halt).

V1 neurons have also been found to be predictive of spatial locations after adapting
to a new environment. In an experiment by Fiser et al. (2016), mice went through a
virtual tunnel with blocks of two different grating patterns (A or B) separated by distinct

landmarks. The five trial conditions only differed in the fifth block, where the grating
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patterns A and B as well as omission with no visual stimuli had different probabilities of

occurring (see Fig 2.3D). After adaptation, some neurons developed predictive responses

to specific visual stimuli based on spatial information. As shown in Fig 2.3E, an example
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Figure 2.3: (Previous page.) Evidence for predictive neurons and error-detecting
neurons in two visual-locomotion tasks. (A) Sample fluorescence change (AF/F)
traces from two cells (black). Green trace: binary indicator of visual flow. Red trace: binary
indicator of locomotion. Gray shading: visual feedback with locomotion. Orange shading:
feedback mismatch (no visual flow with motion). Green shading: playback (visual flow with
no motion). White: baseline. Cell 677 responded predominantly to feedback mismatch
while cell 452 responded mainly to visual feedback with locomotion. (B) Average population
response to onsets (time=0) of different trials: feedback mismatch (orange), running (black),
playback (green), and passive viewing of playback halts (yellow). (C) Mismatch responses
during various speeds of locomotion. Darker traces represent faster locomotion speed. (D)
Schematic representation of the texture lining both walls of the virtual tunnel that mice ran
through. The last block indicates the percentage of appearance of each texture (including
omission trials) under different conditions. (E) Two example neurons’ response traces when
the mouse ran through the tunnel. Blue shading represents the period when the mouse was
in Block A, red shading represents Block B. Both neurons are spatially selective only to
Block B, not Block A. The neuron depicted by the black trace showed predictive responses
(activation prior to entering Block B), while the neuron depicted by the gray trace was
only responsive after the mouse entered Block B. (F) left: average population response to
omission trials (black dashed) compared to Block A trials (blue), Block B trials (red), and
the 90% Block B5 trials (red dashed). Panel F, right: average responses of the omission-
selective neural population. Adapted from Keller et al. (2012) (Panels A-C) and Fiser et al.
(2016) (Panels D-F). (figure from Jiang and Rao, 2022)

neuron (black trace) showed strong activation before the mouse perceived Block B (but not
Block A). In contrast, another sample neuron (gray trace) showed activation after entering
Block B (but not Block A). The authors also discovered prediction error responses similar
to those reported by Keller et al. (2012). The population average of neural activities during

omission trials was much greater than during A and B trials (Fig 2.3F, left). Moreover, a
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subset of neurons (2.3%) developed omission-selectivity — they showed large responses only
to the omission trials (Fig 2.3F, right).

Other studies have also documented neural responses carrying predictive information.
Xu et al. (2012) found that after rats adapted to a visual moving dot trajectory, a brief flash
at the starting point of the same trajectory triggered the same sequential firing pattern in
the rat’s V1 as evoked by the full-sequence stimulus. Similarly, Gavornik and Bear (2014)
discovered that after an animal is exposed to a sequence of stimuli during training, V1
regenerates the sequential response even when certain elements of the sequence are omitted.

Prediction and prediction error-like signals have also been found in cortical areas in the
human visual cortex (e.g., Murray et al. (2002)) and the hierarchical face processing region
of the monkey inferior temporal cortex (IT) (Tsao et al., 2006; Freiwald and Tsao, 2010).
Schwiedrzik and Freiwald (2017) exposed macaque monkeys to fixed pairs of face images with
different head orientations and identities such that the successor face image can be predicted
from the preceding face image. Neurons in the lower-level face area ML (middle lateral
section of the superior temporal sulcus) displayed large responses when the pair association
was violated (either in identity, or head orientation, or both). Furthermore, prediction
errors resulting from view violation (head orientation) diminished and eventually vanished
during the late phase of responses while those resulting from identity violation remained
significant. This is consistent with the interpretation that the top-down predictive signals
from the view-invariant neurons in higher-level anterior lateral and anterior medial areas
suppress the view mismatch responses (encoded locally in the lower-level ML area), while
identity-related mismatch signals are propagated through feedforward circuits for further
processing. In another study, Issa et al. (2018) used different face-part configuration stimuli
(typical versus atypical) and found that the lower-level areas of the hierarchy (posterior IT
and central I'T) signal deviations of their preferred features from the expected configurations,
whereas the top level (anterior IT) maintained a preference for natural, frontal face-part
configuration. The authors further discovered that the early responses in central IT and
anterior IT are correlated with late responses in posterior I'T: Images that produced large
responses in higher-level areas early are followed by reduced activities in lower-level areas,

consistent with top-down prediction signals subduing lower-level responses.
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In another experiment, Choi et al. (2018) showed that a hierarchical inference model
could explain the effect of feedback signals from the prefrontal cortex to intermediate visual
cortex V4 as top-down predictions of partially occluded shapes.

Schneider et al. (2018) explored the effects of learning on prediction error-like activity
in the primary auditory cortex. Rats were given artificial auditory feedback coupled to
their locomotion: The pitch of the sound was proportional to the rat’s running speed.
They found that a group of neurons in the rat’s primary auditory cortex initially responded
strongly to the artificial auditory feedback (“reafferent sound”) but over the course of several
days, the neuronal circuits learned to suppress this activity. The suppression occurred
whenever the reafferent sound was coupled to the rat’s locomotion and did not occur when
a nonreafferent sound was played or when the reafferent sound was played during resting.
The gradual suppression of responses is consistent with how the predictive coding model
learns an internal model of the environment: as the network learns to predict the artificial
sound coupled to the rat’s locomotion, the predictions get better, resulting in decreasing
prediction errors which manifest as suppression of the auditory neurons’ activities.

The results discussed above provide evidence for predictive neural activity and prediction
error-like responses in the cortex. The Rao and Ballard model additionally postulates that
layer 2/3 neurons compute and convey the prediction errors while neurons in the deeper
layers 5/6 maintain the state estimate. Recent experiments have attempted to test these
predictions. While it is hard to distinguish the state estimating “internal representation”
neurons from those driven by bottom-up sensory stimuli (see review by Keller and Mrsic-
Flogel (2018) for further discussions), there is a growing body of evidence suggesting that
layer 2/3 neurons may indeed play a role in comparing bottom-up information and top-down

predictions.

2.8.2  Layer 2/3 Neurons as Top-Down Bottom-Up Signal Comparators

For biological networks to use prediction errors to correct their estimate, both positive and
negative errors need to be represented. At any input location, a positive prediction error

((I = Ur > 0)) occurs when the input is not predicted (or incorrectly predicted) while a



25

negative prediction error ((I —Ur < 0)) occurs when a predicted input is omitted. Rao and
Ballard (1999) postulated that layer 2/3 in the cortex may employ two different groups of
neurons, one to convey positive errors and another for negative errors, similar to on-center,
off-surround and off-center, on-surround ganglion cells in the retina (Srinivasan et al., 1982).

To test this theory, Jordan and Keller (2020) used an experimental setup similar to the
one used in Keller et al. (2012): mice ran on a treadmill with locomotion-coupled visual flow
feedback. Whole-cell recordings were obtained from both layer 2/3 and layer 5/6 neurons in
V1. Visual feedback could be interrupted with a brief flow halt (1 second) at random times
to generate visual-locomotion mismatch events. Out of 32 neurons recorded in layer 2/3,
17 neurons showed depolarizing activities (Fig 2.4A, left, depolarizing mismatch (dMM)
neurons) and 6 neurons showed hyperpolarizing activities (Fig 2.4A, right, hyperpolarizing
mismatch (hMM) neurons) during mismatch trials. These results suggest that the dMM
and hMM neurons in layer 2/3 may subserve the function of encoding positive and negative
prediction errors.

In addition, 30% of the neurons exhibited significant correlations between the mismatch
responses and the speed of locomotion (visual halts that occurred during faster locomotion
generated “stronger” mismatch signals). The sign of the correlation was also different be-
tween dMM and hMM neurons, with dMM neurons showing a positive correlation (Fig 2.4B,
left) and hMM neurons showing a negative correlation (Fig 2.4B, right). These results are
consistent with Keller and colleagues’ calcium imaging study previously discussed Keller
et al. (2012) (Fig 2.3C), showing that the responses of layer 2/3 neurons could potentially
signal the quantitative level of prediction errors.

Jordan and Keller (2020) also investigated the differences between the responses of layer
2/3 neurons and deeper layer 5/6 neurons during normal visual feedback trials and mismatch
trials. A much lower ratio of neurons in layers 5/6 (5 out of 14) responded predominantly
to mismatch trials. Additionally, larger activity during mismatch trials was rare (1 neuron),
with 7 neurons exhibiting reduced activities. The difference in responses between superficial
and deep layer neurons was significant in mismatch trials (Fig 2.4C, right) but not in normal
visual flow trials (Fig 2.4C, left). To further characterize the influence of visual flow and

locomotion on layer 2/3 neurons versus layer 5/6 neurons, correlations between the activities
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Figure 2.4: Caption continued at next page

of these neurons and locomotion speed or visual flow speed were calculated. As seen in
Fig 2.4D (left plot), the distribution of correlations in layer 2/3 was bimodal: Activities
of most dMM neurons were positively correlated with locomotion speed and negatively
correlated with visual flow speed (and vice versa for hMM neurons). On the other hand,

activities of layer 5/6 neurons were mostly positively correlated with both locomotion speed
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Figure 2.4: (Previous page.) Comparison of layer 2/3 versus layer 5/6 neurons
in the mouse visual cortex. (A) left: Average membrane potential (Vm) response
(top) and firing rate histogram (bottom) during mismatch trials of a layer 2/3 neuron
(dMM), showing depolarizing Vm. Orange shading represents the mismatch trial period.
The mean prestimulus voltage is =58mV. Panel A, right: Average Vm of another layer 2/3
neuron (hMM) showing hyperpolarizing Vm during mismatch trials. (B), left: An example
dMM neuron showing a positive correlation between response and locomotion speed. Panel
B, right: An example hMM neuron showing a negative correlation between response and
locomotion speed. (C) Comparison of average responses between layer 2/3 neurons (light
gray) and layer 5/6 neurons (dark gray) during visual feedback trials (left) and during
mismatch trials (right). (D) Scatter plot of correlation coefficients between the membrane
potential of the neurons and visual flow speed (x-axis) or locomotion speed (y-axis). The
dot color denotes the membrane potential change in response in mismatch trials. The gray
dashed line is the fitted linear regression line to the data. Solid lines represent the average
responses of AMM neurons (red), hMM neurons (turquoise), and unclassified neurons (gray).
Panel D shows layer 2/3 neurons (left) and layer 5/6 neurons (right). Adapted from Jordan
and Keller (2020). (figure from Jiang and Rao, 2022)

and visual flow speed (Fig 2.4D, right). These results suggest that layer 2/3 neurons are
well-suited to computing the error between the locomotion-generated predictions of visual
inputs and the actual visual input, whereas the deeper layer 5/6 neurons may integrate top-
down predictions (here, from motor areas) and bottom-up input to compute an estimate of

the state at the current hierarchical level.

The difference in neural responses to expected versus unexpected visual flows in layer
2/3 versus layer 5 was also confirmed in a recent study by Gillon et al. (2021). The au-
thors used an open-loop experiment (no sensorimotor coupling to locomotion) with stimuli
consisting of moving squares. Expectation violations were created in some trials by making

25% of the visual squares move in the opposite direction compared to the other 75%. The
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authors found that somatic and distal apical dendritic populations in layer 5 did not exhibit
significantly different responses to expected versus unexpected visual flow, whereas both
layer 2/3 somatic and distal apical dendritic populations showed a significant difference
in responses. Additionally, this difference increased over days of exposure. Gillon et al.
also found learning effects when mice were exposed to Gabor sequence stimuli for several
consecutive days. The responses to unexpected stimuli (in this case, novel Gabor stim-
uli replacing an expected stimulus in a sequence) were predictive of how these responses
evolve in subsequent sessions on a cell-by-cell basis. Besides implicating layer 2/3 neurons
in prediction error computation, these results further confirm that the neural responses to
unexpected stimuli (i.e., prediction errors) can drive learning in neural circuits, an impor-
tant computational prediction of the predictive coding model (Rao and Ballard, 1999) (see
Eq 2.10).

The larger distribution of error detecting neurons in superficial layers than deep layers
was also confirmed by Hamm et al. (2021) in awake mice with visual oddball paradigms. The
authors additionally showed that optogenetic suppression of prefrontal inputs to V1 reduced
the contextual selectivity of the error detecting neurons, consistent with the effect of top-
down signals in the predictive coding model. Finally, through laminar local field potential
recordings in monkeys, Bastos et al. (2020) showed that predictability of visual stimuli
affects neural activities in the superficial and deep layers differently—during predictable
trials, there was an enhancement of alpha and beta power in the deep layers of the cortex
whereas during unpredictable trials, an increase in spiking and gamma power was observed

in the superficial layers.
2.4 Discussion

By casting Bayesian inference and learning in terms of minimizing prediction errors based
on an internal model of the world, predictive coding provides a unifying view of perception
and learning. Perception is equated with Bayesian inference of hidden states of the world
and proceeds by forming predictive hypotheses about inputs that are corrected based on
prediction errors. Learning corresponds to using the inferred states to build an internal

model of the world that minimizes prediction errors through synaptic plasticity. Actions
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can further minimize prediction errors with respect to future goals via active inference.

The hierarchical predictive coding model (Rao and Ballard, 1999) assumes that the hier-
archical structure of the cortex forms predictive hypotheses at multiple levels of abstractions
to explain input data. The model postulates that feedback connections between cortical ar-
eas convey predictions of expected neural activity from higher to lower levels, while the
feedforward connections convey the prediction errors back to the higher level to correct the
neural activity at that level.

Several recent experimental studies have discovered neurons in the visual and auditory
cortex that encode predictions or prediction errors in a variety of sensory-motor tasks (Keller
et al., 2012; Fiser et al., 2016; Schneider et al., 2018). Some studies have tested more
detailed neuroanatomical predictions such as the role of cortical layer 2/3 neurons in error
computation (Jordan and Keller, 2020). Others have shown that these error-related neural
activities can drive learning in synaptic connections (Gillon et al., 2021). Although further
tests are required, the experimental results reviewed above support the hypothesis that the
cortex implements a predictive model of the world, uses this model to generate predictions,
and utilizes prediction errors to both correct its moment-to-moment estimates and to learn
a better model of the world.

There remain many aspects of predictive coding that require further exploration and
experimental corroboration. For example, are layer 5/6 neurons computing and maintaining
the hidden state as specified by Eq 2.87 Are the inverse variances in Eq 2.8 (“precisions”
terms in the free energy principle; see Friston (2010)) computed in the cortex? If so, how
are they used to weigh the bottom-up and top-down terms in the predictive coding network
dynamics (Eq 2.8)7?

In the next two chapters, we present two parallel directions from the predictive cod-
ing framework reviewed here. Chapter 3 introduces techniques that improve sparse coding
variational autoencoder training so that their latent spaces preserve sparse, V1-like represen-
tations as generative filters. Chapter 4 offers a new hierarchical spatiotemporal formulation
of predictive coding, providing normative explanations for a variety of neurophysiological
and cognitive phenomena in terms of the brain learning a hierarchical generative model of

the world.



30

Chapter 3

IMPROVED TRAINING OF SPARSE CODING VARIATIONAL
AUTOENCODER VIA WEIGHT NORMALIZATION

In this chapter, we study the sparse coding variational autoencoder (SVAE), a model that
combines sparse coding with variational inference and learning. We show that the original
SVAE training procedure leaves many decoder filters under-optimized, and then introduce
a weight normalization scheme that improves decoder filter quality while preserving sparse,

V1-like representations.

3.1 Introduction

One key challenge in theoretical neuroscience is to understand the computation carried
through the visual pathways. Hubel and Wiesel first showed that neurons in mammalian
primary visual cortex (V1) have spatially localized and orientation-selective receptive fields
(Hubel and Wiesel, 1959) that interestingly resemble edge detectors or “parts” of objects.
This connection between visual neurons’ neurophysiological properties and the statistics of
the environment was successfully explored by Olshausen & Field (1996). In their model,
they proposed that the primary visual cortex is learning a generative model of the visual
world with sparsely activated neural activities. Remarkably, such a model produces edge
detector style Gabor-like spatial filters that are similar to V1 receptive fields. This is known
as the “sparse coding” model of V1.

Sparse coding (or sparse dictionary learning) has been extensively studied in the machine
learning community as an unsupervised generative model of images (Lee et al., 2006; Gregor
and LeCun, 2010; Chen et al., 2018). It has also been shown to be robust to adversarial
attacks (Paiton et al., 2020; Sulam et al., 2020). More recently, Barello et al. (2024) pro-
posed a sparse coding variational autoencoder (SVAE) model that combines a variational
autoencoder (VAE) (Kingma and Welling, 2014) with a sparse coding decoder for learning

sparse structure in data. Compared to the original sparse coding model, SVAE shows bet-
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ter reconstruction performances and allows stochastic latent representations, which is more
neurally plausible than a deterministic maximum a posteriori (MAP) estimate in traditional
sparse coding.

The work presented in this chapter focuses on improving the quality of the learned
decoder in SVAE. We show empirically that the formulation and training of SVAE lead to a
large portion of unoptimized filters in the decoder, commonly known as the “over-pruning”
problem in VAEs (Bowman et al., 2016; Kingma et al., 2016; Yeung et al., 2017). We propose
three heuristics to improve the training of SVAE: First, we weighed the Kullback—Leibler
(KL) divergence term in the loss function by 3, a technique proposed by the S-VAE model
(Higgins et al., 2017). Using a § term less than 1 smooths the effect of the sparsity prior,
causing large gradients on only a few filters. Second, we used a more expressive encoder
architecture with ResNet blocks (He et al., 2016) to replace the linear filters in the original
SVAE for better posterior approximation. Most importantly, we applied the same projected
gradient descent step in the original sparse coding to constrain the decoder filters to have
unit length. This constraint drastically improves the number of filters that are optimized
and have similar quality receptive fields to the sparse coding model. We validate our claims
by comparing the performance of the original SVAE and our training procedure on natural
image patches. SVAE trained with our approach shows similar reconstruction error to the
original training and produces qualitatively better filters that resemble parts of images. We
further show that the unit-length constraint of the filters (which can be viewed as lateral
inhibition in the cortex) is critical for the formation of Gabor-like filters on both natural
images and the MNIST dataset.

We first introduce the formulation of sparse coding and sparse coding variational autoen-
coders (SVAEs) in this section. The sparse coding model minimizes the following energy

function
minF = ||x — Uz||% + Alz]]1
U,z
St||UZ||2§1 Vi:1,2,...,N

where x € RP denotes the input, U € RP*YN represents the receptive fields (RFs) or filters

of the model, and z € RY represents the neural activation (latent variables). The L; penalty
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on z is a relaxation of the Ly penalty that promotes sparsity in z (only a small subset of
the components is nonzero). A is a scalar that controls the degree of the sparsity penalty.
In addition, each filter (column of U) is constrained to have unit Ly norm to prevent a
few filters with large weights from dominating image reconstruction. We will show in later
sections and results that this is a key constraint to promote filter quality and increase the

number of active latent variables.

Inference A common practice is to use proximal gradient descent rather than the vanilla
gradient descent for faster convergence of the latent code. We use the iterative shrinkage
threshold algorithm (ISTA) (Boyd and Vandenberghe, 2004) which takes a shrinkage step

after a gradient update. The gradient update is defined as:

OF
7 9UT(x —
e 2UT(x — Uz)

and the shrinkage update is defined as

z' = Shrinkage, (z)

= sign(z) max(|z| — A, 0)

We consider z as converged if the change of its Ly norm before and after one update is less

than 1%.

Learning After z converges for the current input x, we update U using projected gradient

descent. The update rule is defined as

% = —2(x—Uz)zT
where 7 is the learning rate. After a gradient update, we project each column of U to unit
norm following the constraint.

The inference step of sparse coding can be seen as performing a MAP estimate through
gradient updates. Variational autoencoders (VAEs), on the other hand, perform inference

using a feedforward mapping from the observation to the latent posterior using shared

parameters across observations. Such mapping is then learned through minimizing the
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Kullback—Leibler (KL) divergence between the approximating distribution and the true

posterior

Drer(q(zx)|p(z[x))

Since we cannot tractably compute the true posterior, VAEs choose to optimize the evidence

lower bound (ELBO) £ defined as

Dk r(q(z[x)|p(z]x)) = logps(x) — L

L= IEz~q(~|x) [Ingg(X, Z) — log Q(Z‘X)]

= E,q(|x) log pe(x|z)] — Dk 1 (q(2]%)[|pe(z))

In the original VAE formulation (Kingma and Welling, 2014), the proposal distribution
q(z|x), the latent prior pp(z), and the likelihood term pg(x|z) are all chosen to be Gaussian.
The dimension of the latent code z is typically much smaller than the data dimension, forcing

the model to learn low-dimensional structures that generate the true data distribution.

SVAE In the work of Barello et al. (2024), the authors proposed three modifications
to the original VAE: (1) Make the dimension of the latent variables overcomplete (larger
than the input dimension); (2) Use a sparsity-inducing prior (e.g. pg(z) ~ Laplace(0,1))
instead of the Gaussian prior; (3) Parameterize the decoder with a single linear layer rather
than a deep neural network. In SVAE, the encoder replaces the iterative inference (ISTA),
generating a full posterior ¢(z|x) instead of a single MAP estimation. The decoder behaves
like the sparse coding filters U by taking a sampled z ~ ¢(z|x) and reconstructing the
input X = Uz. The proposal distribution and the likelihood term remain Gaussian, and
the encoder is parameterized with two linear layers followed by a ReLLU nonlinearity, and
two separate linear layers that generate the mean and the log variance of the proposal
distribution, respectively.

However, in practice, we found that this SVAE formulation leads to a large number of
noise filters learned in the decoder. Figure 3.2 shows the decoder filters learned by sparse

coding (left) and SVAE (middle). Only a small subset of filters in SVAE decoder resemble
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the oriented bandpass Gabor filters like the RFs in V1, while most of the filters are not
optimized to represent sparse structure in natural image data. In the next section, we
present a few heuristics to improve the number of active filters learned in SVAE (Fig 3.2,

right).

3.2 Methods

To tackle the issue of under-optimized filters in the decoder of SVAE, we propose the

following heuristics to improve the training of SVAE.

Balancing between reconstruction and KL divergence Following the idea proposed
in S-VAE (Higgins et al., 2017), we weigh the KL divergence term in ELBO to be less than
1 in order to smooth the effect of the sparse prior placing heavy gradients on only a few

filters. The new ELBO term then becomes

L =E,q(|x) logps(x|z)] — BDkr (¢(2]x)[|pe(2))

More expressive encoder To improve the quality of the approximating posterior, we

replace the linear layers in the original SVAE with ResNet blocks (He et al., 2016).

SVAE decoder with unit norm constraint Most importantly, we noticed that in the
end-to-end training of SVAE, the filters of the decoder no longer have the constraint of
having unit Ls norm. We suspect that the over-pruning issue of VAE training (Yeung
et al., 2017) and the sparsity-inducing prior together exacerbate the imbalance of training,
which causes only a few filters to have dominating gradients, leaving most of the filters not
fully optimized. Therefore, we propose to use the same projected gradient descent step in
the original sparse coding model on SVAE to ensure each decoder filter is constrained to
unit Lg norm. We show that this drastically improves the number of optimized filters (see

Results).
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Figure 3.1: Reconstructions of 16x16 natural image patches in the held-out test set using

the different models.

3.3 Results

Here, we present the performance comparison among the traditional sparse coding model,
SVAE, and SVAE with our training heuristics. To further investigate the effect of decoder
weight normalization, we also trained two SVAEs both with the first two proposed heuristics
(B weighting, ResNet block encoders), but one with weight normalization (“SVAE-Norm”)
and the other one without. We experimented with natural image patches and MNIST
handwritten digits. The natural image patches! are spatially whitened with a low pass
filter R(f) = fe~(/f0)"| f3 = 200 cycles/image. We used z; ~ Laplace(0,0.1) Vi = 1... N

as the factorized sparsity-inducing prior for all experiments.

3.8.1 Reconstruction

We first examined the performance of the models on reconstruction. Figure 3.1 shows 10

reconstructed patches, while Table 3.1 shows the pixelwise mean squared error (MSE) of

"ttp://www.rctn.org/bruno/sparsenet/


http://www.rctn.org/bruno/sparsenet/

36

each model’s reconstructions on the entire test set. Our normalized SVAE model (SVAE-
Norm) achieves the lowest MSE, followed by SVAE. The traditional sparse coding model

performs worse than both.

Model MSE | STD (Monte Carlo Samples)
Sparse Coding | 0.0150 N/A
SVAE 0.00875 1.631e-5
SVAE-Norm | 0.00769 2.329e-5

Table 3.1: The mean squared error and standard deviation for reconstructions of natural

images in the held-out test set over 50 trials.

3.8.2 Neural representation and activity

Next, we examined the receptive fields of the neurons in the model’s decoder, shown in
Fig 3.2. In the SVAE formulation, these filters should behave similarly to the traditional
sparse coding filters. SVAE-Norm exhibits the clearest Gabors, followed by the sparse
coding model. SVAE has some Gabor-like structures, but most of its neurons have either
PCA-like receptive fields (Olshausen and Field, 1996) (e.g. Fig 3.2 middle, first row, middle

column) or are unoptimized (gray filters).

SVAE SVAE-Norm

Sparse Coding

Figure 3.2: Receptive fields for 100 neurons in the representation layer of each of the models.
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Figure 3.3: Activity of all the neurons in the representation layer of our networks for 3

different natural image patch inputs shown in each row.

When presented with a natural image patch, only a few neurons have a large activation
(Fig 3.3, each row shows a different input patch). This is consistent with biological and
computational findings in the sparse-coding domain. However, the sparse coding model
has a clearer sparse activation across the 3 images (left column), while the VAEs visually
appear to be noisier (middle and right column). This is expected due to the different
inference procedures (ISTA vs. amortized inference + sampling), although it is interesting
to see that strictly sparse code (true zero activations) is not required to produce “parts of

images” structures in the filters (in SVAEs).

To evaluate the conditional distribution py(x|z) learned by the decoder, we generated
images by sampling from the prior Laplace distribution (Fig 3.4). Although these images
are noisy, they look similar to the natural image patches of Fig 3.1, suggesting the SVAEs

learned a meaningful hidden representation that generates input data.
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Figure 3.4: Images generated by random sampling from the prior distribution of our VAE

models.

3.8.8 Noise filters

We observed that many neurons are under-optimized and learned white-noise-like filters
rather than Gabor-like filters in the SVAE model (Fig 3.5(a), top left). This suggests that
a majority of the filters were not learning meaningful latent structure of the data. We were
able to isolate these neurons in the SVAE model by thresholding based on the standard
deviation of the latent code activation on the test set. We used 0.5 as the threshold for both
SVAE and SVAE-Norm models, and found that 296 filters out of 450 in SVAE are below the
threshold. We visualized the variance distribution of these filters in Fig 3.5(b) top panel.
In Fig 3.5(b), we show that these “noise” filters have extremely small Ly norms, compared
to the filters that show clear Gabor-like structure (Fig 3.5(a), bottom left). However, with
weight normalization applied to SVAE during training, only 76 filters out of 450 are below
the threshold, and these filters are mainly highly sparse filters that encode single pixels of
the images (Fig 3.5(a), top right). The majority of the filters in the SVAE-Norm model
now show Gabor-like structure similar to the traditional sparse coding models and V1 RF's
(Fig 3.5(a), bottom right).

To validate the effect of weight normalization in learning quality filters, we ran the same
two SVAE models on the MNIST dataset, with or without weight normalization. Figure 3.6
shows 100 randomly sampled decoder filters from the two models. The original SVAE
model only shows 7 filters with large norms but noisy structures, while all filters in the

SVAE-Norm model show stroke-like structures that resemble parts of MNIST digits. For
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SVAE-Norm

(a) The receptive fields of neurons in the SVAE-Norm
model (right) and the original SVAE (left) are shown.
The top shows those which did not achieve activity
greater than 0.5 for any image in the test set, and the
bottom shows the rest. This separates the filters into
noise (top) and Gabor (bottom) groups, with up to 100
randomly selected neurons shown. The SVAE has 154
Gabor and 296 noise neurons, while the SVAE-Norm

has 374 Gabor and 76 noise neurons.
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(b) The top plot shows variance of activa-
tion across the test set for the 2 groups of
neurons in both models. The bottom plot
shows the Ly norm for both groups and
models. Note in the SVAE-Norm model the

vectors were normalized to 1.

Figure 3.5: Effect of weight normalization on SVAE decoder. (a) Example of Gabor-like vs.

noisy filters; (b) Noisy filters show smaller variances on test set with extremely small norm

length compared to the Gabor-like filters.

a visualization of all of the filters learned by the two models on the two datasets, see the

supporting information figures below.
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SVAE SVAE-Norm

Figure 3.6: 100 randomly sampled receptive fields trained from MNIST data. Left: SVAE;
Right: SVAE with weight normalization

3.4 Discussion

In this chapter, we show that a weight normalization scheme for training sparse coding
variational autoencoders is critical for decoder optimization. To gain some insights into the
efficacy of the approach, the projected gradient descent on the decoder can be thought of as
a special case of the weight normalization proposed by Salimans et al. (2016). The weight

normalization trick reparameterizes neural network weights w as

9

W= —V
vl

where g defines the length of the unit vector ”‘:’”2. The SVAE decoder can be thought of
as reparameterized weights with g = 1. Weight normalization has been shown to accelerate
model training and encourage disentangled representation learning. We expect having a
unit norm constraint on the SVAE decoder to have similar effects. Future work could focus

on verifying the effect of normalization on hierarchical latent variable models, e.g. extending

hierarchical sparse coding (Zeiler et al., 2010, 2011) in a VAE setting,.
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3.5 Supporting information

Figure 3.7: All SVAE decoder filters learned on natural image patches

Figure 3.8: All SVAE decoder filters with weight normalization learned on natural image

patches
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Figure 3.9: All SVAE decoder filters learned on MNIST

Figure 3.10: All SVAE decoder filters with weight normalization learned on MNIST
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Chapter 4

DYNAMIC PREDICTIVE CODING: A MODEL OF HIERARCHICAL
SEQUENCE LEARNING AND PREDICTION IN THE NEOCORTEX

In this chapter, we present dynamic predictive coding (DPC), a hierarchical generative
model for learning and predicting temporally structured sensory sequences. We show that
DPC learns space-time receptive fields, hierarchical temporal representations, predictive
and postdictive motion effects, cue-triggered sequence recall, and higher-order temporal

abstractions through prediction error minimization.

4.1 Introduction

The ability to predict future stimuli and event outcomes is critical for perceiving and inter-
acting with a highly dynamic world. At the neural circuit level, predictions could compen-
sate for neural transmission delays and engage with the world in real-time. At the cognitive
level, planning a sequence of actions to achieve a desired goal relies on predictions of the sen-
sory consequences of motor commands. These abilities are predicated on two requirements:
(a) the brain must infer the dynamics of sensory stimuli to make spatiotemporal predictions
based on an internal model of the world, and (b) the brain’s temporal representations must
span different timescales to support predictions over both short and long horizons.

Many experimental studies have provided evidence for such computations. Predic-
tive representations of upcoming stimuli have been found in various open and closed-loop
paradigms where animals developed experience-dependent visual and auditory expectations
(Xu et al., 2012; Keller et al., 2012; Gavornik and Bear, 2014; Fiser et al., 2016; Schneider
et al., 2018). Other empirical evidence suggests that cortical representations exhibit a hier-
archy of timescales and an increase in stability from lower-order to higher-order areas across
both sensory and cognitive regions (Murray et al., 2014; Runyan et al., 2017; Siegle et al.,
2021; Brunec and Momennejad, 2022). We asked the question: could such phenomena be

explained by the neocortex learning a spatiotemporal generative model based on a temporal
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hierarchy of representations?

Predictive coding provides a unifying framework for understanding perception and pre-
diction in terms of learning hierarchical generative models of the environment (Rao and
Ballard, 1999; Friston, 2010; Huang and Rao, 2011; Keller and Mrsic-Flogel, 2018; Jiang
and Rao, 2022). Here, we present dynamic predictive coding (DPC), a new predictive
coding model for learning hierarchical temporal representations. The central idea of our
proposal is that our perceptual system learns temporally abstracted representations that
encode entire sequences rather than single points at any given time. Specifically, DPC
assumes that higher-level model neurons modulate the transition dynamics of lower-level
networks, building on the computational concept of hypernetworks (Ha et al., 2017). Hyper-
networks are neural networks that generate the parameters (synaptic weights) for another
neural network. However, generating an entire set of high-dimensional synaptic weights is
not neurally plausible. Instead, DPC models the transition dynamics at a lower level of a
hierarchy using a small set of modulation weights for a group of learned transition matrices.
These weights implement “top-down” gain modulation of the lower-level synapses (Fergu-
son and Cardin, 2020; Shine et al., 2021) and are predicted by the higher level through a
feedback network (a hypernetwork) connecting the higher to the lower level. Compared to
previous normative models of video processing that either do not learn the temporal dy-
namics between images (van Hateren and Ruderman, 1998; Kayser et al., 2001; Olshausen,
2002; Wiskott and Sejnowski, 2002; Berkes and Wiskott, 2005) or presume a fixed temporal
hierarchy (Singer et al., 2018, 2023) (see Discussion), the DPC model offers a neural im-
plementation of spatiotemporal prediction that learns the transition dynamics of the input
and adapts its hierarchical temporal representation to the intrinsic timescales of the data.

We tested the DPC model using a two-level neural network trained on natural and ar-
tificial image sequences to minimize spatiotemporal prediction errors. After training, the
lower-level neurons developed space-time receptive fields similar to those found in simple
cells in the primary visual cortex (V1) (DeAngelis et al., 1995). Neurons in the second
level learned to capture input dynamics on a longer timescale and their responses exhibited
greater stability compared to responses in the first level, similar to the temporal response hi-

erarchies observed in the cortex (Murray et al., 2014; Runyan et al., 2017; Siegle et al., 2021;



45

Brunec and Momennejad, 2022). We further show that the learned sequence representations
in the network can explain both predictive and postdictive effects seen in visual process-
ing (Eagleman and Sejnowski, 2000; Hogendoorn et al., 2008; Shimojo, 2014; Hogendoorn,
2022), reproducing several aspects of the flash-lag illusion (Nijhawan, 1994; Eagleman and
Sejnowski, 2000; Nijhawan, 2008). When linked to an associative memory mimicking the
role of the hippocampus, the network allowed storage of episodic memories and exhibited
cue-triggered activity recall after repeated exposure to a fixed input sequence, an effect
previously reported in rodents (Xu et al., 2012), human V1 (Ekman et al., 2017; Bang
et al., 2018; Lu et al., 2021) and monkey V4 (Eagleman and Dragoi, 2012). Lastly, when
extended to three levels, the top-level neurons learned to encode the transition dynamics
of the second-level states, which in turn encoded the transition dynamics of the first-level
states, thereby yielding a hierarchical temporal representation of input image sequences.
Together, these results support the hypothesis that the neocortex uses dynamic predictive
coding based on a hierarchical spatiotemporal generative model to learn and interpret input
sequences at multiple levels of temporal abstractions. Some of the results presented herein

appeared previously in a conference proceedings (Jiang and Rao, 2023).

4.2 Results

4.2.1  Dynamic predictive coding

The DPC model assumes that spatiotemporal inputs are generated by a hierarchical gener-
ative model (Fig 4.1a) (see also (George and Hawkins, 2009)). We describe here a two-level
hierarchical model (see Discussion for the possibility of extending the model to more levels).
The lower level of the model follows the traditional predictive coding model in generating
images using a set of spatial filters U and a latent state vector r;, which is sparse (Ol-
shausen and Field, 1996), for each time step ¢: I; = Ur; + n where n is zero mean Gaussian
white noise. The temporal dynamics of the state ry is modeled using K learnable transi-
tion matrices {Vk}szl which can be linearly combined using a set of “modulation” weights
given by a K-dimensional vector w. This vector of weights is generated by the higher-level

h

state vector r"” using a function H (Fig 4.1b), implemented as a neural network (a “hy-
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pernetwork” (Ha et al., 2017) — see “Hypernetworks and neural gain modulation” in the

supporting information for this chapter):

w=H(r") (4.1)
K

V= Z kak. (4.2)
k=1

Here, wy, is the kth component of the vector w. The lower-level state vector at time ¢ + 1 is
generated as ry+1 = ReLU(Vr;) + m where m is zero mean Gaussian white noise. Note that
this is one particular parameterization for top-down modulation of the lower-level transition
dynamics, with the hypernetwork formulation allowing other types of parameterizations (see
“Hypernetworks and neural gain modulation” in the supporting information for this chap-
ter). The generative model in Fig 4.1b can be implemented in a hierarchical neural network:
the higher-level state r”, represented by higher-level neurons, generates a top-down modu-
lation w via a top-down feedback neural network H, and this top-down input w influences
the groups of lower-level neurons representing V; through gain modulation (Ferguson and
Cardin, 2020; Shine et al., 2021) (see “Hypernetworks and neural gain modulation” in the
supporting information for this chapter for details). We propose that such a computation
could be implemented by cortical pyramidal neurons receiving top-down modulation via
their apical dendrites (through gain control (Larkum et al., 2004; Shine et al., 2021)) and
the recurrent state r; (and input prediction errors) via their basal dendrites, and integrating
these to predict the next state (Fig 4.1c).

When an input sequence is presented, the model employs a Bayesian filtering approach to
perform online inference on the latent vectors (Rao, 1999) by minimizing a loss function that
includes prediction errors and penalties from prior distributions over the latent variables
(see Methods). Given the model’s estimates ; and #" at time t, the estimate rey1 of roat
time t+1 is computed by gradient descent to minimize the sum of the input prediction error
| T, 1 —U#||3 and the temporal state prediction error ||r;; 1 —ReLU(V1t;)||3 plus a sparseness
penalty. Similarly, the second-level estimate #" is updated using the temporal prediction
error plus a prior-related penalty. The model’s parameters are learned by minimizing the

same prediction errors across all time steps and input sequences, further reducing the errors
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Figure 4.1: Dynamic predictive coding. (a) Generative model for dynamic predictive
coding. (b) Parameterization of the model. The higher-level state modulates the lower-
level transition matrices through a top-down network (“hypernetwork”) H. (c) A possible
neural implementation of the generative model using cortical pyramidal neurons. Pyramidal
neurons receive the top-down embedding vector input via synapses at apical dendrites and
the current recurrent state vector via basal dendrites, and produce as their output the next
state vector. (d) Schematic depiction of an inference step when the dynamics at the lower
level is stable. The higher-level state remains stable due to minimal prediction errors. (e)
Depiction of an inference step when the lower-level dynamics changes. The resulting large
prediction errors drive updates to the higher-level state to account for the new lower-level

dynamics. (figure from Jiang and Rao, 2024)

not accounted for by the inference process above for latent vectors (see Methods).

4.2.2  Hierarchical predictive coding of natural videos

We implemented the DPC model described above using a two-level neural network where

neural responses represent estimates of the latent state vectors and whose synaptic weights
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represent the spatial filters and transition parameters. We used K = 5 transition ma-
trices for the first level (more matrices did not significantly improve performance — see
Improvement on test set loss saturates as the number of transition matrices increases in the
supporting information for this chapter). Perception in the DPC network corresponds to
estimating the latent vectors by updating neural responses (through network dynamics) to
minimize prediction errors via gradient descent (see Methods). Updating network param-
eters to further reduce prediction errors corresponds to learning (slow changes in synaptic
weights through synaptic plasticity).

Fig 4.1d and Fig 4.1e illustrate the inference process for both levels of the network.
The network generates top-down and lateral predictions (green) using the current two-level
state estimates (blue). If the input sequence is predicted well by the top-down-modulated

transition matrix V, the higher-level response r”

remains stable due to small prediction
errors (Fig 4.1d). When a non-smooth transition occurs in the input sequence, the resulting
large prediction errors are sent to the higher level via feedforward connections (red arrows,
Fig 4.1e), driving changes in r”* to predict new dynamics for the lower level.

We trained the network on thousands of natural image sequences extracted from a
video recorded by a person walking on a forest trail (frame size: 16 x 16 pixels, sequence
length: 10 frames (~0.35 seconds)). The frames were spatially and temporally whitened
to simulate retinal and lateral geniculate nucleus (LGN) processing (Olshausen and Field,
1996; Dong and Atick, 1995a). The image sequences reserved for testing did not overlap
in space or time with the training sequences. Fig 4.2a illustrates the inference process on
an example natural image sequence by the network. The first row displays the ground
truth input I; for 10 time steps: each frame was shown sequentially to the model. The
next row shows the model’s predictions Ur; for each time step t, where r; was predicted
by the previous state estimate ;_;: ¥y = ReLU(Vr1;_1). The prediction errors I; — Ury
are shown in the third row. The prediction errors were the largest in the first two steps as
the model inferred the spatial features and the transition dynamics from the initial inputs.
The subsequent predictions were more accurate, resulting in minimized prediction errors.
Finally, the last row shows the corrected estimates Ur; after r; has been updated to t;

through prediction error minimization. Fig 4.2b shows the lower- (top) and higher-level
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(middle) neural responses to the natural video sequence in Fig 4.2a. The bottom panel of

Fig 4.2b shows the top-down dynamics modulation generated by the higher level.
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Figure 4.2: Caption continued at next page
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We examined the learned spatial receptive fields (RFs) of the model neurons at the first
level and qualitatively compared them with the spatial RFs of simple cells in the primary
visual cortex (V1). A subset of the spatial filters (columns of U) learned by the model
from our natural videos dataset are shown in Fig 4.2c. These filters resemble oriented
Gabor-like edge or bar detectors, similar to the localized, orientation-selective spatial RF's
found in V1 simple cells (Hubel and Wiesel, 1959; Olshausen and Field, 1996). To measure
the spatiotemporal receptive fields of the lower-level neurons, we ran a reverse correlation
experiment (Ringach and Shapley, 2004; Talebi and Baker, 2012) with a continuous natu-
ral video clip (= 47 minutes) extracted from the same forest trail natural video used for

training. This video was not shown to the model during either training or testing (see
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Figure 4.2: (Previous page.) Predictive coding of natural videos and learned space-
time receptive fields. (a) Inference on an example input image sequence of 10 frames. Top
to bottom: Input sequence; model’s prediction of the current input from the previous step
(the first step prediction being zero); prediction error (predicted input subtracted from the
actual input); model’s final estimate of the current input after prediction error minimization.
(b) The trained DPC network’s response to the natural image sequence in (a). Each plotted
line represents the responses of a model neuron over 10 time steps. Top: responses of the
20 most active lower-level neurons (some colors are repeated); middle: responses of seven
randomly chosen higher-level neurons; bottom: predicted transition dynamics (each line is
the modulation weight for a basis transition matrix at the lower level). (c) 40 example
spatial receptive fields (RFs) learned from natural videos. Each square tile is a column of
U reshaped to a 16x16 image. (d) Space-Time RFs (STRFSs) of four example lower-level
neurons. First column: the spatial RFs of the example neurons. Next seven columns: the
STRFs of the example neurons revealed by reverse correlation mapping. (e) Left panel:
space-time plots of the example neurons in (d). Right panel: space-time plots of the RFs
of two simple cells in the primary visual cortex of a cat (adapted from DeAngelis et al.

(1995)). (figure from Jiang and Rao, 2024)

Methods). Fig 4.2d shows the spatiotemporal receptive fields for four example lower-level
model neurons, computed by weighting input frames from the seven previous time steps
I,_7,I;_¢,...,I;_1 by the response t; they caused at the current time step ¢ (see Methods).
The resulting average spatiotemporal receptive fields are shown as seven-image sequences
labeled t — 7,t —6,...,t — 1 (lasting ~ 250 milliseconds in total). The first column labeled

“Spatial” shows the spatial RFs of the example neurons.

To compute the space-time receptive fields (STRFs), we took the spatiotemporal X —
Y — T receptive field cubes and collapsed either the X or Y dimension, depending on which
axis had time-invariant responses. Fig 4.2e left panel shows the X/Y — T receptive fields

of these example neurons. For comparison, Fig 4.2e right panel shows the STRFs of simple
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cells in the primary visual cortex (V1) of a cat (adapted from DeAngelis et al. (1995)).

DeAngelis et al. (1995) categorized the receptive fields of simple cells in V1 to be space-
time separable (Fig 4.2e top row) and inseparable (Fig 4.2e bottom row). Space-time
separable receptive fields maintain the spatial form of bright/dark-excitatory regions over
time but switch their polarization: the space-time receptive field can thus be obtained by
multiplying separate spatial and temporal receptive fields. Space-time inseparable receptive
fields on the other hand exhibit bright/dark-excitatory regions that shift gradually over
time, showing an orientation in the space-time domain. Neurons with space-time inseparable
receptive fields are direction-selective, responding to motion in only one direction. As seen in
Fig 4.2e left panel, the neurons in the lower level of our network learned V1-like separable and
inseparable STRF's, based on the principle of spatiotemporal prediction error minimization.
To our knowledge, these results represent one of the first demonstrations of the emergence
of both separable and inseparable STRFs in a recurrent network model by predictive coding
of natural videos presented frame-by-frame. Previous demonstrations (e.g., (van Hateren
and Ruderman, 1998; Olshausen, 2002; Singer et al., 2018)) have typically required chunks
or all the frames of a video to be provided as a single input to a network, which is hard to

justify biologically (see Discussion).

4.2.8  Temporal hierarchy through prediction of dynamics

Next, we show that the two-level DPC network learned a hierarchical temporal representa-
tion of input videos. In our formulation of the model, a higher-level state vector predicts
the dynamics of the lower-level states. This implies that the higher-level network neurons
will have stable activation for input sequences with consistent dynamics (Fig 4.1d). When
a change occurs in input dynamics, we expect the higher-level responses to switch to a dif-
ferent activation profile to minimize prediction errors (Fig 4.1e). We hypothesize that the
different timescales of neural responses observed in the cortex (Murray et al., 2014; Run-
yan et al., 2017; Siegle et al., 2021; Brunec and Momennejad, 2022) could be an emergent

property of the cortex learning a similar hierarchical generative model.

We tested this hypothesis in our DPC network trained on natural videos. As seen in
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the inference example in Fig 4.2b, the lower-level responses change rapidly as the stimulus
moves (top panel). The higher-level responses (middle panel) and the predicted transition
dynamics (right panel) were more stable after the initial adaptation to the motion. Since
the stimulus continued to follow roughly the same dynamics (leftward motion) after the
first two steps, the transition matrix predicted by the higher-level neurons continued to be
accurate for the rest of the steps, leading to small prediction errors and few changes in the
responses. Note that we did not enforce a longer time constant or smoothness constraint
for r” during inference — the longer timescale and more stable responses are entirely a result
of the higher-level neurons learning to predict the lower-level dynamics under the proposed
generative model.

To quantify this learned hierarchical temporal representation, we computed the auto-
correlation of the lower- and higher-level responses to unseen natural videos and fitted an
exponential decay function (see Methods). As Fig 4.3a shows, the autocorrelation of the

" is greater than that of the lower-level response r and has a slower

higher-level responses r
decay rate (exponential time constant for r: 5.49 steps; for r: 2.18 steps). To factor
out the effect of the natural video statistics, we computed the same autocorrelation using
Gaussian white noise sequences. We found that the hierarchy of timescales still exists (r”:
3.11 steps; r: 0.18 steps). Fig 4.3b shows the autocorrelation of nonhuman primate neural
responses from the medial-temporal (MT) area in the visual cortex (assumed to be lower
in the processing stream) and lateral prefrontal cortex (LPFC) (assumed to be higher) for
time periods preceding a motion task (Murray et al., 2014). These neural responses show
a difference in timescales qualitatively similar to the different response timescales in our
hierarchical DPC network. To further understand the model’s ability to learn hierarchical
temporal representations, we trained a DPC network on the Moving MNIST dataset (Sri-
vastava et al., 2015). Each image sequence in this dataset contains ten 18x18 pixel frames
showing a single example of a handwritten digit (chosen from the original MNIST dataset)
moving in a particular direction. The digit’s motion is limited to up, down, left, or right
directions with a fixed speed. Fig 4.3c illustrates the trained network’s inference process

on an example image sequence. Similar to the responses to the natural video sequence,

the lower-level responses displayed fast changes while the higher-level responses spanned a
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longer timescale and showed greater stability (Fig 4.3d). Note that at time t =4 and ¢t = 8,

the input dynamics changed as the digit “bounced” against the boundaries and started to

move in the opposite direction (Fig 4.3c red dashed box). The higher-level neurons’ predic-

tions resulted in large prediction errors at those times (Fig 4.3c third row). The prediction

errors caused notable changes in the higher-level responses r”

(Fig 4.3d red dashed boxes).

For the rest of the steps, r” remained stable and generated accurate predictions of the stable

dynamics.

Lastly, we confirmed that lower-level transition dynamics are indeed encoded in the
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Figure 4.3: (Previous page.) Hierarchical temporal representation with different
timescales. (a) Autocorrelation of the lower- and higher-level responses in the trained
network with natural videos. Shaded area denotes +1 standard deviation. Dotted lines
show fitted exponential decay functions. Left: response recorded during natural video
stimuli; right: white noise stimuli. (b) Autocorrelation of the neural responses recorded
from MT and LPFC of monkeys. Adapted from Murray et al. (2014) (c) Inference for
an example Moving MNIST sequence in a trained network. The red dashed boxes mark
the time steps when the dynamics of the input changed. (d) The network’s responses to
the input Moving MNIST sequence in (c). Note the changes in the higher-level responses
after the input dynamics changed (red dashed boxes); this gradient-based change helps to
minimize prediction errors. (e) Higher-level responses to the Moving MNIST sequences
visualized in the 2D space of the first two principal components. Left: responses colored
according to motion direction; right: responses colored according to digit identities. (f)
Comparison of decoding performance for motion direction versus digit identity using lower-
and higher-level neural responses. Error bars: 41 standard deviation from 10-fold cross

validation. Orange: chance accuracies. (figure from Jiang and Rao, 2024)

higher-level responses. We performed principal component analysis (PCA) on the higher-
level responses r” for the Moving MNIST sequences in the test set. Fig 4.3e visualizes
these responses in the space of their first two principal components (PCs), colored by either
the motion direction (left) or digit identities (right). The responses clearly formed clusters
according to input motion direction but not digit identities. We then trained a support
vector machine with radial basis function (RBF) kernel (Murphy, 2012) to map r and r"
to motion directions and digit identities (Fig 4.3f). Using the higher-level responses, the
classifier yielded 73.9% 10-fold cross-validated classification accuracy on the four motion
directions (chance accuracy: 26.0%, computed as the number of majority labels in the
test set divided by the total number of labels). Using the lower-level responses resulted in

significantly less classification accuracy for motion direction (46.5%, p < 0.001, t-test). In
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contrast, decoding accuracy for digit identity was significantly higher using the lower-level
responses (76.1%) compared to using the higher-level responses (20.9%, p < 0.001, t-test).
These results show that due to the structure of its generative model, the DPC network
learned to disentangle to a significant extent the motion information in an input video
from image content (here, digit identity), yielding a factored representation of input image

sequences.

4.2.4  Predictive and postdictive effects in visual motion processing

The ability of the DPC model to encode entire sequences at the higher level (cf. the “time-
line” model of perception (Hogendoorn, 2022)) leads to new normative and computational
interpretations of visual motion phenomena such as the flash-lag illusion (Nijhawan, 1994;
Eagleman and Sejnowski, 2000; Nijhawan, 2008), explaining both predictive and postdictive
effects (Hogendoorn et al., 2008; Hogendoorn, 2022). The flash-lag illusion refers to the phe-
nomenon that a flashed, intermittent object is perceived to be “lagged” behind the percept
of a continuously moving object even though the physical locations of the two objects are
aligned or the same (Nijhawan, 1994, 2008). Though this illusion is commonly attributed to
the predictive nature of the perceptual system (Nijhawan, 1994), Eagleman and Sejnowski
(2000) proposed a postdictive mechanism based on psychophysical results that the motion
of the moving object after the flash can change the percept of events at the time of the flash.
The potential interplay between prediction and postdiction in shaping perception was also
studied by Hogendoorn et al. (2008; 2022). The authors designed an interference paradigm
with different reaction-speed tasks and showed that when the trajectory of the object un-
expectedly reverses, predictive effects (extrapolation) are observed at short latencies but
postdictive effects (interpolation) are observed at longer latencies (Fig 4.4 and Fig 4.4j).

We propose that prediction error minimization with a hierarchical temporal representation,
as in the DPC model, provides a natural explanation for these predictive and postdictive
effects. In a DPC network, the higher-level state r” predicts entire sequences of lower-level
states following the same dynamics (Fig 4.3). When the dynamics of observations change

(e.g., motion reversal), the higher-level state is updated to minimize prediction errors, re-
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Figure 4.4: Caption continued at next page

sulting in a revised state that represents the motion-reversed sequence spanning both past
and future inputs. This process corresponds to postdiction in visual processing (Shimojo,
2014). For the flash-lag experiment, we predict that the higher-level neurons of a trained
DPC network will form a static sequence percept when presented with a flashed object and
a directional sequence percept for a moving object, causing perceived lags between the two

objects as observed in the flash-lag illusion (Nijhawan, 1994).

We first test these predictions of the DPC model on the experimental conditions used
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Figure 4.4: (Previous page.) Flash-lag illusion and object representations in apparent
motion. (a) The flash-lag test conditions used by Eagleman and Sejnowski (2000). The moving
ring could have an initial trajectory (top) or no trajectory (bottom). At the time of the flash (bright
disk), the ring could move along the initial trajectory, stop, or reverse its trajectory. Adapted from
Eagleman and Sejnowski (2000). (b) Two test conditions (left) regarding initial trajectories of the
moving object (a digit) in the flash-lag experiment with the model, and four test conditions (right)
for the moving object. The flashed object was shown at time ¢ and turned off at time ¢ 4+ 1 (same
as the “Terminate” condition). (¢ & d) Psychophysical estimates for human subjects reported by
Eagleman and Sejnowski (2000) when the moving object had initial trajectories (c) or no initial
trajectory (d). (e) Perceived location of the flashed object in the DPC model at time ¢t + 1. The
error bar indicates +1 standard deviation (measured across presentations of different digits). (f)
Perceived displacement between the moving object (with initial trajectories) and the flashed object
in the DPC model for the four test conditions. (g) Same as (f) but with no initial trajectory for
the moving object. (h) Illustration of the prediction-error-driven dynamics of the perception of the
moving object in the model when the trajectory reversed at time ¢ 4+ 1. Red ellipsis between panels
denotes the prediction error minimization process. (i) Interference pattern during human apparent
motion perception with continuous motion (left) and reversed motion (right) at short latency (fast
detection task). Brighter color denotes more interference. Dashed arrows represent object motion
direction. Adapted from Hogendoorn (2022). (j) Same as (i) but at long latency (slow discrimination
task) (Hogendoorn, 2022). (k) Perceived location of the moving object in the DPC model at time
t+1 probed at short versus long latency during prediction error minimization. Positive values denote
distance along the original trajectory. Negative values denote distance along the reversed trajectory.
Short and long latency correspond to “Early percept” and “Late percept” respectively in part (h).
(1) Perceived location of the digit at all latencies during the prediction error minimization process

in part (h). (figure from Jiang and Rao, 2024)

by Eagleman and Sejnowski (2000). In their experiment, the stimuli consisted of a flashed
disk and a ring moving in a circle. Before the flash, the ring could have an initial trajectory
(Fig 4.4a top) or no initial trajectory (Fig 4.4a bottom). After the flash, the ring could
continue moving on its initial trajectory (“continuous”), stop moving (“stopped”), or move

on the reversed trajectory (“reversed”). A flash appeared in a seven-degree range that ex-
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tended above and below the ring on its trajectory. The participants then indicated whether
a flashed white disk occurred above or below the center of the moving ring. Positive dis-
placements denoted lags along the initial trajectory of the ring, while negative displacements
denoted the reversed direction.

To simulate these testing conditions, we used the Moving MNIST test set and extracted
134 test sequences with consistent leftward or rightward motion. For each of these 134
sequences, we simulated the two test conditions used by Eagleman and Sejnowski (2000)
(with or without initial trajectory): the higher-level state #" was either inferred from the
first three steps (¢t = 0, 1,2) of the input sequence, or initialized to the zero vector (Fig 4.4b
left). For each of these two test conditions, we simulated the four test cases used in Ea-
gleman and Sejnowski (2000) regarding the motion of the moving object at the time of the
flash (Fig 4.4b right). Note that flashed stimuli correspond to the “no initial trajectory,
terminate” condition. We computed the location of a digit as the center of mass of pixel
values in the 2D image; the perceived location at time ¢ was defined similarly based on the
predicted image at time t. As Fig 4.4e shows, the perceived location of a flashed object
at t = 3 strongly overlapped with the physical flashed location at t = 2, showing that
the prediction errors drove the higher-level state estimates to predict no change in object
location for the flashed object. Fig 4.4f shows the perceived displacement between the mov-
ing object (with initial trajectories) and the flashed object, computed as the difference in
perceived locations at ¢t = 3 between the moving object and the flashed object. Positive
displacements followed the original trajectory direction and negative displacements followed
the reversed direction. The perceived displacements in the model were significantly differ-
ent in the three test conditions (Fig 4.4f left panel, p < 0.001, one-way ANOVA test) and
were similar to the psychophysical results reported by Eagleman & Sejnowski (Fig 4.4c).
Fig 4.4g confirms that the initial trajectories of the moving object had no effects on the
model’s flash-lag illusion, consistent with the reported results (Fig 4.4d) (Eagleman and
Sejnowski, 2000). These results validate the explanation provided by the DPC model on
the flash-lag effect: for a hierarchical generative model with representations of sequences, a
flashed or stopped/terminated moving object leads to inference of a static object sequence

(Fig 4.4e), while continuous or reversed motion leads to inference of a moving object se-
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quence, resulting in the perceived lags along the corresponding directions (Fig 4.4f).

One aspect of motion perception the previous results do not illustrate is the interplay be-
tween postdiction and prediction. Hogendoorn et al. investigated this effect in an experiment
on apparent motion perception (Hogendoorn et al., 2008). Participants were instructed to
report the detection of a visual cue (short latency task) or differentiate between two visual
cues (long latency task) during apparent motion. These visual cues could either be along
the apparent motion trajectory or the reversed trajectory. The authors found that upon
reversing the apparent motion trajectory, predictive effects dominated perception at short
latency (detection task, Fig 4.4i), with the most interference (measured in terms of the
participants’ reaction times) along the original motion trajectory. At longer latency (dif-
ferentiation task, Fig 4.4j), most interference was along the reversed trajectories, indicating
that postdictive effects dominated perception.

We hypothesize that the prediction error minimization process of DPC could explain
this interplay between prediction and postdiction, as illustrated by Fig 4.4h which depicts
the gradient-descent-based optimization process of Fig 4.1e (and Eq 4.18). Early percepts of
the model are dominated by the spatiotemporal prediction using the optimal estimates from
the previous step (Fig 4.4h left). When a motion reversal occurs, feedforward prediction
errors gradually correct the second-level state (Fig 4.4h middle) until convergence (Fig 4.4h
right). Therefore, late percepts in the model correspond to error-corrected spatiotemporal
predictions. Note that due to the discrete temporal nature of the DPC model (unit time
steps), this process is considered to happen “at” one particular time step (e.g., early versus
late percept “at” t = 3 in Fig 4.4h).

To test this hypothesis, we used the same trained DPC network and probed its percept
of the moving object at the time of reversal under the “with initial trajectory, reversal”
condition (Fig 4.4b). At short latency (10% of steps into prediction error correction, Fig 4.4h
early percept), the perceived locations for the moving object in most test sequences were
along the original trajectory, as denoted by positive displacements compared to the final step
before reversal (¢t = 2) (Fig 4.4k blue). At longer latency (90%, Fig 4.4h late percept), the
moving object’s perceived locations were flipped and along the reversed trajectory (negative

displacements; Fig 4.4k green, p < 0.001, t-test). This is consistent with psychophysical
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findings (Hogendoorn et al., 2008; Hogendoorn, 2022) that when the motion of the object
unexpectedly reversed, prediction effects were observed at short latency (=~ 350 ms, Fig 4.4i
right panel, bright color denotes locations of interference due to prediction) while postdictive
effects were observed at longer latency (= 620 ms, Fig 4.4j right panel, bright color denotes
locations of interference due to postdiction). Fig 4.41 plots the moving object’s perceived
location in our model throughout the error correction process: the perceived location varies
smoothly from being along the original direction initially to along the reversed direction at
greater latencies. These results make a testable prediction: if probed at an intermediate
level of latency (between 350 ms and 620 ms), the maximal interference should overlap with
the object’s location at the time of reversal (i.e., at the black dots in Fig 4.4i and Fig 4.4j),

as suggested by Fig 4.41.

4.2.5 Clue-triggered recall and episodic memory

A number of experiments in rodents have shown that the primary visual cortex (V1) encodes
predictive representations of upcoming stimuli (Xu et al., 2012; Keller et al., 2012; Gavornik
and Bear, 2014; Fiser et al., 2016; Jordan and Keller, 2020). In one of the first such studies,
Xu et al. (2012) demonstrated that after exposing rats repeatedly to the same moving dot
visual sequence (Fig 4.5a), displaying only the starting dot stimulus triggered sequential
firing in V1 neurons in the same order as when displaying the complete sequence (Fig 4.5a).
Similar effects have been reported in monkey (Eagleman and Dragoi, 2012) and human
(Ekman et al., 2017; Bang et al., 2018; Lu et al., 2021; Ekman et al., 2022) visual cortical
areas as well. The generative model of DPC provides a highly efficient computational basis
for episodic memories and sequence prediction. DPC assumes sequences are generated by
a factorized representation: a single (lower-level) representation of the content (“what”)
provided at the first step and a single (higher-level) representation of dynamics (motion
or “where”). These two representations are inferred during sequence perception as the

explanations (or causes) of a given input sequence.

It is known that factored information from the visual cortex makes its way, via the

medial and lateral entorhinal cortices, to the hippocampus (Manns and Eichenbaum, 2006).
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Figure 4.5: Caption continued at next page

The hippocampus has been implicated both in the formation of episodic memories (Burgess
et al., 2002; Tulving, 2002; Sugar and Moser, 2019) and in mediating activity recall in the
neocortex (Gelbard-Sagiv et al., 2008; Bosch et al., 2014; Hindy et al., 2016; Barron et al.,
2020) through its outputs to the entorhinal cortex, which in turn conveys this information
to downstream areas via feedback connections. Because the DPC model encodes an entire
sequence in terms of a single dynamics vector r”* (along with the content rg at the first step),
it suggests a simple mechanism for storing sequential experiences as episodic memories,
namely, storing the vector r’* (along with rg) in an associative memory, mimicking the role

of the hippocampus.

To test this hypothesis, we augmented the DPC model with an associative memory that
uses a vector m to bind the content vector ro with the dynamics of the sequence r”, thereby
encoding an episodic memory: the new generative model is shown in Fig 4.5b. Given
the initial cue ry (inferred from the first image frame in the sequence), the associative
memory (emulating the hippocampus) recalls the episodic sequence dynamics r" which

modulates the transition dynamics in the DPC network (representing the visual cortex) to
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Figure 4.5: (Previous page.) Cue-triggered activity recall in the DPC model. (a) The
experimental setup of Xu et al. (adapted from Xu et al. (2012)). A bright dot stimulus moved
from START to END repeatedly during conditioning. Activities of neurons whose receptive
fields (colored ellipses) were along the dot’s trajectory were recorded. (b) Generative model
combining an associative memory and DPC. The red part denotes the augmented memory
component that binds the initial content vector rg and the dynamics vector r’* to encode
an episodic memory. (c) Depiction of the memory encoding process. The presynaptic
memory activity and postsynaptic prediction error jointly shape the memory weights G.
(d) Depiction of the recall process. Prediction error on the partial observation #y drives the
convergence of the memory estimates 1 and recalls the higher-level dynamics vector T as
a top-down prediction. The red dotted box depicts the prediction error between the missing
observations for r” and the prediction ¥; this error is ignored during recall, implementing
a form of robust predictive coding (Rao, 1998). (e) The image sequence used to simulate
conditioning and testing for our memory-augmented DPC network. (f) Responses of the
lower-level neurons of the network. Colored lines represent the five most active lower-
level neurons at each step. Left to right: neural responses during conditioning, testing the
network with a single start frame, middle frame, and end frame. (g, h) Normalized pairwise
cross correlation of (g) primary visual cortex neurons (adapted from Xu et al. (2012)) and
(h) the lower-level model neurons. Top: during conditioning; middle two: testing with
the starting stimulus, before and after conditioning; bottom: the differences between cross

correlations, “After” minus “Before” conditioning. (figure from Jiang and Rao, 2024)

complete the sequence recall. Specifically, we added to the trained DPC network another
higher level of predictive coding to implement associative memory (Rao and Ballard, 1999;
Salvatori et al., 2021): the memory vector estimate m predicts both the content vector ¥
and motion dynamics vector #* and uses the prediction error to correct itself (Fig 4.5¢).
Upon convergence of m, the associative memory network stores this vector by updating

its weights G using Hebbian plasticity based on presynaptic activity m and postsynaptic
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prediction error (Rao and Ballard, 1999) (Fig 4.5¢, see Methods). During recall, the memory
estimate m is driven by the Ty inferred from the cue and the prediction error (Fig 4.5d,
dashed boxes denote the missing input). The dynamics vector r” is then recalled as the
top-down prediction after m has converged (Fig 4.5d, green dashed box). Note that during
conditioning, no learning occurs in the DPC network — only the weights of the memory
network G are optimized to store the episodic memory m.

We simulated the experiment of Xu et al. (2012) using a moving MNIST sequence from
the test set shown in Fig 4.5e. After conditioning (5 repetitions of the sequence), the network
was tested with the starting frame only, the middle frame only, and the end frame only. The
lower-level responses g of the DPC network were used to recall the dynamics component ¥
from the memory. The recalled dynamics were then used to predict a sequence of lower-level
responses in the DPC network. We found that the lower-level model neurons exhibited cue-
triggered activity recall given only the start frame of the sequence (Fig 4.5f Start). Cueing
the network with the middle frame triggered weak recall, consistent with findings by Xu
et al. (see Fig 3c in Ref Xu et al., 2012). The end frame did not trigger recall (Xu et al.,
2012). We found that the sequence recall is cue-specific — when trained with sequences
that have distinct digits and dynamics, the DPC network successfully recalled the correct
sequence when cued with different starting digits (Cue-triggered recall is cue-specific in the
supporting information for this chapter).

Lastly, following the analysis done by Xu et al. (2012), we plotted the pairwise cross-
correlation of the lower-level model neurons as a function of their spatial RF distances when
tested with the starting frame of the sequence (see Methods). As Fig 4.5h shows, the peaks
of the correlation showed a clear rightward slant after conditioning, consistent with the
experimental results (Fig 4.5g). This indicates a strong sequential firing order in the lower-
level model neurons elicited by the starting cue, where neurons farther apart have longer
lags in response cross-correlations, a phenomenon that was nonexistent before conditioning
(Fig 4.5g). These simulation results support our hypothesis that cue-triggered recall could
be the result of the hippocampus, acting as an associative memory, binding factorized
sequence representations of content and dynamics from the neocortex and recalling the

corresponding dynamics component given the content cue.
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Estimating higher-order transition dynamics with a three-level model
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Figure 4.6: Caption continued at next page
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Figure 4.6: (Previous page.) Three-level DPC model learns progressively more
abstract temporal representations. (a) Generative model for three-level DPC. (b)
Schematic depiction of an inference process. Observation nodes are omitted for clarity. (c)
Inference for an example Moving MNIST sequence with “straight bouncing” dynamics. Red
time steps mark the moments when the first-level prediction error exceeded the threshold,
causing the network to transition to a new second-level state (see Methods). For these
time steps, the predictions (second row) are by the second-level neurons, while the rest
are by the first-level neurons as in Fig 4.3. (d) The network’s responses to the Moving
MNIST sequence in (c). Left to right: first-level responses, second-level responses, third-
level responses, first-level modulation weights, second-level modulation weights. (e) Same
as (d) but with “clockwise bouncing” dynamics. (f) Same as (d) but for the sequence in (e).
(g) Third-level responses to the Moving MNIST sequences visualized in the 2D space of the
first two principal components. Left: responses colored according to bouncing type; right:
responses colored according to motion direction. (h) Comparison of decoding performance
for bouncing type versus motion direction using the modulation weights generated by the
second and third level. Error bars: £1 standard deviation from 10-fold cross validation.

Orange: chance accuracies. (figure from Jiang and Rao, 2024)

Our results thus far involved a two-level DPC model whose second-level states predicted
the first-level state transitions. Since the second-level state is assumed to characterize the
entire sequence (Fig 4.1), it cannot predict higher-order transitions such as digits bouncing
at the boundaries in the Moving MNIST dataset, which requires different second-level state
representations (Fig 4.3). This section shows that adding a third level allows the DPC
model to learn and infer the transition dynamics of second-level states, thus capturing a
temporally more abstract representation of sequences at the third level.

Fig 4.6a shows the generative model for the three-level DPC model. Just as the second-
level states modulate the transition function of the first-level states in the two-level model

(Fig 4.1), the third-level states modulate the transitions of the second-level states. During
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inference (Fig 4.6b), when the first-level prediction error is larger than a threshold (see
Methods), the second-level state transitions to the next state, following the transition func-
tion predicted by the current third-level state. The second-level prediction error is conveyed
to the third level to correct its state estimate, in the same way as the first-level prediction
error corrects the second-level state.

The Moving MNIST dataset we used for Fig 4.3 exhibited only one type of transition
dynamics of the second-level states, namely, transitioning from moving left to moving right,
or moving up to moving down, and vice versa (henceforth referred to as “straight bouncing”
dynamics; Fig 4.6¢). To demonstrate that the third-level states can learn different second-
level dynamics, we added digit sequences with “clockwise bouncing” dynamics to the dataset
(for example, a digit moving to the left and hitting the boundary will move upward instead
of rightward, and so on; Fig 4.6e). This makes the second-level state transition function
ambiguous until the first bouncing event. If the third-level representations learned by DPC
capture the second-level transition dynamics, we expect the first large prediction error at the
second level (occurring at a boundary) to update the third-level state estimate to represent
either straight bouncing dynamics or clockwise bouncing dynamics. Thereafter, the third-
level state estimate should remain stable as long as the bouncing type remains the same.

In the following, we use the superscript (i) to denote the level i. We trained a three-
level neural network on the augmented Moving MNIST dataset (with the two types of
bouncing dynamics discussed above). The network uses two second-level transition matrices
{ng), Vg)} and a top-down network H(? (from the third to the second level), in addition
to all the parameters in the two-level model. The first and second-level transition matrices
were pretrained (see Methods). Fig 4.6¢c and Fig 4.6d show an inference example of the
three-layer network on an input sequence with straight bouncing dynamics. Red time steps
denote the moments when the first-level prediction errors were larger than the set threshold,
causing the second-level neurons to change their activities to transition to the next state
(this can be seen as a neural implementation of terminal states in a hierarchical HMM (Fine
et al., 1998) (see Methods)). As seen in the second row in Fig 4.6c, at the first bouncing
event (t = 4), the second-level prediction was not accurate; the third-level neural responses

were updated to minimize this prediction error (see Fig 4.6d). For the rest of the sequence,
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the predictions are accurate at the bouncing events (¢ = 9, 14,19) and the third-level neural
responses remained stable. The panels in Fig 4.6d show an increase in response stability and
timescale from the first to the third-level neural responses (first three panels), as well as in
the modulation weights that define the first and second-level transition dynamics (last two
panels). Fig 4.6e and Fig 4.6f show a different example with clockwise bouncing dynamics.
Similar to the example above, the third-level responses showed notable changes at times
t = 3 and 4 but remained stable for the rest of the sequence. Comparing the second-level
modulation weights in Fig 4.6d and Fig 4.6f, it is clear that the third-level DPC neurons
estimated different bouncing types and generated opposite modulation strengths for the two

types of sequences.

We performed PCA on the third-level responses r(3) obtained at the end of the Moving
MNIST sequences (t = 19) in the test set. Fig 4.6g visualizes these responses in the space of
their first two principal components (PCs), colored either by bouncing dynamics type (left)
or moving direction (right). The third-level responses form clusters according to the bounc-
ing dynamics type but not motion direction. We then used SVMs to decode the bouncing
dynamics type or motion direction from w(®) and w(®, the weights predicted by r(?) and
r(®) respectively. As shown in Fig 4.6h, using w®, the classifier yielded 92.7% 10-fold
cross-validated classification accuracy on the two bouncing types (chance accuracy: 50.0%).
Using w(M) resulted in significantly less classification accuracy for bouncing type (66.4%,
p < 0.001, t-test). In contrast, decoding accuracy for the four motion directions (chance
accuracy: 25.4%) was significantly higher using w(!) (74.5%) compared to using w?) (38.0%,
p < 0.001, t-test). These results show that the three-level DPC model succeeded in learning
a temporal hierarchy, with the third-level states encoding the longest timescale feature, i.e.
the type of bouncing dynamics, by modulating the transition function of the second-level

states, which in turn encoded intermediate timescale features (motion direction).
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4.3 Methods

4.3.1 Hierarchical generative model

We assume that the observation I; € RM at time ¢ is generated by a lower-level latent
variable r; € RV, The latent variable r; is generated by the previous step latent variable ry_;

and the higher-level latent variable, r* € R™V». Together, the generative model factorizes as

follows:
7-1 T-1
p(To.r—1,v0:7-1, ") = p(r")p(ro) H p(It [ rt) H p(re | reog,x™). (4.3)
=0 t=1

Each component of the factorization is parameterized as follows:

" ~ N(0,1) (4.4)
e | (ri—1, ") ~ N(F(e", vy_1), 020) (4.5)
I | vy ~ N (Ury, 0°1), (4.6)

where A/ denotes the normal distribution and I denotes the identity matrix. The mean

rl = f(r", r;_1) is given by:

w = Hg(r") (4.7)
K

V=> wVi (4.8)
k=1

r} = ReLU(Vry_1). (4.9)

Here, Hy is a function (neural network) parameterized by 6.

To sum up, the trainable parameters of the model include spatial filters U, K transition
matrices V1,..., Vi, and the neural network parameters 6. The latent variables are rg.p_1
and r". See “Summary of the DPC generative model” in the supporting information for

this chapter for a more detailed description of the model architecture.

4.3.2  Prediction error minimization

Here, we derive the loss function used for inference and learning under the assumed gener-

ative model. We focus on finding the mazimum a posteriori (MAP) estimates of the latent
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variables using a Bayesian filtering approach. At time ¢, the posterior of r; conditioned on
the input observations up to time ¢, Ip.;, and the higher-level variable r” can be written as

follows using Bayes’ theorem:
p(re | Tou, v") oc p(Ly | ve)p(re | Tos—1,1"), (4.10)

where the first term on the right-hand side is the likelihood function defined by Eq 4.6. The
second term is the posterior of r; given input up to the previous step and the higher-level

state:

p(re | Top_1,r) = /p(l‘t | e 1, t)p(riy | Tog_1,v™)dry_y, (4.11)

where the first term inside the integral is the lower-level transition dynamics defined by
Eq 4.5. Note that the parameterization of the transition distribution is generated by the
higher-level latent variable as specified by Eqs 4.7 to 4.9.

Putting Eq 4.10 and Eq 4.11 together, we get

p(re | Toe, v™) oc p(Ty | 1) /p(rt | vt ")p(re | Toa—1,v")dre 1, (4.12)
which defines a recursive way to infer the posterior of r; at time ¢. In this model, we only
maintain a single point (MAP) estimate of the posterior at each time step, so we simplify
the posterior distribution p(r;_; | Ip.;—1,r") as a Dirac delta function:

p(ri—1 | Tog—1,1") & 6(ri—y — F1-1), (4.13)

where 141 is the MAP estimate from the previous step. Now we can further simplify Eq 4.12
as

p(rs | T, ") oc p(Ly [ v)p(rs | 811, 2"). (4.14)

This gives the posterior of all the latent variables at time ¢ as
p(rt,rh | To:t) o< p(L; | re)p(ry | f't—hrh)p(rh | Towt)- (4.15)

We can find the MAP estimates of the latent variables by minimizing the negative log of

Eq 4.15. Substituting the generative assumptions (Eqs 4.4 to 4.6), we get:
= f(r" 1) (4.16)

1 1 _
Lo = o5l = Urell5 + 55 llre = Bll3 + Allrella + Anlle" |3, (4.17)
20 207
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where A and ), are the sparsity penalty for r; and the Gaussian prior penalty for r”,
respectively. Note that we approximate p(rh | Ip.;) with the unconditional prior p(rh) SO
that at each step the dynamics are estimated using only the local pairwise transition and

the prior. Using Eq 4.17, we compute the MAP estimate of r; at time ¢ as
r; = arg min Ly. (4.18)
ry

At each time step, we update the current estimate of r” to minimize £; as well:

i = arg min L. (4.19)
r

To begin the recursive estimation (without the temporal prediction from the previous step),
we compute the MAP estimate of the first step latent variable ry using the following reduced

loss

1
Lo=55 1T — Urolf3 + Allrollx (4.20)
ro = arg min L. (4.21)
ro

The parameters of the model can be optimized by minimizing the same prediction errors
summed across time and averaged across different sequences, using the MAP estimates of
the latent variables. See Inference & learning process in the supporting information for this

chapter for detailed pseudocode describing the inference and learning procedure.

4.3.8 Data and preprocessing

For the natural video dataset, we extracted 65520 image sequences from a YouTube video
(link here) recorded by a person walking on a forest trail (image size: 16 x 16 pixels, sequence
length: 10 frames (= 0.35 seconds, uniformly sampled in time). The image sequences do not
overlap with each other spatially or temporally. Each sequence was spatially and temporally
whitened to simulate retinal and LGN processing following the methods in Olshausen &
Field (1996) and Dong & Atick (1995b). 58,968 sequences were used to train the model and
the remaining 6,552 were reserved for testing.

For the Moving MNIST dataset (Srivastava et al., 2015), we used 10000 image sequences

(image size: 18 x 18 pixels, sequence length: 10 frames), each sequence containing a fixed


https://youtu.be/oSmUI3m2kLk
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digit moving in a particular direction. The motion of the digits was restricted to upward,
downward, leftward, or rightward directions. When a digit hit the boundary, its motion
direction was inverted (leftward to rightward, upward to downward, and vice versa). No
whitening procedures were performed on the MNIST sequences. 9,000 sequences were used

to train the model and the remaining 1,000 were reserved for testing.

4.8.4 Reverse correlation for computing space-time receptive fields

The reverse correlation stimuli for deriving the space-time receptive fields (Fig 4.2) were
extracted from the same natural video data but without any spatial or temporal overlap
with the training and test set. We used 50 continuous image sequences with 80,000 steps
(~ 47 minutes, spanning the same time range but with no spatial overlap) and computed
the space-time receptive fields (STRFs) as the firing-rate-weighted average of input frame
sequences of length seven (=~ 250 ms), across time and sequences.

Formally, let {Ié{%_l }{_1 be the J stimulus sequences of length 1" and let 7 be the length
of the STRFs (here, J = 5j(;, T = 80,000, 7 = 7). For each neuron i, its space-time receptive
field STRF; has dimensions M x 7, where M is the dimensionality of a single image frame
vector (here, M = 100 after vectorizing the 10 x 10 image frame). We compute the STRF

of neuron 7 as follows

J T-1
LT D) DY ) L (122
]:1 t=1
where r(] ) is the predicted firing rate of neuron ¢ at time ¢ in sequence j and I,@m_l is

the image sequence from time ¢ — 7 to t — 1 in sequence j. This procedure is analogous to
the calculation of the spike-triggered average widely used in neurophysiology (Ringach and
Shapley, 2004); in this case, we computed the average of input sequences weighted by the

activity 7 caused by the sequence.

4.8.5 Autocorrelation for quantifying timescales

Since our model responds deterministically to the same sequence (MAP estimation), we

cannot follow the exact approach of Murray et al. (2014) that relies on across-trial variability
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to the same stimulus. We computed the autocorrelation of single neuron responses to natural
videos and Gaussian white noise sequences. We averaged the single-neuron autocorrelations
across the lower or higher level, and trials. Formally, let r;; ; be the response of neuron ¢

at time ¢t during trial j. We computed the autocorrelation with lag k as follows:

1 T—1
Hij = D Tt (4.23)
t=0
1 T—1
Tij = A\l Z(Tt,i,j — i j)? (4.24)
t=0
pii(k) = Sico (i = 1) (rerkig = 1ig) gy gy (4.25)

(T — k)o; j0ij

To compute the autocorrelation for an entire population at lag k, we took the average

of the autocorrelations across all N neurons and J trials:

1 N J
o) = 5 D03 pi (). (4.26)
i=1 j=1

For the results shown in Fig 4.3b and Fig 4.3c, we chose J = 500, T" = 50 and computed
the autocorrelation with lag &k = 0...9 for the lower- and higher-level neurons. White noise
pixels were i.i.d. samples from N (0,0.0075). We also computed the autocorrelation for both
levels with natural videos selected from the same stimuli used for the reverse correlation
analysis (note though with natural videos the stationary mean and variance assumption is
less valid). To quantify the timescale of the autocorrelation decay, we fitted an exponential
decay function pgi (k) = aexp(—k/T) + b to the autocorrelation data on each level (through
Scipy optimize.curve fit function), where a, b, and 7 are fitted parameters of the function

and 7 represents the response timescale following the definition by Murray et al. (2014).

4.3.6  Flash-lag and postdiction simulation

We extracted five-step sequences that have a consistent leftward or rightward motion from
the Moving MNIST test set sequences (134 sequences in total, see Fig 4.5e for an example).
To simulate the test conditions used by Eagleman & Sejnowski (2000), we either used the
first three steps of the sequences to infer a motion (dynamics) estimate #* (conditions with

initial trajectories), or initialized " to zero vectors (conditions without initial trajectories).
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Depending on the test condition, the moving object stimulus at ¢ = 3 could move follow-
ing the original trajectory (“Continuous”), remain at the same location (“Stopped”), move
in the reversed trajectory (“Reversed”), or disappear, shown as an empty frame (“Termi-
nated”), as shown in Fig 4.4a. The stimuli for simulating flashes correspond to the “no
initial trajectory, terminate case”.

The model’s percept of either the moving object or the flashed object at ¢ = 3 was com-
puted as the top-down spatiotemporal prediction of the image after correcting the prediction

error at t = 3:

W = Ho(¥") (4.27)
K

V= Z WiV (4.28)
k=1

Tg =U (ReLU (Vf‘Q)) . (4.29)

Here, Hg and V1,..., Vi are the parameters defined in Eqs 4.7 and 4.8, #" is the optimal
higher-level estimate at ¢t = 3 (Eq 4.19), and #9 is the optimal lower-level estimate at ¢t = 2.
We computed the location of the percept as the center of mass of the percept image I3. The
displacement in percept between the moving object and the flashed object was calculated

as

CoM-x (Tgnovmg) — CoM-x (Ifh) | rightward motion,

Displacement = (4.30)

CoM-x (Ifash) — CoM-x (Tgnovmg> , leftward motion

where CoM-x(I) returns the horizontal location (x dimension) of the center of mass of I.
Therefore, a positive displacement is along the original trajectory of the moving object,

while a negative displacement is along the reversed trajectory.

To compute the plots shown in Fig 4.4g and Fig 4.4h, we used the “with initial trajectory,

reversal” test condition. The displacement was computed as in Eq 4.30 but TgaSh was
replaced by the input image I at ¢t = 2, at every value of r” through the error correction

process at t = 3 (Eqgs 4.27 to 4.30, see Fig 4.4b Perceived versus Input).
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4.8.7 Sequence learning and recall simulation

To simulate the sequence learning experiment of Xu et al. (2012), we used a five-step se-
quence extracted from a Moving MNIST test set sequence (Fig 4.5¢). We augmented the
hierarchical generative model of DPC with an associative memory layer m, which imple-
ments predictive coding of the joint higher-level state r* and the lower-level state ry through
synapses G (Rao and Ballard, 1999; Salvatori et al., 2021) (see “Summary of the memory

model” in the supporting information for this chapter for model details):
(ro,r") | m ~ N (Gm, 02 1). (4.31)

The memory layer was trained separately (the DPC network weights were fixed during

conditioning and recall) by minimizing the prediction error:
Linemory (G, m) = [|s — Gm|3 + A [m]3, (4.32)

where s = [fg; #] is the concatenated lower- and higher-level state estimates from DPC and
Am is the regularization penalty on m.

During memory encoding, #y and #" were estimated by the two-level DPC network from
the sequence shown in Fig 4.5e. Then the memory vector m was estimated by gradient

descent on Eq 4.32, yielding the optimal estimate m:
m = arg min Liyemory (G, m). (4.33)
m

The remaining prediction error drives rapid synaptic plasticity in G through gradient de-
scent on the same equation (Fig 4.5c¢):

aEmemory (G> ﬁ’l)

/ —_—
G + G nG G R

(4.34)

where 7¢ is the learning rate for G. During conditioning, we updated the synaptic weights
five times using Eq 4.34. During recall, given the cue for the beginning of the sequence,
the full memory vector m is retrieved by minimizing the prediction error with respect to
the initial lower-level state ro portion of the stored memory only (Salvatori et al., 2021)

(Fig 4.5d):

m = argmin |5 — b (Gm)|3 + Ap||m3, (4.35)
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where § = [#p; 0] denotes the partial input (visual cue representing the first element of
the sequence), ® denotes element-wise multiplication, and b € {0, 1}N +Nh {5 a binary mask:

1 ifs<N
bi = . (4.36)

0 otherwise

The rest of the sequence was obtained by retrieving the stored higher-level state ¥ (the
dynamics of the sequence) as the top-down prediction through m (Fig 4.5d). Once the
dynamics were retrieved, we tested sequential recall in the network by predicting an entire
five-step sequence using the lower-level vector T( from the visual cue and the retrieved
dynamics vector ¥ from the memory (Eqs 4.7 to 4.9). We tested recall in the network
using three different visual cues: the starting frame (¢t = 0), the middle frame (¢ = 2), or
the end frame (¢ = 4) (see Fig 4.5¢ and Fig 4.5f). The cross correlation plot was computed
following the same procedure as the one described in Xu et al. (2012) (Fig 4.5g and Fig 4.5h).

4.83.8 Three-level DPC model

To make the level notation clear, we denote the first and second-level states r and r’* from
the two-level model as r(!) and r(® in the three-level model, and denote the highest (third-

3). We use superscripts to denote level and subscripts to denote time,

level) state as rf
unless noted otherwise. The trainable parameters for the three-level model include those
for the two-level model as well as two second-level transition matrices {VgQ),Véz)} and the

third-level top-down network ’Hém that generates the second-level modulation weights.

Pretraining the second-level transition matrices

Before training the three-level network, we first pretrained two separate two-level DPC
networks, each with a single transition matrix V() on Moving MNIST sequences with
either straight bouncing type or clockwise bouncing type. We performed inference on the
second-level states with the following loss function:

1 1 1 1 —(1 1 2 (2
L= 550 = U 3+ ol — w13+ b (M\rg ) >Hg> Al (437)

2
20; 7(2)
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where 03(2) is the variance of second-level prediction errors, b, € {0,1} is a binary mask
that equals 1 if the first-level prediction error is larger than a threshold estimated from the
training set and 0 otherwise (Prediction error threshold robustly finds changes of dynamics
in the supporting information for this chapter), and f'gz) = V(Q)rlg)1 is the predicted second-
level state. We learned V(@) by gradient descent on the same loss as in Eq 4.37, summed

across time and averaged across sequences, using the MAP estimates of the latent variables.

Three-level model training

We inferred the second- and third-level states using the same loss function (Eq 4.37), with

the predicted second-level state f‘§2) defined as

w® = 5P () (4.38)
K@)

v =3 wP v (4.39)
k=1

%) = v (4.40)

where K2 = 2 is the number of second-level transition matrices. Comparing this definition
with Eqgs 4.7 to 4.9, it is easy to see that the third-level top-down prediction is recursively
defined in the same way as the top-down prediction in the two-level model. After obtaining
the MAP estimates of the second- and third-level states, we learned the third-level top-
down network ’Hé2) by gradient descent on the same loss. See Inference & learning process

for the three-level DPC model in the supporting information for this chapter for detailed

pseudocode describing the inference and learning procedure for the three-level model.

4.4 Discussion

Our results show that dynamic predictive coding (DPC) can learn hierarchical temporal
representations of sequences through top-down modulation of lower-level dynamics. Specif-
ically, we showed that by minimizing prediction errors on image sequences, a two-level
DPC neural network develops V1-like separable and inseparable space-time receptive fields
at the lower level (DeAngelis et al., 1995), and representations encoding sequences at a

longer timescale at the higher level (Murray et al., 2014; Siegle et al., 2021). The trained
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DPC network provides a normative explanation for the flash-lag effect (Eagleman and Se-
jnowski, 2000) and accounts for both prediction and postdiction in visual motion processing
(Hogendoorn et al., 2008; Shimojo, 2014; Hogendoorn, 2020). The temporal abstraction of
sequences in a DPC network suggests a new mechanism for storing and retrieving episodic
memories by linking the DPC network to an associative memory, emulating the interaction
between the neocortex and the hippocampus. We show that such a memory-augmented DPC
model explains cue-triggered activity recall in the visual cortex (Xu et al., 2012). Finally,
we show that the top level of a three-level DPC network captures the higher-order temporal
statistics encoding the transition dynamics of the second-level states, which in turn capture
the temporal statistics of the first-level states. Taken together, the hierarchical temporal
representations learned by DPC, ranging from the lowest-level space-time representations
similar to those observed in visual cortical simple cells (Fig 4.2), through the intermediate-
level representations of steady motion (Fig 4.3), to the highest-level representation of how
such motion changes over a longer timescale (Fig 4.6), emulate the spatiotemporal represen-
tations observed in visual cortical hierarchies, particularly along the dorsal visual pathway

(Mishkin et al., 1983).
4.5 Supporting information

Hypernetworks and neural gain modulation

A hypernetwork H4 is a neural network parameterized by synaptic weights and bias pa-
rameters ¢ that generates the parameters (weights and bias) of another “primary” neural

network f (Ha et al., 2017):

0 = Hy(z) (4.41)

y = f5(x), (4.42)

where z and x are the inputs to the hypernetwork and the primary network, respectively, and
y is the output of the primary network. Therefore, the responses of the primary network to
the same input x can be different, depending on the parameters 6 generated by the hypernet.

The input z to the hypernet can be a top-down input, a task input or context, an external
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input, or even past inputs x. The hypernet model thus provides a general framework for
one neural network (hypernet) modulating the function being computed by another neural
network (primary net).

A special case of the hypernet model corresponds to neural gain modulation — a phe-
nomenon where external or internal drives modulate the input-output (I/O) relationship of
a neuron (Ferguson and Cardin, 2020; Shine et al., 2021). Typically, gain modulation is
implemented through multiplicative (altering the slope of the I/O relationship) or additive
(shifting the I/O relationship) mechanisms on either the input or the response (Larkum
et al., 2004; Silver, 2010; Ferguson and Cardin, 2020). These multiplicative and additive
components can be seen as the output of the hypernetwork fed to a primary network with
fixed parameters 6. For example, the recurrent network model proposed by Stroud et al.

(Eq 1 in Stroud et al., 2018) can be written as (following our notation)

d
T£ = —1,+ VE(rie), (4.43)

where 7 is the time constant, r; is the neural activity vector at time t, V is the recurrent
weight matrix, and e is the gain modulation that works as a pointwise multiplicative factor
on the input (f;i(r;;e;) ~ tanh(e;r;), see Equation 2 in Ref. Stroud et al., 2018). Here, e
can be seen as the output of a hypernetwork H, that modulates the recurrent network with
weights 0 = V.

Similarly, the DPC generative model for hierarchical temporal prediction through top-
down modulation of recurrent connections (Eqs 4.7 to 4.9) can be implemented using the

recurrent network model:

w = Hy(x") (4.44)
T% — o+ zkjwkvk ReLU(r;) (4.45)
=-Ir+ Z Viefk (re; wy). (4.46)
k
where fj(rs;wy) = wp ReLU(ry) is the input modulation function which modulates the

inputs ReLU(r;) to group k of neurons multiplicatively with the weight wy. Therefore,

comparing Eq 4.43 with Eq 4.46, the gain modulation model of Stroud et al. (2018) uses
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per-neuron multiplicative gain modulation while DPC generates a more diffuse top-down
multiplicative gain modulation targeting groups of lower-level neurons, with the same top-
down modulation strength wj for group k. Such a model for top-down modulation is
consistent with previous work suggesting that cortical feedback connections are more diffuse
than feedforward connections (Perkel et al., 1986; Salin and Bullier, 1995; Rockland and
Ojima, 2003) (but see also (Markov et al., 2014)).

Summary of the DPC' generative model

Table 4.1 summarizes the parameters and values used in the DPC generative model. The
top-down dynamics prediction network #H (a hypernetwork) is a multi-layer perceptron
(MLP) as follows. The first layer of the MLP contains 10 hidden neurons, followed by a
LayerNorm layer (Ba et al., 2016) and an ELU activation function (Clevert et al., 2016).
The last two layers of the MLP are composed of (1) a linear layer with 10 hidden neurons,

and (2) an output layer that maps this hidden activity to w € R,

Parameter Description Value (Natural/MNIST)
r, €RY Vt=0...T—1 Lower-level latent variable from time 0 to T — 1 N =512/648
rP € RM Higher-level latent variable Ny, =20/20
LeRM vi=0...T-1 Input observations from time 0 to 7" — 1 M = 256/324
U € RMxN Learnable spatial filters Learned
o2 eR Spatial variance 1/1
o2eR Temporal variance 04/04
K Number of transition matrices K=5/5
Vi, eRVN v =1...K Transition matrices Learned
Ho Top-down dynamics network Learned
A Sparsity penalty for ry 5x1074/1 x 1073
An Prior penalty for r” 5x1076/5 x 1076

Table 4.1: DPC generative model parameters and values.
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Inference and learning

Table 4.2 summarizes the optimizers and learning rates used for inference and learning in
DPC. Algorithm 1 describes the inference (finding the MAP estimates of the latent variables)

and learning (parameter estimation) process.

Optimizee / Other Hyperparameters Optimizer (learning rate: Natural/ MNIST) / Value

Inference
r, Vvt=0...T-1 SGD (3/2.5)
" ADAM (1 x 1073/1 x 1073)
Convergence criteria [IAll2 < 0.01
Learning
U SGD (2.5/0.5)
Vi e RVNV vE=1...K ADAM (5 x 107%/1 x 1073)
Ho ADAM (5 x 107%/1 x 1073)
Batch size 512/512
Epochs 100/120
Learning rate exponential decay 0.98 / 0.985

Table 4.2: Optimizers and learning rates used for inference and learning in the
DPC experiments. Here A denotes the difference in r; or r” from before and after the

current iteration of gradient descent.

Training results

Fig 4.7a visualizes the evolution of test set loss as a function of training epochs. Besides
results using five transition matrices (K = 5), we additionally trained models with K =
1,...,6, each with eight random initializations of weights. DPC with K = 1 is equivalent

to a one-level Kalman filter model by Rao (1999) with an additional sparseness constraint
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Figure 4.7: Improvement on test set loss saturates as the number of transition
matrices increases. (a) Test set loss as training proceeded. Shaded area denotes +1
standard deviation computed over eight runs with random initialization for each K. K =1
shows the performance of the single-layer model. (b) Best test loss as K increases. Error

bars denote +1 standard deviation. (figure from Jiang and Rao, 2024)

on neural activities (Olshausen and Field, 1996). As shown in Fig 4.7, all trained models
converged after around 50 training epochs. DPC models with two-level architectures (K >
1) performed significantly better on the test sets. Such improvement in test set performance
saturated as K increased. Fig 4.7b shows test set loss as a function of K for natural videos

and the moving MNIST dataset.

Summary of the memory model

Table 4.3 summarizes the parameters and values used in the associative memory model.
Table 4.4 summarizes the optimizers and learning rates used for inference and learning in
the memory layer.

Fig 4.8 shows examples of cue-specific sequence recall by the associative memory model
after training on different sequences. The upper left quadrant shows the image sequence
used in our experiment in Fig 4.5, and the image sequence recalled by the trained memory-
augmented DPC network. To test that the recall is cue-specific, we additionally conditioned
the network with three sequences with different digits and dynamics. As the rest of Fig 4.8
shows, the memory-augmented DPC network successfully recalled the correct dynamics

associated with the different digit cues, demonstrating the cue-specificity of the network.
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Algorithm 1 Inference & learning process

Input: Image sequences dataset D
Parameters: U, {Vk}szl, 0
1: while the parameters have not converged do
2: Sample minibatch {Ig:nTl1 M_ from dataset D

3: Initialize total loss £ =0

4: // Inference

5: for each sequence Iy.7_1 in the minibatch do
6: Initialize ro, r" as zero vectors

7 ro = arg miny, Lo(ro, U, Io)

8: Update total loss £ = £ + Ly(t9, U, Ij)

9: fort=1...T—1do
10: Initialize r; as a zero vector
11: ry = argngn Li(rs, tq,t", U,

{Vitiz 6. 1)

12: i

= arg m%n Li(Bg, 11, 2", U,
r
{Vk}lea eaIt)
13: L= E-f-[,t(f't,f't_l,f'h,U,

{Vk}?':lv 97 It)

14: end for

15: end for

16: // Learning

17: Update parameters using gradients calculated from ﬁﬁ and their corre-

sponding optimizers from Table 4.2
18: end while

Return U, {V#}K 9
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recall by the associative memory model after training on different sequences, when given
the first frame as the cue. In each quadrant: top: the original image sequence; bottom:

cue-triggered recall of the stored sequence. (figure from Jiang and Rao, 2024)

Parameter Description Value
m € RVm memory latent variable from time 1 to T" N, = 256
G € RWAN)XNm Memory weights Learned
Am Prior penalty for m 0

Table 4.3: Memory model parameters and values.

Three-level DPC model

We first describe the procedure for computing the threshold for detecting large first-level
prediction errors. Using the pretrained two-level DPC model, we collect the distribution
of all first-level prediction errors Hf'gl) - I_',gl)H% as defined in Eq 4.37. Fig 4.9a shows the
distribution of prediction errors on the training set. We set the threshold p = 0.73 where

the cumulative density of the error distribution (orange curve) reaches 0.75. To verify the
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Optimizee / Other Hyperparameters Optimizer (learning rate) / Value

Inference
m ADAM (0.005)
Convergence criteria |A]l2 <0.01
Learning
G ADAM (0.001)
Epochs 5
Learning rate exponential decay 0.99

Table 4.4: Optimizers and learning rates used for inference and learning in the
memory model. Here A denotes the difference in m from before and after the current

iteration of gradient descent.

efficacy of this threshold, in Fig 4.9b we show example input sequences from the test set,
where the red arrows mark the time steps when the first-level prediction errors exceeded
the threshold p. As shown, using this threshold robustly finds the moments when the input
dynamics changed, in both straight bouncing sequences and clockwise bouncing sequences.

Table 4.5 describes the additional parameters and values in the three-level DPC model,
in addition to those shown in Table 4.1 for the two-level model. The third-level top-down

dynamics prediction network ”HéQ) is a multi-layer perceptron that is identical to the pre-

viously described second-level network ’Hél), except the last output layer that has output
dimension K(?) = 2. Table 4.6 summarizes the optimizers and learning rates used for in-
ference and learning in the three-level DPC experiments. Lastly, we describe the inference

and learning process of the three-level model in Algorithm 2.
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Algorithm 2 Inference & learning process for the three-level DPC model

Input: Image sequences dataset D

Parameters: U, {V,(;)}gz(ll) , {V,(CQ)},CK:(? ,0, p (the first-level error threshold)

while the parameters have not converged do
I(m) M

Sample minibatch {Ij7 , };n=1 from dataset D
Initialize total loss £ =10
// Inference

(1) .(2) (3)

1:

2

3

4

5: for each sequence Ip.7r—1 in the minibatch do
6 Initialize ry ', ry™’, r'” as zero vectors
7

8

9

f(()1> = argmin 1) Lo(ro, U, Io) > Eq 20
To
Update total loss £ = L + Lo(f'((JU, U, Io)
fgn,f'f) = arg (II)liI(12) £1(r§1>,r§2),ff)1)7U7 > Eq 17
1
1 T

(1)
{V](gl)}ff:l ) 97 Il)

10: £=rC+ L., 8280 U,
)
VIS 6.1
11: fort=2...T—1do
12: // Same two-level inference as before
13: #V # = arg (H)lil} )Ct(r§1)7r§2>,f'§1_)17U7 > Eq 17
1 2
Ty Tt
(1)
{V](cl)}£(:1 ) 97 It)

14: // Compute binary mask
15: b= (16" = 5713 > p)
16: // Eq 37
17: #2 2% —arg min £, r® 20 2P b, U,

(2 .3)

I

(1) (2)
{(VIVHS AV RS 6,1
18: =L+ L5720, 12, b, U,
(1) (2)
{VIVHS AVIPHS 6. L)

19: end for
20: end for
21: // Learning
22: Update parameters using gradients calculated from ﬁﬁ and their corresponding optimiz-

ers from Table 4.6
23: end while

Return {V,(f) }f:(i) ,0
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Figure 4.9: Prediction error threshold robustly finds changes of dynamics. (a) The
distribution of first-level prediction errors in the two-level DPC model on the Moving MNIST
training set. The red dashed line denotes the threshold p = 0.73, where the cumulative
density reaches 0.75. (b) Examples of input sequences in the test set. The red arrows mark
time steps when the first-level prediction errors exceeded p, corresponding to changes in

input dynamics. (figure from Jiang and Rao, 2024)

Parameter Description Value
r® e RN Third-level latent variable NG =10
02(2) eR Variance of second-level prediction error 1
K® Number of second-level transition matrices 2

V](f) € RN® XN Vk=1...K® Learnable second-level transition matrices Learned

’HéQ) Third-level top-down dynamics network Learned

Table 4.5: Additional parameters and values for the three-level DPC model.
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Optimizee / Criteria Optimizer / Value
Inference
v vt=1...T-1 ADAM (1 x 1073)
r(®) ADAM (1 x 1073)
Convergence criterion |A]l2 < 0.01
Learning
V, e RVPXN® yp— 1 K®  ADAM (1 x 1073)
s ADAM (1 x 10-3)

Table 4.6: Additional optimizers and learning rates used for inference and learn-

ing in the three-level DPC experiments.
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Chapter 5

DATA HETEROGENEITY LIMITS THE SCALING EFFECT OF
PRETRAINING IN NEURAL DATA TRANSFORMERS

In this chapter, we turn our focus from predictive coding, a normative theory of cortical
function, to predictive models trained on neural recordings. Inspired by recent advances in
large-scale machine learning systems such as large language models, we ask whether mod-
ern foundation-model methods can learn generalizable representations from heterogeneous

neural recordings.
5.1 Introduction

Recent advances in foundation models have revolutionized the modern machine learning
paradigm. Across domains such as language and vision, it has been shown that “pretrain-
ing” a generic model on large-scale data before “finetuning” it to the actual tasks achieves
much better performance than task-specific models (Devlin et al., 2019; Brown et al., 2020;
Chung et al., 2024). This success has inspired similar efforts to develop neuro foundation
models', where the goal is to develop foundation models trained on large, multi-session,
multi-animal recordings of neural activity. This direction is particularly compelling as mod-
ern recording technologies are producing neural datasets that are rapidly increasing in scale,
across animals and modalities (Jun et al., 2017; Steinmetz et al., 2021). These advance-
ments have also spurred public interest and investment in brain-computer interfaces (BCIs),
with companies such as Neuralink and Synchron accelerating invasive BCI clinical trials in
humans (Oxley et al., 2016). A single large-scale foundation model that can be finetuned
for multiple decoding tasks for BCIs could substantially broaden the applicability of the
technology to a wider range of clinical and commercial users.

A major driver of recent machine learning advances is scaling. Scaling refers to the

1We use the term “neuro” rather than “neural” because “neural” is often used as a general descriptor for
algorithms based on neural networks.
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Figure 5.1: Overview of the key components for building neuro foundation mod-

els. We discuss various tokenization approaches for neural data in Section 5.1.1.

empirical observation that model performance often improves when the amount of training
data and model capacity increase (Kaplan et al., 2020). Developments of large language
models (LLMs) over the past few years have heavily relied on the expectation of their scaling
behaviors (Kaplan et al., 2020; Hoffmann et al., 2022; Muennighoff et al., 2023). Besides
language models, similar scaling trends have also been observed in models applied to other
domains such as audio and video. A common belief is that similar scaling trends will hold for

neural data. However, neural recordings pose unique challenges: data collected across brain
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regions, sessions, and individuals often exhibit substantial variability (Laboratory et al.,
2021, 2025; Waschke et al., 2021). Even within the same recording session, stochasticity
of neuronal firing and uncontrolled behavior can lead to significant trial-to-trial variability
(Harris and Thiele, 2011; Stringer et al., 2019; Peterson et al., 2021). Furthermore, neu-
ral data can be non-stationary due to synaptic plasticity that induces gradual changes in
population dynamics across days (Rule et al., 2019; Driscoll et al., 2022). These challenges
raise a key question: Can neuro foundation models overcome these sources of variability
and learn more generalizable representations with more pretraining data?

Figure 5.1 presents an overview of the key components for building neuro foundation
models. Here, we introduce (1) different tokenization approaches for neural data, arguably
the most distinctive aspect of neuro foundation models compared to large-scale pretrained
models in other domains, and (2) scaling law research in LLMs and the key factors used
to characterize model scaling behaviors. We then present the work in this chapter on
investigating how substantial variability in neural data, i.e. data heterogeneity, affects the

scaling behaviors of neuro foundation models trained on mouse electrophysiology data.

5.1.1 Tokenization of Neural Data

In NLP and LLM research, tokenization is the process of converting raw text into a sequence
of discrete units, or tokens, that define the vocabulary a language model operates over
(Sennrich et al., 2016; Kudo and Richardson, 2018). This vocabulary serves two roles. First,
it provides a lookup table that maps each token to an input embedding vector fed into the
model. Second, its size determines the dimensionality of the model’s output space for next-
token prediction. The token embeddings themselves are learned parameters, optimized
jointly with the rest of the model. Although text tokenization remains an active area
of research (Pagnoni et al., 2025; Liu et al., 2025; Hwang et al., 2026), frequency-based
algorithms like byte-pair encoding (Sennrich et al., 2016) are widely used in practice, offering
good compression of raw texts on a sub-word level.

How to feed raw neural data into models is a much more challenging question, largely

due to the constraints of recording technologies. Unlike text symbols whose meanings are
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Figure 5.2: Tokenization of neural data. (a) Direct tokenization. A key difference
in direct tokenization approaches is how individual channels are represented. Here, the
schematic shows the full spectrum of group-level, sub-group-level, and single-channel to-
kenization choices. (b) & (c) schematic for vector tokenization (VQ) and finite scalar

quantization (FSQ), respectively. Adapted from (Mentzer et al., 2024).

consistent across contexts, neural data are extremely heterogeneous: they are often recorded
from different brain regions across many individuals, under a wide range of environmental
and behavioral conditions. Take single-neuron electrophysiology data as an example. A

group of N neurons recorded in one session from an animal could have few overlaps with a
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group of M neurons recorded in a different session due to differences in electrode placement,
spike sorting constraints, or neural plasticity over time (Harris and Thiele, 2011; Stringer
et al., 2019; Peterson et al., 2021; Rule et al., 2019; Driscoll et al., 2022). An analogy to
video is that each neural recording contains a shuffled subset of randomly selected pixels
from a video, with unknown spatial correspondence and no guarantee that the same “pixels”
reappear across datasets.

Therefore, to overcome these challenges, it is critical that the tokenization process con-
structs a shared latent space in which the model can learn representations that align and
generalize across heterogeneous data sources. Because we consider tokenizers across mul-
tiple neural data modalities, we use the term channel to denote the smallest spatial unit
of the modality. For instance, a channel may refer to a single neuron in spiking electro-
physiology or calcium imaging, an electrode in an electroencephalography (EEG) grid, or
a voxel in functional magnetic resonance imaging (fMRI). We organize tokenization meth-
ods along two axes: (1) the degree of channel grouping (group-level, sub-group-level, and
single-channel tokens), and (2) whether tokenization is treated as a separate training stage

(van den Oord et al., 2017; Rombach et al., 2022).

Direct tokenization

We start with approaches that do not treat tokenization as a separate training stage, which
is similar to mainstream LLMs whose token embeddings are learned end-to-end together
with the main network. A key design choice among direct tokenization approaches is how
individual channels are represented (Fig 5.2(a)).

Group tokenization.  One commonly used approach (also widely applied in neural
population analyses (Vyas et al., 2020; Stringer and Pachitariu, 2024)) is to map the entire

population of N channels at a given time step ¢, x; € RY, to an embedding e; € R%:
e; == fenc(xt)7 (51)

where foe : RV — R? is commonly implemented as a linear layer or a simple multi-layer
perceptron (MLP) (Fig 5.2(a) right). A corresponding decoder can map embeddings or

hidden representations of the main network back to the raw data space via fyec : R — RY.
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For multi-session datasets with varying numbers of channels N;, one can introduce
session-specific encoding layers féﬁl)c : RV — R?. Such an approach for “stitching” raw
data from multiple sessions to a shared feature space was popularized by the LFADS model
(Pandarinath et al., 2018), which learns linear mappings per session that transform raw data
to input features of a nonlinear recurrent network. The original Neural Data Transformer
(NDT) model (Ye and Pandarinath, 2021) does not consider multi-session training, so the
raw spike counts were fed directly into the model (i.e., fonc is the identity mapping). The
multitask-masking model (MtM) (Zhang et al., 2024) similarly uses grouped-channel tok-
enizers for multi-session training, while incorporating multiple brain-region-based masking
schemes of the input for pretraining.

Sub-group tokenization. Rather than grouping all channels into a single token,
a common variant is to group K channels (K < N) into multiple spatial patches, which are
then (typically linearly) mapped to tokens (Fig 5.2(a) middle). This sub-group tokenization
design is analogous to the patch embeddings used in the Vision Transformer (ViT) (Doso-
vitskiy et al., 2021). By generating multiple spatial tokens from the channels, the main
transformer can learn spatial relationships among channels through attention, relieving this
burden away from relatively simple encoder networks of the tokenizer. The NDT2 and
NDT3 models use this tokenizer design to group multiple neurons together and produce
multiple tokens per time step (Ye et al., 2023, 2025). Notably, the same linear projection
layer is used for all patches in these models. Additionally, spatial embeddings were added
to different patches to distinguish their identities. Though less common, models of EEG or
intracranial EEG (iEEG) data have also used sub-group tokens based on brain regions of
electrode placements (Zheng et al., 2024).

Single-channel tokenization. Naturally, we can achieve the highest level of
spatial resolution by setting K = 1, yielding channel-level tokens (Fig 5.2(a) left). Channel
tokenization is commonly used in EEG and iEEG foundation models, where a chunk of
neural data Xgi) 1, of length L from channel ¢ is mapped to a token through linear or 1D
convolution layers (Yang et al., 2023; Zhang et al., 2023; Oganesian et al., 2025). For
datasets of single neuron activities, the POYO-series of work (Azabou et al., 2023, 2025)

uses per-neuron, per-spike level tokenization, where a token representing a spiking event of
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neuron ¢ at time ¢ is formulated as
egi) ‘= [Embed(neuron i);t]" € R<. (5.2)

Here, Embed(neuron i) € R4! is the learned embedding of neuron 4, and ¢t € R is the
timestamp of the spike time. Thus, POYO’s tokenizer converts population activity into a
token sequence whose length equals the total number of spikes across all neurons.

As K decreases, the spatial resolution of tokens increases because each token represents
fewer channels. The main advantage of a smaller K is that more spatial information about
inter-channel relationships is preserved in the token sequences, which can facilitate better
alignment across different channels from multiple sessions and subjects through transformer
attention. An analogy can be made here to word-level (higher K') versus subword-level
(lower K) tokenization in LLMs. With subword tokenization, words like “eating” and
“drinking” may be broken into “eat”, “drink”, and “ing” tokens, which helps the model
better understand the meaning of the “ing” suffix. Such a level of generalization is not
possible with word-level tokenization.

However, the obvious disadvantage of spatially finer-grained tokens is computational
cost. The computational cost of the attention mechanism grows quadratically with the
token sequence lengths (Vaswani et al., 2017). For neural data with N channels and T
time steps, the group tokenization produces sequences of length O(T"), whereas channel-
level tokenizers like POYO yield sequences of length O(NT'). For EEG or iEEG data, the
number of channels is typically small (around 100) and the lengths of tokens are typically
heavily reduced from raw data by convolution. Therefore, channel-level tokenization is more
tractable in these data modalities. In contrast, neuron-level datasets usually contain a much
higher number of channels. Directly applying self-attention on channel-level tokens is most
certainly intractable. We introduce different types of architectural designs (such as POYO’s
PerceiverIO architecture (Jaegle et al., 2022)) that reduce computation cost on channel-level
embeddings. Sub-group tokenization offers a compromise between computational efficiency
and preserved spatial resolution. However, patching channels into tokens can introduce
additional inductive biases, which may reduce transferability across sessions or subjects (Ye

et al., 2025).
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In summary, direct tokenization approaches face a fundamental tradeoff: preserving spa-
tial information across channels while keeping computational cost tractable. It remains an
active area of research to investigate how different tokenization choices can optimally bal-
ance pretraining efficiency, downstream task performance, and cross-subject generalization

across neural data modalities.

Tokenization as a separate stage

In contrast to direct tokenization approaches, one can instead train a tokenizer on neural
data as a separate stage prior to training the main model. A trained tokenizer converts raw
neural data to feature embeddings in a latent space, which become the input to the main
network. The purpose of a separate tokenizer is to learn a compressed representation that
aligns data across sessions and subjects while reducing dimensionality and noise. The main
network can then learn spatiotemporal features in this lower-dimensional latent space, an
approach that has proven essential for visual generation tasks (Rombach et al., 2022; Peebles
and Xie, 2023). Here, we describe in detail the most commonly used class of tokenizers in
neuro foundation models based on vector-quantized variational autoencoders (VQ-VAEs)
(van den Oord et al., 2017).

We consider the common case where raw data from each channel is encoded to latent

vectors independently (K = 1). For a vanilla autoencoder, the setup is

Z = fene(Xx) (5.3)

X = fhec(2), (5.4)

where x € R is the one-dimensional signal of a single channel with length 7', and z € R¢ is
the latent representation of the raw data. Weights of the encoder and decoder are optimized

to minimize the reconstruction loss
L(x) =[x —x]f3. (5.5)

The extra step of processing by a VQ-VAE is to replace the continuous latent vector z with

its nearest neighbor in a learned codebook £ = {e(i)}i:1 consisting of M vector embeddings
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(Fig 5.2(b)):

i = argmin [e™ — z|3 (5.6)
m=1,...,
7z =el. (5.7)

Instead of z, Z is used to produce the reconstruction X = f4..(z). The objective function is

then

L= Lrecon + 'Ccodebook + Bccommitment

=[x = %3 + [le® — sg(2)[3 + Bllz — sg(e™)]3, (5-8)

where sg is the stop-grad operator. The first term in Eq 5.8 is the same reconstruction
loss as those in vanilla autoencoders. Since the arg min operation is non-differentiable, we
use straight-through gradient estimation (STE) to copy the gradient from the decoder back
to the encoder. The second term (codebook loss) updates the codebook embeddings to
be close to the encoder output, since it receives no gradients from the reconstruction loss
due to STE. Lastly, the commitment loss (third term in Eq 5.8) encourages the encoder to
generate outputs close to the embeddings in the codebook.

In practice, a length 7' signal x is mapped to multiple codebook embeddings to ensure a
reasonable compression rate. The resulting latents are often referred to as discrete latents,
since each latent corresponds to one of the M embeddings in the VQ codebook £. Once the
tokenizer is trained, raw inputs are first mapped to the codebook embeddings, which then
serve as input to the main transformer network. For the self-supervised objectives of the
main network, the main network is trained to predict the index of the codebook entry, rather
than the raw input or continuous embedding directly. This reframes the typical regression
problem of predicting raw input signals as the same multi-class classification problem in
LLMs.

Many state-of-the-art EEG and iEEG foundation models adopt a two-stage design that
pairs a VQ-VAE tokenizer with a main transformer model. Du-IN (Zheng et al., 2024) trains
its tokenizer on sub-group-level patches of iEEG data drawn from similar brain regions.

LaBram (Jiang et al., 2024) is an EEG foundation model that trains a VQ-VAE tokenizer
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with a transformer backbone. Notably, LaBram’s tokenizer reconstructs both the amplitude
and the phase of the frequencies from the original input signal. The follow-up work of
LaBram, NeuroLLM, trains the tokenizer to reconstruct both the raw input and the amplitude
of frequencies (without the phase) (Jiang et al., 2025b). CodeBrain (Ma et al., 2026) uses
two separate codebooks in its tokenizer, one trained to reconstruct the frequency information
like LaBram, and the other one trained through contrastive learning on raw signals. The
authors show that combining these codebooks improves decoding accuracies compared to
using either signal codebook. The two codebooks provide complementary views of the data:
the same latent code in the time domain can be disambiguated by additional latent codes

capturing frequency content to distinguish events such as sleep stages.

Variants of vector quantization Several variant approaches have been proposed to
improve the vector quantization procedure described above. Residual Vector Quantization
(RVQ) extends standard VQ by converting the raw data to multiple embeddings from
different codebooks sequentially (Zeghidour et al., 2022). RVQ first quantizes the input z
with one embedding e(!) (same as VQ), then quantizes the residual error (z — e(!)) with
another embedding e® from the second codebook, and so on. The final representation is
the sum of several codebook embeddings, one from each stage. This multi-codebook design
lets RVQ achieve much higher reconstruction quality than the standard single-stage VQ.
RVQ has been shown to improve generation performance in audio and image domains, and
has recently been explored as an extension of LaBram’s tokenizer in NeuroRVQ (Barmpas
et al., 2025).

Finite Scalar Quantization (FSQ) is a simpler alternative to VQ that achieves much
higher codebook usage rate (Mentzer et al., 2024) (Fig 5.2(c)). Instead of quantizing the
input to the nearest neighbor embedding in the codebook, FSQ proposes to directly quantize
each dimension of the latent vector to a finite set of values (e.g., {—1,0,1} or M equally
spaced bins). Such an approach is codebook-free: instead of learning a table of embeddings,
discrete tokens are represented by unique combinations of per-dimension scalar quantization
levels. Moreover, the loss function now only requires the first term in Eq 5.8 since there

are no codebook parameters to optimize. The authors have shown that FSQ achieves
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comparable or better reconstruction and generation performances than VQ with a much
higher codebook usage rate. These properties make FSQ a promising, yet underexplored,

direction for neural data tokenization.

5.1.2  Scaling Behaviors in Neuro Foundation Models
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Figure 5.3: Scaling laws in LLMs. (a) Test loss in LLMs decreases predictably with three
key factors: compute (left), dataset size (middle), and model size (right). The empirical
losses of the model decrease as a power law with respect to each of the three factors. Adapted
from Kaplan et al. (2020). (b) The scaling law curves fitted by Hoffmann et al. (2022).
The left panels plot the best test loss of all runs with the z-axis being the compute budget.
The middle and right panels show the optimal model size and dataset size under a compute
budget, respectively. Their 70B model, Chinchilla, requires 1.5 trillion training tokens to

achieve optimal performance.

In the previous sections, we introduced key components for building a neuro foundation

model, including tokenization design, transformer attention mechanisms, and training ob-
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jectives for pretraining and finetuning. In this section, we turn to a major driver of recent
machine learning advances: scaling.

Scaling refers to the empirical observation that model performance often improves when
training data size and model capacity increase. Importantly, Kaplan et al. (2020) have
shown that a model’s test loss can decrease predictably as model size and training data
grow. Specifically, model performance strongly depends on the scale of the following three
factors: the number of model parameters IV, the size of the dataset D, and the amount of
compute C used for training (Fig 5.3(a)). Compute C' is typically measured in the number
of floating-point operations (FLOPSs) during training. For a standard dense transformer

with forward and backward passes, a rough equation for estimating C' is
C =~6ND. (5.9)

When fitting scaling law curves, one measures the trend of a model’s test loss by varying
one of the three factors while keeping the other two constant. In the literature, the basic
empirical observation is that test loss decreases as a power law with the scale factor. A

commonly used fitting form is (using N as an example):

L(N) ~ (JX;YN, (5.10)
where N, is a scale constant and ap is the power law coefficient fitted from loss points.
Fig 5.3(a) shows the fitted curves of test loss with respect to each of the three factors.

An important implication of scaling laws is captured by Eq 5.9: for a fixed compute
budget C, there exists an explicit tradeoff between model size and training data size. A
key follow-up work by Hoffmann et al. (2022) studied how to choose a compute-optimal
combination of model size and dataset size (Fig 5.3(b)). Their empirical results suggest
that large-scale models are often under-trained, and that compute-optimal training requires
scaling model size and training tokens roughly in equal proportion. Their 70B-parameter
model, Chinchilla, was trained on 1.4T tokens and achieved better performance than 180B-
and 280B-parameter models trained under the same compute budget.

To date, there are no studies on the scaling behaviors of neuro foundation models at a

comparable scale to LLMs or vision models. While several recent studies have demonstrated
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performance gains from multi-session pretraining on a wide range of encoding and decoding
tasks, they typically lack fine-grained scaling analyses on the benefits of gradually increasing
pretraining data (Azabou et al., 2023, 2025; Zhang et al., 2024, 2025). Most comparisons
are limited to models trained on single sessions versus entire datasets with few increments
in the middle, making it unclear how different sources of heterogeneity impact performance
scaling. Moreover, it remains unknown whether all pretraining sessions contribute equally
to downstream performance improvements. As pretraining scales to thousands of sessions
and hours of data (Ye et al., 2025; Azabou et al., 2025), understanding the scaling behaviors
of the model becomes increasingly critical.

In this chapter, we systematically investigate how data heterogeneity affects the scaling
behavior of neural data transformers (NDTs) (Ye and Pandarinath, 2021; Zhang et al.,
2024; Ye et al., 2025) using two large-scale datasets released from the International Brain
Laboratory (Laboratory et al., 2025; International Brain Laboratory et al., 2025). These
datasets differ in the consistency of recorded brain regions across sessions, offering us an
opportunity to study how different levels of brain region heterogeneity in pretraining affect
scaling. We further examine the effects of implicit heterogeneity such as session-to-session
variability. Through a proposed session-selection procedure, we identify the impact of each

pretraining session on downstream performance improvements. Our main findings include:

e We found that greater region-wise heterogeneity in pretraining data led to reduced

improvements in neuron- and region-level activity prediction performance.

e To identify implicit heterogeneity, a session-selection procedure based on single-session
finetuning performance can effectively identify the most beneficial single sessions for

pretraining.

e Models trained with as few as five selected sessions outperformed those with randomly
chosen sessions even when the full dataset was used, demonstrating the impact of

session-to-session variability in performance scaling.

Together, these findings suggest that previous claims regarding the scaling benefits of pre-

training without detailed incremental experiments may be premature, pointing to the need
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Figure 5.4: Experimental Setup. (a) Schematic of the visual decision-making task per-
formed by mice. (b) Planned probe insertion location (black line) for all sessions in the
RepeatedSite dataset. (c) Different probe insertion locations (gray lines) for different ses-
sions in the Brainwidemap dataset. (d) Four different masking schemes of raw spike counts
for model training. (e) The model architecture. Sub-figures adapted from Laboratory et al.
(2021, 2025); International Brain Laboratory et al. (2025); Zhang et al. (2024). See text for
details.

for rigorous scaling analyses in future work on neural foundation models to accurately assess

the promise of large-scale pretraining.
5.2 Experimental Setup

Figure 5.4 summarizes the experimental setup used throughout this study, which mostly

follows Zhang et al. (2024) whose experiments were conducted on a subset of the same
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RepeatedSite dataset used here. This section discusses the datasets, training pipeline, and

evaluation metrics in detail below. More details are included in Section 5.5.1.

5.2.1 Datasets

We used two multi-brain-region, multi-animal /session datasets from the International Brain
Lab (IBL) collected from mice. Animals performed a visual decision-making task where
they detected the presence of a visual grating (of varying contrast) to their left or right
and rotated a wheel to bring the stimulus to the center (Fig 5.4(a)). The main difference
between the two IBL datasets lies in how often brain regions were repeatedly recorded
across sessions. In the RepeatedSite dataset (henceforth RS), each session attempted to
record from the same brain regions (Fig 5.4(b), black line shows planned electrode insertion
position). In contrast, the Brainwidemap dataset (henceforth BWM) aimed to cover as many
different brain regions as possible (Fig 5.4(c), gray lines show planned insertion positions),
leading to little repetition of regions across sessions.

We used 89 out of 91 sessions in RS, excluding two sessions with fewer than one hundred
trials. Five out of 89 sessions were held out for finetuning and evaluation. We randomly
selected 200 sessions out of 460 sessions in BWM for pretraining and 10 sessions for finetuning
and evaluation. Trials within each session were randomly split into training, validation, and
test sets using an 8:1:1 ratio. Each trial included three seconds of neural activity, spanning
from 0.5 seconds before to 2.5 seconds after stimulus onset with 20 ms bins for spike counts.
The data from each session is thus a three-dimensional (trials x timesteps X neurons) tensor

of integer spike counts.

5.2.2  Training pipeline

Multi-masking scheme During training, input spike count vectors were masked in one
of four ways, as illustrated in Figure 5.4(d): (1) Co-smoothing: selected neurons’ activities
are masked; (2) Forward-prediction: all neurons’ selected timesteps are masked; (3) Inter-
region: all neurons’ activities in a selected brain region are masked; (4) Intra-region: selected

neurons in a selected brain region, along with all other neurons in other brain regions, are
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masked. Models were trained to reconstruct masked input from the unmasked input (Devlin
et al., 2019) by maximizing the log likelihood of the Poisson distribution, with the model
outputs as the predicted firing rates. We also applied causal attention in NDT if inputs
were masked with forward-prediction to ensure no future neural activities were used to
predict the present. Zhang et al. (2024) showed that this multi-masking scheme significantly

outperforms a scheme using forward-prediction masks alone in spike prediction tasks.

Model architecture We used the neural data transformer (NDT) architecture by Ye and
Pandarinath (2021) that has been widely applied to neural encoding and decoding tasks (Le
and Shlizerman, 2022; Ye et al., 2025; Zhang et al., 2025). NDT also achieves state-of-the-
art performance on the IBL dataset we used (Zhang et al., 2024, 2025). Since different
sessions have different numbers of neurons recorded, a session-specific linear layer (encoding
“stitcher”) maps raw spike counts to spike embeddings (Fig 5.4(e) left) whose dimensions
are shared across sessions (Pandarinath et al., 2018). A session embedding and a masking
scheme embedding are also appended to input sequences. Lastly, another session-specific
linear layer (decoding stitcher) maps the output of the transformer back to reconstructed

spike rates (Fig 5.4(e) right).

5.2.3 FEvaluation

Baseline To show the effect of scaling up pretraining data, we directly trained single-

session models on the training set of each heldout session as the baseline models.

Metrics The bits-per-spike metric (BPS) is widely used to evaluate neural activity pre-

diction performance (Rieke et al., 1999; Pei et al., 2021; Zhang et al., 2024, 2025):

bits-per-spike (X, X) — (LZ (X; X) —L(X; X)) , (5.11)

Nsplog 2

where \ is the predicted spike rates by the model, X is the true spike counts, ng), is the total
spike count of X, £ is the log likelihood function of Poisson, and A is the mean firing rate
of X. The BPS metric essentially evaluates the goodness-of-fit statistics of a model over

the null model, normalized by the spike counts. Changes in BPS directly reflect changes in
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Figure 5.5: Scaling Behavior of NDT Models. Plots show pretrained NDT models’

finetuning performances as the number of pretraining sessions increases. (a) Performances

of each neural activity prediction task on RS data. Black dashed lines show the baseline

models’ performances. (b) Same as (a) but on BWM data. (c) Percentage improvements

of models pretrained with more sessions over the 20-session model. (d) Choice decoding

performances on RS (left) and BWM (right). Red dashed line shows the chance prediction

accuracy. (e) Forward-prediction performance examples on individual heldout sessions from

RS (first panel) and BWM (second & third panels).

model log likelihood £ (X; 5\) when evaluated on the same dataset, as other terms remain

constant. For all experiments, we report the metrics on the test sets of the heldout sessions

after finetuning models to their training sets.
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Tasks FEach masking scheme used for training corresponds to a leave-one-out evaluation
task of activity prediction, namely: (1) Co-smoothing: Activities of each neuron were pre-
dicted from all other neurons; (2) Forward-prediction: The model predicted neural activities
in continuous, non-overlapping windows of 200 ms at a time (10 timesteps) given previous
ground truth activities, starting from stimulus onset to 2.2 seconds after stimulus onset (110
timesteps in total); (3) Inter-region: Activities of all neurons in each region were predicted
from all other regions; (4) Intra-region: Activities of each neuron in a region were predicted

from all other neurons in that region. This was repeated for each region.

5.3 Results

5.3.1 Data heterogeneity limits NDT models’ scaling behavior

As mentioned, the difference in brain region overlaps between RS and BWM provides a natural
setting to study how pretraining data heterogeneity affects model scaling behavior. BWM
sessions contain neural activity from largely non-overlapping brain regions, resulting in
greater single-neuron and brain-region heterogeneity compared to RS. We hypothesize that
increased heterogeneity in BWM will reduce the scaling benefits from pretraining on more
sessions.

We conducted our scaling analysis as follows. Using the RS dataset, we pretrained NDT
models on 20, 40, 60, and 84 sessions, then finetuned them to each of five heldout sessions.
For BWM, we pretrained models on 20, 40, 60, 80, 100, 150 and 200 sessions (out of 460 total),
then finetuned them on ten heldout sessions. During finetuning, a new session embedding
and two session-specific stitchers were learned from scratch while the mask embedding and

the core NDT parameters were initialized from pretraining.

Performance scaling is weaker in BWM than RS

Before analyzing whether pretrained models’ performances scale with more pretraining data,
we first confirm they indeed outperformed baseline models (Section 5.5.2). Next, we inves-
tigate whether the task performances scale with increased pretraining data. Figure 5.5(a)

and (b) show the evaluation results of models trained on RS and BWM data, respectively.
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Although performance generally improved with more pretraining data, the scaling effects
were relatively modest. Figure 5.5(c) illustrates the percentage performance gains relative
to the 20-session model, with the largest improvement of 4.2% observed on the intra-region
task on RS using more than four times the amount of data. Notably, performance gains
were reduced across the co-smoothing, inter-region, and intra-region tasks on BWM compared
to RS. For co-smoothing in particular, scaling benefits were negligible in BWM. In contrast,
the forward-prediction performance scaled consistently on the two datasets. However, the
forward-prediction performance also plateaued around 80 pretraining sessions, suggesting
a potential upper limit on the performance improvements achievable through pretraining
given the current scope of data. These results support our hypothesis that greater brain
region heterogeneity in BWM limits the effectiveness of pretraining, particularly on single-
neuron and region-level tasks.

To probe the quality of the NDT’s internal representations, we trained a logistic regres-
sion classifier on the output of the third intermediate transformer block (out of five, see
Section 5.5.1) to predict the animals’ decisions. Previous work typically performed such
decoding analyses using reconstructed spikes rather than models’ internal representations
(Pei et al., 2021; Zhang et al., 2024). Under the latter setup, improvements in choice decod-
ing performance could reflect better spike reconstruction rather than better representations
of choice-related latent states underlying the data. With our setup, decoding accuracies
are higher in RS than BWM (Section 5.5.2). Figure 5.5(d) shows the changes in classifica-
tion accuracy with increasing amounts of pretraining data. There was no clear scaling of
decoding performance on either dataset. Taken together, these results highlight the im-
portance of investigating the scaling behaviors of pretrained models with more fine-grained
data increments.

We also observed large cross-session variability in the finetuning performances. Panel
(e) of Fig 5.5 shows the forward-prediction performance of three heldout sessions (see Sec-
tion 5.5.3 for all sessions). In addition to the substantial differences in absolute bits-per-spike
values, their scaling trends deviate from the session averages (second panel in Fig 5.5(a)
& (b)). Such variability indicates a more implicit form of data heterogeneity that comes

from individual differences among animals. Given this observation and our previous find-
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ings on the pretrained models’ limited scaling behavior, a natural question arises: Can
we identify more beneficial sessions than others in the pretraining dataset for

improving scaling performance? We answer this question in the next subsection.

5.8.2  Identifying more beneficial single sessions for performance scaling

We hypothesize that each pretraining session exhibits varying degrees of distribution shift
relative to a heldout session. We call this implicit data heterogeneity, which arises from
subtle individual differences among animals and sessions that are harder to identify than
explicit sources of heterogeneity such as task design and brain regions. We expect that mod-
els pretrained on sessions “closer” to the heldout sessions will achieve higher performances
more data-efficiently than models pretrained with randomly selected sessions.

To test this, we conducted our experiments on the RS dataset, which allows us to control
the brain region heterogeneity as discussed in the previous subsection. We trained NDT
models with only forward-prediction masking to focus on this evaluation task, which exhibits
the most consistent scaling behavior on the two datasets (Fig 5.5(c)). For more fine-grained

scaling analysis, we pretrained models on 1, 2, 3, 4, 5, 10, 20, 30, 40, and all 84 sessions.

Ranking pretraining sessions by single-session finetuning performances

First, we propose using single-session finetuning performances as an estimate of the “close-
ness” between the data distributions of a pretraining session and a heldout session. Fig-
ure 5.6 illustrates this process: during the pretraining stage, we trained 84 single-session
models, one for each pretraining session (Fig 5.6(a)). During the finetuning stage, for a par-
ticular heldout session, we trained two new stitchers (for encoding and decoding) for each
of the pretrained transformers while keeping the transformers’ weights frozen (Fig 5.6(b)).
This ensures the finetuning performance maximally depends on the features learned from
the pretraining session, as the only adjustable weights were the input/output linear layers
that map the raw spike counts to the frozen feature space and back. Lastly, we report each
model’s forward-prediction performance on the heldout session’s validation set, yielding 84

metric values — one per pretraining session. The pretraining stage (Fig 5.6(a)) was per-
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Figure 5.6: Schematic of the ranking process. (a) Pretraining stage: We trained 84
single-session models, each consisting of a transformer and two session-specific stitchers. (b)
Finetuning stage: For each pretrained model, we trained two new stitchers on the heldout
session’s training set, keeping the transformer weights frozen. Models were ranked by their

bits-per-spike metric on the heldout session’s validation set.

formed once, while the finetuning and ranking stage (Fig 5.6(b)) were repeated for each

heldout session. See Section 5.5.4 for the ranked single-session finetuning performances.

We conducted our data scaling experiments by incrementally selecting more pretraining
sessions in three session-selection orders: random, ranked (based on the procedure above),
and reverse-ranked. To reduce variance, we used three random seeds for both ranking ses-
sions and training models in the scaling analysis, including the baseline models that were
directly trained on the heldout sessions. For the random order, we used three different shuf-
fles of the session list. The transformers’ weights were frozen for all finetuning experiments
across data orders to be consistent with the ranking procedure. We limited experiments
to a maximum of 40 pretraining sessions (except for the full 84-session case) since more

selected sessions overlap as we exhaust the pretraining data.
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Figure 5.7: Scaling performances under different session orders. (a) Forward-
prediction performances of each heldout session as we increased pretraining sessions ac-
cording to random (blue), ranked (green), or reverse-ranked (orange) order. The error bars
show the standard deviation over three seeds (ranked/reverse-ranked) or three shuffled or-
ders (random). Black dashed lines show the baseline models’ performance (averaged over
three seeds). (b) Same as (a) but with the total number of trials as the z-axis. Linear
regressions were fitted with logarithmic x values and dashed lines show extrapolated pre-
dictions. Shading shows the standard deviations. Red stars show the performances of the
models pretrained with all pretraining sessions. (c) Percentage improvements of models

pretrained with more sessions over the 1-session model.

Pretraining on five top-ranked sessions outperforms all random sessions

Figure 5.7(a) shows the performances of our scaling analysis on each heldout session’s test set

with different session orders (see Section 5.5.6 for qualitative examples). The results clearly
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show that in all heldout sessions, models pretrained with ranked session order outperform
those trained with randomly chosen sessions. Importantly, the models pretrained with
reverse-ranked sessions achieved worse performances than random-order models, proving
the validity of our ranking procedure based on single-session finetuning. Notably, the per-
formance differences in ranked, random, and reverse-ranked settings are more pronounced in
low-data regimes (fewer than ten sessions). Since the number of trials was different among
sessions, we also plotted the models’ performance in Figure 5.7(a) against the total number
of trials from the pretraining sessions for fairer comparisons. As shown in Figure 5.7(b),
the same performance differences hold among the different session-selection orders given
the same number of trials. We fit the models’ performances using linear regression (with
logarithmic input). In contrast to the success of “scaling laws” in machine learning (Kaplan
et al., 2020; Hoffmann et al., 2022; Muennighoff et al., 2023), the actual pretraining perfor-
mance using the entire 84 RS sessions (Fig 5.7(b) red stars) is consistently lower than the
extrapolated performance (Fig 5.7(b) dashed lines), indicating limited scaling effects for the
neural IBL data with the NDT model. This further supports our hypothesis that differences
in pretraining and finetuning data distributions greatly affect the promise of neural data

scaling.

Table 5.1: Percentage improvements over baseline with different session selection procedures.

Session selection order (best of all experiments)

Ranked
Heldout session Random Ranked Reverse-ranked (top 5 sessions)
84 5.74% 11.08% 2.54% 8.69%
85 11.33%  18.87% 9.39% 16.92%
86 3.13% 4.78%  0.89% 3.39%
87 8.37% 8.43%  3.30% 8.43%
88 19.12%  26.60% 10.95% 22.44%

Average 9.54% 13.95% 5.42% 11.97%
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Table 5.1 summarizes the best percentage improvements over the baseline models for
each session selection order, along with the performance of models pretrained on five top-
ranked sessions. On average, models using rank-ordered session data achieved a 4% greater
improvement over the baseline than models using random-ordered session data. Remark-
ably, models trained on just five ranked sessions outperformed the best models trained on
randomly selected sessions, indicating an over 8x gain in data efficiency compared to 40
random session models, which outperformed the models trained on all sessions (Fig 5.7(b)).
However, this also implies a reduced scaling effect compared to randomly selected sessions.
Figure 5.7(c) demonstrates the percentage performance gains from using more pretraining
data relative to using one pretraining session under each session selection order. The scal-
ing effects when using the ranked sessions were clearly weaker than when using random or
reverse-ranked sessions. Indeed, models with five ranked sessions already achieved 86% of
the best model performance with all 40 ranked sessions (Table 5.1), suggesting that most of
the pretraining benefit is concentrated in the top few sessions. The top sessions in different
rankings were also sufficiently different based on the finetuning session used (Section 5.5.5).
Taken together, our analysis suggests that apparent scaling benefits in multi-session datasets
can be highly sensitive to the specific sessions selected, due to substantial individual differ-
ences across sessions. Thus, it is extremely important for studies that claim scaling benefits

to show detailed experimental results with fine-grained data increments.

5.4 Discussion

Our results show that data heterogeneity in multi-session electrophysiology datasets fun-
damentally limits performance improvements expected from increasing pretraining data.
Future work can focus on (1) scaling experiments with other architectures beyond NDT
and different learning objectives, including supervised approaches; (2) different modalities
of neural data such as calcium imaging and local field potentials?, and (3) more computa-

tionally efficient session selection strategies. In conclusion, our results show that pretraining

2Concurrent work on motor decoding by Ye et al. (2025) reports that the benefits from pretraining
the model on 2000 hours of data are virtually nonexistent when finetuning datasets exceed 100 minutes,
supporting our hypothesis that data heterogeneity issues extend beyond our dataset.
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neural encoding models with more sessions does not naturally lead to improved downstream
performance. We strongly advocate for rigorous scaling analyses in future work on neuro-

science foundation models to account for data heterogeneity effects.
5.5 Supporting information

5.5.1 Ezxperimental setup details

In this section, we detail our experimental setup introduced in Section 5.2.

Model architecture

Our model follows the architecture of Zhang et al. (2024). At each time step ¢, a raw spike
count vector x; € RV from session i (with N; neurons recorded) is projected via a session-
specific linear layer to a spike token with dimension d. Another linear layer with Softsign
activation maps the spike tokens to embeddings. A session embedding and a masking scheme
embedding were appended to the spike embedding sequence. Learned position embeddings
are added to the input embeddings, making up the final input to the transformer block.
Lastly, another session-specific linear layer maps the transformer output back to the spike

count vectors of dimension NN; for session i.

Hyperparameter selection

We tuned learning rates, dropout rates, weight decay rates, and batch sizes using small-scale
experiments on single- and ten-session models. Optimal values were chosen based on test
losses from pretraining sessions in RS. Other hyperparameter values were inherited from the
implementation of Zhang et al. (2024). Table 5.2 summarizes the hyperparameters we used
for all experiments. We increased the spike token dimension to 1024 for BWM experiments to
account for higher numbers of neurons. We used seed 42 for all experiments in Section 5.3.1,
and seeds 10, 20, and 42 for experiments in Section 5.3.2 that required three seeds.

The two session-specific linear layers contain approximately 1.2 million parameters on
average per session. The number of parameters in NDT (shared across sessions) is roughly

12 million with the values in Table 5.2, which achieved better performance than smaller 8



Table 5.2: Hyperparameter values across experiments

Hyperparameter Value
Model

Spike token dim 668

Embedding dim 512

Feedforward dim 1024

# attention heads 8

# transformer blocks 5

Dropout rate 0.2
Training

Optimizer

Learning rate

Learning rate scheduler
Weight decay

Batch size

Gradient clipping

# Epochs

Masking ratio

AdamW (Loshchilov and Hutter, 2018)
le-4

OneCycle (Smith and Topin, 2018)
0.01

16

1

1000

0.3

million models and larger 24/38 million models on RS. We did not run larger models on BWM

due to computing resource constraints.

Compute

All models were trained on a single Nvidia A40 or L40 GPU. Single-session training and fine-
tuning take about one hour to train on average. The full 84-session model on RS takes about
3.5 days, while the full 200-session model on BWM takes about a week to train. Finetuning

jobs in Section 5.3.2 are significantly faster since we only train the two linear stitchers, with
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each taking about 20 minutes to finish on average.

5.5.2  Pretraining offers performance improvements across tasks over baseline models

Table 5.3 presents the evaluation metrics achieved by the baseline models and the best
pretrained-then-finetuned models on RS and BWM, averaged over all heldout sessions. Pre-
training improves performance on both datasets, though gains are smaller for co-smoothing
and choice decoding tasks than others. Notably, co-smoothing metrics are higher than intra-
region in RS but not in BWM, suggesting that models trained on RS data benefited more
from cross-region information. This is consistent with the distinct recording strategies of

the two datasets.

Table 5.3: Evaluation metrics of baseline and best pretrained models on RS and BWM. Higher

values indicate better performance.

RS BWM
Task Baseline Pretrained Baseline Pretrained
Co-smoothing (BPS) 0.765 0.774 0.693 0.711
Forward-prediction (BPS)  0.256 0.275 0.309 0.334
Inter-region (BPS) 0.659 0.689 0.604 0.640
Intra-region (BPS) 0.644 0.663 0.688 0.724
Choice decoding (accuracy) 0.839 0.841 0.781 0.823

5.5.8 Cross-session variability in scaling behaviors

Here, we show detailed experimental results of the scaling analysis in Section 5.3.1. Fig-
ure 5.8 and Figure 5.9 show the finetuning performances on each heldout session in RS and
BWM, respectively. As discussed in Section 5.3.1, there exists large cross-session variability
in the finetuning performances among heldout sessions. These results suggest differential

contributions of different sessions in pretraining, which we investigated in Section 5.3.2.
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Figure 5.8: Pretrained models’ finetuning performances on each heldout session

in RS. Black dashed lines show the baseline models’ performances.

5.5.4  Finetuning results from the session-selection procedure

Here, we show the results of the session-selection procedure described in Section 5.3.2.
Figure 5.10 shows the single-session finetuning performances on the validation set of each
heldout session, sorted from high to low. As the figure shows, there exist large differences be-

tween the best and worst single-session finetuning performances, which are more noticeable

in Sessions 84, 85, and 88 than in others.
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Figure 5.9: Pretrained models’ finetuning performances on each heldout session

in BWM. Black dashed lines show the baseline models’ performances.

5.5.5 Session-specificity of the rankings

Here, we examine how session-specific the rankings were. Figure 5.11 shows the number of
sessions shared in all five top-k ranking of the heldout sessions. The top 20 sessions were
highly session-specific: no session appeared in the top five for all held-out sessions, and only

three were shared in the top 23. In contrast, rankings became increasingly similar beyond
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Figure 5.10: Single-session finetuning performances on the validation set of the

heldout sessions from the session-selection procedure. Black dashed lines show the
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23 sessions, with 43 sessions shared in all five top 53 rankings. These results suggest that
only a small number of top-ranked sessions have a strong impact on performance, while the

remaining pretraining sessions are more consistent across held-out sessions and affect model

performance less significantly.
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Figure 5.11: Number of shared sessions in the top-k ranking of all five heldout sessions.

5.5.6  Qualitative comparison on forward-prediction performances

Here, we qualitatively compare the forward-prediction results on some example neurons
from Session 84. As shown in Figure 5.12, predictions made by the models trained on five
top-ranked sessions (green) match the ground truth activity dynamics (blue) much better
than those trained by five reverse-ranked sessions (orange). Neurons were randomly selected

from the 100 most active ones.
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Figure 5.12: Qualitative comparison of forward-prediction performances between
ranked and reverse-ranked models. Ground truth activities and predictions are aver-

aged over trials. Shading shows standard error of the mean.
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Chapter 6
CONCLUSION

In this thesis, I investigated prediction-based self-supervised learning as a principle for
learning structured representations in biological and artificial systems. Chapter 3 focused
on improving the learned dictionary of sparse coding variational autoencoders (SVAEs),
demonstrating that weight normalization improves filter quality to preserve the sparse,
bandpass, V1-like representations. Chapter 4 introduced dynamic predictive coding (DPC),
a hierarchical model of spatiotemporal prediction in the neocortex that learns space-time
receptive fields, temporal response hierarchies, predictive and postdictive motion effects,
cue-triggered sequence recall, and higher-order temporal abstractions through spatiotem-
poral prediction error minimization. Chapter 5 examined neural data transformers trained
on multi-session mouse electrophysiology datasets, showing that self-supervised pretraining
can improve neural activity prediction, but these gains are limited by data heterogeneity
across brain regions and recording sessions.

I conclude by discussing the implications and open questions for the DPC framework

and neuro foundation models, the two main focuses of this thesis.

6.1 Temporal Hierarchies, Episodic Memory, and Action-Based Prediction un-
der the DPC Framework

The key to the DPC model’s ability to capture lower-level dynamics with relatively stable
higher-level response vectors r” is the top-down modulation of transition dynamics of entire
lower-level state sequences, using the weights w generated by the higher level. There has
been increasing interest in neuroscience in the role of modulatory inputs (e.g., encoding
top-down contextual information) in shaping the dynamics of recurrent neural networks in
the brain (Mante et al., 2013; Stroud et al., 2018; Masse et al., 2018). The DPC model
ascribes an important role to these modulatory inputs in enabling cortical circuits to learn

temporal hierarchies. The neural implementation used in this chapter can be seen as top-
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down feedback (w) targeting the distal apical dendrites of lower-level pyramidal neurons,
thereby changing their gain (Fig 4.1c). Such a mechanism, which has been shown to be
possible experimentally (Larkum et al., 2004; Shai et al., 2015; Ferguson and Cardin, 2020;
Shine et al., 2021), can also modulate perceptual detection (Takahashi et al., 2016). Note
that although we chose to model the top-down influence as multiplicative gain modulation,
it would be theoretically equivalent to model it as an additive component or concatenate it
as an extra input for prediction (e.g., predicting first-level transitions as ; = f(r;_1,r"),
where f is a multi-layer perceptron). However, such an implementation may be less efficient
(in terms of the number of parameters required to reach the same level of performance)
under certain conditions, compared to a hypernetwork-based implementation (Galanti and
Wolf, 2020) such as our implementation based on multiplicative gain modulation.

Recent advances in deep learning (LeCun et al., 2015) have spurred several efforts to
learn spatiotemporal hierarchies from sensory data. Lotter et al. developed a deep learning
model called “PredNet” for learning a hierarchical predictive coding-inspired model for
natural videos (Lotter et al., 2017, 2020). After training, the model was shown to produce a
wide range of visual cortical properties and motion illusions. However, in PredNet, higher-
level neurons predict lower-level prediction errors rather than neural activities or dynamics,
making it unclear what the underlying generative model is. It is also unclear if PredNet
learns a temporal response hierarchy as found in the cortex. A different model, proposed
by Singer et al. (2018) and later extended to hierarchies (Singer et al., 2023), is trained
by making higher layers predict lower layer activities: after training, model neurons in
different layers displayed different levels of tuning properties and direction selectivity similar
to neurons in the dorsal visual pathway. However, similar to the sparse coding and ICA
models discussed above for spatiotemporal sequences, the Singer et al. model also requires
a sequence of images to be presented as a single input to the network, and the hierarchy of
timescales is hard-coded (higher-level neurons predict future lower-level neural activities by
receiving a fixed-length chunk of neural activities as input). The above models also do not
provide explanations for postdiction or episodic memory and recall.

Many experimental studies have shown an increase in temporal representation stability

and response timescales as one goes from lower-order to higher-order areas in the visual
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and other parts of the cortex (Murray et al., 2014; Runyan et al., 2017; Siegle et al., 2021;
Brunec and Momennejad, 2022; Piasini et al., 2021; Henin et al., 2021). Most computa-
tional models have studied this phenomenon through mechanistic rate-based models with
parameters based on connectivity data (Chaudhuri et al., 2015; Joglekar et al., 2018) or
spiking network models (van Meegen and van Albada, 2021). Kiebel et al. (2008) proposed
a model where second-level states generate a single parameter for the first-level Lorenz at-
tractor as the slower “sensory cause” parameter. DPC generalizes this model by assuming
higher-level states fully determine the lower-level transition function by predicting the tran-
sition dynamics of lower-level states. Under this formulation, temporal hierarchies emerge
naturally as a consequence of the neocortex learning from temporally structured data (e.g.,
stable dynamics in short time windows). This view is consistent with findings that response
timescales are functionally dynamic and could expand for cognitive tasks such as working
memory (Gao et al., 2020).

Previous normative models of postdiction in visual processing often relate the effect
to the concept of Bayesian smoothing (or backward message passing) (Eagleman and Se-
jnowski, 2000; Rao et al., 2001). We have shown that a trained two-level DPC network
with higher-level sequence representations also exhibits postdictive effects without the need
for smoothing. In the event of a temporal irregularity (e.g., an unexpected motion rever-
sal), the higher-level state in the DPC network is updated to reflect a new revised input
sequence, naturally implementing postdiction through online hierarchical Bayesian filtering
(Figs 4.1 and 4.3). Our flash-lag simulation results are consistent with the Bayesian filtering
model from Khoei et al. (2017) showing that the flash-lag effect can be produced through
an internal model that explicitly represents object velocity. The higher-level sequence rep-
resentation in the DPC model supports an implicit (and more generalized) representation
of velocity and reproduces the same internal dynamics of the “speed” estimate at motion
reversal (compare Fig 4.4h with Fig 6 in Khoei et al. (2017)). It is worth noting that the
trained DPC network learned to predict no motion (static sequence) for the flashed object
even though it was never trained on static object sequences and did not assume a prior of
zero speed (Khoei et al., 2017). This emergent property was also seen in PredNet, which

learned to predict relatively little motion for a flashed bar stimulus (Lotter et al., 2020).
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The higher-level sequence representations of DPC, when combined with an associative
memory, support the formation of episodic memories and cue-triggered activity recall (Xu
et al., 2012; Gavornik and Bear, 2014; FEagleman and Dragoi, 2012; Ekman et al., 2017;
Bang et al., 2018; Lu et al., 2021). The associative memory in our model forms an episodic
memory by binding the inferred content representation and dynamics representation from
the DPC network during conditioning. When an initial portion of the sequence is presented
during testing, the stored episodic memory is retrieved, generating the dynamics compo-
nent which modulates the lower-level network to enable full recall of the sequence. Though
previously considered to only require V1 plasticity (Xu et al., 2012; Gavornik and Bear,
2014), sequence learning is severely impaired in mice with hippocampal damage (Finnie
et al., 2021). Coordinated activity between V1 and the hippocampus has also been found
in human V1 during recall (Ekman et al., 2022). These experimental results support the
involvement of the hippocampus in sequence learning, consistent with our model. Overall,
the memory-augmented DPC model offers a highly efficient computational basis for forming
and recalling episodic memories (Foster, 2017; Barron et al., 2020), where a single repre-
sentation of content and transition dynamics from all sensory areas of the neocortex can be
bound together as a memory and later retrieved upon receiving partial input.

In our three-level DPC model, the second-level state (under the influence of the cur-
rent third-level state) predicts the next second-level state only when the first-level pre-
diction errors are larger than an estimated threshold. This can be seen as a neural (and
continuous-valued) implementation of “terminal states” in hierarchical hidden Markov mod-
els (HHMMSs) (Fine et al., 1998). In an HHMM, when a terminal state is reached at a lower
level, the corresponding sub-HMM is deemed to be completed and the higher-level state
then transitions to the next higher-level state (which activates the next sub-HMM at the
lower level). In our hierarchical DPC model, small first-level prediction errors are resolved
locally between the first and second level, indicating a continuing sub-sequence. When the
error exceeds the threshold, the sub-sequence ends and the second-level transitions are ac-
tivated. Any second-level prediction errors are resolved between the second and third level
through third-level state inference. We used post-hoc estimation of the error threshold after

training but future work could attempt to estimate the threshold online in terms of the in-
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verse variance or “precision” of prediction errors (Friston, 2005). Additionally, second-level
transitions could also correlate with the spatial information in the videos (e.g. bouncing
only happens when the digit is near the boundary). Models whose second-level states de-
pend on both the previous first- and previous second-level states could learn this type of
transition (Linderman et al., 2017).

The DPC model can be extended to action-conditioned prediction and hierarchical plan-
ning (see, e.g., (Rao et al., 2024) for initial steps in this direction). There is a growing body of
evidence that neural activity in the sensory cortex is predictive of the sensory consequences
of an animal’s own actions (Keller et al., 2012; Keller and Mrsic-Flogel, 2018; Jordan and
Keller, 2020; Fiser et al., 2016; Zmarz and Keller, 2016). These results can be understood
in the context of a DPC model in which the transition function at each level is a func-
tion of both a state and an action at that level, thereby allowing the hierarchical network
to predict the consequences of actions at multiple levels of abstraction (Rao et al., 2024).
Such a model allows probabilistic inference to be used not only for perception but also for
hierarchical planning, where actions are selected to minimize the sensory prediction errors
with respect to preferred goal states. Such a model is consistent with theories of active
inference (Friston, 2010) and planning by inference (Attias, 2003; Verma and Rao, 2005,
2006; Botvinick and Toussaint, 2012; Levine, 2018), and opens the door to understanding
the neural basis of navigation and planning (Momennejad, 2020; Brunec and Momennejad,
2022; Stachenfeld et al., 2017) as an emergent property of prediction error minimization.

Lastly, it would be an interesting direction to explore the cortical circuits that enable
action-based prediction under the DPC framework, in particular the thalamocortical loop
(see Shine (2021); Miller-Hansen and Sherman (2022) for the anatomy of the hierarchi-
cal structure of the thalamocortical loop). In a recent theory proposed by Rao (2024), the
Layer 5—-thalamus—Layer 2/3 loop is hypothesized to implement action-based prediction and
“action prediction error” computation. A strong piece of supporting evidence was recently
discovered by Furutachi et al. (2024): unexpected sensory inputs drive both pulvinar input
to V1 and local VIP interneurons in Layer 2/3 of V1. A prediction error response thus
requires a cooperative interaction between the thalamus and local cortical circuits. Fu-

ture theoretical and experimental work could explore how thalamocortical loops implement
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action-based modulation in predictive circuits.
6.2 What Will Enable True Scaling Behavior in Neuro Foundation Models?

The scaling results in Chapter 5 leave several open questions for how neuro foundation
models should be evaluated and improved. Here, I discuss several challenges that need to
be addressed in future work to truly enable scaling behavior in neuro foundation models.

Scaling curves in LLM pretraining often measure the perplexity metric on the test set.
For neuro foundation models, a unique challenge is that, under most tokenizer designs,
models cannot perform true zero-shot evaluation on data from an unseen individual or
session. As discussed in Section 5.1.1, group-level tokenizers require new lightweight en-
coder—decoder mapping layers, while channel-level tokenizers require initializing new em-
beddings for channels from unseen datasets. Either design requires gradients from the
objective to adapt the new weights or embeddings.

A naive way to solve this issue is to always construct training datasets with samples
drawn from all sessions. However, this may quickly become intractable as the dataset
sources grow or models need to be tested on new recordings. A pragmatic approach used in
our Chapter 5 study is to always finetune the pretrained model on unseen data and report
scaling results on the finetuning dataset, using the same metrics as during pretraining.
A recent study on contrastive learning of single-neuron representations can perform zero-
shot evaluation through a mixture of spatial and temporal attention modules (Arora et al.,
2025). Developing foundation models that enable true zero-shot evaluation is an important
direction for future research, and would make it possible to better characterize data scaling
properties.

Though some downstream tasks concern neural activity predictions, as in Chapter 5, a
wide range of other applications requires finetuning the foundation model to objectives such
as cursor control, seizure detection, speech decoding, etc. These objectives are sufficiently
different from the self-supervised pretraining objective. For foundation models on neural
data, evidence for a reliable correlation between pretraining metrics and downstream task
metrics is currently limited.

This two-stage setup is similar to foundation models for images finetuned for image



126

understanding tasks. Models trained with contrastive methods such as CLIP and SigL.IP
(Radford et al., 2021; Zhai et al., 2023) show considerable performance improvements as the
model size increases. Image-only models like the DINO-series (Caron et al., 2021; Siméoni
et al., 2025) also show stronger compute scaling than image-text contrastive models on
certain tasks (e.g. Figure 2 in (Siméoni et al., 2025)). MAE (He et al., 2022) and AIE (El-
Nouby et al., 2024) are trained with generative objectives (pixel prediction) and finetuned to
discriminative tasks, resembling a typical neuro foundation model setup. AIE in particular
has shown robust dataset and parameter scaling behaviors where the downstream task
metric is the top-1 image recognition accuracy (Figure 4 in El-Nouby et al. (2024)). For
neuro foundation models, investigating whether improved scaling in generative pretraining
leads to downstream task improvements is of utmost importance.

As discussed above, the heterogeneity of neural data presents a unique challenge to
neuro foundation models, as it is unknown how well the foundation model can generalize
across subjects and sessions. Our results in Chapter 5 show that session-to-session variabil-
ity significantly impacts the pretraining benefit. However, this study only tests a specific
combination of data modality, tokenizer, and architecture design — namely, NDT with
a group-level tokenizer trained on spiking data with an autoregressive loss. Future work
should systematically investigate the optimal combination of these design choices for scaling.

Additionally, different modalities of neural data recorded under different tasks and
species may also affect model scaling behaviors. Concurrent work on motor decoding by Ye
et al. (2025) reports that the benefits from pretraining the model on 2000 hours of data are
virtually nonexistent when finetuning datasets exceed 100 minutes. However, better scal-
ing behaviors have been observed in image decoding tasks using fMRI data in the work of
Banville et al. (2025). Determining the best spatiotemporal resolution for a given recording
modality and behavioral context remains an interesting direction.

Model interpretability remains an important open question for neuro foundation models.
Besides the applications on decoding-oriented downstream tasks, one promise such models
hold is to advance our understanding of large-scale neuroscience data as a data-analysis tool
(Stringer and Pachitariu, 2024). Current efforts on interpreting models mainly rely on post-

hoc dimensionality reduction on learned embeddings to correlate them with known labels



127

such as brain regions, cell types, cortical hierarchies, etc. Recent work took a different
approach and treated neuro foundation models as in-silico hypothesis testing machines:
Wang et al. (2025) trained a foundation model on large-scale mouse visual cortex recordings
that generalizes to new mice and predicts responses to out-of-distribution stimulus domains.
Unlike most of the models discussed, their model takes the video stimuli the mice saw as
input rather than neural recordings, and directly predicts neural activity. This model can
generalize to new mice with minimal training and successfully predicted responses across
various new stimulus domains, such as coherent motion and noise patterns. Exploring how
foundation models could not only be validated by existing neurophysiological data, but
also generate testable predictions at the circuit and neural-dynamics level, is an important

direction for using these tools to aid scientific discovery.
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