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This manuscript proposes a valuable idea on how cortical networks may learn a helpful
representation of sensory stimuli. The model implementing this idea is tested in multiple
experimental paradigms. However, the evidence remains incomplete as to whether the
method supports both invariance and equivariance and whether it can estimate the
dynamics of the moving object.
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Abstract
Tracking prey or recognizing a lurking predator is as crucial for survival as anticipating their
actions. To guide behavior, the brain must extract information about object identities and their
dynamics from entangled sensory inputs. How it accomplishes this feat remains an open question.
Classical predictive coding theories propose that this ability arises by comparing predicted sensory
signals with actual inputs and reducing the associated prediction errors. While such models
capture important aspects of cortical computation, they typically focus on faithfully predicting
sensory input and do not explicitly address how abstract, untangled representations of objects and
their dynamics emerge solely through experience. Here, we develop a theory of representation
learning in neural circuits that shifts the focus from prediction in the input space to prediction in
representation space, without relying on external supervision or labeled data. Specifically, we
introduce recurrent predictive learning (RPL), a recurrent joint-embedding predictive architecture
inspired by self-supervised machine learning, that learns abstract representations of object
identity and their dynamics and predicts future object motion from continuous sensory streams.
Crucially, the model learns sequence representations that resemble successor-like representations
observed in the primary visual cortex of humans. The model also develops abstract sequence
representations comparable to those reported in the macaque prefrontal cortex. Finally, we
outline how RPL’s modular feedforward-recurrent organization could map onto cortical
microcircuits. Our work establishes a circuit-centric theory framework that provides new
perspectives on how the brain may acquire an internal model of the world through experience.

Introduction
It takes us a split second to recognize an oncoming car at an intersection, to anticipate the
trajectory of a ball thrown to us, or to realize that we are being chased by a dog in the park.
Importantly, we have no difficulty assessing these situations and responding to them, despite
never having seen this particular car, ball, or dog. To accomplish this feat, our nervous system
faces a twofold challenge. On the one hand, it must detect abstract patterns from sensory input
and form invariant object representations, allowing us to recognize, for instance, a dog. This task
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is hindered by the fact that distinct sensory stimuli are often entangled, requiring complex
hierarchical networks to untangle them (Fig. 1     ). On the other hand, our brain must also infer
equivariant features of the dog’s dynamics, such as its position, velocity, and angle of attack. After
all, our actions depend on whether it is moving toward or away from us. While a plethora of
experiments have shown that sensory cortices encode this information [1–9], the mechanisms
underlying the plasticity that forms these representations remain elusive. Previous modeling work
indicated that minimal extensions to local Hebbian learning rules can learn invariant object
representations in deep neural networks [10, 11]. However, it remains unclear whether similar
mechanisms also yield equivariant representations. Yet, both invariant and equivariant
representations are necessary to respond appropriately in novel situations.

Another influential idea of how representation learning works in the cortex is predictive
processing [12], typified by classical predictive coding models [13]. These propose that the brain
acquires an internal model of the world that enables it to anticipate incoming sensory input. In
this framework, cortical networks generate predictions of expected sensory stimuli and compare
them to the actual input, yielding prediction errors. Minimizing these errors supports perceptual
inference of latent variables, representation learning, and the continual refinement of the internal
model [13–22].

While a compelling idea, classical predictive coding models have one major drawback: they are
generative models that construct predictions in the input space. Consequently, such models
require a decoder network that predicts, for example, the pixel-level image of an incoming dog,
which is then compared to the actual sensory experience, rather than comparing internal
representations directly. This subtle distinction has profound consequences for the neural circuit
architecture required, specifically where in the circuit prediction errors are computed, how they
interact with representation neurons, and how they guide learning.

A growing body of work has shown that classical predictive coding models trained as fully
generative systems often struggle to yield representations that support abstraction, invariance, or
object-level discrimination. In particular, models that minimize local prediction errors greedily at
each hierarchical stage tend to learn representations that remain closely tied to input statistics,
limiting their usefulness for downstream classification or invariant recognition [23, 24]. This
limitation is also evident in large-scale models such as PredNet [15]. While PredNet achieves its
best performance when prediction errors are optimized only at the input (pixel) level through
end-to-end training, thereby allowing deeper representations to be shaped indirectly, its
representational and predictive performance degrades when prediction errors are minimized
across all hierarchical levels. Together, these findings suggest a tension between generative,
reconstruction-driven objectives and the learning of abstract representations, motivating
predictive frameworks that operate directly in the representation space rather than the sensory
domain.

Finally, classical predictive coding posits that predicted sensory information is represented with
reduced neural activity in early sensory cortices due to suppressive top-down feedback. However,
a growing body of neurophysiological evidence indicates that top-down input from higher cortical
areas can enhance representations of behaviorally relevant or attended stimuli [25]. Consequently,
whether and how we can reconcile predictive processing with cortical anatomy, abstract
representation learning, and empirical observations of inter-areal interactions remains a central
outstanding question in circuit neuroscience [12, 25–30].
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Figure 1. Extracting latent variables from sensory stimuli.

Animals and humans must infer latent variables y such as object identity, orientation, and velocity from ambiguous and noisy
sensory stimuli. This task is computationally demanding because sensory stimuli x are typically entangled (left). Untangling
these input manifolds to approximate the underlying latent variables ct (right) requires multi-layer networks (middle). How
our brains achieve this untangling remains a central question in neuroscience.
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A natural alternative is to abandon explicit generative modeling and instead compute prediction
errors entirely within internal representation space. This strategy has proven effective in recent
self-supervised learning frameworks [31]. By eliminating the need for a decoder that reconstructs
sensory input, such an approach would avoid the difficulties associated with generative prediction
in the input space. However, representation space prediction introduces a new challenge:
representational collapse, wherein networks converge to trivial solutions, e.g., constant
representations, that are perfectly predictable but devoid of useful information. Preventing
collapse requires additional constraints, such as variance regularization techniques [11, 32, 33],
negative samples [10, 34], or a joint-embedding predictive architecture (JEPA) [35].

JEPAs avoid collapse by computing prediction errors between internal representations using a
dedicated predictor network [36–41]. Beyond biological plausibility, this strategy offers another
distinct advantage: by dispensing with reconstruction objectives, the network can devote its
coding capacity to abstract, behaviorally relevant variables such as object identity and future
dynamics, e.g, “the dog behind me is about to pounce,” rather than low-level sensory details that
may be incidental or task-irrelevant, such as the particular sheen of the dog’s fur around the ears
[42, 43].

Despite these advantages, most JEPAs developed in machine learning are poor models of cortical
computation. They rely on architectural elements with limited biological grounding, such as
transformers, and training strategies, such as token masking, while focusing mainly on static
images, hand-crafted transformations, and invariant representations geared towards object
classification. As a result, it remains unclear whether a JEPA broadly consistent with cortical
circuit structure and function exists. A minimal candidate must instead rely on recurrent neural
dynamics, learn from streaming sensory input without masking, support both invariant and
equivariant representations, and reproduce key neurophysiological observations.

Here, we introduce such a model. Our goal is to develop a circuit-level theory of representation
learning that explains how abstract representations could emerge in cortical networks and to
identify qualitative correspondences and testable predictions, rather than to quantitatively fit
neural data. To that end, we propose recurrent predictive learning (RPL). This minimal circuit
model learns linearly decodable object representations, including their associated motion
variables, from videos of moving objects without requiring any labels. As we will see, it yields
abstract representations spanning multiple timescales, consistent with representations in the
macaque prefrontal cortex (PFC) [44]. In addition to representation learning, RPL learns a
dynamic world model, which represents future stimuli, similar to human V1 [45]. To accomplish
this, RPL requires distinct feedforward and recurrent components, each playing a dedicated
functional role. In a hierarchical setting, prediction errors are computed in local prediction
circuits; this organization allows for an interpretation in terms of necessary neuronal circuit
elements. In summary, we introduce a circuit-centric network model and learning strategy that
extends the notion of predictive processing to internal representation prediction, providing a
principled set of components for learning structured representations in the brain.

Results
To study the putative mechanisms by which sensory networks extract latent variables, such as
invariant object identity, and equivariant latent variables, such as position, velocity, and
orientation, we simulated deep neural network models with a specific structure. Broadly speaking,
these networks consist of three functionally distinct components (Fig. 2a     ). First, a feedforward
“encoder” network nonlinearly encodes sensory stimuli into the intermediate embedding z with
minimal to no history dependence. Second, a recurrent neural network, the “integrator,”
successively integrates these embeddings to form the internal representations c. Third, the
predictor network f takes the representation ct at time t to predict the embedding zt+Δ an instant
later. Finally, the resulting prediction error
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(1)

serves as an instructive learning signal to optimize the model parameters (Methods).
Importantly, this unsupervised learning signal is fully specified in the internal neuronal
representation space, localized in time, and can be computed without an explicit prediction
or reconstruction of x in the input space. We collectively refer to network models trained by
minimizing the above prediction error as RPL in the following.

To evaluate RPL’s effectiveness in forming untangled representations of both invariant and
dynamic variables from object motion sequences, we constructed a synthetic dataset of moving
animal images (Fig. 2b     ; Methods) with known latent variables. To that end, we generated short
sequences of one of eight cartoon animal images moving smoothly with a randomly chosen linear
and angular velocity within a square arena with elastic collisions at the boundaries (Fig. 2c     ). To
obtain individual video frames, we sampled the trajectory at discrete intervals, placed each frame
in front of a gray background, and added Gaussian pixel noise (Supplementary Fig. S1     ;
Methods). Each video frame was characterized by the animal’s identity S, its position r, and
velocity v, with r1/2 defining the planar position and r3 defining the scale, orientation θ, and the
corresponding angular velocity ω. Finally, to ensure that these latent variables were indeed
entangled in stimulus space, we measured how well a linear decoder could predict them from
pixel values alone. To that end, we quantified linear classification accuracy and decoding quality
(R2) of dynamic variables. Most variables could not reliably be decoded from the raw input image
sequences (Supplementary Fig. S2     ; Table S1     ).

To test whether RPL recovers the underlying invariant and dynamic latent variables, we trained
our model on approximately 5.7 h of synthetic videos (Methods). We then visualized the learned
representations by plotting two example classes (Cat and Dog) onto their best linear projections of
the latent linear velocities v1/2. The resulting point clouds faithfully recovered the underlying
uniform velocity distribution of the data (Fig. 2d,e     ; Supplementary Fig. S3a,b     ). Similarly,
when regressing on a = sin θ and b = cos θ, the resulting linear projections revealed an explicit
orientation encoding in the internal representations (Fig. 2d,f     ). Finally, we quantified
classification accuracy and decoding quality of position, velocity, orientation θ = (a, b), and angular
speed |ω|, and saw high decoding performance for all latent variables (Fig. 2g     ). The decoding
performance of RPL was substantially better than a random untrained baseline model and close to
a reference model trained using supervised learning. For comparison to contrastive self-
supervised learning (SSL), a powerful machine learning approach that typically violates temporal
locality, we also trained and evaluated the same network model using the contrastive predictive
coding objective [34]. RPL training yielded better linear decodability of equivariant features (Table
S1     ; Methods). Thus, RPL learns untangled representations of object identity and motion
variables that can be read out linearly, a computation that downstream neurons can easily
implement.

We were curious whether this dual untangling of object identity and motion variables depends on
the particular type of JEPA we used, in which the recurrent pathway predicts the feed-forward
signal. To address this question, we kept the network architecture unchanged and used invariance
learning (IL) with a symmetric learning objective similar to previous work [11, 32] in which the
predictor network predicts its own output instead of the encoder output (Methods). Concretely,
this IL objective minimizes the prediction error . Networks trained to
minimize such IL prediction error formed untangled representations of object identity and
position. Still, their representations did not allow reliable decoding of other latent variables such
as velocity, orientation, and angular speed (Fig. 2g–j     ; Supplementary Figs. S3c,d, S4, S5     ;
Supplementary Table S1     ). Similarly, optimizing the network using an IL objective at the level of
the embedding z or the representation c (Eqs. (4     ), (5     )), resulted in worse decoding
performance than the RPL objective (Supplementary Fig. S2     ). Thus RPL’s asymmetric recurrent
prediction circuit is essential to learn representations of static and dynamic latent variables and
specifically for representing direction of motion or sequence order.

𝒆𝑡+Δ = 𝒛𝑡+Δ⏟
embedding

− 𝑓 (𝒄𝑡)
⏟

prediction

𝑒IL𝑡+Δ = 𝑓 (𝑐𝑡+Δ)− 𝑓 (𝑐𝑡)
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Figure 2. Learning latent variables from motion stimuli without reconstruction and labels.
(a) Schematic of the network model. RPL consists of different network components. First, the “encoder” encodes sensory
stimuli x into intermediate embeddings z. Subsequently, the “integrator” synthesizes these embeddings into the internal
representation c. Finally, the “predictor” network predicts future embeddings zt+Δ from ctyielding the associated prediction
error (PE). The learning objective is to minimize this PE. (b) Synthetic data generation paradigm with known latent variables.
We generate motion trajectories by moving a 2D animal image, chosen randomly from one of eight categories (right), within
a square arena (left). Each frame is characterized by the object position r1/2, its scale to mimic position in the r3 direction, and
the orientation angle θ. For each trajectory we randomly select a constant velocity v and angular velocity ω = θ̇. To obtain pixel
images that serve as network inputs, we further place these motion trajectories on a gray background and add Gaussian
pixel noise, and elastic collisions at the borders (Methods). (c) Two example trajectories shown frame-by-frame. (d) Scatter
plots of linearly decoded latent variables from learned internal representations c for a representative sample of cat (blue) and
dog (red) input images. Velocity (v1, v2) and object identity S (left). Orientation (a, b) and S (right). (e) Decoded velocity
components v̂ 1/2 as a function of ground truth on held-out data. (f) Same as (e) but for â as function of θ. The model (RPL)
has formed untangled and structured representations of the latent variables. (g) Linear readout accuracy of animal
categories S (left) and coefficient of determination (R2) (right) for position r, velocity, orientation θ = (a, b), and angular speed
|ω| for linear decoders trained on the internal representations c for n = 3 independent networks, trained with the RPL and
invariance learning (IL) objectives. Decoding performance for n = 1 supervised end-to-end training (Sup.) and a randomly
initialized network (Rand.) are given for reference. RPL decoding accuracy for object identity, and R2 values are close to the
performance of networks trained end-to-end with supervised learning, whereas IL fails to accurately represent the velocity,
orientation, and angular speed.(h,i,j) Same as d-f but for IL.
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We next wondered whether an alternative asymmetric JEPA implementation, in which the
prediction target is the integrator output rather than the encoder output, could also learn to
extract both invariant and dynamic latent variables. If so, this would indicate that the asymmetric
prediction character of a JEPA is key to learn both invariant and equivariant representations,
while being insensitive to where the prediction errors are computed in the circuit, i.e., before or
after the integrator. To investigate this question, we defined context-predictive learning (CL) as a
third learning paradigm which minimizes prediction errors resulting from predicting the future
representations at the level of the integrator ct by minimizing prediction errors 

. We then evaluated the representations using linear probing as before. Again, decoding
accuracy from the resulting network representations was worse than RPL, but better than the IL
objectives (Supplementary Fig. S2     ). Hence, RPL’s learning objective of predicting embeddings
from a context-aware internal representation is crucial for learning untangled representations of
invariant and dynamic latent variables.

We speculated that CL’s performance gap may be due to the integrator being able to internally
“hallucinate” predictable signals that minimize the prediction error, even though they are
unrelated to the input. We reasoned that this issue should become more pronounced when
extracting latent variables from noisy input data, thereby requiring the network to rely more
heavily on the integrator to infer them by integrating over time. To test this idea, we generated
synthetic videos as before while systematically increasing pixel noise and frame dropout, i.e.,
introducing different numbers of consecutively blank frames at random locations in the video
(Supplementary Fig. S6a     ). Consistent with the above hypothesis, we found that the performance
gap between RPL and CL widened with increasing noise levels and number of dropped frames
(Supplementary Fig. S6b,c     ), while RPL’s overall performance remained relatively stable.
Moreover, CL’s performance variability between independently trained models was higher,
suggesting that the CL paradigm is less robust. Thus, RPL’s particular asymmetric architecture is
essential to robustly untangle dynamic and invariant latent variables. Consequently, we will now
focus on comparing RPL to IL for the remainder of the article.

RPL circuits learn an internal world model
In addition to representing objects and their motion trajectories, animals need to anticipate future
states of the world based on past observations. We wondered whether RPL implicitly learns a
world model capable of such mental simulation. We reasoned that if the recurrent circuit indeed
learns a world model, it should simulate motion trajectories using its internal representations in
an autoregressive way. To test this idea, we introduced a dynamic switch in the network setup that
routes the predicted embeddings z̃ back as input to the integrator, replacing the feedforward input
from the environment (Fig. 3a     ; Methods). Next, we primed a network in feedforward mode with
the first eight frames of an animal motion stimulus to allow the model to infer the underlying
latent variables. We then switched to feedback mode for 16 time steps. Throughout, we decoded all
latent variables from the internal representations as before. We found that the networks in
feedback mode simulated motion trajectories that closely resembled the position, scale, and object
identity of the actual trajectory (Fig. 3b     ; Supplementary Fig. S7     ). Similarly, the velocity and
orientation estimates resembled the ground-truth dynamics (Fig. 3c     ). Finally, to check how
errors evolved over time, we calculated the average mean squared error over many simulated
trajectories for different dynamic variables. This analysis showed that errors dropped rapidly
during the inference phase, as expected, and slowly increased during the simulation phase (Fig.
3d     ). Together, these findings show that the learned internal representations can reliably
simulate future object motion and that RPL learns a world model.

RPL learns at different levels of abstraction
In the moving animal task studied above, the latent-variable dynamics were simple and
predominantly linear, and each animal category was associated with a single image reducing the
need for representation learning. We wondered whether RPL’s specific asymmetric recurrent

𝒆CL𝑡+Δ = 𝒄𝑡+Δ

− 𝑓 (𝒄𝑡)
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Figure 3. RPL circuits learn an internal world model.
(a) Setup for simulating trajectories using internal representations. We added a dynamic switch allowing to replace
feedforward input to the integrator with internal predictions (cf. Fig. 1     ). To simulate future trajectories, we provide the
network with external-world sensory input during an initial inference period. Afterwards, we replaced feedforward input to
the integrator with predicted embeddings in an autoregressive manner. (b) Example of a decoded trajectory (red) compared
to the ground truth (black) in the r1-r2 plane (left) and r3 as a function of time (top right; cf. Fig. 2a     ) as well as the object
decoder logits (bottom right). In this example we used an initial inference period of eight frames of a cat trajectory (shaded)
followed by 16 steps of internal simulation. (c) Decoded velocity and orientation during the inference period (shaded) and
simulation. The decoded values closely follow the ground truth. (d) Mean-squared error of the decoded quantities compared
to ground-truth as a function of time. The error increases monotonically over simulation time.

Neuroscience

https://doi.org/10.7554/eLife.110895.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience


Mohammadi, Halvagal et al., 2026 eLife 15:RP110895.  https://doi.org/10.7554/eLife.110895.1 9 of 49

architecture would enable it to simultaneously learn representations at different levels of
abstraction for more diverse stimulus sets and more intricate sequence structures.

To investigate this question, we generated structured sequences of handwritten digits from the
MNIST dataset [46]. Specifically, we generated the sequences using the following grammar.
Sequences consisted of distinct digit triplets interspersed by zeros (Fig. 4a     ). Only triplets within
the clusters of digits {1, 2, 3}, {4, 5, 6}, or {7, 8, 9} were allowed, covering all possible permutations
within each cluster. To generate a sequence, we first selected a random cluster, sampled a random
permutation within it, and then sampled random instances of the corresponding digits from the
MNIST dataset (Fig. 4b     ). We continued by sampling the next cluster and triplets according to our
defined grammar (Methods). We then fed the resulting image sequences to a network model for
training with the RPL and IL learning objectives.

To probe the information encoded in the learned representations, we further trained three sets of
linear classifiers to decode digit identity, cluster identity, and triplet identity (Fig. 4c     ; Methods).
Encoding triplet identity requires a sense of temporal direction and a specific memory of recent
digits. In contrast, cluster identity is direction-invariant and does not require distinguishing digits
within a cluster. We thus expected RPL, an asymmetric JEPA, to yield high accuracy across all three
tasks, in contrast to IL which, due to its symmetric objective, should only perform well at
representing cluster identity. This is indeed what we found. RPL-trained network representations
solved all three decoding tasks (Fig. 4d     ; Supplementary Table S2     ) with accuracy comparable
to that of a fully supervised model.

In contrast, IL resulted in lower-fidelity representations of digit and triplet identity, on par with an
untrained random network, while cluster identity was still encoded reliably as expected.
Nonetheless, we also found that networks trained with IL could still represent individual digits
somewhat faithfully at the encoder level by training a separate set of linear classifiers on the
encoder outputs z (Supplementary Note S1). However, this improved digit-decoding accuracy was
still lower than for RPL. This analysis highlights again the importance of asymmetric prediction
error computation through the recurrent pathway for learning time-resolved and abstract
representations, even when these representations themselves do not depend on temporal context,
as is the case for individual digit stimuli.

To gain further insight into how the temporal context is encoded in the trained networks, we
visualized the principal components (PCs) of the learned representations (Fig. 4e,f     ;
Supplementary Fig. S8     ). While cluster identity was clearly separated by both methods, e.g., along
the first two PCs for RPL, and third and fourth PCs for IL (Fig. 4e     ), it was evident that RPL
resulted in more finely structured representations. For instance, RPL representations encoded the
temporal position within a triplet in the third and fourth PCs, essentially creating an internal clock
that tracks sequence progression (Fig. 4f     ). Furthermore, PCs five through eight displayed a rich,
though less interpretable, organization (Supplementary Fig. S8     ), presumably encoding the digit
identity. In contrast, IL lacked such a fine-grained organization beyond clearly separating cluster
identity, lending further support to our hypothesis that RPL’s asymmetric architecture is essential
for learning abstract sequence structure that requires a sense of direction, whereas IL’s symmetric
setup is limited to representing invariant features. Thus, RPL’s asymmetric recurrent architecture
is necessary to simultaneously learn complex representations at different abstraction levels from
abstract sequence stimuli.

Representation learning on real-world data
Having established RPL’s effectiveness in extracting latent variables from synthetic datasets, we
wondered to what extent these findings would generalize to real-world data. To address this
question, we used published video data of behaving mice in an open-field arena [47] in which nose
position rNand tail root position rT had previously been annotated with DeepLabCut [48]. Based
on these annotations, we further estimated animal orientation θ and velocity vT(Fig. 5a     ;
Methods) as latent variables to evaluate the quality of the learned representations.
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Figure 4. RPL learns at different levels of abstraction.
(a) An example sequence of digit triplets separated by zeros. (b) Schematic of the sequence generation paradigm. We
generated triplet sequences containing randomly ordered handwritten digits sampled from one of three digit clusters.
Transitions between clusters took place with probability 0.2 accompanied by a “zero”. For any given sequence, each digit
instance was randomly chosen from the MNIST dataset. (c) Schematic of the tasks used to investigate the emergence of
abstraction by asking how well the network representations encode cluster, digit, and triplet identity respectively. Solving
these tasks requires both a mapping from images to abstract digit and cluster representations as well as knowledge about
the transition structure. To quantify the representational quality, we trained a linear classifier for each task (Methods). (d)
Linear decoding accuracy of the cluster, digit, and triplet identities for RPL and IL for n = 3 independently trained networks.
Decoding accuracy for end-to-end supervised learning (solid line) and a randomly initialized network (dashed line) are given
for reference. RPL achieves high accuracy on all tasks, whereas IL results in a preference for cluster identity. (e) Principal
component (PC) projections of the learned representations colored by cluster identity. Both RPL and IL clearly separate the
clusters. (f) Same as (e) but colored by temporal position within a triplet. Only RPL yields representations of the abstract
temporal transition structure.

Figure 5. RPL extracts latent variables from real-world data.
(a) Schematic of real-world video data of behaving mice in an open-field arena [47]. We used annotated key points to
compute position rN, velocity vT, and orientation θ as proxies of latent variables for evaluation (Methods). (b) R2 values of
decoded position, velocity, and orientation for RPL and IL from n = 3 independently trained networks. Decoding performance
for a randomly initialized network (dashed line) shown for reference. (c) Schematic of real-world speech data from the
Librispeech corpus [49]. We relied on speaker identity and phoneme labels to assess model performance. (d) Linear decoding
accuracy of speaker identity and phoneme sequence for RPL and IL for n = 3 independently trained models. Decoding from a
randomly initialized network given for reference (dashed line). RPL has high decoding accuracy for speaker identity and
phonemes. In contrast, IL yields high accuracy only for the speaker identity.
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We then trained RPL networks on the videos and used linear probing for evaluation as before. For
comparison, we also trained the same network using the IL objective. We found that decoding
from RPL representations yielded higher R2 values across all variables (Fig. 5b     ), consistent with
previous findings, that RPL untangles representations during learning from real-world videos. We
observed that velocity was more difficult to decode, possibly because mice remained stationary in
large portions of the videos, leading to a velocity distribution with a peak near zero
(Supplementary Fig. S9     ).

Since the mouse videos were structurally quite similar to our synthetic data above (cf. Fig. 2     ),
we wanted to see whether RPL would yield similarly useful latent representations in a different
data domain. To investigate this question, we trained both RPL and IL models on spoken-language
recordings from the Librispeech corpus [49]. This dataset includes labels for speaker identity and
the phonemes of the spoken text (Fig. 5c     ). Since phonemes change within and across sentences
whilst speaker identity remains unchanged, we expected that RPL would learn representations
that allow decoding both, whereas symmetric IL objectives would focus on speaker identity. To
check whether this is the case, we evaluated the learned representations by linearly decoding
speaker identity and phoneme sequence (Methods). Our results confirmed our expectation. RPL
yielded higher accuracy for both speaker identity and phonemes, whereas IL failed to represent
phoneme information (Fig. 5d     ). Thus, RPL extracts meaningful latent variables across different
real-world data domains.

RPL learns successor-like representations comparable to V1 in
humans
We next wondered to what extent RPL network models predicted in vivo data. To that end, we first
focused on signatures of successor representations, whereby a neuronal population encodes a
predictive representation of future states, such that each state representation reflects the expected
future occupancy of other states under a given policy [50]. Recent work described successor-like
representations in fMRI recordings from the primary visual cortex of humans [45]. During these
experiments, humans were exposed to a sequence of four non-overlapping items (A-B-C-D) across
multiple trials. After an initial learning phase, the participants were exposed to either the entire
sequence or only one of the four sequence items, referred to as partial sequences (Fig. 6a     ). The
data from V1 indicated activation at the successor but not the predecessor locations upon partial
sequence exposures (Fig. 6b     ).

We wanted to know whether RPL networks exhibit similar activation patterns at successor
locations after being exposed to comparable sequential stimuli. To investigate this question, we
trained minimal RPL circuit models (n = 35; Methods) on an (A-B-C-D) sequence to mirror the
experimental protocol. After sorting the neurons in the integrator based on their selectivity, we
visualized the average weight matrix associated with the neural selectivity to each sequence item
(Fig. 6c     ). This matrix showed the largest entries on the main diagonal, positive values on the two
upper off-diagonals, and negative values below the main diagonal, a clear signature of successor
representations.

We then computed the average neural activity at the stimulated, predecessor, and successor
locations in response to partial sequences, after removing baseline neural activity from all neural
responses. We observed that, as in the fMRI recordings [45], the stimulated location showed the
highest activity, while activity at successor locations followed a decaying pattern. In contrast, there
was no activity at the predecessor locations consistent with the experimental data (Fig. 6b,d     ).
Similarly, we plotted neural activity in response to each partial sequence to see whether this
pattern also existed in selective neurons for non-stimulated sequence items at successor locations.
We observed a consistent pattern of activity at stimulus and successor but not predecessor
locations (Fig. 6e     ). Thus, RPL entails successor-like representations as observed in V1 of humans
experiencing repeating sequence stimuli.
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Figure 6. RPL learns successor-like representations comparable to human V1.
(a) Schematic of the full and partial sequences used in the experiment. (b) Relative BOLD signal responses reproduced in
human V1 [45]. Relative stimulus response to partial sequence stimuli (left). Individual responses to partial sequences (right).
Partial sequence stimulation caused brain activity encoding successor locations but not predecessor locations. Error bars
represent the standard error of the mean. Data extracted and reproduced from Ekman et al. [45]. (c) Relative neuronal
selectivity matrix extracted from the RPL model representations (n = 35 models). The negative values below the diagonal
indicate inhibition of activity at predecessor locations. Positive values above the diagonal indicate that the successors’
representations are driven by the stimulus. (d) Average neural activity for all partial sequences at non-stimulated and
stimulated locations after removing the baseline activity as in (b). Each dot is a trained model and the solid lines represent
the average activity over all models. The plot indicates positive neural activity at stimulated and successor locations, and no
activity at predecessor locations. (e) Neural activity at all sequence locations in response to each partial sequence. These
plots indicate the decaying positive response at successor locations for individual partial sequences, hinting at successor-like
representations in response to each partial sequence.
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RPL learns abstract sequence representations similar to macaque
PFC
Having observed that RPL learns predictive representations consistent with those in a primary
sensory cortex, we asked whether our model could also capture more abstract representations
ascribed to higher-order cortical areas, such as the PFC. A widely used experimental setup to
investigate abstract sequence learning is the local-global oddball paradigm (Fig. 7a     ). Here, an
animal is exposed to trials or sequence presentations consisting of four stimuli one after the other,
either repeating the same stimulus (xxxx or xx for short) or an oddball in the last slot (xxxY or xY
for short), constituting a local deviant. Repeating trials are organized into blocks, in which the
animal is conditioned to expect a particular sequence type, e.g., xx or xY, as the standard by dint of
frequent presentation at the beginning of the block. Later trials in the block will be either global
standards or infrequent global deviants, depending on whether they match the context set at the
start of the block. For example, in a block where xY is the standard, an xx trial denoted (xx|xY)
constitutes a global deviant but not a local one.

One such experiment was performed by Bellet et al. [44] who recorded neurons from the macaque
PFC while exposing them to visual local-global oddball sequences. They found that populations of
neurons in the PFC spontaneously learned to encode several abstract sequence properties, such as
their serial position within a trial of four stimuli, stimulus identity, global context, and the
presence of local and global deviants.

Since we had already observed that RPL is capable of abstract sequence learning (cf. Fig. 4     ), we
hypothesized that RPL should also be able to learn the sequence properties of local-global oddball
sequences. To test this hypothesis, we trained an RPL circuit model on the identical visual stimulus
sequences that Bellet et al. [44] presented to the macaques, closely mirroring their experimental
protocol. Then, following their analysis (Methods), we extracted neuronal population vectors by
training linear readouts to decode: serial position, stimulus identity, global context, and
local/global deviance.

We found that the serial position of an item in a sequence and stimulus identity could be decoded
reliably (Fig. 7b,c     ) as in the experiments, albeit without the experimentally observed
accentuation of the first and the last item, which are presumably due to primacy and recency
effects in the experiment [44]. To test whether the RPL network had learned an internal model of
the sequence structure, we decoded the global context variable from the internal representations.
As observed in the authors’ original analysis, we identified neural subspaces in our model that
coded for the global context inferred from previous sequence observations (Fig. 7d     ). Finally, we
assessed our model’s responses to local and global deviants. We found qualitatively similar
separation of population responses corresponding to the presence of local deviance in both
predicted (xY|xY) as well as unpredicted (xY|xx) local deviant stimuli (Fig. 7e     ). Similarly, the
model showed an explicit encoding of the presence of global deviance (xx|xY and xY|xx; Fig. 7f     )
in its population responses, as in the experiment. Although our model did not exhibit the onset
and primacy effects observed in the data, presumably because it lacked neuronal adaptation
mechanisms, we found that the representations learned via RPL qualitatively matched the relative
encoding in PFC. Thus, RPL learns abstract sequence representations whose relative encoding
structure is consistent with PFC activity.

Untangling in a cortical model with local prediction error circuits
So far, we have used deep encoder networks, computing prediction errors at the top-level output,
using backpropagation of error (backprop) to update all weights. However, experimental evidence
points to local mismatch computation across the hierarchy as early as primary sensory cortex [12].
Moreover, how the brain approximates backprop to solve the credit assignment problem remains
an open question [51]. Hence, we wondered whether RPL remains effective without end-to-end
optimization and to what extent.
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Figure 7. RPL learns abstract sequence representations similar to macaque PFC.
(a) Schematic of the local-global oddball paradigm used by Bellet et al. [44]. Example trials consisting of four sequential
stimuli show an “xxxY” and an “xxxx” trial in the context of frequent “xxxY” presentations (top). A given trial can be a local
standard or deviant depending on the local sequence structure of the four stimuli and a global standard or deviant
depending on the context set for a block of several trials (bottom). Figure adapted from [44]. (b) Comparison of temporal
serial position representation in experiment (top) and the model (bottom). Plots show best linearly decoded probabilities of
the four serial positions (items 1 through 4) averaged over all xxxx and xxxY trials. RPL learns representations that encode
serial position more robustly than the macaque PFC. The experimental data corresponds to Monkey A and has been
reproduced from publicly available data and code. (c) Comparison of stimulus identity representation in the experiment (top)
and the model (bottom). Plots show projections of neural activity or RPL representations on directions that best separate
pairs of input stimuli (Item a vs b) that comprise x and Y, averaged across trials (Methods). RPL representations encode
stimulus identity similar to the experiment. (d) Same as (c) but for representation of the global context set by the frequent
trial. (e) Same as (c) but for the presence or absence of a local deviant at the fourth sequence position. (f) Same as (c) but for
the presence or absence of a global deviant, decoded from the fourth sequence position.

© 2024, Bellet ME. Panel A was reprinted with permission from Figure 1 Bellet et al. 2024 [44], which was published under a CC BY- NC-ND
https://creativecommons.org/licenses/by-nc-nd/4.0     . Further reproductions must adhere to the terms of this license.
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To investigate this question, we built a hierarchical RPL (h-RPL) model in which we implemented
different cortical areas as local RPL circuits that learn independently. Functionally, each circuit
consists of a shallow encoder, an integrator, and a predictor putatively implemented by distinct
cell types. One possible mapping of the model onto cortical anatomy is to view the encoder as
being implemented through lateral connectivity between adjacent areas, whereas vertical inter-
laminar connectivity implements the integrator and predictor, resulting in a circuit that produces
local prediction errors (fig. 8a     ) reminiscent of mismatch responses observed in superficial
cortical layers [12].

We trained this h-RPL model on synthetic moving animal data (cf. Fig. 2     ). For simplicity, we
trained every circuit using backprop, but we prevented gradients from flowing between circuits
across the hierarchy (Methods). Doing so confines credit assignment to individual circuits with a
few synaptic transmission steps, a setting in which biologically plausible backprop
approximations are effective [53–56]. In consequence, each circuit l learned independently in this
hierarchical network model.

To assess the quality of the learned representations, we trained linear decoders for each circuit
and extracted the latent variables as before (Fig. 8b     ). This analysis revealed that the linear
decoding accuracies and R2 values for the dynamic variables increased with depth along the
hierarchy, plateauing at performance levels comparable to those of the end-to-end trained RPL
setup. To check whether this linear decodability of the evolving latent variables also implied
“perceptual straightening,” a phenomenon characterized by the progressive transformation of
curved stimulus trajectories into more linearly evolving representations along the visual cortical
hierarchy [57, 58], we further quantified straightness along the model’s hierarchy. We found, that
straightness indeed increased along the hierarchy and was due to learning (Supplementary Fig.
S10     ).

One potential caveat with this analysis is that the hierarchical encoders jointly constitute a deep
convolutional network with increasing receptive field sizes. To check that the observed effects
were not merely due to the progressively larger receptive fields, we trained another instance of
the same hierarchical model in which we kept the weights in all but the last circuit of the
hierarchy frozen. This resulted in an overall reduction in linear decodability across the hierarchy
(Fig. 8b     ; Supplementary Figure. S10). While the drop in R2 for position, velocity, and object
category could be almost entirely compensated for by the optimized last circuit, this was not the
case for orientation and angular speed. Additionally, we observed a steady increase in the
autocorrelation time of the representations over the hierarchy for h-RPL but not in the frozen
counterpart (Supplementary Fig. S11     ). These findings are consistent with the idea that better
decodability across circuits is not merely a result of increasing receptive field size, but rather the
progressive untangling of representations across the hierarchy. Thus, RPL is a powerful learning
algorithm for finding dynamic latent variables even in a hierarchical setting, which resonates with
the core ideas of predictive processing and the experimentally observed mismatch neurons in
primary sensory cortices.

Discussion
We introduced recurrent predictive learning (RPL), a self-supervised learning model that learns
untangled representations of objects and their dynamics directly from sequential observations
alone, without requiring labels, an implausible decoder, or a reconstruction objective. Formally,
RPL constitutes a JEPA that extracts both invariant and equivariant representations across
multiple levels of abstraction from synthetic and real-world data. Beyond representation learning,
RPL also acquires an internal world model that can simulate plausible future states purely based
on its internal representations. Crucially, the learned internal representations resemble neuronal
activity patterns reported in macaque PFC and exhibit successor-representation-like signatures
comparable to those observed in human primary visual cortex.
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Figure 8. Untangling in a cortical model with local prediction error circuits.
(a) Schematic of the network model consisting of six identical RPL circuits in a hierarchy, each containing a shallow encoder,
an integrator and a predictor network. Each circuit computes its own prediction error while Stop Grad (SG) operations
prevented gradients from flowing between the individual circuits. In this h-RPL model horizontal intra-laminar connectivity
implements the encoder network. In contrast, vertical connectivity accounts for the integrator and predictor circuitry. Cortical
anatomy drawing (right) adapted from Cajal [52]. (b) Decoding R2 values and accuracy of the latent variables (cf. Fig. 2b,c     )
for each RPL circuit in h-RPL (red) and a variant in which only the last circuit in the hierarchy was trained (gray). Shading
corresponds to one standard deviation over n = 3 independent models. The solid black line denotes the performance of RPL
with a deep encoder (cf. Fig 2j     ). The h-RPL model progressively learns latent variable representations comparable to end-
to-end trained RPL.
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Learning in RPL is driven by internal prediction errors generated within a specific circuit motif:
an encoder with little working memory feeds into an integrator-predictor circuit that integrates
temporal information and learns to anticipate future encoder embeddings. This motif is
functionally universal, enabling hierarchical networks with local predictor circuits to
progressively uncover latent variables. While invariant representations can be learned by local
learning rules in conjunction with appropriate decorrelation mechanisms [11], we showed in this
work that learning equivariant representations requires a circuit with distinct functional elements
for encoding, integration, and prediction. We expect analogous functional motifs to exist in brain
areas that rely on self-supervised learning, implemented through dedicated cell types and
connectivity patterns that jointly shape plasticity. In this way, our work provides a conceptual
blueprint for interpreting neuronal circuits, while making concrete, testable predictions.

Relation to previous modeling work
The notion that the brain builds and progressively updates an internal model of the world through
comparison with observations is a central tenet of systems neuroscience [10, 12, 13, 17, 19, 27, 28,
59–64]. Classical predictive coding models based on this idea assume an underlying generative
model that reconstructs sensory input [13, 15, 16, 18, 65]. The generative model is learned and
updated by computing prediction errors in the input space. However, classical predictive coding is
under increasing pressure due to its difficulty in explaining recent experimental data [25, 26, 28];
moreover, it yields poor representations for discriminating between invariant concepts. Modern
variants of predictive coding alleviate this problem by combining a supervised loss function with
the classic unsupervised reconstruction loss [24]. Still, doing so requires labels. These difficulties
might stem from its core assumption of an underlying generative model. Indeed, recent studies
argue that reconstruction, a core component of generative models, is inefficient for learning high-
level abstract representations because it tends to focus on behaviorally irrelevant low-level
stimulus details [42, 66].

In contrast, JEPAs like RPL depart altogether from the idea of an underlying generative model.
Nevertheless, RPL, and h-RPL in particular, share some essential elements with classical
hierarchical predictive coding models. In all cases, learning is driven by prediction errors that are
computed locally and used to update model parameters and internal representations, a
mechanism consistent with the existence of prediction-error-like neurons in sensory cortex [12,
27, 67]. In this respect, h-RPL aligns with established predictive coding models in which cortical
circuits continuously generate and refine predictions about incoming signals [13, 15, 68].

However, a central distinction lies in what is communicated between the circuit elements.
Classical predictive coding architectures rely on the explicit propagation of prediction errors
across hierarchical levels, typically assuming a functional segregation between representation
neurons and error neurons. In contrast, the JEPA-like organization underlying h-RPL does not
require prediction errors to be transmitted beyond the local circuit in which they are computed.

Instead, separate network structures embed related signals and learn to predict each other’s latent
states via locally computed errors. As a result, inter-areal communication is dominated by
representations rather than error signals, with learning occurring through the mutual alignment
of internal embeddings. This shift fundamentally changes the representational objective of the
network, emphasizing abstract, predictive latent variables over the reconstruction of sensory
input. Finally, we should note that this shift is not mutually exclusive with modern forms of
discriminative predictive coding, which, in conjunction with a predictive self-supervised loss as
discussed below, could support representation learning by approximating backprop [24, 55].

Based on these arguments, this article advocates for a revised predictive processing framework,
one that avoids explicit generative models, meaning that it neither relies on reconstruction in the
input space nor supervised objectives, and instead relies on SSL via prediction in the
representation space. Recent studies have taken steps in this direction by developing
reconstruction-free predictive SSL models that compute predictions directly in the embedding or
representation space. For example, Ororbia et al. [69] proposed a model that relies on spatial
prediction across visual scene embeddings. Other models rely on contrastive learning [10, 70] or
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temporal prediction [11] across sequences of augmented images reminiscent of slow feature
analysis [71]. These studies have provided valuable insights into learning invariant
representations without supervision. However, they primarily focused on category-level
invariance induced by hand-crafted augmentations and did not explicitly address how biological
agents may simultaneously acquire equivariant representations that preserve behaviorally
relevant information, such as motion direction or relative spatial relationships.

Related to our work, Nejad et al. [20] introduced a temporal predictive SSL model with a putative
mapping onto neocortical layers. In this model, prediction occurs in the latent space spanned by
Layer 5 (L5). Specifically, Layers 2/3 (L2/3) predict the next L5 representation. To avoid
representational collapse, L5 is either trained like an autoencoder with an additional
reconstruction objective, or by adding a variance-maximization criterion. The resulting model
learns to predict orientation changes while capturing several experimental observations. In
contrast to RPL, the study used shallow encoder networks and utilized sequential Gabor patches as
sensory input, with the rotation direction provided as top-down input. Similarly, Asabuki et al. [72]
investigated predictive sequence learning in a local recurrent circuit model, emphasizing
biologically plausible learning rules. While these studies make notable contributions toward
understanding how brains may implement predictive learning, they focused on comparatively
simple network architectures and elementary learning tasks. They did not address the emergence
of rich, abstract representations from complex sensory streams.

While the above studies similarly argue for a set of core principles that should underpin a
biologically grounded theory of representation learning, i.e., one that does neither rely on
reconstruction nor supervision, the same principles naturally align with the class of SSL models
developed in machine learning under the umbrella of JEPAs [34, 36, 73, 74]. JEPAs operationalize
the idea that internal representations can be learned by making different views or temporal
segments of sensory experience predict one another, thereby preserving the core intuition of
predictive processing while avoiding many of the constraints imposed by explicit generative
models. Crucially, RPL is a JEPA, which means it neither relies on a reconstruction objective nor on
negative samples, and by avoiding the issues associated with generative models, it learns useful
abstract representations from a stream of sensory experience, all the while remaining consistent
with the core idea of predictive processing and neural circuit principles.

Although a plethora of different JEPAs have demonstrated their effectiveness in machine learning
[11, 33, 36–42, 66], not all of them are biologically plausible. For instance, existing studies made
strong assumptions about the allowed transformations between consecutive stimuli [39] or were
not applied to real-world problems and lacked a circuit-level interpretation [75]. In part, this lack
stems from current JEPAs typically relying on biologically implausible transformer networks,
predicting randomly masked parts of the stimulus, and optimizing a single global prediction error
during training, all of which are difficult to reconcile with neural anatomy. Finally, the majority of
research has focused on invariance learning, in which representational quality is assessed
primarily through object classification tasks, e.g., via linear decoding or probing. Such
quantification of model performance at the level of internal representations is a welcome and
necessary departure from evaluating representational quality solely on a model’s ability to
reconstruct stimuli at the pixel level, as commonly done for classical predictive coding models [15,
76]. However, focusing solely on invariance learning seems like an oversimplification. An
increasing number of machine learning studies are acknowledging the importance of equivariant
representations [33, 39, 77–80], albeit with the limitations mentioned above and the assumption of
direct access to the underlying transformations.

RPL avoids several implausible aspects of the above studies. On the one hand, RPL is a temporal
JEPA based on recurrent neural networks rather than transformers. On the other hand, it does not
rely on masking as commonly used in self-supervised video models [40, 41]. Velarde et al. [81]
studied a related recurrent JEPA while focusing on biologically motivated learning rules that avoid
backprop through time. While similar to our approach, their setup closely resembles our CL
objective, which proved less effective in our study. Finally, h-RPL is, to the best of our knowledge,
the first implementation of a hierarchical JEPA that optimizes multi-level prediction errors as
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initially proposed by LeCun [35]. Functionally, RPL learns both invariant and equivariant
representations consistent with the idea of active filtering [82], as well as a latent generative
model that enables it to simulate plausible dynamics in the latent space when queried with its own
predictions. Interestingly, the necessity of separating the feedforward prediction target from the
integrator-predictor branch directly stems from this reliance on a plausible recurrent neural
network architecture, which opens the door to further investigation of the putative links between
our model and the cortical microcircuit.

Relation to experimental observations and circuit structure
Our work reveals several points of convergence between RPL and experimental observations of
cortical computation, spanning both early sensory and higher-order areas. At a functional level,
RPL develops representations that are explicitly optimized for prediction over time, rather than
reconstructing sensory input. In particular, RPL learns successor-like sequence representations, in
which current stimuli evoke activity at future but not preceding locations, closely paralleling
successor representations recently reported in human primary visual cortex [45] and broadly
consistent with sequential activity recall observed in mouse V1 [83].

Beyond early sensory areas, RPL also acquires abstract sequence representations that resemble
those observed in macaque PFC during local–global oddball paradigms [44]. These representations
encode relational and temporal structure rather than sensory detail, consistent with the idea that
higher cortical areas operate on increasingly abstract latent variables. More broadly, our results
align with experimental and theoretical work suggesting that cortical representations are shaped
by predictive objectives [14, 22, 84] and become progressively more invariant over the cortical
hierarchy [85].

In h-RPL, we observed a similar systematic increase in temporal stability across circuits
(Supplementary Fig. S11     ), mirroring timescale hierarchies observed across cortical areas [86].
Finally, h-RPL offers a mechanistic account of perceptual straightening phenomena in visual
cortex [57, 58], which refers to the progressive reorganization of sensory representations such that
temporally structured or correlated stimuli come to be represented as more stable, linearized
trajectories in neural state space, improving predictability and downstream readout. Our work
suggests that such effects may arise naturally from representation-space predictive learning
rather than from explicit sensory reconstruction.

In relation to cortical anatomy, the central contribution of our model is not a one-to-one mapping
between algorithmic components and specific cortical cell types or layers, but the proposal that
representation learning of invariant and equivariant representations requires a circuit with
specific elements: encoder, temporal integrator, predictor, and prediction-error computation, all
implemented by different circuit elements and, ultimately, different neuronal populations. This
separation of function is a defining feature of RPL and of JEPAs more generally. Importantly, it
does not require that these components be realized in a single, unique, or canonical circuit layout.

In the minimal model studied here, these elements are arranged in a feedforward–recurrent motif
without explicit top-down connections or recurrent interactions between circuit modules. This
abstraction is an oversimplification of cortical reality, which was chosen deliberately to isolate the
core circuit elements for predictive learning using internal representations, not to provide a
complete account of cortical anatomy. The cortex contains dense recurrent connectivity within
and across layers, extensive lateral interactions, and bidirectional long-range projections, any of
which could support alternative implementations of the same underlying computation. As a result,
the precise correspondence between model components and cortical microcircuits remains
inherently ambiguous.

That said, an appealing idea that is broadly consistent with our h-RPL model is that the encoder
could be implemented through lateral intra-layer connectivity, whereas the circuits required for
generating predictions and prediction errors follow a vertical columnar organization. In this
context, L2/3 neurons, which have been associated with prediction-error-like signals, are a prime
candidate for computing prediction errors. Still, how the integrator and predictor map onto the
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cortical circuitry is less clear. Even if these elements did follow a vertical organization, they could
well be intermingled without clear laminar division. Finally, while our RPL implementation
assumes a single encoder, the JEPA framework naturally admits alternative configurations with
distinct encoder networks [36], which could reside in the superficial and deep layers of the cortex.
This ambiguity underscores that the framework specifies which computations must be present,
rather than where they must reside, and highlights the need for future experimental work to
disambiguate among these possible biological realizations.

However, once a suitable set of candidate circuit elements for encoder, integrator, and predictor
are identified, the model leads to a concrete prediction. In particular, acute perturbations that
disrupt the coupling between encoder and integrator components should primarily alter the
representations formed by the integrator–predictor circuit, while leaving the activity patterns
associated with the encoder largely preserved. By contrast, chronic disruptions of this coupling are
expected to interfere with representation learning itself, preventing the gradual alignment of
internal representations and the emergence of stable, abstract latent variables.

Beyond the neocortex, the proposed separation between encoding, integration, and prediction
naturally invites comparison with hippocampal function. A substantial body of work has
characterized the hippocampus as a predictive system that learns temporally extended
representations of experience, often formalized in terms of successor representations or
predictive maps of future states [87–89]. In this view, hippocampal activity reflects expectations
about future sensory or cognitive states rather than a reconstruction of current input, consistent
with the representational emphasis of predictive learning. Recurrent dynamics within
hippocampal circuits, particularly in CA3, together with sequential activity observed during
navigation and replay, have been interpreted as supporting temporal integration and prediction
[19, 90]. From this perspective, hippocampus and cortex may implement complementary
predictive architectures operating at different temporal and spatial scales, with hippocampal
representations providing rapidly learned, temporally extended predictions that could scaffold
slower cortical representation learning [91, 92]. While we did not explicitly model hippocampal
circuitry, RPL’s emphasis on internal prediction aligns naturally with theories that treat the
hippocampus as a generator of predictive representations rather than a passive memory store
[93].

Overall, our results suggest that experimental observations traditionally interpreted through the
lens of hierarchical predictive coding may instead reflect a more distributed predictive
architecture, in which different circuit elements specialize in complementary roles. JEPAs provide
a useful conceptual scaffold for organizing these roles, while remaining compatible with multiple
circuit layouts and known deviations from strictly hierarchical organization. The model presented
in this article gives one possible instance, but it provides also a blueprint outlining which minimal
computations must be present. Where these reside, and how precisely they are implemented
remains an open question. Elucidating the architectural motifs the brain employs, and under what
conditions, will require targeted experimental and theoretical work.

Limitations and future research directions
Our work has several limitations that we plan to address in the future. First, the link between RPL
and concrete circuits in the brain is under-constrained. One key simplification of our model is the
lack of top-down connections. Concretely, we assumed that the predictor in the h-RPL model is
entirely local, with no top-down input, a crude simplification of cortical anatomy where top-down
connections are pervasive and considered essential to provide lower sensory areas with high-level
abstract representations [94]. Adding such connections would allow modulating predictions within
each circuit with global context from higher-level circuits broadly consistent with experimental
findings on the role of feedback in sensory cortices [25, 28, 64]. A similar combination of a
feedforward sensory pathway with a separate recurrent feedback pathway has been previously
proposed as the “dual counterstream” architecture, an organizational principle of cortical
structure [95]. Exploring this connection and its functional implications is an exciting avenue for
future research.
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Another limitation of our model is that we relied on backprop, a biologically implausible training
method. While we have shown that circuit-local training can be effective with h-RPL (Fig. 8     ), we
still used backprop to train each circuit. In the future, we will investigate how biologically
plausible credit assignment strategies could make the learning algorithm more credible [51, 55, 56,
96–101].

Moreover, latent-variable learning in RPL was sensitive to the prediction time horizon and the
underlying distribution of the latent variable. In this article, we have only explored this
connection to a limited extent (Supplementary Fig. S9     ). A systematic investigation of how the
time horizon and latent distribution influence the learned representations will be the goal of
future research.

Finally, we relied on linear decodability as a proxy to quantify the quality of learned
representations. To that end, we extended the commonly used linear classification strategy to
linear regression of dynamic latent variables. While we saw that RPL embeds unrelated latent
variables in orthogonal subspaces and improves overall linear decodability, a key question is why.
In fact, there is no immediately apparent reason why the learned representations should be
embedded on linear manifolds, and presumably they are not. One reason behind the improved
linear decodability may be that linear decoding benefits from the orthogonal embedding of
unrelated factors, combined with the high embedding dimension. An important question for
future research is thus to gain a deeper theoretical understanding of how representations of
continuous latent variables emerge in self-supervised learning JEPAs and which inductive biases
lead to representations conducive for their linear decodability.

Extracting abstract representations of the world’s invariant and dynamic features is a crucial
function of the brain that enables intelligent behavior. Here, we have presented a plausible
computational model of self-supervised representation learning for both object identity and
dynamic latent variables. Our framework extends a long tradition of predictive processing models
while going beyond classical predictive coding and pixel space prediction. Specifically, our work
builds a conceptual bridge between neuronal circuits and JEPAs, a promising machine learning
architecture that does not rely on a reconstruction objective. While many important questions
remain open, we believe that our model provides a fresh approach to understanding how the
brain forms abstract internal representations from continuous sensory experience, and that
exploring the research avenues outlined above holds great promise for gaining deeper insights
into the computational principles underlying biological intelligence.

Methods
In this article, we studied different representation learning paradigms that rely on prediction
errors computed in internal representation space. We quantified their ability to extract latent
variables like object identity, position, velocity, and orientation from streaming data such as video
or audio. In all cases, we used deep neural networks comprised of three distinctly connected
network elements: a feedforward encoder network, a recurrent integrator network, and a
feedforward predictor network.

Learning objectives
All networks were trained using backprop to optimize one of the following learning objectives
defined on the internal representations.

Recurrent predictive learning (RPL)
While most predictive processing models optimize for reconstructing stimuli in input space, RPL
optimizes a predictive objective function defined entirely on internal representations. Concretely,
RPL is a particular JEPA which predicts the embeddings zt+Δ of future stimuli using a predictor
network f that acts on the representations ct from the integrator (cf. Fig. 2a     ). So, the RPL
objective is defined as:
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(2)

where SG corresponds to the Stop-Gradient operator. The RPL objective avoids
representational collapse by combining the SG with an asymmetric prediction architecture
and, consequently, does not require explicit variance regularization [37, 102, 103].

Invariance learning (IL)
Invariance learning is an alternative approach for representation-space predictive learning that
uses a symmetric prediction scheme with explicit regularization terms [11, 32] for preventing
collapse. This is also sometimes referred to as a joint-embedding architecture [35, 38]. The IL
objective defined on the output of the predictor network in an architecture identical to the one
used in RPL (cf. Eq. (2)     ) is one such approach. We use this, along with a regularization objective
Lreg similar to the one used by Halvagal et al. [11], as a baseline for comparison with RPL. The
overall IL objective function is then defined as:

(3)

where σ2 is the overall variance of the activity of neuron i in the output layer (i.e. f (ct)), Cij is

the correlation coefficient between the activities of neurons i and j, and λ1 and λ2 are

constants that control the strength of each regularization term. The two terms in Lreg prevent

the neurons from activity collapse and learning identical information, respectively.

Other variations of the IL objective can be defined to enforce invariance on the embeddings zt or
representations ct of the RPL network. Mathematically, the objective functions corresponding to
these variations can be written as:

(4)

and

(5)

respectively with the target for Lreg changed in each case as indicated.

Context-predictive learning (CL)
Finally, the RPL objective is not the only possible implementation of a JEPA given our three-
component network architecture. Alternatively, one could also optimize the same network for
predicting future representations ct+Δ from the integrator instead of zt+Δ, yielding the context-
predictive learning (CL) objective function:

(6)

Datasets and network models
We investigated RPL’s performance on multiple synthetic and real-world video and audio datasets
with corresponding deep neural network architectures for the encoder, integrator, and predictor.

ℒRPL = ‖𝑓 (𝒄𝑡)− SG (𝒛𝑡+Δ) ‖
2,

ℒIL= ‖𝑓 (𝒄𝑡)− SG (𝑓 (𝒄𝑡+Δ)) ‖
2
+ℒreg (𝑓 (𝒄𝑡))

= ‖𝑓 (𝒄𝑡)− SG (𝑓 (𝒄𝑡+Δ)) ‖
2 − 𝜆1

1

𝑀

𝑀

∑
𝑖=1

log𝜎2𝑖 + 𝜆2

𝑀

∑
𝑖=1

𝑀

∑
𝑗≠𝑖

𝐶 2
𝑖𝑗,

ℒIL2 = ‖𝒛𝑡 − SG (𝒛𝑡+Δ) ‖
2
+ℒreg (𝒛𝑡) ,

ℒILc = ‖𝒄𝑡 − SG (𝒄𝑡+Δ) ‖
2 +ℒreg (𝒄𝑡) ,

ℒCL = ‖𝑓 (𝒄𝑡)− SG (𝒄𝑡+Δ) ‖
2.
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Synthetic moving animal video dataset
We generated the synthetic 32-frame moving animal videos by first generating sequences of the
continuous latent variables. To that end, we randomly sampled an animal category and simulated
its motion with a random initial velocity v1, v2 ∼ U(−8, 8) and rotation with a constant randomly
sampled angular velocity . We also simulated motion in a third depth dimension by
changing the scale of the animal starting with a random initial velocity v3 ∼ U(−0.125, 0.125).
Furthermore, we assumed elastic collisions at the position boundaries in all three dimensions,
which changed the direction of motion. Overall, the latent variables included the animal category
S, position (r1, r2), scale r3, velocity v = (v1, v2, v3), planar orientation θ, and the corresponding
angular velocity ω. We sampled the initial orientation from a uniform distribution θ ∼ U(0, 2π).
The initial position in the r1-r2 plane was sampled from a uniform distribution: r1, r2 ∼ U(8, 56),
where 8 is the padding around the image, ensuring that the animal remained visible within the
frame. The scale r3 was randomly initialized from and remained limited to the interval [0.2, 1].

We then sampled the latent variable trajectory at discrete intervals and constructed the
corresponding 64 × 64 RGB video frames. Each frame contained one antialiased animal image
scaled and rendered on a gray background. Here, a scale r3 = 1 corresponded to an image size of
32 × 32 pixels. Finally, we added independent Gaussian noise ∼ N (0, 0.1) to each pixel and color
channel (Supplementary Fig. S1     ). Using this procedure, we built a fixed corpus of 4000 32-frame
videos for validation and testing, and randomly generated training sets of 16000 videos for each
network model we trained.

Network architecture and training
We used a convolutional neural network (CNN) with six convolutional layers for the encoder, each
with 32 filters of size 5 × 5 and padding of size 2, followed by a batch normalization layer and a
rectified linear unit (ReLU) activation function. We used a stride of two for the first two layers to
reduce the spatial dimensions, and stride one for later layers. The output of the last convolutional
layer was flattened to obtain the embedding vector zt. This embedding was then fed to the
integrator with a single layer of 512 long short-term memory (LSTM) units to obtain the internal
representation ct. Finally, this representation was passed through the predictor, a feedforward
Multi-Layer Perceptron (MLP) network with one hidden layer of 512 units and the ReLU activation
function, followed by a linear output layer. We trained the networks using the AdamW optimizer
[104] with learning rate 3 × 10−4, weight decay 10−5, and batch size 128 for 1000 epochs using the
aforementioned objective functions with Δ = 1 on the 16000 training videos, i.e., a total of 512000
frames, using a cosine learning rate schedule. In the case of RPL and CL (Eqs. (2)      and (6)), we
used a learning rate 10 times higher for the predictor network relative to the encoder, an
established protocol for JEPA training [37]. For IL variants, we used λ1 = 20 and λ2 = 200 for the
regularization strengths.

To compare our model to established SSL, albeit not necessarily biologically plausible algorithms,
we trained the same network architecture via an InfoNCE loss [34] with 10 negative samples per
positive sample and using either a nonlinear or linear predictor network (Table S1     ).

Evaluation
We then evaluated the trained network models using linear probing as follows. First, we froze all
network parameters and computed the internal representations of the training and testing
datasets. We then standardized these representations to zero mean and unit variance. We used the
resulting representations of the training dataset to fit an ordinary least square linear regression
model for each continuous latent variable and a linear classifier for animal category. Since
orientation is not a linear variable, we used a = sin θ and b = cos θ as target variables for the linear
readout, which was trained by minimizing the mean-squared-error. We additionally optimized a
phase offset for each animal category to correct for orientation offset biases per animal in the
shared representation space. Moreover, we decoded the angular speed |ω| from time-averaged
video representations. We trained the linear classifier on time-averaged video frames of the

𝜔 ∼ 𝒰 (− 𝜋

6 ,
𝜋

6 )
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training set using the AdamW optimizer with a learning rate of 10−3, weight decay of 10−5, and a
batch size of 128 for 250 epochs. Throughout the article, we reported the classification accuracies
and coefficient of determination R2 for regression on the held-out test data. Finally, to provide a
lower reference value for comparison, we evaluated the readout performance as described above
for an untrained, randomly initialized network as a control. Similarly, to compare with supervised
learning, we also trained the same network end-to-end using the regression and classification
readouts as supervised training objectives for optimizing the encoder and integrator. Note that the
predictor is unused during evaluation in all cases, and also during supervised training.

Internal simulation of trajectories
To investigate the model’s ability to accurately simulate trajectories soley based on internal
representations, we primed the network with the first eight frames of a video. After the initial
priming phase, the predicted embeddings were fed back to the integrator autoregressively for the
following sixteen time steps thereby generating simulated internal representations (Fig. 3a     ). To
evaluate the quality of the simulation, we then estimated the latent variables from the internal
representations using the linear decoders described above and compared them to the actual latent
variables of the ground truth trajectory (cf. Fig. 3      and S7).

Synthetic sequences of handwritten digits
To test RPL on more abstract stimulus sequences, we generated synthetic sequences of hand-
written digit images consisting of digit triplets separated by zeros (Fig. 4a     ). We generated the
digit sequences by sampling clusters, triplets and digits for 64 time steps according to a structured
grammar (cf. Fig. 4b     ). Specifically, we clustered the digits into four groups: {1, 2, 3}, {4, 5, 6}, {7,
8, 9}, and {0}. The permutations of the digits within each of the first three groups constituted the
triplets, making a total of 18 possible triplets. Each digit sequence consisted of such triplets
interspersed with zeros, starting with a triplet drawn from a randomly chosen cluster. Each triplet
was either followed by another random triplet from the same cluster with a probability of 0.8, or a
zero with a probability of 0.2. After a zero, a cluster group was chosen uniformly at random to
continue the sequence. Overall, the latent variables in this case were the digit identity, the cluster
group, and the triplet identity. Given the generated sequence of digits, we finally sampled
corresponding 28 × 28 grayscale images from the MNIST training and test sets for training and
testing respectively. Using this approach, we generated 10000 training sequences and 10000 test
sequences for each model.

Network architecture and training
For the encoder, we used an MLP with two hidden layers consisting of 32 units, each followed by
batch normalization and ReLU activation functions. We fed the resulting embeddings into a single-
layer recurrent neural network (RNN) integrator with 128 units to generate the internal
representations. The representations were further passed through a feedforward MLP predictor
network with a single hidden layer of 128 units and ReLU activation function, followed by a linear
output layer. We trained all networks using the AdamW optimizer with a learning rate 3 × 10−4,
weight decay 10−3, and batch size 64 for 200 epochs using the different objective functions with Δ =
1 on the training sequences. For IL, we used λ1 = 1 and λ2 = 10 for the regularization strength.

Evaluation
To assess the quality of the learned representations, we first froze the parameters of the trained
networks. Then, we extracted the representations of the training and test sets and standardized
them as before. We subsequently trained a set of linear classifiers on these representations to
decode digit identity and cluster identity at each time step, and triplet identity after observing the
first two digits of any triplet subsequence (cf. Fig. 4b     ). We trained all three linear classifiers for
50 epochs using AdamW with a learning rate of 10−3, weight decay of 10−5, and a batch size of 128.
As before, we also computed performance estimates for a random untrained baseline network as
well as end-to-end supervised training.
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Real-world videos of behaving mice
To study RPL’s ability to extract latent variables from real-world data, we used videos from the
open source dataset of behaving mice in an open-field arena provided by Luxem et al. [47].
Concretely, we used two one-hour videos with a 25 Hz frame rate resulting in a total of 2 × 90000
frames. To split the data into training and test sets, we sliced the videos into one-minute segments
from which we used the first fifty seconds for training and the last 10 seconds for testing. We
downscaled all frames to 96×96 pixel frames using HandBrake [105] and subsampled the video
segments at 5 Hz, i.e., only using every fifth frame, to decrease computational training cost. We
further computed the proxy latent variables velocity, orientation, and position based on the
dataset’s DeepLabCut [48] estimates of tail root and nose position. To reduce label noise in the
velocity estimates of each sample (Supplementary Fig. S9     ), we smoothed them using a
cumulative summation over time before standardizing the values. We further noted that the
dataset contained erroneous nose position outside of the arena, for instance, whenever the nose
was not visible when the animal was rearing. To prevent this label noise from entering our
orientation estimates, we replaced the affected data points with linearly interpolated values.

Network architecture and training
We used a CNN with six convolutional layers, each with 32 filters as the encoder. We used 5 × 5
filters with padding and strides of size two for the first three layers, and 3 × 3 filters with padding
and strides of size one for the following three layers. All convolutional layers were followed by a
batch normalization layer and ReLU activation functions. The output of the last layer was flattened
to obtain the embedding vector zt. This embedding was then fed to the integrator consisting of a
single layer of 256 LSTM units to obtain the internal representation ct. Finally, the internal
representations passed through an MLP predictor network with a single hidden layer comprised
of 256 units followed by ReLU activation functions and a dense linear output layer. We trained the
networks using the AdamW optimizer with learning rate 3 × 10−4, weight decay 10−5, and batch
size 128 for 500 epochs using the aforementioned objective functions with Δ = 1 on the training set.
In the case of RPL (Eq. (2)     ), we trained the predictor network with a 10 times faster learning rate
than the rest of the network. When training using an IL objective, we additionally set the
regularization strengths to λ1 = 20 and λ2 = 200.

Evaluation
We evaluated the networks on the test subset of the dataset using linear least squares with L2
regularization, i.e., ridge regression, with regularization coefficient of 1.0 on the trained internal
representations to decode the latent variables rN, vT, and θ.

Real-world natural speech recordings
To test our representation learning framework in a different data domain, we used a 100-hour
audio recording subset of the Librispeech dataset [49] for training and evaluating the network.
Librispeech contains English audio book files from 251 speakers, with 41 force-aligned phoneme
labels. The audio files were sampled at 16 kHz and there is a phoneme label for roughly every 10
ms of audio.

Network architecture and training
Following the work of Oord et al. [34], we used a 1D CNN architecture acting on the raw audio
waveform with 512 output units as the encoder. The resulting embeddings were then fed into the
integrator, a single LSTM layer with 256 units, to generate the internal representations. The
representations were then passed through an MLP predictor network with a single hidden layer of
512 units and ReLU activation function, followed by a dense linear output layer. The network was
trained using the AdamW optimizer with learning rate 3×10−4, no weight decay, and batch size 256
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for 500 epochs using the different objective functions with Δ = 8. The hyperparameter Δ was
determined via grid search to be the optimal prediction horizon for RPL. In the case of IL
objectives, we used λ1 = 2 and λ2 = 20 as regularization strengths.

Evaluation
We evaluated the trained networks on the test set following the same steps as above and by
training linear readouts to decode the phoneme and speaker labels. The linear readout contained
251 units for speaker classification and 41 units for phoneme classification. We trained the linear
classifiers using the AdamW optimizer with learning rate 10−3, weight decay 10−5, and batch size
64 (for speaker identity) for 50 epochs. Following the same procedure as in Oord et al. [34], we use
a batch size of one for training readouts for the phoneme classification task, as the start and end
point annotations for phoneme labels are not provided. As before, we evaluated a randomly
initialized network for comparison.

Learning successor-like representations
To investigate whether RPL learns successor-like representations, we modeled a stimulus
sequence A-B-C-D as in the experiment [45] with one-hot vectors. Since the one-hot encoding of the
inputs alleviated the need for learning stimulus representations, we replaced the encoder with an
identity matrix. For simplicity, we used a vanilla RNN with four units as integrator, whose weights
we initialized with an identity matrix, and a dense linear predictor whose weights we initialized
with a Glorot uniform distribution [106]. We trained n = 35 networks for 352 epochs on the A-B-C-D
sequence using the RPL objective with a learning rate of 10−3 for the integrator and 0.01 for the
predictor. Further, we used a weight decay of 10−4 for all the components.

We trained logistic regression models on the internal representations of the full sequences to
classify the sequence locations. We then sorted the integrator units based on their selectivity to
sequence locations. We computed the average weight matrix of all logistic regression models and
visualized it to see if it resembles a successor matrix (Fig. 6b     ). To generate the partial sequences,
we used zero input vectors for the non-stimulated sequence locations and the corresponding one-
hot vector for the stimulated location. We then computed the activity at stimulated and non-
stimulated locations for each partial sequence by recording the mean population activity of the
integrator units at each sequence location and subtracting the population response to a zero input
(Fig. 6d     ). These values were averaged over all partial sequences for each stimulated and non-
stimulated location to obtain the activity at individual predecessor, stimulated, and successor
locations (Fig. 6c     ).

Learning abstract sequence representations from local-global
oddballs
To study whether RPL learns abstract sequence representations similar to the primate PFC, we
modeled the local-global oddball experiment conducted by Bellet et al. [44]. We first extracted
images of the ten visual stimuli used in the experiment and downsampled them to 32 × 32 pixel
color images. We then constructed the oddball sequences from [44] consisting of pairs of stimuli
organized in blocks of twenty sequences (scaled down from the original block size of two
hundred). Each sequence comprised four stimulus presentations, either repeating the same
stimulus (xxxx or xx for short) or with a local deviant at the last position (xxxY or xY for short).
Here, x stands for either of the two items in each pair of stimuli and y for the other, fixed within
one block. The first five sequences in each block were consistently either xx or xY, setting the
global standard or “context” for that block. The next fifteen sequences were randomly set to either
global standards (80%) or rare global deviants (20%). The global standards were repeats of the
standard sequence, i.e., xx in an xx block (xx|xx) or xY in an xY block (xY|xY). The global deviants
differed from the standard sequence only in the last position (xY|xx or xx|xY). The full sequence
of stimuli also contained blank frames, one between each pair of consecutive stimuli in a given
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sequence, and four between sequences in the same block. We generated 2000 such blocks with the
stimulus pairs and contexts uniformly chosen at random for each block for training the network
model, and 2000 more for testing.

Network architecture and training
Since the stimulus set consisted of only ten images, we used a simple MLP with two hidden layers
and batch normalization for the encoder. The MLP took in the full vector of image pixels as input
and had 64 units in each hidden layer and its output layer. We then fed the embedding from the
output of the encoder to an integrator consisting of a single LSTM layer with 256 units to generate
the internal representations. These were then passed through an MLP predictor with one hidden
layer with 256 units. Both the encoder and predictor MLPs used the ReLU activation function. For
training, each block of 20 sequence presentations was given as one training sample sequence. We
trained the network using the AdamW optimizer with learning rate 3 × 10−4, batch size 128, and
weight decay 10−3 for 2000 epochs using the RPL objective function with Δ = 1. As before, we also
used a 10 times higher learning rate for the predictor.

Evaluation
For evaluating the trained network, we closely followed the analysis of PFC population recordings
done by Bellet et al. [44]. This consisted of training linear decoders for serial sequence position,
stimulus identity, global context and presence of local and global deviance as above, but with
specific sequence subtypes used for training the readout (cf. Fig 3      and Methods in [44]) as
summarized below:

Serial position
For sequence position, we trained binary classifiers using logistic regression for each position in
the sequence using only xx trials for training. This yielded predicted probabilities of items 1
through 4 at each time point of a sequence, plotted for the held-out test set in Fig. 7b     .

Stimulus identity
Stimulus identity was defined as a fixed binary label for the two items in each of the five stimulus
pairs. We trained a binary classifier for decoding this binary label using only the first three stimuli
in each sequence for training. The projections of the representations onto the weights found by the
binary classifier are plotted in Fig. 7c      for the held-out test set of sequences.

Global context
For decoding the context, we first averaged the representations over the first three stimulus pairs
in every sequence attaching a binary label corresponding to whether the global standard was a
repeat sequence (xx) or a sequence with a local oddball (xY). As above, we trained a binary
classifier with logistic regression and plotted the projections of the representations from held-out
sequences onto the weights found by training the binary classifier.

Deviance
For decoding both global and local deviance, we used the representation corresponding to the last
stimulus presentation to train a binary classifier with logistic regression. Then, we plotted the
projections of the representations for the test set onto the weights of the binary classifier.

All linear decoders were trained with AdamW using the learning rate 10−3 and weight decay 10−5.

Hierarchical RPL (h-RPL)
To assess the effectiveness of RPL in a hierarchical setting, we constructed a network from six RPL
circuits each with a shallow single-layer 2D CNN with 32 filters of size 5 × 5 and padding of size 2,
followed by a batch normalization layer and a ReLU activation function. The first two
convolutional layers had a stride of two while the convolutional layers in higher circuits had a
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stride of 1. Note that this stack of shallow instantaneous encoders in h-RPL results in the same
deep convolutional encoder used in RPL for the same dataset. The encoder output was sent to the
next circuit in the hierarchy and a flattened version was sent to the local integrator circuit, an
LSTM with 512 units (Fig. 8a     ) for all circuits. Each circuit also had its own MLP predictor with a
single hidden layer comprised of 512 units with ReLU activation functions and followed by a dense
linear output. Importantly, the different circuits were gradient isolated and independently
optimized the RPL objective (Eq. 2     ) at each level of the hierarchy, without backpropagating the
gradients between circuits. Finally, we trained the model on the synthetic moving animal videos
(cf. Fig. 2     ) using the AdamW optimizer with learning rate 3 × 10−4, weight decay 10−5, and batch
size 128 for 500 epochs using the RPL objective. As before, we evaluated the representations using
linear probing albeit now for each circuit individually.

Data and code availability
The code to reproduce all modeling results in this article is available on Github [110]. We further
used the following publicly available datasets: The Librispeech dataset is freely available for
download [107]. We used train and test splits and force-aligned phoneme annotations as defined
previously [34] and made available by the authors
(https://drive.google.com/drive/folders/1BhJ2umKH3whguxMwifaKtSra0TgAbtfb     ). The mouse
arena videos are available on Figshare [108]. Further, the two down-sampled videos used in this
article are included in our Github repository. Finally, the plots for the macaque PFC experiment
[44] were reproduced using data [109] and analysis code [111] shared publicly by the authors.
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Reviewer #1 (Public review):

Summary:

The paper describes a biologically plausible version of JEPA using recurrent neural networks
called RPL for recurrent predictive learning. Given an embedding z_t, a recurrent neural
network processes these inputs with the form: c_t+1 = RNN(c_t, z_t). Then the predictive
network f is predicting the future inputs with the format: min || f(c_t) - stop_grad(z_t+delta t)
||^2. I understand that a prediction error is defined as: e = z_t+delta t - f(c_t) to model cortical
measurements in the oddball task.

The RPL model is also shown to build an internal world model, with "real-world" data like the
movement of moving animals or speech signals. The representation is then compared to V1
data and expected prediction error signals in an oddball setting. In a stacked hierarchy of
RNN learning with RPL, the higher layers appear to learn high-level latent variables, although
gradients are not propagated downward to the lower layers.

Strengths:

(1) The paper tackles an open question: Self-supervised learning is thought to be a
fundamental principle to explain how computation is structured in the brain. Cortical data
suggest qualitatively that prediction error is a core principle of representation learning in the
brain, but the field is still looking for a simple yet expressive model that would explain how
the cortex learns its representations. RPL contributes in that direction by making a useful link
between cortical representation learning in RNN models and the JEPA learning algorithm
that was demonstrated to scale to large world model learning from video data by Lecun's
group. It is very useful to connect this popular deep learning algorithm to cortical data.
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(2) The model formalism is relatively elegant and simple: Simple next input prediction
objectives are conceptually simple but not necessarily trivial to build at scale. There is a clear
benefit in comparison with contrastive or IL methods because they are free from dataset-
specific data augmentation and negative samples. Thereby moving the comp neuro field
towards conceptually simpler models of representation in the cortex. Yet predictive only
models (and in particular predictive models in latent space instead of pixel space) are not
easy to build in a stable fashion. JEPA family is basically intended to solve this question; it is
very nice and timely to bring this to comp neuro.

(3) The methodology combining comp neuro and deep learning makes sense: The conceptual
and qualitative analogy with cortical prediction errors is relevant and consistent with what is
expected as a model of self-supervised learning in cortical models. The methodology to
compare RPL with IL and CL is methodologically meaningful and grounded: showing, for
instance, how some of the models fail to represent some latent structure in some toy datasets
is interesting.

(4) h-RPL: The h-RPL is perhaps the most creative departure from the JEPA model family. It
would be interesting to say more about what was particularly difficult to see in the latent
variables emerging in the hierarchical model. I often find it magical that layer-wise learning
rules of this type are not learning redundant representations. Any insights why this is not the
case here would be potentially insightful.

Weaknesses:

In general, I fully support the type of question and ideas that the paper is putting forward. It
is, however, very hard in this research field to gain insight into specific conceptual
contributions or specific bits of experimental data that the model puts forward. In pointing to
the following weaknesses, I am encouraging the authors to lay out more clearly what the
unique hypothesis is or the contribution of the RPL model that we should remember it for.

(1) The devil is in the details:

1a) Comparison with JEPA variants: JEPA variants are integrating different details into the
learning algorithm. Integrating, for instance, "masking" of the latent encoder targets, or EMA
in the style of BYOL or Siamese networks, for the predicted representations. It is great that
RPL does not seem to need any of those (next input prediction is a natural implementation of
masking, and EMA does not seem to be used). It is notoriously hard for the JEPA model to
work without these features. Since some of these details are sometimes surprisingly crucial
for a simulation to work, it would be good to report which of the other important details were
key to live without EMA and masking. Is it the difference in learning rate, for instance? Or
maybe the tasks considered are simply easy enough for any model to work; if so, it could be
useful to acknowledge to what extent this is true.

1b) Comparison with IL and CL: On a high level, the comparison with IL and CL algorithms is
written as conclusive. I suspect that the failure modes of IL and CL that are described are not
due to the algorithms themselves, but rather to the construction of invariance statistics or the
choice of negative sample sets (the sets of samples among which variance 1 is requested by
VICreg). For instance, if variance (or negative sample set) is taken only across time, the
variance object identity is expected to collapse. Similarly, if the variance is taken across the
object identity, the variance across time can collapse. So I wonder if the failure of IL and CL is
induced by the construction of the variance definition.

(2) Prediction error: When compared to the recording of cortical activity in Figure 7. It is not
obvious from the figure which latent space we are talking about mathematically. Is the vector
z, c or the prediction error e? This is rather important from a neuroscientific point of view,
because the prediction error e is expected to explain the neuronal data. On the other hand,
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the prediction error e is only used in the learning algorithm to define the loss function, but it
is not the communication medium between the RNN units c (or with the encoder z).

In the brain, since the measurements are recorded as neural activity, they are
communication channels between specific units (z or c). It is probably c or z that would
already explain the oddball prediction error. I believe that other models, like Forward-
forward of Nejad et al., have tried quite hard to address this apparent tension. Whether or
not this is resolved by RPL, it thinks it would be beneficial to state the problem and clarify
how the algorithm addresses or ignores the issue.

(3) Successor representation without value? I believe the term successor representation is
historically relevant in a reinforcement learning (RL) setting and has a precise mathematical
definition. Without RL, I feel that learning successor representation is conceptually identical
to learning a transition matrix (aka, a primitive world model). I therefore wonder if the pitch
for high-level framing of the successor representation is appropriately described or trivial.

(4) Learning in RNN: Learning with recurrent networks appears to be a key in this model
presented here (it is in the algorithm name). Yet, this aspect of the model and the literature on
biologically plausible learning rules for RNN is not really discussed.

https://doi.org/10.7554/eLife.110895.1.sa3

Reviewer #2 (Public review):

This is a very interesting manuscript, which proposes a novel idea on how cortical networks
may learn useful representations of sensory stimuli. The model implementing this idea is
thoroughly tested in multiple experimental paradigms. The manuscript is very clearly
written. I feel it may have a significant impact on our understanding of cortical circuitry.

https://doi.org/10.7554/eLife.110895.1.sa2

Reviewer #3 (Public review):

Summary:

This paper presents Recurrent Predictive Learning (RPL), a self-supervised model
conceptually similar to Joint-Embedding Predictive Architecture (JEPA) models. RPL
sequentially observes dynamic scenes to predict subsequent observations. A central claim of
the work is that the model's trained representations are simultaneously invariant and
equivariant to transformations, such as movement properties that emerge without explicit
supervision. These representational qualities are demonstrated through three experiments
utilizing two simulated datasets and one naturalistic dataset. Furthermore, the latent
embeddings are qualitatively compared with neural data, showing that the model reproduces
the successor representation observed in human V1 and the local/global oddball effect in the
monkey Prefrontal Cortex.

Strengths:

(1) The paper addresses a fundamental question relevant to both computational neuroscience
and machine vision: how the brain learns representations that are simultaneously invariant
and equivariant to transformations. The manuscript is well-written, easy to follow, and
supported by clear visualizations.
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(2) While JEPA-style models have recently gained significant traction in the artificial
intelligence community, this paper nicely bridges the gap to neuroscience. By framing these
architectures as a theory for visual learning in the brain, the authors provide valuable
insights into how predictive frameworks can explain cortical processing.

(3) The qualitative alignment with V1 and PFC data is a particularly strong contribution, as it
offers a potential mechanistic explanation for observed neural phenomena through the lens
of self-supervised learning.

Weaknesses:

(1) The central claim, that both invariance and equivariance emerge spontaneously, requires
further scrutiny (see Ghaemi et al., NeurIPS, 2025; Garrido et al., arXive, 2024). In particular,
the synthetic "moving animal" dataset used in this paper may be too simple to fully support
this claim. In latent space prediction, a model must predict both the scene content and the
dynamics of movement. Because movement (whether ego-motion or external) is often highly
uncertain (or multi-modal), predictive models in naturalistic settings often "collapse" toward
learning purely invariant representations, ignoring the hard-to-predict dynamics. In the
provided simulations, the movements are extremely predictable. In more complex scenarios,
the model would likely prioritize content (invariance) over dynamics (equivariance) unless
aided by action-conditioning or explicit factor estimation (Zhang et al., ICLR, 2026). The
authors' results in Figure 5 using naturalistic video seem to reflect this limitation, given the
lower performance on the naturalistic videos compared to the synthetic datasets.

(2) The framing of the RPL model as an entirely new theory of representation learning is
slightly overstated. The focus on prediction in representation space rather than input space is
the defining characteristic of JEPA and various other Self-Supervised Learning (SSL) models,
even sequential prediction. While this paper clarifies the connection between these AI
frameworks and cortical circuits, the work would be strengthened by more explicitly
positioning RPL within the context of existing JEPA-style models and prior SSL theories of the
visual system.

(3) A significant challenge in latent-space SSL is avoiding "representational collapse" (where
the model provides a trivial constant output). While the paper alludes to JEPA-like solutions, it
lacks a detailed explanation (in both the text and the architectural schematics) of the specific
technique used to prevent collapse. Consequently, it is difficult to evaluate the authors' claim
of "biological plausibility," as the biological equivalents of common machine learning
techniques (such as stop gradient) are not discussed.

(4) Recent work has shown that the capacity (size) of the predictor significantly influences the
learned representations in a JEPA-type world model (Gorrido et al., 2024). In simpler
scenarios, a large enough predictor can allow a model to "memorize" dynamics rather than
learning generalized equivariant features. It would be beneficial to see how the ratio of
predictor size to encoder size affects the emergence of these features.

Methodological Clarifications:

(1) The authors mention a contrastive learning comparison but provide few details. Since
contrastive learning is primarily a technique to avoid collapse, it would be a more rigorous
baseline if implemented within the same architecture as RPL to isolate the effect of the
predictive objective.

(2) In the PFC data comparison (Figure 7f), there appears to be a discrepancy where the local
and global conditions show nearly identical results in PFC, while different dynamics in the
model. It is unclear if this is a visualization error or a genuine model deviation.
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(3) The criteria for selecting specific model variables for comparison with V1 versus PFC are
not explicitly defined. Clarification is needed on whether the same latent variables were used
for both brain regions or if different layers were selected.

https://doi.org/10.7554/eLife.110895.1.sa1

Author response:

Public Reviews:

Reviewer #1 (Public review):

The paper describes a biologically plausible version of JEPA using recurrent neural
networks called RPL for recurrent predictive learning. Given an embedding zt, a recurrent
neural network processes these inputs with the form: ct+1 = RNN(ct,zt). Then the
predictive network f is predicting the future inputs with the format: min||f(ct) − stop
grad(zt+∆t)||2. I understand that a prediction error is defined as: e = zt+∆t − f(ct) to
model cortical measurements in the oddball task.

The RPL model is also shown to build an internal world model, with ”real-world” data like
the movement of moving animals or speech signals. The representation is then
compared to V1 data and expected prediction error signals in an oddball setting. In a
stacked hierarchy of RNN learning with RPL, the higher layers appear to learn high-level
latent variables, although gradients are not propagated downward to the lower layers.

The paper tackles an open question: Self-supervised learning is thought to be a
fundamental principle to explain how computation is structured in the brain. Cortical
data suggest qualitatively that prediction error is a core principle of representation
learning in the brain, but the field is still looking for a simple yet expressive model that
would explain how the cortex learns its representations. RPL contributes in that direction
by making a useful link between cortical representation learning in RNN models and the
JEPA learning algorithm that was demonstrated to scale to large world model learning
from video data by Lecun’s group. It is very useful to connect this popular deep learning
algorithm to cortical data.

The model formalism is relatively elegant and simple: Simple next input prediction
objectives are conceptually simple but not necessarily trivial to build at scale. There is a
clear benefit in comparison with contrastive or IL methods because they are free from
dataset-specific data augmentation and negative samples. Thereby moving the comp
neuro field towards conceptually simpler models of representation in the cortex. Yet
predictive only models (and in particular predictive models in latent space instead of
pixel space) are not easy to build in a stable fashion. JEPA family is basically intended to
solve this question; it is very nice and timely to bring this to comp neuro.

The methodology combining comp neuro and deep learning makes sense: The
conceptual and qualitative analogy with cortical prediction errors is relevant and
consistent with what is expected as a model of self-supervised learning in cortical
models. The methodology to compare RPL with IL and CL is methodologically meaningful
and grounded: showing, for instance, how some of the models fail to represent some
latent structure in some toy datasets is interesting.

(1.1) h-RPL: The h-RPL is perhaps the most creative departure from the JEPA model family.
It would be interesting to say more about what was particularly difficult to see in the
latent variables emerging in the hierarchical model. I often find it magical that layer-wise
learning rules of this type are not learning redundant representations. Any insights why
this is not the case here would be potentially insightful.
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We thank the reviewer for this comment. Regarding representational collapse in h-RPL: each
local circuit independently applies the same collapse-preventing strategy as the single-level
RPL model: namely, the asymmetric prediction architecture combined with the stop-grad
operator. Since this mechanism operates locally within each circuit, it is sufficient to prevent
collapse at every level of the hierarchy independently (see also our response to Point P1.3).

The more subtle question is why the circuits learn non-redundant rather than identical
representations across the hierarchy. We believe two mechanisms are at play here: First, the
hierarchical encoder is a stacked convolutional network, meaning that receptive field sizes
grow with depth. This architectural inductive bias naturally encourages successive circuits to
operate on increasingly spatially integrated features, creating a structural pressure toward
learning complementary rather than redundant representations. Second, the growing
expressivity of the network with depth means that higher circuits have access to richer, more
abstract inputs from which they can extract higher-level latent structure that is not already
captured by lower circuits. Together these factors: the local collapse-preventing mechanism
and the depth-dependent growth in receptive field size and network expressivity presumably
explain why h-RPL builds an increasingly refined and non-redundant representational
hierarchy.

What we will do: We will expand our discussion on this point in the revised manuscript. We
plan to expand our quantification on how abstractions emerge in h-RPL in future work in
which we will also study variations with top-down connections.

(1.2) In general, I fully support the type of question and ideas that the paper is putting
forward. It is, however, very hard in this research field to gain insight into specific
conceptual contributions or specific bits of experimental data that the model puts
forward. In pointing to the following weaknesses, I am encouraging the authors to lay
out more clearly what the unique hypothesis is or the contribution of the RPL model that
we should remember it for.

Thanks for the positive feedback along with the constructive criticism, and we agree that
articulating the core contributions more crisply would strengthen the paper.

At its heart, we believe the paper makes two contributions we hope it will be remembered
for. First, while prior work has established that invariant representations can be learned via
local Hebbianlike learning rules, we show that learning equivariant representations
alongside a latent dynamics model requires something qualitatively different: a local circuit;
one with recurrent dynamics and an asymmetric predictive architecture. RPL provides a
minimal concrete instantiation of this principle.

Second, and perhaps more broadly, the model makes a structural prediction about (cortical)
neuronal circuit organization: since the encoder, integrator, and predictor each perform
functionally distinct computations, the framework implies the existence of corresponding cell
types and connectivity patterns one should look for in experimental data.

What we will do: We will sharpen these above messages in the revised manuscript to ensure
these contributions are prominently highlighted throughout the paper.

(1.3) Comparison with JEPA variants: JEPA variants are integrating different details into
the learning algorithm. Integrating, for instance, “masking” of the latent encoder targets,
or EMA in the style of BYOL or Siamese networks, for the predicted representations. It is
great that RPL does not seem to need any of those (next input prediction is a natural
implementation of masking, and EMA does not seem to be used). It is notoriously hard
for the JEPA model to work without these features. Since some of these details are
sometimes surprisingly crucial for a simulation to work, it would be good to report which
of the other important details were key to live without EMA and masking. Is it the
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difference in learning rate, for instance? Or maybe the tasks considered are simply easy
enough for any model to work; if so, it could be useful to acknowledge to what extent this
is true.

We thank the reviewer for raising this important point. There are two key mechanisms that
ensure stable, non-trivial training in RPL. First, using a higher learning rate for the predictor
relative to the encoder is crucial for stable training. This prevents the predictor from
collapsing the encoder representations and was already noted empirically by Chen et al.
(2021).

Second, and more fundamentally, predicting at the level of the memoryless encoder output,
rather than at the level of the recurrent integrator, is essential to prevent a degenerate
solution in which the RNN simply learns to generate an internally predictable time series
unrelated to the input. By anchoring the prediction target to the encoder, the model is forced
to ground its representations in the sensory input. Intuitively, otherwise the RNN can simply
“make up” a predictable time series, which satisfies the learning objective, but would not
yield useful internal representations.

Beyond these architectural points, previous work from our group (Srinath Halvagal et al.,
2023) has shown mathematically that JEPAs without EMA avoid collapse via an implicit
variance regularization mechanism, and we believe RPL benefits from the same principle.
Indeed, we now have a more complete theoretical understanding of this, including
identifiability proofs for the latent dynamical model under relatively mild assumptions
(Mikulasch et al., 2026). This work has recently been accepted at ICML. Other than that, one
has to ensure that representations are not already nearly collapsed at the beginning of
training. In this paper, we used normalization layers (batchnorm) in the encoder to ensure
this.

Finally like all SSL paradigms the augmentation strength is an important hyperparameter
that impacts the quality of learned representations. In the temporal predictive setting, the
augmentation strength is fixed by the world itself. The only knob we have to play with is the
prediction horizon ∆. While we typically focused on next-time-step (∆ = 1) prediction, we saw
a clear effect in the case of the speech dataset where ∆ = 8, but not ∆ = 1, yielded useful
representations for the tasks (Fig. 5b).

What we will do: We will discuss the above points more prominently in the discussion to
avoid them being overlooked in the methods. Additionally, we will include a plot on the
empirical prediction horizon for the speech dataset in the supplementary material for
reference.

(1.4) Comparison with IL and CL: On a high level, the comparison with IL and CL
algorithms is written as conclusive. I suspect that the failure modes of IL and CL that are
described are not due to the algorithms themselves, but rather to the construction of
invariance statistics or the choice of negative sample sets (the sets of samples among
which variance 1 is requested by VICreg). For instance, if variance (or negative sample
set) is taken only across time, the variance object identity is expected to collapse.
Similarly, if the variance is taken across the object identity, the variance across time can
collapse. So I wonder if the failure of IL and CL is induced by the construction of the
variance definition.

We thank the reviewer for this thoughtful point. Both RPL and CL implement an implicit
variance regularizer by virtue of being JEPAs (Srinath Halvagal et al., 2023), whereas IL uses
an explicit regularizer computed along both the batch and time dimensions to avoid
representational and dimensional collapse. The failure modes of IL and CL therefore cannot
be entirely attributed to the statistics of the input samples chosen for variance regularization,
but are instead primarily determined by the choice of prediction and target representations.

Neuroscience

https://doi.org/10.7554/eLife.110895.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience


Mohammadi, Halvagal et al., 2026 eLife 15:RP110895.  https://doi.org/10.7554/eLife.110895.1 41 of 49

What we will do: We will clarify this in the Methods section of the revised manuscript.

(1.5) Prediction error: When compared to the recording of cortical activity in Figure 7. It
is not obvious from the figure which latent space we are talking about mathematically. Is
the vector z, c or the prediction error e? This is rather important from a neuroscientific
point of view, because the prediction error e is expected to explain the neuronal data. On
the other hand, the prediction error e is only used in the learning algorithm to define the
loss function, but it is not the communication medium between the RNN units c (or with
the encoder z).

In the brain, since the measurements are recorded as neural activity, they are
communication channels between specific units (z or c). It is probably c or z that would
already explain the oddball prediction error. I believe that other models, like Forward-
forward of Nejad et al., have tried quite hard to address this apparent tension. Whether
or not this is resolved by RPL, it thinks it would be beneficial to state the problem and
clarify how the algorithm addresses or ignores the issue.

Thanks for pointing out the issue with regards to clarity and for raising the important but
subtle point about prediction error representation. To answer the immediate question asking
which vector we use in Figure 7, it is the vector c corresponding to the integrator
representations. We agree this should be stated explicitly and will update the manuscript
accordingly.

On the more general point, we agree that the tension between recordable neural activity and
the computational role of prediction errors is an important issue. We do already briefly
engage with it in the Discussion (subsection “Relation to previous modeling work”), where we
note that under RPL “inter-areal communication is dominated by representations rather than
error signals”. However, we agree that this point should be surfaced more directly.

To elaborate, under classical predictive coding, prediction errors are the inter-areal
communication channel and are therefore expected to be directly observable in neural
recordings, e.g., as oddball responses. Under RPL, this is not the case: e is computed locally
within a circuit and serves only as a learning signal for synaptic plasticity, not as a signal
propagated between circuits or areas. What cortex primarily encodes and communicates in
our framework are predictive representations, not reconstruction errors. Accordingly, what
should map onto recorded population activity are the representations c (and z), while locally
computed prediction errors could in principle remain observable as more circumscribed or
transient mismatch-like signals within a circuit.

We would like to push this point further. The reviewer frames this as a tension that RPL
needs to resolve, but growing neurophysiological evidence suggests that classical residual-
difference prediction errors may not be a dominant mode of cortical encoding in the first
place. Furutachi, Franklin, et al. (2024) showed that V1 responses to unexpected visual stimuli
do not encode how input deviates from predictions, but instead selectively amplify the
representation of the unexpected stimulus itself. Very recently, Furutachi and Hofer (2026)
generalize this into a revised framework in which feedforward pathways transmit sensory
representations modulated by prediction-error magnitude, rather than residual differences.
Vasilevskaya et al. (2026) constrain the space of plausible cortical algorithms via
functionalinfluence experiments, also concluding that no variant of standard predictive
processing is consistent with the full pattern of layer 2/3 ↔ layer 5 interactions; they propose
a JEPA-based model, citing RPL as a promising candidate. The model by Nejad et al. (2025)
similarly shares with RPL the property that representations, rather than residual errors,
propagate between circuit elements.

Taken together, the apparent tension may be less a problem RPL needs to resolve than one it
is well positioned to explain, remaining consistent with the emerging picture of cortex as
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encoding amplified sensory features rather than transmitting residual errors across areas.

What we will do: We will add missing information to the main text and sharpen the
Discussion with these arguments.

(1.6) Successor representation without value? I believe the term successor representation
is historically relevant in a reinforcement learning (RL) setting and has a precise
mathematical definition. Without RL, I feel that learning successor representation is
conceptually identical to learning a transition matrix (aka, a primitive world model). I
therefore wonder if the pitch for high-level framing of the successor representation is
appropriately described or trivial.

The reviewer makes a valid point on the concept of successor representations. To answer the
immediate question, it is not entirely trivial, as we not only observe the emergence of the
transition structure (Fig. 6c), but also the encoding of decaying future (but not past) state
occupancy (Fig 6d,e). We largely adapted the terminology “successor-like representations”
from the study by (Ekman et al., 2023), but we will elaborate a bit further for why we stuck to
it. As nicely pointed out by the reviewer, the term “successor representations” was
introduced in the RL literature (Dayan, 1993), but further adopted in neuroscience to describe
the idea that a neuronal population encodes a predictive representation that reflects the
expected future occupancy of future states under a given policy. Ekman et al. (2023) use the
term “successor-like representations” to explain the phenomena where the neural activity in
V1 (and hippocampus) represent both current and (discounted) future, but not past, state
occupancies in a sequence learning task with no explicitly defined policy or value training. In
other words, successor-like representations are simply predictive representations.

What we will do: To deal with this dichotomy, we will replace “successor-like
representations” with the term “predictive representations” in the abstract and clarify this
distinction in the Results section of the revised manuscript.

(1.7) Learning in RNN: Learning with recurrent networks appears to be a key in this
model presented here (it is in the algorithm name). Yet, this aspect of the model and the
literature on biologically plausible learning rules for RNN is not really discussed.

We thank the reviewer for raising this concern. While h-RPL is one step toward more
biologically plausible and spatially local learning rules, exploring it further in terms of
temporal credit assignment is beyond the scope of the present study and would require a
more systematic and in-depth analysis. However, moving toward more biologically plausible
learning rules is an interesting research direction that we plan to explore, as we also
mentioned in the Discussion (“Limitations and future research directions”).

We think a viable strategy could be to combine a slim spatial credit assignment strategy such
as feedback alignment (Nøkland, 2016; Lillicrap et al., 2016) with an online learning rule
using eligibility traces for temporal credit assignment such as SuperSpike (Zenke et al., 2018)
or e-prop (Bellec et al., 2020). Similar strategies have given promising results for CLAPP (Illing
et al., 2021; Zihan et al., 2026).

What we will do: Following the suggestion, we will discuss biologically plausible learning
rules for RNNs in the Discussion.

Reviewer #2 (Public review):

This is a very interesting manuscript, which proposes a novel idea on how cortical
networks may learn useful representations of sensory stimuli. The model implementing
this idea is thoroughly tested in multiple experimental paradigms. The manuscript is very
clearly written. I feel it may have a significant impact on our understanding of cortical
circuitry.
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Reviewer #3 (Public review):

This paper presents Recurrent Predictive Learning (RPL), a self-supervised model
conceptually similar to Joint-Embedding Predictive Architecture (JEPA) models. RPL
sequentially observes dynamic scenes to predict subsequent observations. A central claim
of the work is that the model’s trained representations are simultaneously invariant and
equivariant to transformations, such as movement properties that emerge without
explicit supervision. These representational qualities are demonstrated through three
experiments utilizing two simulated datasets and one naturalistic dataset. Furthermore,
the latent embeddings are qualitatively compared with neural data, showing that the
model reproduces the successor representation observed in human V1 and the
local/global oddball effect in the monkey Prefrontal Cortex.

The paper addresses a fundamental question relevant to both computational
neuroscience and machine vision: how the brain learns representations that are
simultaneously invariant and equivariant to transformations. The manuscript is well-
written, easy to follow, and supported by clear visualizations.

While JEPA-style models have recently gained significant traction in the artificial
intelligence community, this paper nicely bridges the gap to neuroscience. By framing
these architectures as a theory for visual learning in the brain, the authors provide
valuable insights into how predictive frameworks can explain cortical processing.

The qualitative alignment with V1 and PFC data is a particularly strong contribution, as it
offers a potential mechanistic explanation for observed neural phenomena through the
lens of selfsupervised learning.

(3.1) The central claim, that both invariance and equivariance emerge spontaneously,
requires further scrutiny (see Ghaemi et al., NeurIPS, 2025; Garrido et al., arXive, 2024).
In particular, the synthetic ”moving animal” dataset used in this paper may be too simple
to fully support this claim. In latent space prediction, a model must predict both the
scene content and the dynamics of movement. Because movement (whether ego-motion
or external) is often highly uncertain (or multi-modal), predictive models in naturalistic
settings often ”collapse” toward learning purely invariant representations, ignoring the
hard-to-predict dynamics. In the provided simulations, the movements are extremely
predictable. In more complex scenarios, the model would likely prioritize content
(invariance) over dynamics (equivariance) unless aided by action-conditioning or explicit
factor estimation (Zhang et al., ICLR, 2026). The authors’ results in Figure 5 using
naturalistic video seem to reflect this limitation, given the lower performance on the
naturalistic videos compared to the synthetic datasets.

We thank the reviewer for the feedback. We agree that further validation on more complex
datasets would strengthen the claims, and we take this point seriously. If the reviewer has
any suggestions for a specific alternative dataset, we would welcome any recommendations.

Regarding the mouse video data specifically, we realized that this is a suboptimal benchmark
rather than a shortcoming of our method. The culprit presumably is that the mice remain
largely stationary, leading to a heavily imbalanced velocity distribution peaked near zero
(Supplementary Fig. S9     ). This imbalance makes equivariance evaluation unreliable
regardless of the learning algorithm. For example, end-to-end supervised training results in
an R2 of 0.19 compared to 0.08 ± 0.02 for RPL.

Regarding the moving animal dataset, we note that the dynamics are not trivial from an SSL
perspective: unlike moving MNIST (Srivastava et al., 2015), the dataset includes changes in
scale and orientation, both features that invariance-focused SSL models can easily ignore, yet
RPL recovers reliably. For example, this discrepancy can be seen in Supplementary Table
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S1      where we compare to InfoNCE and CPC. That said, we acknowledge the reviewer’s
broader concern and will seek to validate RPL on more complex datasets.

While it would be nice to compare to related work by Ghaemi et al. (2024), this study used
3DIEBench (Garrido et al., 2023). Unfortunately, 3DIEBench’s reliance on pair-based
representations with annotated but random augmentations (such as rotations or color
changes) precludes the possibility of smooth latent traversals that would be required for RPL
to learn from the same dataset. We will look into whether it is computationally feasible to
adapt or regenerate a similar dataset that meets the requirements for temporal prediction.

Regarding stochasticity, we agree that predictive learning in latent space is most natural in
approximately deterministic settings, whereas real world sensory information often
comprises non-deterministic elements. While a deeper treatment of such stochastic
environments is beyond the scope of the present manuscript, it will be the focus of ongoing
and future work. Regarding ongoing work, it is worth mentioning that in recent work from
our group (Hauri et al., 2026), we have demonstrated that RPL’s core objective can replace the
reconstruction loss in Dreamer, achieving competitive performance in complex, stochastic
environments. While we did not systematically evaluate equivariance in this study, the
results suggests that representation-space predictive learning is viable beyond the
deterministic regime.

What we will do: We will make the point about the real-world mouse video dataset being a
poor benchmark and include the additional R2 values to show that. Further, we will try to
identify or generate alternative datasets to back the equivariance claims and discuss our
findings in the light of previous work, e.g., Ghaemi et al. (2024). Moreover, we will sharpen
our discussion of our model’s limitations in stochastic settings and highlight notable
connections to related work.

(3.2) The framing of the RPL model as an entirely new theory of representation learning
is slightly overstated. The focus on prediction in representation space rather than input
space is the defining characteristic of JEPA and various other Self-Supervised Learning
(SSL) models, even sequential prediction. While this paper clarifies the connection
between these AI frameworks and cortical circuits, the work would be strengthened by
more explicitly positioning RPL within the context of existing JEPA-style models and prior
SSL theories of the visual system.

Thanks for raising this point. We are unsure what the reviewer refers to. We did not frame
our work as ”an entirely new theory of representation learning,” as the reviewer suggests. In
fact, we highlight quite the opposite already in the title of our article, which reads:
“Understanding neural circuit principles for representation learning through joint-
embedding predictive architectures.” We do not claim novelty over JEPA as an ML paradigm,
we adopt it precisely because it provides a principled, non-generative framework for
predictive representation learning, and our goal is to develop a circuit level instantiation that
accounts for neural circuit computation. We already discuss a body of previous work of self-
supervised learning and JEPAs at length. Since the reviewer did not specify what they are
missing, we will briefly reiterate what is already there.

Our contribution is a theory of representation learning in the brain, built on JEPAs as the
underlying ML framework. The Title and Introduction already position our work quite
explicitly this way. Specifically, we mention prior work on JEPAs (CPC, BYOL, SimSiam, I-JEPA,
seq-JEPA, V-JEPA, V-JEPA 2), while noting that “most JEPAs developed in machine learning are
poor models of cortical computation” because of their reliance on negative sampling,
transformers, masking, static images, and/or known parametrized transformations, and
motivate RPL as the minimal candidate that “must instead rely on recurrent neural
dynamics, learn from streaming sensory input without masking, support both invariant and
equivariant representations, and reproduce key neurophysiological observations.”
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The Discussion (“Relation to previous modeling work”) further details the specific novelties of
RPL relative to existing sequential JEPA-style and SSL models like CPC (Oord et al., 2018), V-
JEPA (Bardes et al., 2024), V-JEPA 2 (Assran et al., 2025), seq-JEPA (Ghaemi et al., 2024). In
brief:

RPL is a recurrent JEPA based on RNN dynamics, not transformers, and learns from
streaming sensory input without masking or random negative sampling;

It explicitly compares three prediction-error topologies (RPL vs. invariance learning vs.
contextprediction; Fig. 2, Suppl. Fig. S2, S6) and shows that asymmetric recurrent prediction
is essential for jointly learning invariant and equivariant representations;

Importantly, it does so via pure temporal prediction without access to underlying
transformations, a property shared by very few JEPAs. The closest exception is VJ-VCR
(Drozdov et al., 2024) which uses an explicit variance-covariance regularization (VCReg) in a
JEPA, which we will cite in the revised manuscript;

It provides the first hierarchical JEPA optimizing local prediction errors at multiple levels (h-
RPL, Fig. 8), as envisioned by LeCun (2022) but not previously implemented;

It connects directly to neurophysiological data: successor-like representations in human V1
and abstract sequence representations in macaque PFC, which provides qualitative
correspondence between JEPA components and cortical activity that the existing JEPA
literature, focused on ML benchmarks, does not address.

Finally, our article already includes a discussion paragraph on recent self-supervised learning
models in the context of the brain where we discuss work by Nejad et al. (2025) and Asabuki
et al. (2025). Most other SSL theories of the visual system rely on static images and
recognition tasks (Yerxa et al., 2024; Margalit et al., 2024). However, there are two studies that
include temporal prediction objectives and are worth mentioning with more details: First,
Bakhtiari et al. (2021) show that representations similar to ventral and dorsal pathways in the
visual system can emerge in a two-pathway encoder architecture within the CPC model.
Second, Niu et al. (2024) use a “straightening” objective together with VCReg as a practical
model of the perceptual straightening hypothesis (Hénaff et al., 2019). Though not a JEPA (i.e.,
has no predictor network), it can decode equivariant factors in a sequential MNIST dataset
where only single factors change throughout a video.

What we will do: We will carefully review our discussion of previous work and further
discuss Drozdov et al. (2024), Bakhtiari et al. (2021), and Niu et al. (2024) in the revised
manuscript.

(3.3) A significant challenge in latent-space SSL is avoiding “representational collapse”
(where the model provides a trivial constant output). While the paper alludes to JEPAlike
solutions, it lacks a detailed explanation (in both the text and the architectural
schematics) of the specific technique used to prevent collapse. Consequently, it is difficult
to evaluate the authors’ claim of “biological plausibility,” as the biological equivalents of
common machine learning techniques (such as stop gradient) are not discussed.

Thanks for pointing this out. Our model avoids collapse through the asymmetric stop-grad /
predictor architecture. It does not require an EMA, when the predictor learns with a faster
learning rate than the rest of the network (see also our response to Point P1.3).

The use of stop-grad suggests that a circuit learning with RPL needs to compute a vector-
based instructive learning signal. While we do not explicitly model the circuit level
mechanisms of how this could be implemented in the brain, excitation-inhibition balance is
one possibility (Rossbroich et al., 2025). Finally, differences in learning rate can be
implemented both structurally or functionally in the brain (see Liu et al. (2025) for instance),
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or activity normalization is suggested as a canonical computation in biological neural circuits
(Carandini et al., 2012).

What we will do: We will make sure to discuss these putative biological mechanisms in the
revised manuscript.

(3.4) Recent work has shown that the capacity (size) of the predictor significantly
influences the learned representations in a JEPA-type world model (Gorrido et al., 2024).
In simpler scenarios, a large enough predictor can allow a model to ”memorize”
dynamics rather than learning generalized equivariant features. It would be beneficial to
see how the ratio of predictor size to encoder size affects the emergence of these
features.

Thanks for raising this concern. We don’t observe noticeable difference in position and
velocity decoding when changing the width or depth of the MLP predictor in the moving
animals data. However, performance on rotation speed and orientation decoding scales with
the changes in width, but not depth of the predictor. This analysis excludes the effect of
integrator’s capacity as it directly affects the dimensionality of the representations, even
though it also effectively contributes to prediction computation in RPL.

What we will do: We will include a figure how how task performance varies with the
predictor’s width and depth.

Methodological Clarifications

(3.5) The authors mention a contrastive learning comparison but provide few details.
Since contrastive learning is primarily a technique to avoid collapse, it would be a more
rigorous baseline if implemented within the same architecture as RPL to isolate the effect
of the predictive objective.

Thanks for the question. We already use the same network model as in RPL for the
contrastive predictive learning (InfoNCE) baseline in Supplementary Table S1      and
mentioned in the main text (l.164).

What we will do: We will mention the architecture of the non-linear predictor used for
InfoNCE baseline in Methods more explicitly.

(3.6) In the PFC data comparison (Figure 7f), there appears to be a discrepancy where the
local and global conditions show nearly identical results in PFC, while different dynamics
in the model. It is unclear if this is a visualization error or a genuine model deviation.

Thanks for picking up on this subtlety in the experimental results. To clarify, it is a model
deviation but an interesting one. The local and global responses do look quite similar in the
original PFC data. They differ in that the global oddball (xY|xx and xx|xY) response has a
secondary peak that encodes the presence of the global oddball, whereas the initial response
is actually dominated by local oddball encoding (xY vs xx). Concretely, this results in the
response to the xx|xY condition only showing up weakly in the data and at a time lag with
respect to the initial local oddball response. Our model, however, does not show the transient
initial response to local oddballs in the decoding direction for global oddballs. In a sense, the
network model encodes the global oddball concept more robustly than is seen in the PFC
data. That said, whether this indicates a genuine difference in representational strategies that
needs to be further accounted for, or whether it is an issue stemming from limited sub-
sampling of PFC neurons, remains unclear.

(3.7) The criteria for selecting specific model variables for comparison with V1 versus PFC
are not explicitly defined. Clarification is needed on whether the same latent variables
were used for both brain regions or if different layers were selected.
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To clarify, the successor-like representations in human V1 and abstract representations in
macaque PFC are two different experiments, so each has different latent variables requiring
different RPL models. The architecture used for each experiment is detailed in Methods and
the criteria for selecting each architecture was the simplest that should work given the task
complexity. Throughout the paper, all representation analysis is done on the output of
integrator (c) unless said otherwise. We hope this resolves the confusion.
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