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Joint-Embedding Predictive Architectures (JEPAs) have recently emerged as a unifying paradigm in self-
supervised representation learning, combining the semantic alignment of joint-embedding methods with
predictive modeling in latent space. This tutorial provides a comprehensive and systematic exposition of JEPA
and its extensions, covering its theoretical foundations, architectural design principles, and diverse application
domains. We first situate JEPA within the broader taxonomy of representation learning and formulate its
core components, including context-target generation, encoding, latent-space prediction, regularization, and
energy minimization. Various JEPA applications are also elaborated ranging from downstream tasks facilitated
by JEPA to system 2 planning and decision-making via predictive world models. A comprehensive survey
of existing JEPA implementations in the literature across various modalities including image, audio, video,
point-cloud, and multimodal applications is also presented. The tutorial also surveys emerging domain-specific
applications of JEPA in 6G networks, where only a few pioneering studies exist to date. Finally, open challenges
and research directions for advancing JEPA in various domains are discussed.
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1 Introduction

Representation learning broadly refers to the process of learning a transformation from the original
data domain (e.g., pixels, audio samples, or sensor readings) into another domain, typically a
continuous latent space referred to as representations or embeddings'. The learned embeddings may
capture different levels of abstraction depending on the learning objective. Of particular interest
are those that encode high-level, task-relevant abstractions that remain consistent across variations
in viewpoint, scale, or modality, referred to as semantic embeddings. Such embeddings provide a
compact and meaningful description of the underlying data [5, 11, 56].

As illustrated in Fig. 1, (label-free) representation-learning methods can be organized hierarchi-
cally along three conceptual dimensions. At the first level lies the distinction between unsupervised

'While in some contexts the terms representation and embedding carry slightly different technical meanings, we use them
interchangeably throughout this tutorial.
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Fig. 1. Latent representation learning architectures including JEPA

and self-supervised learning. Unsupervised learning such as Autoencoders (AEs) [47] and Variational
Autoencoders (VAEs) [55] methods aim to extract structure from unlabeled data without relying
on external supervision signals. In contrast, self-supervised learning (SSL) defines pretext tasks or
surrogate objectives from the data itself to enable the model to learn useful representations from
unlabeled data. Typical examples include reconstructing masked or corrupted regions in coloriza-
tion, inpainting, or Masked Autoencoders (MAE) [44, 73, 99], or aligning augmented views of same
inputs as in SImCLR and MoCo [19, 45]. Fig. 2a-b illustrates the difference between conventional
(unsupervised) autoencoding (e.g., AE or VAE) and self-supervised masked autoencoding (MAE). In
an AE/VAE, the model learns a latent representation by reconstructing the input, typically through
a loss of the form £ = D(I,I) where D is a distance metric and [ is the decoded reconstruction
of input I. In contrast, MAE as a representative SSL scheme defines a surrogate prediction task:
the input is divided into visible context x and masked target y, and the model is trained to predict
the missing target from the context, leveraging £ = D(g, y). When needed, auxiliary information
z such as the positions of masked patches can condition this prediction to enable more accurate
results. This shift from full-input reconstruction to context-target prediction is an important step
toward predictive self-supervised representation learning.

The second level in Fig. 1 distinguishes between generative and non-generative representation-
learning paradigms. Generative methods such as VAEs [55], and Generative Adversarial Networks
(GANSs) [36] learn by reconstructing or synthesizing data samples in the original input domain.
Their training objectives typically minimize a reconstruction or adversarial loss between the
input and its regenerated version, requiring high-capacity decoders to preserve pixel- or sample-
level fidelity. In contrast, non-generative methods discard the need for explicit reconstruction and
instead learn directly within the representation space. At the third level, methods can further be
differentiated as semantic or non-semantic. Early unsupervised models typically encoded low-level
statistical regularities, whereas many recent self-supervised approaches aim to produce semantic
embeddings, as representations that capture invariant, task-relevant structure and generalize across
transformations, modalities, or domains [5, 11, 56]. Consequently, much recent research has focused
on semantic, non-generative, self-supervised architectures, which combine the abstraction
strength of semantic learning with the efficiency of non-generative training [19, 44, 56].
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Fig. 2. Comparison of JEPA (d) with other representation learning architectures (a-c)

Within this region, a major milestone was achieved with the development of Joint Embedding
Architectures (JEAs). As illustrated in Fig. 2c, JEAs generate a pair (x, y) from the original input
I, where each element of the pair is processed by a separate encoder, and the resulting embeddings
are aligned within a shared latent space using a loss function D(sy, sy), where s, and s, are the
representations of x and y respectively obtained from the corresponding encoders. JEAs can be
contrastive or non-contrastive. Contrastive JEAs (e.g., SimCLR and MoCo in [19, 45]) enforce this
alignment by distinguishing between positive pairs (e.g., different augmentations of the same input)
and negative pairs (e.g., augmentations of different inputs). Non-contrastive variants (e.g., BYOL
and SimSiam in [20, 38]) achieve similar alignment objectives (without relying on explicit negative
samples) by preventing representational collapse through schemes discussed later in this article.
Despite this progress, conventional JEAs remain alignment-based rather than predictive: they learn
to match related representations but do not explicitly model the transformation or dependency
between them. To address this limitation, LeCun [56] formalized the Joint Embedding Predictive
Architecture (JEPA), an idea whose roots trace back to Schmidhuber and Prelinger [79], who
proposed Predictability Maximization (PMAX) in 1993 for training one network to predict another
network’s latent representation rather than its raw input. JEPA augments the JEA framework
with a predictor that learns to estimate the latent representation of a target view y from that of a
context view x. The prediction occurs entirely within the latent embedding space, making JEPA a
non-generative architecture that learns semantic relationships and predictive abstractions without
reconstructing the original input. As visualized in Fig. 2, JEA (Fig. 2c) aligns the embeddings of x
and y leveraging the loss function D(sy, s,). JEPA (Fig. 2d) changes this architecture by predicting
the embeddings of y (denoted by $,) via minimizing the error D(3,, s, ), using the embeddings of
x (i.e., sx). This enables modeling higher-level semantic and data structural dependencies, fully
elaborated in this work.

The remainder of this paper provides a comprehensive tutorial on JEPA, its architecture and
extensions, various applications in different domains and modalities, along with a literature review
of existing frameworks. The paper roadmap is visualized in Fig. 3.

2 JEPA Framework and Methodology

JEPA encourages the model to capture high-level semantic structure without relying on direct input
reconstruction. In a nutshell, JEPA couples two core objectives:

o Self-supervised latent predictability: The representation of a perturbed or transformed
view of an input (the target) should be predictable in the latent space leveraging the repre-
sentation of the original or another transformed view (the context) of the same sample.
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e Anti-collapse constraint: Learning the prediction of targets’ representations must avoid
degenerate and trivial solutions; while predicting targets’ representations, sufficient variations
in the representation space should be maintained for meaningfully different inputs, so that
semantically distinct inputs remain distinguishable in the representation space.

Fig. 4 illustrates the generic structure and key components of the JEPA framework, highlighting
the flow diagram that governs the training phase of JEPA. Based on this structure, the main steps
in the JEPA training pipeline are detailed in the following subsections. To provide the reader with a
conceptual representation of the concepts as well as some practical implementation techniques, we
also refer, where appropriate, to I-JEPA, a representative implementation, which demonstrates the
effectiveness of JEPA for learning semantic representations in image datasets [5].

2.1 Architecture of JEPA

The typical structure of a JEPA model is illustrated in Fig. 4, and its components are discussed in
the following subsections.
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2.1.1 Context and Target Views Preparation. Consider a dataset of semantically rich data samples. In
line with other self-supervised learning (SSL) methods, during the training phase, JEPA decomposes
each input sample I into a set of M > 1 pairs, denoted by {(x[i], y[l])}{\i1 We refer to x[i] as the
context view and y[i] as the target view corresponding to the i-th pair. For notational simplicity,
we will often use (x,y) to represent any context-target pair (x[i], y[i]) associated with the input I.
The context-target pairs (x, y) form the basis of the predictive learning task, in which the model
estimates the latent representation of a target view y from that of the corresponding context view
x within a shared embedding space, as will be elaborated in the next sections. The views are
either available in advance, or generated by an internal pair-generator module illustrated in Fig. 4,
through techniques such as masking (e.g., hiding portions of the input). Typically, the context and
target views correspond to disjoint parts of I (e.g., separate groups of pixels in an image or separate
segments in a sequence). Since x and y originate from the same input, they are inherently correlated;
however, ensuring that this correlation is preserved at a meaningful level requires careful design of
the view-generation strategy for both context and target views.

In practice, the input sample I may be a single entity (e.g., an image) or a sequence of related
entities (e.g., a video I = {I}, L, ..., Iy} consisting of N frames). Two main paradigms of view
generation can be identified, as conceptually illustrated in Fig. 5.

(1) Split-view generation, adopted in models such as I-JEPA [5] and many of its precedent
versions, where both the context and target views are derived directly by dividing the input I
into non-overlapping subregions and assigning some subregion to the context and target
views. As illustrated in Fig. 5-a, each view is obtained by selecting distinct subsets or segments
of the original input and potentially applying stochastic augmentations in the data domain
(for example, pixel- or patch-level masking, cropping, or color jitter for images, and temporal
masking for audio or sequential signals). In this scheme, the structural relation between the
two views is implicit and is also reflected through auxiliary metadata z that conveys their
relative geometric, positional, or temporal correspondence. As a simple example, consider an
input vector I in which certain elements are randomly masked to form x, while the elements
corresponding to the masked indices correspond to y. In this case, the auxiliary variable z
can correspond to the positional indices of the masked elements.

(2) Transformation-based generation, employed in perceptual world-model formulations
such as the Image World Model (IWM) [30], where one view is obtained directly from the
original input sample I (either by taking the whole sample or an augmented version of it),
and the second view is explicitly generated by applying a transformation 7. The variable a
denotes the parameters of the transformation (e.g., cropping window, rotation angle, or color
jitter strength) and serves as the auxiliary conditioning variable (z = a) used to guide the
predictor. In general, as illustrated in Figs. 5b and 5c, the transformation between the two
views can be expressed in either direction:

y=Tor, ().  x=T. (). 8

where 75, ,, and 7;;%;( denote the context-to-target and target-to-context transformations
parameterized by a,—,, and a, ., respectively. These correspond to the cases where the
context view x or the target view y is generated first.

To illustrate the split-view generation scheme in JEPA, we describe the image-based I-JEPA
framework [5]. From each input image I, I-[JEPA constructs a single context view x and M = 4
target views y[i], yielding context-target pairs {(x,y[i])};_, (Fig. 6). The four target views are
rectangular blocks with scale uniformly sampled from (0.15, 0.2) and aspect ratio from (0.75, 1.5),
each covering 15-20% of the image area. This variability produces diverse horizontal and vertical

ACM Comput. Surv., Vol. 1, No. 1, Article . Publication date: June 2026.



6 Monemi et al.

Fig. 6. I-JEPA context and target views for two sample images

regions, promotes structural learning, and prevents overfitting and trivial solutions. The context
view is then sampled independently as a single rectangular region with scale (0.85,1.0) and fixed
aspect ratio 1.0. Since context and target regions are sampled independently, they may overlap;
overlapping areas are excluded from the final context view to ensure a meaningful prediction task.
For the case of image-based JEPA, the view-generation strategies can be categorized within the
broader family of masking approaches developed in the masked image modeling (MIM) literature.
In these methods, an image is first partitioned into a grid of non-overlapping patches, and masking
is then applied at the patch level. Two of the most common approaches are random masking,
where patches are sampled uniformly until a given masking ratio is reached, as in MAE [44] and
SimMIM [95], and block-wise masking, where masking is applied to contiguous blocks of patches
(often rectangular in shape), as in BEiT [9] and I-JEPA [5]. I-JEPA adopts a multi-block masking
scheme, in which a 224 X 224 image is split into 14 X 14 = 196 non-overlapping patches of size
16 X 16, and the context and target views are then obtained by sampling blocks of these patches
according to specified scale and aspect ratio constraints, where the patches corresponding to the
target blocks are masked.

In summary, the design of context-target generation in JEPA should ensure that targets are
semantically rich and disjoint, while the context provides sufficiently correlated information to
enable accurate prediction of the target embeddings.

2.1.2  Context and Target Encoding. After view generation, JEPA encodes the context view x and
each target view y into latent embeddings via separate encoders:

e =fo(x), sy =fo (). @)

The context encoder fy and target encoder f,, may differ in architecture enabling cross-modal
applications (e.g., JEP-KD [85] aligns video context with audio targets). However, in same-modality
settings, the encoders are typically identical in design, but 6" is updated as an exponential moving
average (EMA) of 0:

0" — 10" + (1-1)0, 3)

with momentum 7 € [0, 1). In I-JEPA, £ starts at 0.996 and linearly increases to 1.0 [4, 16]. This
EMA implicitly applies stop-gradient for target-encoder aiming to stabilize training and preventing
representation collapse as detailed in Section 2.1.4).

2.1.3  Predictor Design and Loss Function. Following the encoding of context and target views
into latent representations s, = f,(x) and s, = f,(y), a predictor network g, estimates the target
representation as

Sy = gp(sx32), 4)
where z denotes auxiliary variables to improve the prediction. We can interpret (4) as effectively
performing semantic embedding in-painting, meaning that if the target embedding s, is missed or
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masked within the representation s = (s, s, it can be predicted and in-painted to reconstruct the
whole representation (sy, $).
In general, the auxiliary variables z fall into two categories:

e Conditioning variables: These are sampled randomly during view generation as z ~ P, but
when realized, they are treated as known to the predictor. They function as conditioning
tokens that guide the prediction task. For example, in I-JEPA, the positional information of
the masked patches form the auxiliary variables to help in predicting the target embedding.

e Unobservable stochastic variables: These are latent random variables that cannot be observed
directly by the predictor but represent latent uncertain factors influencing the prediction pro-
cess. Leveraging energy-based models [6, 57], their role is taken into account by minimizing
an energy metric over the domain of such variables in the latent space, effectively selecting
the most compatible latent configuration.

Since unobservable stochastic latents primarily discussed in [56] are rarely employed in current
JEPA implementations, we defer their discussion to Section 3.3. Hereafter, the term auxiliary
variables will, unless otherwise specified, refer to conditioning variables. Note, however, that such
auxiliary variables are not required in all JEPA implementations. In some designs, the context-
target pairs are already available and/or sufficiently informative so that the target can be predicted
from the context without any explicit auxiliary variables. Unlike contrastive SSL methods, which
rely on distinguishing positive from negative pairs, a process which is often impractical in many
applications, JEPA adopts a non-contrastive approach that directly predicts the target representation
from the context in latent space, eliminating the need for negative samples. This is leveraged through
assessing context-target compatibility via an Energy-Based Model (EBM), where a scalar energy
function E(x, y) (or more generally E(x, y, z) when auxiliary information z is used) assigns low
energy to compatible pairs and high energy to incompatible ones.

In practice, however, the high dimensionality of x and y makes direct evaluation in the original
input space inefficient, motivating the formulation of the energy in the representation space as
E(sx, Sy, z). Accordingly, the JEPA energy for a context-target compatibility measure from the
representation pair (sy, sy) conditioned on auxiliary variable z is defined as the target-prediction
error in the latent space in terms of a distance metric D(-, -), as follows:

E(sx,8y52) = D(8y,sy) =D(g¢(sx§z)’sy)- )

Example (Masked Image Prediction): To interpret (5), consider a toy image I divided into four
patches {p1, p2, p3, pa}. Suppose p4 is the target (masked) region and {p1, ps, p3} form the context.
The context encoder maps the three visible patches to sy = fop({p1, p2, p3}), while the target encoder
produces s, = s4 = f,,(p4). The auxiliary variable z, which in practice is a token embedding of the
positional index 4 (written here as z=4 for brevity), is incorporated into the predictor to enable a
more accurate prediction. The predictor then computes §; = g4 (sx; z=4), and the energy in (5) can
be written as E(sy, $4,4) = ||$4 — s4|%, which also forms the loss function to be minimized during
training, noting that s4 is the naturally compatible target here for the given context. Lower energy
thus indicates that the predicted embedding $, is more compatible with the true target embedding
ss4. Moreover, since the predictor here is trained on patches from the same input I, it learns a
representation specific to its structure; consequently, replacing sq with §4 = f, (ps) corresponding
to a patch p, from a different image I, is expected to yield a higher energy E(sy, §5,4) > E(sx, 54, 4),
reflecting the potential incompatibility between predicted embedding and foreign target embedding.

As pointed out, the predictor together with the encoders are trained to minimize the energy
defined in (5). In general however, we may have more than one target corresponding to each input.
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Given an input I comprising M context-target view pairs, and adopting the squared ,-norm as the
distance metric (as is common practice in most JEPA works), the training loss can be written as

1< 1<
£= 37 2 DGl syli) = 5 D gy (5o 11:2000) =4 I ©)

In general, the auxiliary variables z can be tokenized and incorporated into the predictor network
in two ways: either by concatenating their embeddings with the context embeddings s, at the
feature level, or by prepending them as separate tokens to the input sequence of a transformer-based
predictor. The latter approach, adopted in large models such as I-JEPA, allows the predictor to
integrate conditioning information through self-attention applied over the full token sequence.
As an illustrative example of auxiliary variables, for each input sample image, I-JEPA generates
M = 4 context-target pairs (x,y[i]), i € {1,2,3,4}, each associated with auxiliary tokens z[i].
These tokens explicitly encode positional and information of masked tokens, which enables the
predictor to implicitly infer additional information relating to scale and aspect ratios of the views.
While the masked patches are sampled randomly, the observed realizations relating the positional
information of masked patches are embedded and fed to the predictor. A more detailed account of
how these embeddings are constructed and integrated in I-JEPA will be given in Section 5.1.

More generally, noting that for each sample I various contexts and targets can be sampled
according to some random view generation policy, (per sample) loss function can be represented as

L =Biy)p, [D6ysy)] = Bep, [D(gy(652),50)] )

where the parameters optimized by backpropagation are the predictor parameters ¢ and the
context-encoder parameters 6, while the target-encoder parameters 8 are typically updated via
techniques such as EMA to prevent representational collapse. The expectation is over the stochastic
view-generation process. Specifically, #(y ) denotes the joint distribution of context-target pairs
induced by the sampling policy for each input I; it is not usually learned by backpropagation, but
chosen as a design or hyperparameterized policy controlling the diversity and difficulty of the
prediction task. In practice, the expectation is approximated by averaging over a finite number of
sampled pairs for each input, e.g., M = 4 target views per image in I-JEPA according to (6), where
the context-target sampling policy governs the random locations of target/context blocks and their
scale and aspect ratios.

2.1.4 Anti-Collapse Regularization in JEPA. A purely predictive JEPA objective can admit degenerate
solutions where many of the inputs are mapped to very similar latent vector, yielding perfect
prediction but useless representations. Anti-collapse regularization is therefore crucial: it constrains
the embeddings so that semantically different inputs remain distinguishable while the predictor
still learns to match target latents. Letting (x5, yn) be a sampled context-target pair relating to
the input sample n of a batch of N samples, the objective is to minimize the overall loss function
represented as follows:

N
L' = Z B (x9)~P ) [D(§yn’ Syn)] +AXR ((sxn’ Syn)HE[N]) (8)

n=1
where the parameters optimized by backpropagation are the predictor parameters ¢ and the context-
encoder parameters 6, noting that the target-encoder parameters 8’ may be learned directly or
updated separately, e.g., by EMA. Here, the first term represents the latent predictive invariance
of JEPA, the second term accounts for characterizing the anti-collapse regularization, and A is
the regularization hyperparameter that balances prediction accuracy against embedding diversity.
In this regard, there are two important parameters affecting the regularization, (a) sampling
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distributions #, ,),n € [N], which controls the paired embeddings (sx,,sy,) fed into the
regularization evaluator R(-) and (b) formulation of R(-), which quantifies how well given
sample pairs are regularized.

Broadly, JEPA models prevent collapse using one or more of the following schemes:
o Teacher-Student Schemes: This paradigm employs asymmetric architectures where a teacher
network (kept under stop-gradient and typically updated as a slow EMA of the student) provides
stable targets for prediction, implicitly promoting diversity by decoupling the update dynamics
and preventing trivial constant solutions. Many non-JEPA (e.g., BYOL [38] and DINO [16, 71]) and
JEPA (e.g., I-[JEPA, CNN-JEPA, V-JEPA) schemes leverage this technique.
o Non-Parametric Estimators: These methods (e.g., SimCLR [19], MoCo [45], and CLIP [77]) use
contrastive, non-parametric objectives that pull together embeddings of positive pairs (e.g., different
augmented views of the same input) while pushing apart embeddings of negative pairs (e.g., views
from different inputs in the batch).
o Moment-Matching Objectives: These methods explicitly regularize the embeddings by enforcing
low-order batch statistics (e.g., variance and covariance) to form well-behaved target distribution
(typically isotropic Gaussian). Prominent examples include VICReg [12] and W-MSE [24]. For
example, C-JEPA [64] augments the JEPA loss (6) with VICReg’s three terms: invariance (aligning
embeddings of different augmented views of the same input), variance (preventing any embedding
dimension from becoming nearly constant across samples in a batch), and covariance (decorrelating
features by minimizing off-diagonal entries of the covariance matrix). A recent development in this
direction is the introduction of Sketched Isotropic Gaussian Regularization (SIGReg) in LeJEPA
[8]. Similar to VICReg, SIGReg controls embedding statistics to prevent collapse, but instead of
separately enforcing variance and covariance constraints, it regularizes embeddings toward an
isotropic Gaussian distribution. Compared with VICReg, SIGReg provides a more global distribution-
matching regularizer, which also yields a JEPA objective with a single trade-off hyperparameter,
and remain stable across parameter settings, architectures, and domains. This mechanism is later
used in recent JEPA-based world model work LeWM [62].

2.2 Extensions of JEPA: Hierarchical and Sequential Architectures

The original JEPA framework can be extended to tackle real-world complexities through multi-layer
hierarchical and sequential paradigms. These extensions enhance the model’s capability to handle
multi-resolution abstractions and temporal dynamics.

The Hierarchical JEPA (H-JEPA), depicted in Fig. 7, offers a multi-level extension where inter-
connected JEPA modules operate across varying scales of abstraction, enabling multi-resolution
reasoning and abstraction presentations. Each level n encodes context embeddings sy [n — 1] ob-
tained from the level n — 1 in to a higher level of abstraction s, [n] and predicts corresponding

target representation §,[n] using a dedicated predictor g(")

, with training conducted level-wise
or globally across levels [56]. This hierarchical structure enables the model to progressively ab-
stract fine-scale details at higher levels, producing generalized latent representations that facilitate
complex, long-horizon tasks. For instance, a two-level H-JEPA model might extract detailed latent
features at the lower level optimized for short-term predictions, while a higher level generates
coarser, more abstract embeddings to support longer-term forecasting and planning.

In contrast to H-JEPA, the Sequential JEPA (S-JEPA), illustrated in Fig. 8, arranges a chain of
predictors, where each module n generates the next step target representation prediction §,[n + 1]
based on the current prediction §, [n] and additional latent auxiliary variables z[n]. This iterative
process enables step-by-step simulation of future representations, drawing inspiration from model

ACM Comput. Surv., Vol. 1, No. 1, Article . Publication date: June 2026.



10 Monemi et al.

@ﬁiﬂ 5,[M)

5. [M] g, —D(-,")
= : ;

7f7\ @—l f;’(M) \fy[M]
5y[2] e — s

O A @ @ @

— 512l o0 o2 (o)

f i SHEN T H—\—1 % ?

a 5,[1] - 3y(1] sy[2] 5y[M]
% r- D(-

sa[1] 5 541 5,[M]
’,’ﬁg(l) \ / f;,(l) \\\\ f(l) \\‘ “‘;” f’(l) ‘r” ’(2) . “J”’ ;’(M) \\““

e o 00 6 6

Fig. 7. Hierarchical JEPA (H-JEPA) with multiple Fig. 8. Sequential JEPA (S-JEPA) employing a chain
JEPA modules at different representation levels. of successive predictor modules.

predictive control [63] and model-based reinforcement learning [66], which evaluate action se-
quences through recursive state updates. This concept parallels the approach used in MuZero, which
employs specialized networks dedicated to modeling dynamics, rewards, and policies, enabling
effective planning and decision-making in complex environments [80]. This architecture is partic-
ularly well-suited for applications requiring forecasting and planning at abstract representation
levels over successive time-step windows, including robotic navigation, video frame prediction,
and other sequential decision-making and planning tasks.

Besides the simplistic S-JEPA and H-JEPA models where a single context is paired to a sequence
of targets, we can design more advanced settings where multiple context views and multiple target
views are coupled to capture more complex representation alignment configurations.

3 Applications of JEPA

Fig. 9 summarizes a set of representative application categories for JEPA. In the following, we
elaborate on each item.

3.1 JEPA Semantic Encoding for Downstream Tasks

A key strength of JEPA is its ability to produce semantically rich embeddings that transfer effectively
to downstream tasks, including classification, object detection, and density estimation. We first
demonstrate its application to the canonical task of classification, then discuss how it can support
more unconventional downstream task such as density estimation.

3.1.1 JEPA for Classification. Fig. 9A illustrates three paradigms for supervised classification. In
the simplest structure (a), classification is performed directly on raw high-dimensional data domain,
without any form of dimensionality reduction. A second approach (b) incorporates dimensionality
reduction techniques to first obtain compact embeddings, which are then fed to a classifier. Rep-
resentative examples of unsupervised compressors typically leveraged for classification include
principal component analysis (PCA) [51] as a classical linear technique, t-SNE [89] as a nonlinear
manifold-preserving alternative, and autoencoders [47] as neural-network-based compressors.

JEPA-based approach (c) offers a framework that provides a self-supervised semantic and compact
representation learning for downstream tasks. Typical training pipeline for JEPA-based classification
schemes follows the following steps:
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A) JEPA Semantic Encoding for Downstream Tasks (Classification, Density Detection, ...)
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When auxiliary variables for assessing the compatibility between x and y are uncertain or
unobservable, JEPA can estimate the compatibility measure by computing the minimum
energy via a search in the low-dimensional latent space Z,. This approach is more
efficient than calculating the minimum energy in the original high-dimensional data space.
For example, given two blocks of an input image sample with unknown positional
information of the masked patches, JEPA can evaluate their compatibility by minimizing

"""""""""""""" ) the energy through a codebook search in Z,,.

D) Generative Models and JEPA: Synergies and Mutual Benefits
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Fig. 9. Overview of representative JEPA applications across diverse tasks

(1) Abstract-level pretraining: Select a JEPA model and train or fine-tune it without using any
of the available labels. If a pretrained backbone (such as I-JEPA, CNN-JEPA or SToP-JEPA
for image datasets) is available, it can be adapted and finetuned to address the domain shift;
otherwise, the model is trained from scratch on the dataset.

(2) Feature extraction setup: After training the JEPA model, all components except one of the
context or target encoders are deactivated, and a shallow classifier (e.g., an MLP) is appended
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to its output, as illustrated in Fig. 9A. The whole input is then fed directly to the context/target
encoder, bypassing the context-target generation step used during pretraining.

(3) Supervised classifier training: Train the classifier using labeled data. Leveraging the
context embeddings of JEPA, together with the corresponding available labels, a lightweight
classifier (e.g., a simple two- or three-layer multilayer perceptron (MLP)) is trained in a
supervised manner. During this stage, the context encoder parameters may be (i) frozen,
(ii) partially fine-tuned by unfreezing upper layers, or (iii) fully fine-tuned jointly with the
classifier, depending on the complexity-accuracy tradeoff considerations.

Extensive empirical studies have demonstrated the strong performance of this framework across a
wide range of benchmarks [5, 53, 54, 64, 65]. In addition, the decoupling of representation learning
from supervised classification provides further benefits in label-limited regimes: available large
unlabeled datasets can be exploited during JEPA training to capture semantic structure, while only the
labeled subset is required for classifier training.

3.1.2  JEPA for Density Detection. Although primarily designed for self-supervised predictive learn-
ing, JEPAs demonstrate remarkable “out-of-the-box" capabilities on downstream tasks beyond
classification or detection. A key enabler of this lies in their regularization and anti-collapse mecha-
nisms, originally introduced to preserve representation diversity and prevent mode collapse. Recent
work by [7] reveals that leveraging JEPA cause the encoder fy(x) to implicitly estimate the input data
density px, even though density modeling may not be an explicit goal. Note that the anti-collapse
objective of JEPA encourages fyp(x) to go toward producing Gaussian Embeddings (GEs). This
property enables JEPA to provide the approximation of data density without reconstructing x or
requiring high-complexity generative training.

To investigate how JEPA can be leveraged for density estimation, the authors of [7] focused
on JEPA wherein the views are generated from stochastic transformations. The link between the
density of (JEPA) encoded data fp(x) and the density of original data x is related to the Jacobian
of the encoder fy(x), denoted by Jfy(x), and the spectrum of its singular values oy (-). When the
JEPA objective reaches its optimum Gaussian distribution, regions of the input manifold that are
compressed by the encoder (small singular values) correspond to areas of higher density, while
expanded regions (large singular values) correspond to lower-probability configurations. Following
mathematical derivations, the authors introduced the JEPA-SCORE, a log-scale Monte Carlo
estimator of the data density, as:

rank(J fo (x))
JEPA-SCORE(x) = Z log ox(J f (x)). ©9)
k=1

In practice, larger JEPA-SCORE values correspond to low-density samples, whereas smaller values
identify samples occupying dense and well-represented regions of the training distribution. Fig. 10
illustrates this geometric interpretation: on the left, the input density px is mapped through the en-
coder fj to the latent density py, x) on the right. Points with a small determinant of (Jz, (x;) Jf, (x:) ")
correspond to low JEPA-SCORE regions (blue, high-density), whereas points with a large deter-
minant yield high JEPA-SCORE values (red, low-density). The diagram provides an intuitive
visualization of how local volume changes encode variations in estimated data likelihood within
the JEPA framework.

The implications of this finding are substantial. Since the JEPA-SCORE can be derived from
any pretrained model without further fine-tuning, JEPAs naturally support data curation, outlier
detection, and density estimation. In fact, regularization not only prevents collapse but also provides
the model with a probabilistic awareness of its own training distribution. This property expands
JEPA’s role from a representation learner to a silent estimator of the data manifold itself. This
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Fig. 10. Geometric intuition of the JEPA-SCORE [7].

provides insights for many applications. For instance, during inference, a very low JEPA-SCORE
indicates that a sample lies far from the learned data manifold and can therefore be flagged as
semantically anomalous.

3.2 JEPA Semantic Prediction for Downstream Tasks

A distinctive strength of JEPA lies in its ability to perform abstract-level prediction in various
domains. For instance for time-series data, instead of forecasting pixels in video, waveform samples
in audio, or raw sensor readings in control, JEPA predicts the evolution of latent embeddings that
capture semantically meaningful structure. In the simplest way, for a time-series data x[t], a history
oflength L (i.e., x[t—L+1 : t]) can be defined as the context view, while the subsequent future samples
with a horizon of length H (i.e., x[t + 1 : t + H]) constitutes the target view. The JEPA framework
then learns to map the context view into predictions of the target embeddings §, [t + 1 : t + H],
in the latent space. This paradigm of forecasting time-series directly in the embedding space can
enable applications across multiple domains. For instance, in audio modeling, A-JEPA has been
proposed for predicting latent audio sequences [33]; in video and spatiotemporal data, V-JEPA
variants have demonstrated strong performance in representation learning for computer vision and
robotics [3, 11] enabling planning and reasoning; and in wireless communications, JEPA has been
applied to predict temporal dynamics of channel state information (CSI) in the latent channel-chart
domain [15, 17] to provide predictive pseudo-location representations of users.

In practice, JEPA can be leveraged for many representation-level prediction applications beyond
the time-series domain. For instance, JEPA can be leveraged in semantic communication to only
transmit the context tokens as well as auxiliary variables, letting the JEPA predictor positioned at
the receiver to predict target tokens, providing the complete set of semantic representations. This
idea will be further elaborated in Section 6.1.

3.3 Robust Compatibility Assessment under Uncertainties

Beyond observable conditioning variables such as positional indices of masked patches in I-JEPA,
real-world systems often involve intrinsic stochastic factors associated with the dataset or model
parameters that introduce uncertainty [56]. These unobservable stochastic variables cannot be
directly exploited by the predictor as is the case with observable conditioning variables, but nonethe-
less influence the compatibility assessment between context and target embeddings. Instead of
attempting to account for such uncertainty in the original high-dimensional input domain, JEPA
offers a natural mechanism to incorporate it within the low-dimensional representation space
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through its energy-based formulation [56, 57]. The uncertainties are introduced as latent variables
z € Z, that capture the effect of hidden factors originating from noise or stochasticity in the input
domain. Compatibility between context and target embeddings is then assessed by incorporating
the minimization of the energy function over z € Z,:

Z = arg min E(sy, $,;z) = arg min D(S,, $y; 2), 10
g min B(sx,5,i2) = arg min D(5,.5,:2) (10)

resulting in the minimum energy

E = E(sx, 543 %). (11)
Leveraging Z according to (10), the JEPA learnable parameters can then be trained to predict target
representations from the context embeddings, as outlined in the previous section.

This strategy not only provides robustness by explicitly accounting for hidden stochastic per-
turbations in the context-target matching procedure, but also improves efficiency by resolving
uncertainty in the compact latent domain Z rather than in the original input space. For example,
JEPA can infer embeddings from noisy or occluded inputs by incorporating the most plausible
latent configuration corresponding to the minimum energy during the inference phase. This can be
performed through exploring a low-dimensional latent set Z, making it far more efficient than
resolving uncertainty directly in the high-dimensional input domain.

3.4 Generative Models and JEPA: Synergies and Mutual Benefits

Although JEPA is a non-generative framework, it can be contrasted and combined with generative
paradigms that operate in the data or token domain. Here, the term generative broadly refers to
observation-domain decoding, including both reconstruction of an input sample (e.g., autoencoding)
and new content generation using models such as diffusion-based generative models, VAEs, or
autoregressive generative models such as GPT-style LLMs. For instance, diffusion-based generative
models synthesize new samples through iterative denoising in the observation domain, whereas
autoregressive generative models generate outputs sequentially by factorizing the data or token
distribution. Standard JEPA is different: it predicts target embeddings from context embeddings and
minimizes a latent-space compatibility error, without requiring pixel-, waveform-, or token-level
reconstruction. This distinction can improve efficiency and scalability for representation learning
because JEPA avoids high-dimensional decoding and focuses on semantic predictability. However,
this is also a limitation: standard JEPA alone is not designed for tasks requiring precise pixel-,
waveform-, or token-level reconstruction. It should also be noted that although autoregression is
widely used in LLM-based generative models, it is a general sequential prediction strategy and is
not limited to token-domain generation. For example, autoregressive rollouts are also used in RL
training and MPC-like planning with world models. Similar ideas can be used in non-generative
sequential JEPA and JEPA-based world models, as discussed later in Section 4.2. Thus, in summary,
JEPA can be complementary to generative models in complex tasks: JEPA is well suited for subtasks
requiring compact predictive abstractions, while generative models are more suitable for subtasks
requiring explicit high-fidelity synthesis or reconstruction in the original data domain. Two main
paradigms can be considered for integrating JEPA and generative models.

3.4.1  Post-JEPA Generative Decoding. In this approach, a JEPA model is first trained using its
standard predictive objective to learn context-aware latent embeddings. A generative decoder is
then attached to the JEPA context/target encoder. During decoder training, the JEPA encoder can
be kept frozen to preserve the learned invariant representation, or fine-tuned jointly to improve
fidelity to the reconstruction task. This paradigm provides benefits such as visualization insights:
decoding JEPA latents back to the data domain qualitatively reveals how semantics are preserved.
For example, this has been utilized in several image-based related works such as I-JEPA [5] to
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Fig. 11. (a) A representative Text-Code pair from Spider dataset where Text is the database ID and description
of the SQL query, and Code is the SQL query itself. (b) lllustration of the JEPA block leveraged in the LLM-JEPA
hybrid architecture proposed in [49].

show how reconstructions typically retain the important objects in a picture while suppressing
non-semantic background/texture details, offering an intuitive diagnostic of JEPA’s abstraction.

3.4.2 Joint Generative-Predictive Training Incorporating JEPA. A tighter integration jointly opti-
mizes a generative reconstruction objective together with the JEPA predictive loss, leading to a
composite formulation, typically represented as

L = Lgenerative + ALJEPA’ (12)

where Lgenerative represents the desired data-domain loss (e.g., pixelwise mean-square reconstruction
loss for images or next-token generation loss for language models), and Ljgpa is the latent-space
predictive alignment loss. Optimizing (12) balances the generative capability and semantic alignment,
with the trade-off controlled by A. This architecture is particularly beneficial when two or more
views of each data sample are either inherently available or can be readily generated to support the
ultimate generative objective in the data domain. D-JEPA [18] provides a representative example
of this joint generative-predictive paradigm. Its objective combines a diffusion/denoising loss
L = Lyenerative With a JEPA-style prediction loss £, = Ljgpa. In this way, the diffusion component
supports high-fidelity image generation/denoising, while the JEPA component preserves latent
predictive structure. Leveraging the end-to-end loss £ = £; + .£,, D-JEPA was reported to have
superior scalability, faster convergence and better empirical performance than training with only
the diffusion/denoising loss. A more detailed modality-specific discussion of D-JEPA is provided in
Section 5.1.6.

Another representative instantiation is the LLM-JEPA architecture [49], which couples a JEPA
encoder-predictor with a generative LLM. Given the tokens of a Text, as well as the first £ — 1 tokens
of a Code corresponding to the given Text (denoted by Codey.,—1), the objective is to predict the
next-token denoted by Code, in an autoregressive way, such that the overall Code corresponding
to the given Text is finally generated. Here, the Text and Code are two views of the same underlying
knowledge. For example, as shown in Fig. 11-a, the Text is an expression represented in natural
language, while the Code is the standard representation of that expression in SQL query format. The
main idea is that instead of accounting for a cross-modal attention of the LLM to couple Text and
Code, delegate this task to JEPA to provide a separate, more efficient latent-alignment, as illustrated
in Fig. 11-b; therefore the LLM simply targets the sequence modeling rather than accounting also
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for a higher level of Text-Code coupling attention. The overall loss function is then

L
LiiM-JEPA = Z Lyim([Text || Codeyr—1], Code,) + A D( Pred(Enc(Text)), Enc(Code)),  (13)

t=1

LLM: next-token on Code JEPA: align Text and Code embeddings

where D(-, -) is a distance metric, and A controls the trade-off. For the LLM, Text and Code tokens
are concatenated into a single sequence, and an additive attention mask is applied to suppresses all
cross-view (Text«>Code) attention between the tokens of Text and Code (offloading this task to
JEPA), while preserving intra-view (Text«<>Text, Code<>Code) tokens attention. The deactivation of
attention between given tokens of a sequence is easily supported by most HuggingFace transformers.
The proposed LLM-JEPA model has been trained over numerous datasets and various LLM models,
where the results were shown to yield stronger cross-view alignment and improved performance
over pure LLM baselines. The training and inference phase schematic architectures of LLM-JEPA
are visualized in Fig. 9D.

A related JEPA-based integration is also explored in the JEP-KD framework [85], which extends
the joint embedding predictive learning paradigm to visual-audio speech recognition. In this model,
paired video sequences of lip movements and corresponding audio features serve as two comple-
mentary views of the same utterance, while the linguistic transcript is used as the target output
for decoding. The architecture jointly trains a JEPA encoder-predictor module and a generative
decoder within a three-stage procedure. The loss function is a composite objective that combines a
reconstruction error term with a JEPA alignment term, along with other training objectives applied
at different stages. Through this design, JEP-KD demonstrates how the JEPA paradigm can reinforce
both representation learning and generative modeling in video-based speech understanding tasks.

3.5 Cross-Modal and Multimodal Semantic Compatibility Detection

Most existing JEPA applications employ similar structures for the context and target encoders,
enabling compatibility detection and target prediction when both views originate from the same
modality (e.g., images). More generally, however, the encoders can be designed to differ in the
structure, allowing the context and target views to originate from distinct modalities [85, 92].
For example, in a video application involving paired image and audio sequences, one encoder
may process visual frames while the other processes audio signals. Training JEPA on such data
enables the model to learn abstract-level compatibility between the video and its associated audio
track, making it possible to detect whether a given video segment is semantically aligned with
the corresponding spoken content. Beyond cross-modal setups, JEPA can also involve multimodal
applications, where both the context and target encoders receive inputs from multiple modalities
simultaneously. This allows the model to learn joint representations that capture correlations
across diverse input sources [58]. Such cross-modal and multimodal extensions open the door to
applications such as video understanding, audio-visual correspondence, and multimodal anomaly
detection. A review of existing works in this direction will be provided in Section 5.4.

3.6 JEPA World Models (WMs) for Planning

A powerful application of JEPA lies in its use as an internal or external world model for planning
in agentic systems. Because JEPA learns a predictor that maps from a context representation s, to
future or masked target representations s, entirely in latent space, a frozen JEPA can simulate the
effect of hypothetical actions without reconstructing raw observations as visualized in Fig. 9F. An
actor can therefore propose candidate actions and select the one that minimizes a JEPA-derived
cost C, which can typically represent a combination of representation alignment error and/or
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Fig. 12. External vs. JEPA-based internal world models. (a) A world model corresponding to a real external
environment leveraged for agentic planning. (b) An abstract level JEPA internal world model.

Sy

downstream task objectives. This paradigm enables efficient action planning in a semantically rich,
compact latent space [3, 83]. We explore the details in the following dedicated section.

4 Leveraging JEPA for Representing World Models

A world model is an internal mechanism that captures the system regularities to enable prediction,
reasoning, and planning without real-world interaction. Building on fundamentals and applications
of JEPA discussed in prior chapters, this section focuses on its role in world modeling.

Early world models predicted directly in the data domain (e.g., frame or pixel reconstruction) [14,
21, 23, 29, 39, 100], often within reinforcement learning or model predictive control frameworks.
These approaches, reliant on raw sensory inputs, were computationally intensive and limited to
short-term correlations with weak semantic encoding.

Subsequent latent-dynamics world models (e.g., [27, 39-42, 93, 96, 101]) transitioned to compact
latent spaces, significantly improving computational efficiency and enabling long-horizon reasoning
through simulated rollouts. These models, often integrated into reinforcement learning or model
predictive control frameworks, relied on task-specific losses such as reconstruction errors or reward-
based objectives to predict future states, which optimized their latent representations for control
performance within particular environments (e.g., robotic navigation or video game dynamics).
However, this focus tethered the latent variables to environment-specific dynamics, limiting their
adaptability across diverse modalities (e.g., from visual context to audio targets) and their ability to
capture intrinsic structural regularities independent of task-driven goals. This section describes
how JEPA can be leveraged as world model enabling action planning.

4.1 Internal World Models Leveraging JEPA

Building upon the general JEPA formulation, we now examine how this architecture inherently
functions as an internal world model, to capture predictive perceptual latent dynamics between con-
text and target representations under internally defined actions or transformations. This perspective
aligns with the representations of many JEPA variants reviewed in Section 5.

Fig. 12 contrasts the internal JEPA-based world model with its external, observation-domain
counterpart. External world models, as illustrated in Fig. 12a, have been extensively studied as
systems that learn the behavior of an external environment. In general, an external world model
shown in Fig. 12a, is trained to predict next observations or states (¢ + 1) based on recent
observations y(t — L : t) and action a(t) via a model gy, as

glt + 1] =gg(ylt—L : t], a[t]). (14)
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In contrast, Fig. 12b illustrates the paradigm in which the JEPA predictor module functions as an
internal world model, simulating representation dynamics within the agent in the latent space, where
actions here are not supplied by an external actor but are internal operations resulted from the
view generation policy that modulate the relation between context and target representations.
These internal actions are designed to expose the model to diverse and representative forms of
variation, enabling it to learn latent context-target regularities. For instance, the Image World Model
(IWM) [30] uses controllable transformations (rotation, brightness, color jitter) as internal actions,
while recent extensions like V-JEPA 2 [3] and PLDM [83] support world models with multi-step
latent rollouts for action planning.

It is seen from Figs. 12a and 12b that the internal JEPA world model and the external world model
share a closely related predictive structure. In both cases, the evolution of states is governed by a
model g4 conditioned on an action variable a and a representation of the current state or recent
states. For a generalized JEPA with temporal memory, the internal prediction can be expressed as

810+ 1] = gy (sult—L : t]:alt]), (15)

where a[t] denotes internal action parameters (e.g., target to context transformation type (e.g.,
rotation) and its corresponding parameters values (e.g. 30°) in image representation learning tasks
such as IWM [30]) rather than external physical control signals. Comparing (15) with the external
world model formulation in (14) shows that both embody same predictive principle: predicting how
state representations evolve under context/state profile and conditioning actions that drive change.
Finally, such internal latent predictive mechanisms can serve as a key component in foundational
models for planning and control, as elaborated in the following.

4.2 JEPA World Models for Agentic Planning

In this section, we first outline LeCun’s vision for an autonomous intelligence architecture centered
on an external world model [56] and then show how JEPA enables an actor to perform planning
using an internal world model. To elaborate further, let us initially consider a typical perception-
action loop in LeCun’s framework [56]. Two scenarios can be distinguished, denoted as Mode-1
and Mode-2 discussed below.

o Mode-1:Reactive Perception-Action Loop Without World Model: Fig. 13a depicts the standard
reactive loop used in many end-to-end architectures. The perception module processes raw sensory
input x[t] into an abstract state representation s[t] = fy(x[¢]). This representation is directly fed
to an actor policy 7y, which outputs action a[t] = my (s[t]) which in turn results in the next state
observation x[t + 1].

o Mode-2: Prediction and Planning using World Model: Unlike Mode-1, where actions are selected
reactively without any foresight, Mode-2 aims to achieve better performance by planning a sequence
of upcoming actions based on predictions of future states of the world. This requires a world
model capable of simulating the evolution of state representations in response to sequences of
potential future actions. Inspired by Kahneman’s System 2 [52], LeCun’s Mode-2 view of autonomous
intelligence leverages an operational pipeline where the actor, world model and cost evaluation
module interact as illustrated in Fig. 13b. In this structure, given that a world model has been
trained to simulate the environment outputs corresponding to the taken actions, the following
steps are performed at each perception-action episode [56]:

Given a trained world model, in the most basic case, Mode-2 planning procedure for each time ¢
can be summarized as the following procedure.

(1) Perception encoding: The current observation x[¢] is encoded into a latent state representation

s[t] = fo(x[t]).
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Fig. 13. Perception-action loop and incorporation of world model. (a) Mode-1, where decisions are made
directly from observations with no action planning. (b) Mode-2, involving a world model and cost-based
evaluation of simulated action trajectories. (c) An S-JEPA world model for planning with horizon of size H.

(2) Recursive imagination of candidate futures: For each candidate trajectory index n, the imagined

~

rollout is initialized as §™ [t] = s[t]. Two common rollout modes can then be distinguished.
In closed-loop or policy-guided rollout, the action and latent state are generated in an inter-
leaved autoregressive manner. At each imagined step h = 0,..., H — 1, an actor/policy 7y
first proposes an action from the current imagined latent state,

a™[t+h] =, (§<"> [t + h]) , (16)

and the world-model predictor then estimates the next latent state. For simplicity, we write
the Markovian case , where the transition depends only on the current latent state and action:

s+ h+1] =g¢(§(")[t+h];a(")[t+h]). (17)
Hence, the imagined trajectory evolves recursively as
O[] > a™[t] 5 s [t+1] 5 a™[t+1] > -+ > §P [t +H]. (18)

In open-loop planning, by contrast, a full candidate action sequence a™ = a™ [t : ¢t + H — 1]
is sampled, initialized, or optimized before rollout, and the world-model recursion is then
applied using these fixed candidate actions.

Cost evaluation: The imagined latent trajectory §™ =§(" [t + 1 : t + H] and its associated
action sequence a™ = a(™ [t : t + H — 1] are evaluated by a planning cost

cm = C(é("), a(")), (19)

where J(-) may depend on the imagined states, the actions, or both, and may encode task
reward, safety constraints, energy consumption, action smoothness, distance to a goal, or
other task-specific criteria.

Trajectory refinement and selection: The planner uses the evaluated costs to refine or select
candidate futures. In sampling-based methods, a finite set of candidate trajectories is rolled
out and evaluated where Steps 2—-4 are repeated with new candidate trajectories. After the
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final refinement round, the best trajectory can be selected as

a* = argmin C™, (20)
am)

In gradient-based planning, one or more action trajectories are instead treated as optimization
variables and updated by differentiating the cost through the rolled-out world model. In this
case, Steps 2—4 are repeated until convergence or a fixed iteration budget is reached, and a*
denotes the final optimized trajectory.

(5) Acting: The agent executes the first action, or the first few actions, of the selected trajectory
a* in the real environment.

(6) Buffering: The resulting state transitions and associated costs are stored in short-term memory.
These tuples may later be used for training purposes or adapting the critic.

Note that planning-based architectures using world models operate either in observation space
[23, 29] (wherein these exists no observation encoding) or latent space [21, 41, 42, 76, 80].

The generic world-model planning scheme described above can be specialized to JEPA-based
world models [3, 32, 69]. In this setting, the same agentic planning principle, i.e., optimizing action
trajectories through imagined latent rollouts, is applied to action-conditioned JEPA predictors
trained in representation space. A JEPA-based world model instantiates the recursive imagination
procedure using the JEPA context-target prediction principle. In the temporal action-conditioned
setting, the current observation x[¢] can be interpreted as the context view, while the next obser-
vation x [t + 1] acts as the target view. Their embeddings are

sx = s[t] = fo(x[t]), sy = s[t+1] =f9’,(x[t +1]), (21)

and the action a[t] plays the role of an auxiliary conditioning variable. The JEPA predictor is
therefore trained as a latent transition model,

S[t +1] = gg(st]; alt]), (22)

by minimizing a latent prediction loss such as D(§[t + 1], s[t + 1]), together with regularization
terms that stabilize the representation space. As with other latent world models, JEPA world models
can be trained from the past transition data tuples stored in an experience buffer, and may be
combined with actor—critic or model-predictive control components depending on the planning
architecture. Once trained, the predictor can be applied recursively in the imagination step above
to generate latent rollouts without reconstructing future observations in the data domain.

This distinction is important: learning a JEPA world model means learning latent transition
dynamics, whereas using it for planning additionally requires a criterion for selecting among
imagined futures. Thus, JEPA world models can provide the predictive latent dynamics needed for
planning, but the planning process still requires a cost, reward, value function, goal representation,
or other criterion for selecting among predicted futures.

4.3 Recent JEPA-Based World Models

Before discussing planning-oriented JEPA world models, it is useful to note that some JEPA variants
already instantiate a limited form of internal or perceptual world modeling. For example, the
Image World Model (IWM) [30] extends image-based JEPA by conditioning the predictor on
known transformation parameters, such as rotation, translation, or color changes. Unlike I-JEPA,
which mainly predicts masked target embeddings from visible context embeddings, IWM learns
how visual representations evolve under action-like transformations that builds target from the
context, thereby capturing latent equivariant dynamics. However, these transformation variables
are typically sampled or specified during view generation rather than optimized as control actions;
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hence, IWM is better viewed as a transformation-conditioned internal JEPA world model, not as a
full planning-oriented world model.

Recent works show a progression from JEPA as a static representation learner toward JEPA
as a latent world model for prediction, reasoning, and planning. Seq-JEPA [32] extended JEPA
from two-view prediction to sequential action- or transformation-conditioned latent prediction.
Instead of predicting a single target representation from a context representation, seq-JEPA pro-
cesses sequences of transformed observations and predicts the next latent state conditioned on
the corresponding transformation. This makes seq-JEPA world-model-like, since it learns how
representations evolve under known transformations or action-like variables. However, seq-JEPA
is primarily proposed as a sequential representation-learning and latent-dynamics model, rather
than as a complete goal-conditioned planner. Another relevant step toward planning-oriented JEPA
world models is PLDM [83], an earlier JEPA-style latent dynamics model trained from reward-free
offline trajectories. PLDM predicts future latent embeddings and uses VICReg-style regularization to
prevent representational collapse. At test time, it performs goal-conditioned planning by optimizing
actions so that the rolled-out latent trajectory approaches the encoded goal state. Thus, PLDM
bridges sequential latent prediction and planning-oriented JEPA world models, although it relies
on a more complex multi-term objective with several tunable loss weights.

For video and robotics, V-JEPA 2 and its action-conditioned variant V-JEPA 2-AC [3] extend the
original V-JEPA framework toward physical-world prediction and planning. The base V-JEPA 2
model is pretrained in a self-supervised manner on large-scale video and image data to learn
general spatiotemporal representations. To enable planning, V-JEPA 2-AC is then post-trained
on robot interaction data by conditioning the latent predictor on robot actions. During inference,
candidate action trajectories are rolled out in latent space and evaluated using goal-conditioned
costs, such as distance to a visual goal representation, enabling model-predictive-control-style
planning without pixel-level video generation or task-specific reward training. This demonstrates
how JEPA-style latent prediction can support LeCun’s Mode-2 planning paradigm through compact
non-generative rollouts. V-JEPA 2.1 [69] improves this line mainly by strengthening the learned
dense representations rather than by changing the basic goal-conditioned planning formulation.
Compared with V-JEPA 2, it introduces a dense predictive loss where both visible and masked
tokens contribute to training, applies deep self-supervision across intermediate encoder layers, and
uses multimodal tokenizers for unified image/video training. These changes produce more spatially
grounded and temporally consistent representations, improving dense vision, action anticipation,
and planning-related performance.

Unlike V-JEPA 2 and V-JEPA 2.1, which primarily build on large-scale spatiotemporal video repre-
sentation learning and then extend toward action-conditioned planning, the recent LeWorldModel
(LeWM) [62] focuses on stable end-to-end training of a compact JEPA world model directly from
raw pixels. LeWM is trained from pixel-based transition data, i.e., sequences of observations and
actions (x[t], a[t], x[t + 1]), by jointly learning an encoder and a latent predictor with only two
loss terms: a next-embedding prediction loss and a Gaussian latent regularizer, which stabilizes the
representation space without reconstruction. Compared with earlier end-to-end JEPA-style latent
world models, LeWM reduces the number of tunable loss hyperparameters from six in PLDM [83]
to one, making hyperparameter selection substantially simpler, e.g., through bisection search. With
a compact model trained on a single GPU in a few hours, LeWM reports planning up to 48X faster
than foundation-model-based world models while remaining competitive across diverse 2D and
3D control tasks. Once trained, LeWM predicts future latent embeddings and uses a lightweight
Cross-Entropy Method (CEM)-style search over latent rollouts rather than training a separate heavy
neural planner. In its goal-conditioned planning setting, candidate action sequences are selected
by minimizing the latent distance between the predicted terminal representation and the desired
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Fig. 14. The pipeline for training I-JEPA

goal representation sy; equivalently, the rollout whose final predicted representation within the
planning horizon is closest to s, is selected as the optimal trajectory.

5 JEPA Across Modalities

In this section, we survey the literature on existing JEPA frameworks across data types including
spatial, temporal, and spatiotemporal modalities. Here, spatial refers to 2D images and 3D point
clouds, where pixels/points have explicit spatial coordinates; temporal denotes one-dimensional
time series (e.g., sensor, audio or 10T streams); and spatiotemporal primarily covers video, in which
spatial content evolves over time. We also review JEPA variants for other modalities (e.g., text) and
cross-/multimodal settings, highlighting design choices and use cases.

5.1 Spatial JEPA for Images, Tabular Data, and 3D Point Clouds

5.1.1 I-JEPA. I-JEPA proposed and implemented by Meta Al [5], was the first adaptation of the
JEPA framework to vision and established the template that many later variants were built upon.
Fig. 14 summarizes its pipeline incorporating the three blocks stated in Section. 2.1.
Construction of views: Given an input image I, a single context view and M=4 target views are
sampled. Concretely, I is partitioned into non-overlapping patches (16x16 patches on a 224x224
image, yielding 14 X 14 = 196 patch tokens). Blocks of patch indices are then sampled to define one
masked context and M target blocks, following the mechanism explained in Section 2.1.1.
Encoding: The context and target views are encoded using the mechanism explained in Sec-
tion 2.1.2, where both encoders are ViTs [22] composed of multi-head self-attention [90] followed
by MLP blocks. The context encoder receives only the visible (unmasked) context patches, i.e.,
target masking is applied before encoding. The target encoder processes all patches (i.e., the full
image); masking is applied after encoding so that only embeddings at target locations are retained.
Prediction and alignment loss: Context embeddings s, are fed to a predictor as discussed
in Section 2.1.3, where the predictor is narrow ViT. In addition to sy, auxiliary metadata are also
constructed by embedding target block’s positional indices, as well as scale, and aspect ratio of
each target to help the predictor more accurately predict target views. Conditioned on these, the
predictor outputs the predicted embeddings for the target patches. The objective is the ¢, distance
between predicted and target embeddings, averaged over masked patches across all M target blocks,
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as formulated in the right block of Fig. 14. The predictor and context encoder are trained jointly,
while the target encoder is an EMA copy of the context encoder as discussed in Section 2.1.2.

Although I-JEPA has demonstrated strong capabilities in learning high-quality visual representa-
tions, several subsequent studies have proposed improvements and extensions to further enhance
this architecture by mostly keeping its core structure, yet introducing new principles to further
extend its capabilities, as presented in the following subsections.

5.1.2 MIM-JEPA. MIM-JEPA [91] exemplifies a hybrid CNN-ViT approach by introducing SCOTT
(Sparse Convolutional Tokenizer for Transformers), a shallow convolutional stem that replaces
the standard patch-and-embed tokenizer in a ViT. The goal is to inject local spatial biases early in
the architecture to enhance data efficiency. In this model, both the context and target encoders are
SCOTT-enabled ViTs, while the predictor is a shallow, standard Transformer. This design allows
MIM-JEPA to significantly outperform the original I-JEPA on smaller datasets, providing a more
computationally efficient and accessible implementation.

5.1.3 CNN-JEPA. Taking a different path, CNN-JEPA [53] fully embraces convolutional architec-
tures by replacing the ViT backbone altogether. Here, the context and target encoders are standard
CNNss, such as ResNet-50, and the predictor is also implemented as a lightweight, fully convolutional
network. It similarly leverages the sparse convolution technique to effectively manage masked
inputs and maintain the integrity of the predictive task. This pure CNN-based approach has also
demonstrated superior performance and training efficiency compared to the ViT-based I-JEPA,
particularly on small-scale benchmarks like ImageNet-100, further highlighting the advantages of
CNN-native biases within the JEPA framework.

5.1.4 C-JEPA. The authors of [64] highlight two major shortcomings in I-JEPA: its EMA design
fails to fully prevent collapse, and its predictor struggles to accurately model the mean patch
representations. To address these issues, they present C-JEPA, which augments I-JEPA with VICReg
regularization [12]. In this integration, the variance term keeps all embedding dimensions active
with meaningful variation, preventing them from becoming useless; the covariance term reduces
overlap by encouraging embedding dimensions to be independent; and the invariance term ensures
that different augmented or masked views of the same image lead to similar representations.Notably,
C-JEPA, just like I-JEPA, relies on the ViT architecture for both its encoder and predictor. This
ensures that the observed performance gains come entirely from the proposed training and regu-
larization strategies, rather than modifications to the underlying backbone. Experimental results
on ImageNet-1K show that C-JEPA converges faster than I-JEPA and achieves higher accuracy.

5.1.5 SToP-JEPA. StoP-JEPA [10] tackles a key weakness in I-JEPA: its reliance on fixed positional
embeddings makes the model overly dependent on knowing the exact location of image patches.
This becomes a problem when spatial information is uncertain. Existing masked image modeling
methods, such as MAE [44] and I-JEPA [5] predict masked tokens deterministically, not taking
into account location uncertainty. For example, as shown in Fig. 15, given only part of a dog’s
image, locating its tail precisely is impossible. StoP-JEPA models each masked patch position as a
Gaussian-distributed random variable whose mean is the original position and whose covariance is
learned. By tying the noise projection matrix to the context projection matrix, the design prevents
collapsing back to fixed positions and forces the predictor to learn representations that are less
sensitive to exact location. This small change, requiring only a few extra lines of code, improves
the learned representations from MIM, leading to better downstream performance on tasks such as
ImageNet linear probing, as shown in Fig. 15, without adding computational cost.
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Fig. 15. SToP-JEPA [10]

5.1.6  D-JEPA. Denoising with JEPA (D-JEPA) [18] builds upon the foundations of I-JEPA. What
sets D-JEPA apart is the addition of diffusion and flow matching losses along with an autoregressive
generation process, turning JEPA from a representation learner into a true image generation model.
The end-to-end loss function is formulated as the summation of a data-domain diffusion loss
and a latent-domain JEPA loss. In practice, D-JEPA reaches state-of-the-art results on ImageNet
conditional generation, producing high-quality samples with lower FID score and faster training.
Beyond numbers, the model shows impressive flexibility, as it can naturally extend to image, video,
and audio generation, providing a unified foundation for multimodal generative modeling.

5.1.7 Image World Model (IWM). IWM [30] extends image-based JEPA by replacing the standard
split-view masking scheme with a transformation-conditioned view-generation process. Instead
of sampling only disjoint context and target blocks as in I-JEPA, IWM generates paired views
through known image transformations, such as rotation, translation, color changes, or masking. A
source/context view and a target view are encoded by ViT-based encoders, and a transformer predic-
tor, conditioned on the transformation parameters and mask tokens, predicts the target embedding
from the source embedding. This enables the model to learn equivariant latent relationships, i.e.,
how image representations change under known transformations. From the modality perspective,
IWM is hence an image-based JEPA that incorporates transformation-aware prediction, while its
interpretation as transformation-conditioned internal JEPA world model is discussed in Section 4.3.

5.1.8 3D-JEPA. The authors of [48] introduced 3D-JEPA, the first extension of JEPA to 3D point-
cloud data. Instead of forming masked patches as in image-based methods, 3D-JEPA follows the
patch embedding strategy in [98], which builds point patches by first sampling M center points
from the raw point cloud with farthest point sampling (FPS), then grouping each center’s nearest
neighbors k via KNN, and finally aggregating them with a lightweight PointNet [74]. Aiming
to reduce target view overlap and enhance efficiency, 3D-JEPA proposes a masking approach in
which target block centers are selected via FPS from the context set, followed by gathering nearby
tokens within a fixed distance range. Standard transformers with self-attention layers are used
for the encoders. The authors also introduce a context-aware predictor (called a decoder in the
original paper) to enhance the encoder’s ability to learn structural knowledge, continually feeding
the encoded context into its layers while predicting target block representations. Compared to
previous frameworks, 3D-JEPA produces semantically aligned and meaningful embeddings that
better correspond to the objectives of the downstream task. It attains an average improvement
of +31.43% accuracy across all three variants of the ScanObjectNN [97] benchmark. Furthermore,
unlike previous SSRL methods [1], [72] that require 300 pretraining epochs, 3D-JEPA achieves
superior performance using only 150 epochs, demonstrating both effectiveness and computational
efficiency.
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5.1.9  Point-JEPA. Point-JEPA [78] proposes a non-generative predictive architecture that learns
high-level latent representations directly from spatially structured point tokens. A key innovation
of this paper is the Greedy Sequencer, which arranges neighboring point patches into coherent
spatial sequences, enabling the model to capture semantic continuity across local regions. Point
cloud patches are generated using FPS and KNN grouping, where a mini-PointNet [74] encoder
produces patch embeddings later processed by the JEPA framework. The architecture employs
standard transformer-based encoders for both context and target streams, along with a predictor
that aligns their feature spaces. Point-JEPA achieves state-of-the-art downstream performance
with faster convergence, making it an efficient self-supervised solution for point cloud tasks with
abundant unlabeled data and scarce labels.

5.1.10  T-JEPA. In [87] T-JEPA is proposed for structured tabular data, a domain where data augmen-
tations for self-supervised learning are hard to design and often produce unrealistic samples. The
authors adapt JEPA to tabular inputs to enable representation learning without any augmentation.
Their method begins by tokenizing each feature column independently. Numerical features are
normalized, and categorical features are embedded. Each column also receives index embeddings
and type embeddings to capture its position and data type. The resulting tokens are processed by an
FT Transformer [37] backbone, which is more suitable for modeling relationships between features
than spatial grids. Training involves column-level masking, where one subset of features is used as
context, while another non-overlapping subset is the target. In evaluations on several classification
and regression benchmarks, T-JEPA produces richer and more task-relevant embeddings. As a
result, deep tabular models can consistently match or outperform strong classical methods such as
gradient boosted decision trees.

5.1.11 DSeq-JEPA. DSeq-JEPA [46] advances the I-JEPA framework by introducing a more human-
like inductive bias through discriminative region selection and sequential latent prediction. Unlike
I-JEPA, which predicts masked regions in a flat and parallel manner, DSeq-JEPA prioritizes regions
based on their semantic importance. As shown in Fig. 16, the model uses an attention-driven saliency
map to rank target regions instead of relying on random masking. This allows for a curriculum-
like learning process. The model first learns to predict primary discriminative features, such as
the face of an animal, and then moves to secondary details, such as background textures. This
sequential progression from high-priority to low-priority cues results in richer latent embeddings.
Consequently, DSeq-JEPA demonstrates superior efficiency and generalization across various
downstream tasks, such as classification and object reasoning.

5.1.12  Other implementations of JEPA for spatial representation learning. Besides the aforemen-
tioned works, there exist several other studies applying the JEPA framework to images, focusing on
improving its architecture and training process or extending it to more specialized tasks. DMT-JEPA
[65] addresses a general weakness of I-JEPA that is its limited ability to capture fine grained local
semantics. Instead of predicting masked patches independently, it constructs discriminative latent
targets by aggregating features from semantically related neighboring patches through lightweight
cross attention. This masked semantic neighboring strategy enriches local understanding. Mask-
JEPA [54] integrates JEPA with mask classification architectures (MCA) to enable SSL directly on
segmentation models. Its main idea is to use the transformer decoder of MCA as the predictor
within the JEPA framework, allowing the model to jointly learn semantic representations and
precise object boundaries, bridging pixel level decoding with latent space prediction. SparseJEPA
[43] extends the JEPA framework by introducing sparse representation learning to make latent
embeddings more interpretable and efficient. It adds a sparsity inducing penalty that groups se-
mantically related latent variables in order to reduce redundancy in the embedding space. Table 1
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summarizes representative JEPA-based frameworks across different modalities, including image,
point-cloud, tabular, time-series, audio, video, multimodal, and world-model settings. Besides the
image and point cloud data domains, JEPA can be leveraged to provide semantic representations
for any other domain with spatially correlated data samples. For instance, the authors of [82] have
utilized JEPA for graph representation learning, presenting the Graph-JEPA as a highly semantic
self-supervised scheme to align context and target subgraphs in an embedding space.

5.2 Temporal JEPA for Time-Series and loT Data

5.2.1 TS-JEPA for Time-Series Sensor Data. Girgis et al. [33] propose TS-JEPA, a JEPA variant
tailored for high-dimensional time-series sensor data. The core idea is to predict temporal state
transitions within a latent space rather than directly reconstructing raw sensor data. During the
training phase, the devices transmit their high-dimensional states (originating from any type of
time-series sensor data) alongside the control commands generated by the controller for those
states to a central unit. The context encoder and predictor are jointly optimized to minimize the
cosine distance between the predictor’s forecasted embedding of a future state and the actual
embedding of that state produced by the target encoder.

After training, each learned component is deployed where it best contributes to reducing network
load: the context encoder runs on the devices to compress high-dimensional states into compact
embeddings for transmission, while the predictor resides at the central controller to estimate future
target embeddings based on the current context embeddings and the corresponding predicted
control command. This design enables the controller to anticipate latent system dynamics without
the need for continuous transmission of large raw data. In evaluation using time-series image data
from an inverted cart-pole simulation, TS-JEPA achieved a substantial reduction in communication
overhead while preserving high predictive accuracy and effective control performance in capacity-
limited network environments.

5.22 Audio-JEPA. Audio-JEPA [88] extends I-JEPA to the audio domain by treating the spectrogram
as a single-channel, potentially non-square image. An input waveform is first converted into a
Mel-spectrogram [35] and partitioned into non-overlapping time-frequency patches, and then
a fixed proportion of patches is randomly masked. The model employs a simple ViT backbone
within its encoders: the context encoder processes visible patches, while a momentum updated
target encoder processes the full spectrogram, including masked regions. A lightweight predictor
aligns the context and target embeddings in latent space. Audio-JEPA demonstrates that this
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straightforward mask-prediction objective can yield high-quality audio embeddings with far less
pre-training data, making it an efficient and versatile approach for diverse audio tasks.

5.2.3 A-JEPA. Similar to Audio JEPA, the work [26] adapts the image-based I-JEPA framework to
the audio domain by converting audio signals into Mel-spectrograms and treating them as two-
dimensional representations with time and frequency axes. A key innovation lies in its masking
strategy. Following [50], two masking patterns are used. The first is random block masking, which
removes rectangular groups of patches that are relatively easy for the model to recover from. The
second is time-frequency aware masking, which removes a portion of time and frequency, making
the prediction task more difficult. Pre-training follows a curriculum masking schedule: the model
starts with mostly random blocks and gradually shifts toward predominantly time-frequency aware
masking. This progression enables the network to first learn from simpler contexts and then adapt
to more complex patterns, fostering stronger semantic representations. In the fine-tuning stage, the
context encoder is trained using Regularized Patch Masking. This means the model can’t directly
use the masked parts themselves, but must rely on information from the surrounding patches. This
helps it stay robust and avoid overfitting. Thanks to this design, A-JEPA scales well and reaches
top performance on large audio classification datasets like AudioSet-2M [31].

5.3 Spatiotemporal JEPA for Video

5.3.1 V-JEPA, V-JEPA 2 and V-JEPA 2.1. V-JEPA [11] extends JEPA to the video domain by predicting
masked spatiotemporal representations in latent space rather than reconstructing pixels. The
architecture is based on standard ViT backbones: the context and target encoders are full-sized
ViTs, such as ViT-L or ViT-H, while the predictor is a narrower and lighter ViT. Each input video is
first sampled as a 16-frame clip. A 3D convolutional stem converts the clip into spatiotemporal
features, 3D positional embeddings are added, and the resulting tokens are flattened into a 1D
sequence for ViT processing. A central design element of V-JEPA is 3D multi-block masking, which
extends the block-wise masking strategy of I-JEPA to video. A 2D spatial mask is first formed
from the union of several contiguous blocks and then applied consistently across all frames of the
clip. This masks entire spatiotemporal regions and creates a challenging prediction task. With a
masking ratio of about 90%, the context encoder observes only roughly 10% of the video tokens,
while the predictor estimates the latent representations of the masked regions. The target features
are produced by a momentum-updated target encoder with stop-gradient, which stabilizes training
and helps prevent collapse. Empirically, V-JEPA learns transferable video representations, achieves
strong performance on standard video representation benchmarks, and generalizes well to image
classification despite being trained on video data.

Building on V-JEPA, V-JEPA 2 [3] and V-JEPA 2.1 [69] extend latent video prediction toward
goal-conditioned decision-making, enabling their use as world models for MPC-like planning. A
more detailed explanation of these two schemes provided in Section 4.3.

5.3.2 MC-JEPA. Bardes et al. propose MC-JEPA [13], a joint-embedding predictive architecture
that integrates optical-flow estimation and content-based self-supervised learning within a shared
encoder. Building upon the flow estimator architecture of PWC-Net [86] and the VICReg framework
[12], the model simultaneously learns spatial correspondences between consecutive video frames
and semantic representations of image content. This multi-task setup enables the flow estimation
objective and the self-supervised learning objective to reinforce each other, resulting in visual
features that encapsulate both appearance and motion cues. Trained on combined synthetic and
real video datasets, the authors demonstrate that motion-aware self-supervision leads to richer and
more transferable visual embeddings.
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Table 1. Comparative summary of JEPA studies across various modalities
Modal Model Highlights (Innovation, Architecture, ...) Context and Target Pair (x,y) Year
Image I-JEPA [5] First adaptation of JEPA to image modality. x: one random block of patches; y: multiple 2023
random blocks of patches.
Image MIM- Training ViT from scratch on small datasets using a sparse convo- x: patches remaining after masking; y: Ran- 2025
JEPA [91]  lutional tokenizer (SCOTT). dom multi-block masking (masking ratio = 0.6)
Image CNN- Applying CNNs for JEPA rather than ViTs, enabling efficient pre- x: remaining patches after masking; y: union 2024
JEPA [53]  training with simpler architectures. of multiple random blocks (as a single region).
Image C-JEPA Integrates JEPA with VICReg regularization to stabilize learning x: a random block of patches; y: multiple ran- 2024
[64] and prevent collapse. dom blocks of patches.
Image StoP-JEPA Introduces stochastic positional embeddings to address spatial x: a random block of patches; y: multiple ran- 2023
[10] uncertainty in masked image modeling. dom blocks of patches.
Image D-JEPA Integrates JEPA with diffusion and autoregressive generation for ~x: the remaining patches after masking; y: Ran- 2024
[18] representation-generative modeling. dom patch masking (variable masking ratio)
Image IWM [30] Applies internal world-modeling using transformation- x:remaining patches after masking from the 2024
conditioned views for latent dynamics. transformed source view; y: multiple random
patch blocks from the transformed target view.
Image DSeq- Sequential latent prediction with human-like bias; uses attention- x and y selected from top-N saliency-ranked 2026
JEPA [46]  saliency for region ranking. discriminative regions
Image DMT- enriches I-JEPA targets by aggregating semantically neighboring x: a random block of patches; y: multiple ran- 2024
JEPA [65]  patch features via cross-attention, producing discriminative latent dom blocks of patches.
representations for masked prediction.
Image Mask- use the transformer decoder of MCA as the predictor within the x: patches remaining after masking; y: random 2024
JEPA [54] JEPA framework, allowing the model to jointly learn semantic masked patches based on preset masking ratio.
representations and precise object boundaries.
Image Sparse]JEPA JEPA augmented with sparse/grouped latent representations viaa x: a random block of patches; y: multiple ran- 2025
[43] sparsity-inducing penalty that groups semantically related latent dom blocks of patches.
variables to reduce redundancy and improve interpretability.
Image LeWM JEPA-based latent world model (WM) trained end-to-end from x: current pixel state; y: next pixel state; pre- 2026
(WM) [62] raw pixels with Gaussian latent regularization, used for planning. dicts s, from sy, a for latent planning.
3D 3D-JEPA  Extends JEPA to 3D point clouds for the first time using PointNet- x: one random 3D block; y: a set of random 2024
[48] based patch embedding, FPS-based masking, and a context-aware 3D blocks, all extracted from the same point
predictor, improving ScanObjectNN accuracy with fewer epochs. cloud via FPS + KNN.
3D Point- Uses a greedy sequencer that orders patch embeddings by prox- x: one random 3D block; y: a set of random 2025
JEPA [78]  imity/index for efficient context-target selection, achieving classi- 3D blocks, all extracted from the same point
fication accuracy of 93.7 + 0.2% on ModelNet40. cloud via FPS + KNN.
Tabular T-JEPA Adapts JEPA to structured tabular data; uses an FT-Transformer x: a subset of unmasked feature columns; y: 2024
[87] backbone and column-level masking to outperform classical GBDT a non-overlapping subset of masked feature
methods in classification and regression. columns.
Time- TS-JEPA A JEPA-based framework for high-dimensional time-series sensor x and y are the current and the future system 2024
Series  [33] data that predicts future latent state transitions instead of recon- state.
structing raw signals to reduce communication overhead
Audio  Audio- Adaptation of I-JEPA/JEPA to audio by treating Mel-spectrograms x: patches remaining after masking; y: random 2025
JEPA [88]  as image-like inputs. Comparable performance to wav2vec2.0 and patch masking (masking ratio = 0.4-0.6)
data2vec with less than one-fifth of their pretraining data
Audio  A-JEPA Features Curriculum Masking (from Random Block to Time- x:remaining patches after masking; y: spectro- 2023
[26] Frequency Aware) for audio spectrograms gram patches chosen by Curriculum Masking.
Video V-JEPA Adaptation of JEPA to video with a very high masking ratio (90%) x: visible video patches; y: random spatial tar- 2024
[11] get blocks repeated across frames.
Video MC-JEPA  Multi-task JEPA that jointly learns motion + content by coupling x and y are obtained from paired inputs for 2023
[13] self-supervised optical flow (M-JEPA/PWC-Net style) with content  flow and augmented image views for content.
SSL (VICReg) in a shared encoder.
Video V-JEPA 2 Extends V-JEPA with large-scale video/image pretraining and x: current video view; y: masked/future target 2025
(WM) [3] action-conditioned world-model (WM) (WM) post-training (V- view; V-JEPA 2-AC adds robot-action condi-
JEPA 2-AC) for physical-world prediction and planning. tioning for latent rollouts.
Video V-JEPA 2.1 Enhances V-JEPA 2 with dense predictive loss and deep self- x: visible/context image-video view; y: dense 2026
(WM) [69] supervision for stronger video/image representation and planning. masked target view.
Multi TI-JEPA A text-image JEPA with that uses cross-attention to bridge the x: combined masked image blocks and corre- 2024
[92] semantic gap between text and image features alignment. sponding text; y: random multi-block masking.
Multi  M3-JEPA  An any-to-any multimodal JEPA using Multi-gate MoE to align x: input modality features (e.g., Image); y: Out- 2025
[58] diverse modalities in a shared latent space. put modality features (e.g., Text)
Multi  JEP-KD Cross-modal distillation, using a noise-conditioned generative x: video/lip sequence; y: audio/ASR encoder 2024
[85] predictor to map lip-video features into audio-like embeddings.  features.
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Fig. 17. Three multi-modal JEPA architectures: (a) TI-JEPA [92], (b) M3-JEPA [58], (c) JEP-KD [85]
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5.4 Cross-Modal and Multimodal JEPA

5.4.1 TI-JEPA. TI-JEPA [92] offers a flexible joint embedding space for tasks such as multimodal
sentiment analysis, with potential applicability to visual question answering and cross-modal
retrieval. In the TI-JEPA pipeline, as shown in Fig. 17-a, both the target image and its associated
context image are initially encoded by the image encoders. The corresponding text is processed
separately by a text encoder. The resulting feature streams are then fed into cross-attention blocks
to align textual and visual information. This interaction allows the model to project both text and
image features into a joint embedding space, capturing fine-grained cross-modal relationships. After
the cross-attention stage, the predictor module predicts the masked regions of the image, and then
the reconstruction error is computed to update the energy function. TI-JEPA uses pretrained visual
and textual encoder models that already contain rich, diverse representations. These pretrained
components are frozen, and only the cross-attention modules and prediction layers are fine-tuned.
This preserves the quality of existing features, prevents representational collapse, and focuses
training on aligning the two modalities. Evaluation shows that TI-JEPA surpasses state-of-the-art
relating works in terms of accuracy and F1-scores while retaining generalization across tasks.

54.2 M3-JEPA. M3-JEPA [58] (Fig. 17-b) is designed for true any-to-any multimodal learning. It is
not locked into a single pairing and is capable of aligning almost any combination of modalities,
such as text with image, image with audio, audio with text, and beyond. At its core, the model uses a
sophisticated Multi-Gate Mixture of Experts (MMoE) [61] predictor. Each modality is first processed
through a pretrained, largely frozen encoder, and the resulting embeddings are passed into this
predictor. The predictor uses multiple gates to decide which expert should process the input, creating
separate paths for information that is specific to each modality and for information that is shared
between them. These paths are trained together with a combination of contrastive and regularization
losses. This design allows the model to handle many different types of signals while still preserving
what makes each modality unique. For training, M3-JEPA employs an Alternating Gradient Descent
(AGD) method, as used in other multimodal studies [59], [2], which updates the predictor one
task at a time, thereby avoiding the gradient conflicts that can slow or destabilize multitask
learning. According to experimental results, M3-JEPA achieves competitive results across a range
of multimodal benchmarks, shows robustness on unseen datasets, and remains computationally
efficient, suggesting potential as a foundation for open-world self-supervised learning.

5.4.3 JEP-KD. JEP-KD [85] adapts the JEPA idea to visual speech recognition by reducing the
semantic gap between visual lip movements and audio speech features. The model uses paired
video and audio streams: a video encoder extracts visual features from lip movements, while a

ACM Comput. Surv., Vol. 1, No. 1, Article . Publication date: June 2026.



30 Monemi et al.

pretrained audio speech-recognition encoder provides stronger audio representations as teacher
features. Instead of directly forcing the video and audio embeddings to match with a simple distance
loss, JEP-KD introduces a JEPA-inspired predictor/generator that maps video features combined
with a noise vector z, toward an audio-like semantic representation. To make this cross-modal
prediction more flexible, JEP-KD replaces the standard JEPA distance loss with an adversarial
objective based on a discriminator that distinguishes real teacher audio features from generated
audio-like features. A decoder (absent in standard JEPA) then maps the enriched representation to
text for visual speech recognition. Training is organized in stages, including warm-up, adversarial
prediction, and refinement, to stabilize the generator—discriminator interaction. This design shows
how the JEPA predictor concept can be adapted beyond same-modality representation learning to
cross-modal knowledge distillation.

6 Applications in Wireless Communications

Although JEPA has been extensively explored in various modalities, with notable progress particu-
larly being achieved in computer vision, its application to wireless modalities and network-level
tasks is relatively under-investigated. This section examines how JEPA has been adapted and
employed in four representative domains of wireless communications systems.

6.1 JEPA for Semantic Communication in 6G Networks

As 6G moves toward autonomous systems and city-scale sensing, transmitting every bit of raw
data is untenable. While 5G emphasizes ultra-reliability and massive connectivity, semantic com-
munication reframes the objective: transmit useful meaning rather than pixel- or sample-accurate
data [60, 81]. The core idea is to extract task-relevant, low-dimensional embeddings from high-
dimensional signals and communicate only what matters for downstream utility, thereby reducing
traffic and latency. In control-centric settings, this “prediction-anchored” view is exemplified by
TS-JEPA [33], where device states are encoded into semantic embeddings, a predictor operates
entirely in latent space to forecast future states, and a semantic actor maps embeddings to control
commands; thus, communication focuses non-generative latents on intent and occasional residuals
where prediction is insufficient, rather than streaming raw states.

In contrast, several proposed schemes such as TokCom [75] study generative semantic commu-
nication methods [75]. While JEPA can directly be leveraged to transmit the embeddings corre-
sponding to the context and/or target blocks of the communication message in a non-generative
scheme, in Section 7.2.4 we will also discuss how some existing token-based generative semantic
communication can be extended JEPA-based semantic communication schemes.

6.2 Channel Charting

In wireless communications, Channel State Information (CSI) of antenna elements acts as a detailed
fingerprint of the radio environment, reflecting fading, reflections, and user mobility [34]. Because
channel characteristics evolve dynamically, learning and predicting their temporal behavior is
essential for proactive resource allocation and mobility-aware control in 6G networks. Channel
charting models aim to compress the high-dimensional CSI matrix into a compact 2D space
representing the pseudo-location of the receiver at each time step. Traditional channel charting
models rely on fixed statistical assumptions and fail to capture complex real-world dynamics,
driving the need for data-driven approaches that learn latent channel evolution directly from
observed CSI. Existing channel-charting techniques [28, 84] use self-supervision to construct static
latent maps from raw CSI but lack predictive modeling of temporal evolution. To overcome this
limitation, Bou Chaaya et al. [15] introduce W-JEPA, which extends channel charting with JEPA to
enable forecasting of future channel representations in latent space. The encoder learns the charting
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mapping, while the predictor captures the temporal dynamics of latent states driven by user motion.
This approach predicts future embeddings without reconstructing raw CSI, substantially reducing
computational cost. Experiments on real CSI datasets show that W-JEPA delivers up to twofold
higher prediction accuracy than benchmarks for long-term channel dynamics.

6.3 Integrated Sensing and Communication

Integrated Sensing and Communication (ISAC) systems represent the next evolution of wireless
networks, enabling simultaneous communication and environmental sensing through shared
infrastructure [94]. In such networks, a base station, can sea the surrounding environment using the
same radio signals used for data transmission, greatly improving environmental awareness while
saving hardware, frequency, and energy resources. The ISAC model may include heterogeneous
sensing modalities such as cameras, LiDAR, radar, infrared sensors, ultrasonic sensors, and RF
signals from CSL. However, integrating these heterogeneous modalities remains difficult since
each produces independent, high dimensional data, resulting in heavy communication load and
reduced sensing efficiency. To overcome this limitation, the authors of [70] utilized JEPA to move
multimodal integration and processing from the data domain into the semantic space. Each sensor,
such as a camera or Wi-Fi device, encodes its observation into a compact latent embedding through
a semantic encoder, which is transmitted to the base station. When one modality is missing or
corrupted, the base station performs semantic inpainting, predicting the missing embeddings from
the available ones. The completed embeddings are then forwarded to downstream applications.
Experiments conducted on a multimodal dataset of camera images and Wi-Fi CSI confirmed the
effectiveness of the proposed framework in terms of accuracy and lower transmission overhead.

6.4 Resource Allocation in Wireless Network

Besides the semantic alignment problem in ISAC recently investigated in [70] as described above,
JEPA can benefit various wireless resource allocation problems. In this domain, only a few studies
have been reported so far. The first example is the TS-JEPA framework discussed in Section 5.2.1,
which utilized the JEPA to model the temporal evolution of networked control systems in latent
space, considering a capacity limited wireless network. By predicting future device states and
control commands semantically, TS-JEPA enabled proactive scheduling and adaptive bandwidth
allocation, effectively reducing communication load while maintaining control stability. In another
direction, the authors of [17] leveraged a novel architecture featuring two coupled JEPAs, namely
Control JEPA and Wireless JEPA, to jointly model and predict the dynamics of both the control
system (represented by pixels) and the wireless propagation environment (from CSI) in the latent
space. This architecture then utilized a deep reinforcement learning to derive a control policy
from latent control dynamics and a wireless transmission power predictor to estimate scheduling
intervals based on latent CSI representation. The objective was then represented as minimizing the
usage of radio resources by utilizing the coupled JEPA networks to imagine the device’s trajectory
in latent space. Simulation results on synthetic multi-modal data showed that the proposed scheme
reduced the transmit power by 50% while maintaining the control performance.

7 Limitations, Challenges and Future Directions

This section highlights limitations of JEPA and outlines open research challenges and promising
future directions across application domains.
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7.1 Limitations and Failure Modes of JEPA

Despite its advantages for non-generative semantic representation learning, JEPA also faces several
limitations, some of which have been noted throughout the preceding sections, where these
limitations may be mitigated through careful considerations.

7.1.1  Auxiliary Variables and Complexity of Context-Target Generation. For many applications,
JEPA performance is highly sensitive to context-target view construction scheme. If the target
representation is too easy to infer, the model may learn shallow local correlations rather than
semantic abstractions; if it is too weakly correlated with the context, the prediction task may
become unstable or uninformative. Thus, optimizing the auxiliary variables such as masking ratio
and masking positional information can be a complicated task especially when samples are high
dimensional and complex.

7.1.2  Regularization Considerations. JEPA can suffer from representational collapse or low-diversity
embeddings when the predictive loss is not paired with suitable stabilization mechanisms. Practical
implementations therefore rely on stop-gradient operations, EMA target encoders, teacher-student
asymmetry, variance/covariance regularization, or various statistical constraints. However, these
mechanisms are architecture- and hyperparameter-dependent: insufficient regularization may fail
to prevent collapse, while overly strong constraints may reduce transferability.

7.1.3  Training and Prediction Stability. Training stability becomes more challenging in large-scale,
multimodal, and sequential/hierarchical JEPA variants. The encoders and predictor must evolve at
compatible rates; otherwise, the predictor may chase rapidly drifting targets or learn from targets
that are too static. In sequential JEPA and JEPA-based world models, small latent prediction errors
may also accumulate over multi-step rollouts, degrading long-horizon forecasting.

7.1.4  JEPA-based World-Model Planning. Recent JEPA world models such as LeWM show that
latent predictive architectures can support efficient, low-complexity planning compared with
reconstruction-heavy pipelines. However, many JEPA planning formulations are naturally goal-
conditioned: they assume a target representation and search for actions whose predicted latent
rollout approaches it. This is effective when the goal is known but the path is unknown, but less
direct for open-ended decision-making where the optimal target state is unspecified. Such cases
may require additional reward/cost design, goal proposal, or intermediate subgoal generation.

7.1.5 Reconstruction Limitation. Standard JEPA is not designed for precise pixel-, waveform-, or
token-level reconstruction. This is beneficial for compact semantic representation learning, but
limits its direct use in high-fidelity synthesis or exact data-domain recovery, where a decoder,
autoregressive generator, or generative components may also be required.

7.2 Open Challenges and Future Directions
7.2.1  Advanced JEPA World Model Architectures.

o Distributed JEPA Architectures: Current JEPA frameworks are typically centralized with co-located
world-model components. However, many applications can benefit from latent predictive JEPA mod-
els in distributed architectures. For instance, in uplink wireless semantic communication networks,
encoders can be deployed on user devices while predictors reside at edge/base stations, enabling
coordinated inference and training under strict privacy and latency constraints. Distributed JEPA
thus applies to both deployment and training: during deployment, encoder and predictor are split
across network nodes; during training, split-learning JEPA or federated-learning JEPA schemes train
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them collaboratively. Key challenges include designing scalable and informative distributed con-
texts/targets, synchronizing the world model across nodes, analyzing accuracy/complexity/latency
trade-offs and ensuring robustness against node dropouts and adversarial/poisoned updates.

o Combined S-JEPA/H-JEPA World Models: To address long-horizon and complex planning tasks,
future works can investigate a unified S-JEPA/H-JEPA architecture that combines multi-level
abstraction: S-JEPA learns fine-grained, fast-changing representation dynamics, while H-JEPA
captures slow-varying, high-level semantic dynamics critical for long-term planning and decision
making. Moreover, since most existing systems pair world models with non-trainable actors,
integrating trainable actors with such JEPA world models can amortize search, reduce latency, and
improve planning and reasoning performance.

7.2.2  Research Directions in Image/Video JEPA.

o Causality in V-JEPA: Current video JEPAs capture correlations but lack explicit detailed cause-
effect structure. In this regard the training can be augmented with interventional pairs and a sparse,
time-lagged dependency map over tokens/slots. Given a context, we can form two targets: (i) the
original one and (ii) an interventional target created by a localized manipulation (e.g., zeroing
an object’s velocity or altering friction inside a mask). The predictor can then be trained so that
(a) latents for causal descendants of the intervention change consistently with the manipulated
outcome (equivariance), while (b) non-descendant latents remain stable (invariance). In parallel, a
lightweight lagged dependency matrix (sparse, with temporal lags) can be trained to capture which
components influence others across frames. This yields a JEPA that supports counterfactual queries
and is more robust under distribution shift.

e Stochastic-Token V-JEPA with Spatiotemporal Uncertainty: Inspired by StoP-JEPA for images,
where randomized token positions improve robustness to spatial uncertainty, a video variant can
be considered that models uncertainty in both space and time. Each tubelet can be represented
by random centers/extents allowing temporal indices to jitter or drop (to reflect variable frame
rate, motion blur, or desynchronization). Coupling spatial and explicit temporal uncertainty yields
rollouts that are robust to occlusion and misalignment.

7.2.3  JEPA for Digital Twin Architectures. Digital twins range from virtual replicas that mirror
the current physical state (“what now”) to predictive systems that answer counterfactual (“what
if”) and forecasting (“what next”) queries. Since raw-sensory simulation is computationally costly,
latent digital twins operating in compact representation spaces are closely aligned with latent world
models for control and optimization. However, while world models mainly learn latent dynamics
for decision-making, digital twins also require physical interpretability and partial reconstruction of
observable variables. Thus, JEPA’s non-generative predictive abstraction is efficient, but insufficient
when physical-state estimation or visualization is required. Future research should explore hybrid
JEPA-generative architectures that combine latent predictive alignment with decoding modules for
estimating key physical variables while preserving JEPA’s efficiency and semantic consistency.

7.2.4 Research Directions in 6G Wireless Communications.

o Implementation of JEPA-Anchored Semantic Communication: A rigorous end-to-end design and
evaluation of JEPA-based semantic communication for 6G networks remains an open research
direction. Existing token-based generative semantic communication frameworks, such as Tok-
Com [75], employ tokenizers, codebooks, and generative foundation models or multimodal LLMs
to select, transmit, and reconstruct semantic tokens. Although such schemes can exploit context
reconstruction, they may incur high computation and latency for long token sequences, and require
maintaining synchronized codebooks and generative priors across endpoints. A JEPA-anchored
alternative would transmit only compact context embeddings/tokens, together with auxiliary
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conditioning variables such as masking positions, and use a latent world model at the receiver to
predict the missing target embeddings. This non-generative prediction in latent space could enable
higher compression ratios and lighter receiver-side inference when exact pixel-level reconstruction
is not required. Key open problems include designing such a JEPA-based framework for semantic
communication optimized under various uncertainty sources such as non-ideal communication
channel model, designing quantized latent representations and lightweight predictors, synchroniz-
ing the shared JEPA world model between transmitter and receiver, handling prediction errors,
and developing hybrid schemes in which generative models such as TokCom reconstruct missing
context tokens before a JEPA predictor infers the remaining target representations.

e Semantic and Predictive CSI representation for Extremely Large-Scale Antenna Arrays (ELAAs):
Recent works on leveraging JEPA for wireless network tasks [17, 33, 70] highlight its potential for
estimation and resource management in communication systems. A promising application lies in
channel estimation and prediction for ELAAs, where the CSI exhibits two-dimensional, image-like
spatial structures [25, 68]. This structural analogy makes ELAAs a candidate for self-supervised,
image-based representation learning frameworks such as I-JEPA. One such application is related to
the CSI of ELAASs in the near-field propagation region [67]. A challenge for ELAAs in the near-field
is the probability of partial visibility of the antenna array, where subsets of antenna elements
become shadowed or blocked, resulting in missing useful CSI for those array regions. Addressing
this challenge parallels the masked image modeling paradigm in computer vision, where portions
of an image are intentionally removed and predicted from their surrounding context. In the ELAA
case, the missing CSI segments can be modeled as masked targets, while the available elements
serve as contextual input that can be leveraged for the prediction of the latent target masks.

8 Conclusions

This tutorial has provided a comprehensive overview of Joint Embedding Predictive Architectures
(JEPA), covering their foundational principles, architectural variants, and wide-ranging applications.
We studied JEPA’s strengths across various downstream tasks, semantic predictive tasks, guidance
of generative models via latent alignment, emerging applications in semantic communication and
6G networks, and its central role as a predictive world model enabling planning. An extensive
survey of state-of-the-art JEPA implementations across spatial (images, point clouds), temporal
(audio, time-series), spatiotemporal (video), and multimodal data further highlights the framework’s
remarkable versatility and performance Despite the advances, important research directions remain:
scaling JEPA to massive multimodal and decentralized foundation models, extending its capability
to novel downstream tasks, incorporating explicit causal reasoning into the predictive objective,
and building principled connections between non-generative JEPA and generative paradigms,
among others. Successfully designing, validating, and deploying practical JEPA-based predictive
world models in domains such as 6G semantic/goal-oriented communication, smart-grid control,
autonomous robotics, and medical imaging will be decisive in transforming JEPA from a powerful
representation-learning method into a core building block of future foundational AI models.
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