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Abstract
Joint-Embedding Predictive Architectures (JEPAs), a power-
ful class of self-supervised models, exhibit an unexplained
ability to cluster time-series data by their underlying dynam-
ical regimes. We propose a novel theoretical explanation for
this phenomenon, hypothesizing that JEPA’s predictive ob-
jective implicitly drives it to learn the invariant subspace of
the system’s Koopman operator. We prove that an idealized
JEPA loss is minimized when the encoder represents the sys-
tem’s regime indicator functions, which are Koopman eigen-
functions. This theory was validated on synthetic data with
known dynamics, demonstrating that constraining the JEPA’s
linear predictor to be a near-identity operator is the key induc-
tive bias that forces the encoder to learn these invariants. We
further discuss that this constraint is critical for selecting this
interpretable solution from a class of mathematically equiv-
alent but entangled optima, revealing the predictor’s role in
representation disentanglement. This work demystifies a key
behavior of JEPAs, provides a principled connection between
modern self-supervised learning and dynamical systems the-
ory, and informs the design of more robust and interpretable
time-series models.

Extended version — https://arxiv.org/abs/2511.09783

1 Introduction
Self-Supervised Learning (SSL) has emerged as a powerful
paradigm for learning rich data representations from unla-
beled data, driving significant progress across diverse do-
mains (Chen et al. 2020; Grill et al. 2020; Chen and He
2021). These methods learn by solving pretext tasks, with
the hope that the learned representations capture underly-
ing structures of the data. However, despite their empiri-
cal power, the precise mechanisms by which some SSL ar-
chitectures discover these structures often remain opaque,
treating critical model components as black boxes. This un-
derscores a pressing need for theoretical frameworks that
can provide a principled understanding of their behavior and
guide future development.

Among the diverse SSL strategies, Joint-Embedding Pre-
dictive Architectures (JEPAs) (LeCun 2022; Assran et al.
2023) offer a compelling approach. Rather than reconstruct-
ing raw inputs, JEPA is a non-generative approach that
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learns by predicting future data representations within an ab-
stract, jointly-embedded latent space. This focus on abstract
predictability has proven highly effective across diverse do-
mains, spanning from static images to dynamic video and
time-series data (Verdenius, Zerio, and Wang 2024; Assran
et al. 2023; Bardes et al. 2024).

Intriguingly, when applied to time-series data, JEPA mod-
els often yield latent embeddings that spontaneously cluster
by underlying, unannotated dynamical regimes. This behav-
ior is not universally observed in other representation learn-
ing frameworks, even those employing encoder architec-
tures of similar capacity but with different objectives (e.g.,
reconstruction-based autoencoders). For instance, as empir-
ically demonstrated in Section 5 (Figure 3), JEPA can effec-
tively disentangle distinct dynamical modes where a compa-
rable autoencoder (AE) fails to do so.

This pronounced difference in latent organization imme-
diately poses a crucial question: Why does JEPA’s predictive
objective lead to this regime-aware clustering? What intrin-
sic mechanism within JEPA drives this emergence of order
from apparently unstructured input? Addressing this ques-
tion is vital not only for understanding JEPA itself but also
for developing more principled and effective SSL methods.

To address this, we turn to dynamical systems theory,
specifically the Koopman operator framework (Koopman
1931; Mezić 2005). The Koopman operator offers a pow-
erful way to analyze nonlinear dynamical systems by lift-
ing observations into a space where their evolution becomes
linear. This approach has inspired various machine learn-
ing techniques aiming to learn these linear representations.
For example, significant research has focused on using deep
autoencoders to learn intrinsic coordinates where dynam-
ics evolve linearly under a learned Koopman operator, often
with auxiliary networks to enforce desired properties like
parsimony or to capture continuous spectra (Lusch, Kutz,
and Brunton 2018; Yeung, Kundu, and Hodas 2019). Ar-
chitectures like Linearly Recurrent Autoencoder Networks
explicitly constrain latent dynamics to follow a linear re-
current layer, effectively learning finite-dimensional Koop-
man approximations (Azencot et al. 2020; Otto and Rowley
2019). This philosophy of enforcing linear latent dynam-
ics has achieved remarkable success in modern structured
State-Space Models (SSMs) like Mamba (Gu, Goel, and Ré
2022; Gu and Dao 2024), which represent the current state-
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of-the-art for many sequence modeling tasks. These meth-
ods, building upon foundations like Dynamic Mode Decom-
position and its extensions (Schmid 2010; Korda and Mezić
2018), demonstrate the utility of Koopman theory for sys-
tem identification and representation learning where linear
evolution is a primary target.

Other approaches, such as VAMPnets (Mardt et al. 2018)
and Time-Lagged Autoencoders (Wehmeyer and Noé 2018),
are designed to learn slow collective variables or eigenfunc-
tions of the underlying system’s transfer operator, which
are crucial for understanding long-timescale dynamics and
regime transitions. A distinct but related goal in represen-
tation learning is to achieve disentanglement, where latent
variables are explicitly regularized to capture independent
factors of variation in the data (Higgins et al. 2017; Kim and
Mnih 2018). While these methods successfully identify key
dynamical or generative modes, they often employ special-
ized objectives directly tied to these targets.

In contrast to these approaches that explicitly model sys-
tem dynamics, optimize for specific eigenfunctions, or regu-
larize for disentangled factors, the mechanism within JEPA
is implicit. While many self-supervised methods for time se-
ries rely on contrastive objectives that learn similarity based
on temporal proximity (Yue et al. 2022), we hypothesize that
JEPA’s purely predictive objective in a latent space is what
drives it to learn functions that are invariant under the sys-
tem’s evolution within distinct dynamical regimes.

We will demonstrate that these invariant functions corre-
spond to the indicator functions of these regimes, which are,
in fact, eigenfunctions of the system’s ∆-step Koopman op-
erator associated with a unit-magnitude eigenvalue. Thus,
while not designed as a Koopman modeling tool, JEPA’s
core learning principle appears to converge on identifying
these fundamental Koopman invariants when distinct, stable
dynamical regimes are present.

Our contributions are twofold:

1. We provide a theoretical derivation showing that an ide-
alized JEPA loss function is minimized when its encoder
learns to span the space of these Koopman-invariant
regime indicators. This offers a first-principles explana-
tion for the observed clustering.

2. We detail an empirical validation strategy using synthetic
time-series data with known underlying regimes. Beyond
standard t-SNE visualization, our methodology includes
a novel set of analyses focused on the learned linear pre-
dictor matrix M by examining its Frobenius norm differ-
ence from identity, symmetry, eigenvalue spectrum, and
action on empirically derived cluster centroids to directly
test the theoretical prediction that M behaves as an iden-
tity operator on the learned regime subspace.

By clarifying the mechanism behind JEPA’s emergent
clustering, this work not only offers a deeper understanding
of this powerful SSL architecture but also strengthens the
promising connections between modern deep learning and
the established mathematics of dynamical systems.

This paper is structured as follows: Section 2 introduces
JEPA and Koopman operator theory in more detail, as the
foundation for the theoretical derivation in Section 3. Sec-

Figure 1: Conceptual schematic of the Joint-Embedding Pre-
dictive Architecture (JEPA). The online encoder and predic-
tor aim to predict the representation of a future target win-
dow as generated by the slowly evolving EMA encoder.

tion 4 details the experimental setup for validation, followed
by the obtained results and discussion in Section 5. Finally,
in Section 6, we synthesize our findings and outline promis-
ing directions for future research.

2 Theoretical Framework
To understand the emergent clustering phenomenon in
JEPAs, we first need to formalize its learning process and
then introduce the mathematical tools from dynamical sys-
tems theory that will allow us to analyze its behavior. Our
central aim is to connect JEPA’s predictive objective to the
discovery of underlying dynamical regimes.

JEPA Model and Idealized Loss
We consider time-series windows xt = (st, . . . , st+n−1) ∈
Rd ≡ X , drawn from a stationary process with invariant
measure µ. The JEPA model consists of three neural network
components:

• An online encoder fθ : X → Rk, which maps an input
window xt to a latent representation zt = fθ(xt).

• An online predictor gϕ : Rk → Rk, which takes zt
and predicts the latent representation of a future window
xt+∆ (where ∆ ≥ 1 is the prediction horizon).

• A target encoder fEMA : X → Rk, structurally identical
to fθ, whose parameters θEMA are updated as an Expo-
nential Moving Average (EMA) of the online encoder’s
parameters: θEMA ←− α θEMA + (1− α) θ.

The momentum coefficient α is typically chosen to be
very close to 1 (e.g., 0.996 to 0.999), ensuring that θEMA

represents a slowly evolving, stable average of θ (Grill et al.
2020; He et al. 2020). The target encoder provides stable
targets zt+∆ = fEMA(xt+∆) for training.

The online network parameters θ and ϕ are learned by
minimizing the predictive loss, typically a squared Eu-
clidean distance, averaged over the data distribution µ of the
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input windows:

L(θ, ϕ) = Ext∼µ

[
∥gϕ(fθ(xt))− fEMA(xt+∆)∥22

]
(1)

To perform a tractable theoretical analysis of the represen-
tations fθ JEPA learns, we make a key simplifying assump-
tion. We assume that the target encoder fEMA closely tracks
the online encoder fθ. Specifically, if the rate of change
of the online parameters θ per training step is small rela-
tive to (1 − α), then the difference ∥θ − θEMA∥ remains
small. Consequently, for well-behaved neural network func-
tions f , this implies fEMA(y) ≈ fθ(y) for any relevant input
y. This approximation is common in the analysis of similar
self-supervised methods employing EMA targets (Grill et al.
2020; He et al. 2020; Tian, Chen, and Ganguli 2021) and is
implicitly validated by their empirical success, which relies
on effective target stabilization.

Under this condition of close tracking, the objective func-
tion in (1) can be approximated by:

L(f, g) ≈ Ext∼µ

[
∥g(f(xt))− f(xt+∆)∥22

]
, (2)

where f ≡ fθ and g ≡ gϕ. Our theoretical development will
be based on this idealized loss, while acknowledging that the
EMA dynamics introduce a slight deviation in practice.

Koopman Operator
To analyze the functions f that JEPA might learn, particu-
larly in the context of time-series data exhibiting underly-
ing dynamical regimes, we employ the Koopman operator
framework. We view the sequence of windows {xt} as states
of a discrete-time dynamical system on X , evolving under
the invariant measure µ.

The Koopman operator provides a way to study the evo-
lution of functions (observables) ψ : X −→ C defined on the
state space. We focus on observables in the Hilbert space
L2(X , µ).
Definition 2.1 (∆-Step Koopman Operator). The ∆-step
Koopman operator K ≡ K(∆) : L2(X , µ) −→ L2(X , µ)
transforms an observable ψ into its conditional expectation
∆ steps into the future:

(Kψ)(x) = E[ψ(xt+∆) | xt = x]. (3)

A fundamental property of K is its linearity, regardless of
the non-linearity of the underlying system generating xt. It is
also a contraction on L2(X , µ). Of particular interest are its
eigenfunctions ψj , which satisfy Kψj = νjψj for eigenval-
ues νj ∈ C. Eigenfunctions with νj = 1 represent quantities
that are invariant in expectation under the ∆-step dynamics.
The components of JEPA’s learned encoder fθ(xt) can be
seen as a vector of observables, and understanding their re-
lationship with the Koopman operator is key to our analysis.

3 Theoretical Justification for Clustering
Having established the JEPA learning paradigm and the
Koopman operator framework, we now develop our central
theoretical argument. We will demonstrate that under spe-
cific assumptions about the data dynamics, (2) incentivizes
the encoder f to learn representations that correspond to un-
derlying, discrete dynamical regimes. This occurs because

these regime-specific representations are characterized by
functions that are invariant under the Koopman operator,
making them optimally predictable.

Dynamical Regimes and Invariant Observables
The cornerstone of our argument is the assumption that the
observed time-series data, while potentially complex, arises
from a system that operates in a finite number of distinct
dynamical modes or regimes.

Assumption 3.1 (Finite Mixture of Ergodic Regimes). The
invariant measure µ governing the time-series windows xt ∈
X decomposes as a finite convex mixture of r distinct ergodic
component measures:

µ =
r∑

i=1

αiµi, where r ∈ N, αi > 0,
r∑

i=1

αi = 1 (4)

Each µi is an ergodic invariant measure supported on a
measurable set Xi ⊂ X . These supports {Xi}ri=1 are essen-
tially disjoint, and trajectories starting in Xi remain con-
fined to Xi for all future times (dynamical immiscibility).

This assumption allows us to define regime indicator
functions χi(x) := 1Xi(x). These functions are linearly
independent and span an r-dimensional subspace V :=
span{χ1, . . . , χr}.
Lemma 3.2 (Properties of Regime Indicators and V). Under
Assumption 3.1:

(a) Each regime indicator χi is an eigenfunction of K with
eigenvalue 1: Kχi = χi

(b) Each χi is pathwise invariant over ∆ steps: χi(xt+∆) =
χi(xt)

(c) Consequently, any function ψ ∈ V satisfies Kψ = ψ and
ψ(xt+∆) = ψ(xt)

(d) The subspace V is precisely the eigenspace of K corre-
sponding to the eigenvalue 1, and its dimension is r.

Proof Intuition. Properties (a) and (b) stem directly from the
dynamical immiscibility of regimes: if a system is in regime
Xi, it is expected to remain there, and its indicator χi will
deterministically remain 1. Property (c) follows by linearity.
Property (d) is a fundamental result from ergodic decompo-
sition theory, linking the number of ergodic components to
the dimension of the invariant subspace of the Koopman op-
erator. The detailed proofs are provided in Appendix A.

Lemma 3.2(c) is critical: functions in V are not just in-
variant in expectation but are also perfectly predictable on a
pathwise basis with respect to the regimes, i.e., their future
value f(xt+∆) is identical to their current value f(xt). This
makes them prime candidates for what JEPA might learn.

JEPA Loss Minimization and Koopman Invariants
We now connect the idealized loss (2) to the learning of these
Koopman-invariant functions. For analytical clarity, espe-
cially in isolating the encoder’s role in finding predictable
structures, we introduce an assumption about the predictor.

25178



Assumption 3.3 (Linear Predictor). The predictor g : Rk →
Rk is a linear transformation, i.e., g(z) = Mz for some
matrix M ∈ Rk×k with learnable parameters.

Under this assumption, let f(x) = ψ⃗(x) be the vector of k
observables learned by the encoder. The idealized JEPA loss
(2) becomes L(f,M) = Ex∼µ

[
∥Mψ⃗(x) − ψ⃗(xt+∆)∥22

]
.

This loss can be decomposed using the Koopman operator
K, as derived in Appendix A:

L(f,M) = Ex

[
∥Mψ⃗(x)− (Kψ⃗)(x)∥22

]︸ ︷︷ ︸
Term 1: Mean Prediction Error

+ Ex

[
∥(Kψ⃗)(x)− ψ⃗(xt+∆)∥22

]︸ ︷︷ ︸
Term 2: Inherent Stochasticity Error

(5)

JEPA aims to minimize L(f,M) by jointly optimizing f
(i.e., ψ⃗) and M . The loss is zero if and only if both Term 1
and Term 2 are zero. Term 2 quantifies the degree to which
the learned observables ψ⃗(x) deviate from their conditional
expectation (Kψ⃗)(x) along actual trajectories. Term 1 quan-
tifies how well the linear predictor Mψ⃗(x) can match this
conditional expectation.

Our theory shows that functions spanning the regime-
invariant subspace V are optimal for minimizing this loss.

Theorem 3.4 (JEPA Learns Regime Indicators). Let As-
sumptions 3.1 and 3.3 hold. Assume the encoder has suffi-
cient capacity, i.e., its latent dimension k ≥ r. The JEPA
loss (5) achieves its global minimum if and only if:

(a) The components fj of the encoder output are such that
(Kfj)(x) = fj(xt+∆) for µ almost everywhere (a.e.).

(b) The predictor matrix M satisfies Mf(x) = (Kf)(x) for
µ a.e. x.

These conditions are simultaneously satisfied if the com-
ponents fj(x) of the encoder f(x) belong to the invariant
subspace V , and the predictor matrix M acts as the identity
transformation on the subspace of Rk spanned by f(X ).

Specifically, if f∗(x) = (χ1(x), . . . , χr(x), 0⃗k−r)
T , then

L(f∗,M) is minimized by any M∗ whose action on the
subspace spanned by the non-zero components of f∗(X ) is
identity and zero elsewhere.

Proof Intuition. If each component fj ∈ V , then by Lemma
3.2(c), we have both (Kfj)(x) = fj(x) and fj(xt+∆) =
fj(xt).

Thus, if the encoder learns functions fj that are (or span)
the regime indicators in V , both terms of the loss can be
driven to zero with a predictor M that effectively acts as an
identity map on these learned, invariant representations.

For the specific f∗ given, M∗ being identity on the first
r components achieves this. Conversely, for the loss to be
zero, Term 2 requires (Kfj)(xt) = fj(xt+∆) almost surely
(a.s.). If M then ensures Term 1 is zero by Mfj = Kfj ,
and if M is to be simple (e.g., identity-like for these fj), it
implies Kfj = fj , pushing fj towards V . The full details
are provided in Appendix A.

Implication for Latent Space Clustering
Theorem 3.4 provides a direct explanation for the empiri-
cally observed clustering. If the JEPA encoder f(x), with la-
tent dimension k ≥ r, learns representations whose compo-
nents fj span the r-dimensional invariant subspace V , then
f(x) effectively becomes a representation of the regime in-
dicators.

For instance, if f(x) is an invertible linear transforma-
tion of the vector χ⃗(x) = (χ1(x), . . . , χr(x))

T , say f(x) =
Aχ⃗(x) for a k × r matrix A of rank r. When a window
x belongs to regime Xi, χ⃗(x) becomes ei (the i-th stan-
dard basis vector in Rr). Consequently, the encoder output
is f(x) = Aei, which is simply the i-th column of matrixA.

Therefore, all input windows xt originating from the same
dynamical regime Xi are mapped by the encoder f to the
same space (or a very tight region, allowing for approxima-
tion errors and noise) Aei in the latent space Rk. Since A
has rank r, the r vectors {Aei}ri=1 are distinct (or linearly
independent if k ≥ r). This mapping naturally results in r
distinct clusters in the latent space, with each cluster corre-
sponding precisely to one of the underlying regimes.

While our core theoretical result relies on the assumption
of a linear predictor g(z) = Mz for analytical tractabil-
ity, the general intuition extends to non-linear predictors.
A sufficiently expressive non-linear predictor gϕ would aim
to approximate the conditional expectation gϕ(f(xt)) ≈
E[f(xt+∆) | f(xt)]. If the encoder f learns representations
zt = f(xt) that are elements of V , then zt+∆ = zt a.s. In
this scenario, the conditional expectation E[zt+∆ | zt] = zt.
Thus, an optimal non-linear predictor would learn to ap-
proximate an identity map, gϕ(zt) ≈ zt, for these highly
predictable, regime-specific representations. The fundamen-
tal drive to find representations f(xt) for which f(xt+∆) is
“simply” predictable from f(xt) remains, and functions in
V (for which f(xt+∆) = f(xt)) represent the epitome of
such simplicity.

4 Experimental Validation
To rigorously test the predictions of our Koopman-based
theory, we employ a novel empirical strategy. Using a syn-
thetic dataset with known underlying regimes, we perform a
series of targeted, quantitative analyses on the learned linear
predictor, M , to verify its predicted behavior as an identity
operator on the learned invariant subspace.

Synthetic Dataset Generation
To create an environment where Assumption 3.1 (Finite
Mixture of Ergodic Regimes) is satisfied by construction, we
generate a synthetic dataset comprising r = 18 distinct dy-
namical regimes. The objective is to provide the JEPA model
with input data that clearly embodies the structured, multi-
modal dynamics our theory addresses. Each regime is de-
signed to exhibit unique temporal characteristics, ensuring
clear distinctions and facilitating the analysis of JEPA’s abil-
ity to differentiate them.

Master sequences, each of length Lmaster = 1024 time
steps, are generated for every regime. For these experiments,
additive observation noise is set to zero for all deterministic
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Figure 2: Example waveforms illustrating the diversity of
the synthetic dataset.

signal components, ensuring the cleanest possible testbed to
verify our theoretical claims without the confounding effects
of stochastic observation noise. Stochastic processes, such
as Autoregressive Moving Average (ARMA) models, natu-
rally incorporate their own intrinsic process noise.

The repertoire of r = 18 regimes encompasses a di-
verse set of dynamics crucial for testing the robustness of
our theory: Periodic signals include several sinusoidal varia-
tions differing in frequency, amplitude, and harmonics, with
phases randomized per sequence. Square waves and a saw-
tooth wave provide examples of non-smooth periodicities.

To model stochastic dynamics, we include Autoregressive
(AR) models with varying dependency coefficients, a Mov-
ing Average (MA) process, and a mixed ARMA model.

Aperiodic and event-based signals are represented by lin-
ear trends with both positive and negative slopes, featuring
per-sequence randomization of slope and intercept, and se-
quences with sparse, randomly located positive pulses. Fi-
nally, to explore more complex interactions, the dataset in-
cludes combined signals like a sinusoid superimposed on a
linear trend, and a high-noise variant consisting of a sinu-
soid with significantly increased internal process noise. Ex-
amples of each type of waveform are depicted in Figure 2,
and a comprehensive list of parameters for each generative
process is detailed in Appendix B.

From each master sequence, we extract a single context-
target pair. The context window, xt, consists of the initial
nc = 768 steps. The target window, xt+∆, is defined by
shifting forward by a prediction horizon of ∆ = 256 steps,
also taking a 768-step window.

This windowing scheme creates a substantial overlap: the
steps from s∆ to snc−1 are present in both the context and
target. This design serves a dual purpose: it tasks the model
with maintaining representational consistency for the over-
lapping data, while also requiring it to predict the representa-
tion of the novel future segment (snc to s∆+nc−1). We note
that experiments with a completely non-overlapping win-
dowing scheme (∆ ≥ nc) also yielded satisfactory results.

A total of 10,000 sequences are generated for each of
the r = 18 regimes, yielding 180,000 context-target pairs.
This dataset is deterministically partitioned at the sequence
level into training (70%), validation (20%), and test (10%)
sets, with all regime types proportionally represented across
splits. Prior to window extraction, each master sequence
undergoes per-sequence standardization to encourage the
model to learn shape-based and relative dynamical features.

JEPA Model Configuration
To instantiate the JEPA model whose idealized behavior was
analyzed in Section 3, and to empirically test our theoretical
predictions, we configure the encoder and predictor architec-
tures with specific considerations for this study. All models
are implemented in PyTorch.

The encoder fθ is a one-dimensional Convolutional Neu-
ral Network designed to process the input time-series win-
dows xt. Its architecture consists of four convolutional lay-
ers, each followed by ReLU activation. The output of the
convolutional blocks is flattened and passed through a linear
projection head to produce a latent representation zt ∈ Rk.
The latent dimension k was set to 32, ensuring k ≥ r, pro-
viding sufficient capacity for the encoder to potentially rep-
resent the r distinct regimes as predicted by our theory.

A key component for directly testing the predictions re-
garding the predictor’s behavior (Theorem 3.4) involves us-
ing a linear predictor for gϕ. This predictor implements a lin-
ear transformation g(z) = Mz, where M ∈ Rk×k, and was
configured without bias to simplify analysis. To specifically
probe for the existence and stability of the theoretically op-
timal identity-like solution, our primary analysis stems from
experiments where M was initialized as an identity matrix.
To explore the broader optimization landscape under more
standard conditions, separate control experiments were con-
ducted where M was initialized using a standard random
scheme. This dual approach allows us to both verify the ex-
istence of an interpretable solution and assess its uniqueness.

For comparison, and to observe clustering under more
typical JEPA conditions, we also configure experiments us-
ing a standard non-linear multi-layer perceptron (MLP) pre-
dictor. This predictor consists of two hidden layers with
ReLU activations, where the hidden dimension is two times
the latent dimension k. The full details of the model are pro-
vided in Appendix C.

The target encoder fEMA is a direct copy of the online
encoder fθ, with its parameters updated via an Exponential
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Figure 3: Latent space visualization (t-SNE) of test set embeddings. Left: JEPA embeddings often form distinct clusters corre-
sponding to underlying dynamical regimes (indicated by colors). Right: Embeddings from a conventional autoencoder with an
identical encoder architecture may not exhibit such clear regime-based separation on the same data.

Moving Average (EMA) using a decay rate of α = 0.996.

5 Results and Discussion

Our analysis focuses on verifying the key predictions de-
rived from our Koopman operator-based theory: namely, the
emergence of regime-aligned clustering in the latent space
and the characteristic behavior of the learned predictor, par-
ticularly in the idealized linear case. All reported results are
from evaluations on the held-out test set.

A primary outcome of our theory is that JEPA’s encoder
fθ should learn representations zt = fθ(xt) that distinguish
the underlying dynamical regimes, leading to distinct clus-
ters in the latent space. To investigate this, we projected the
k-dimensional latent embeddings of test set windows into a
2D space using t-SNE (van der Maaten and Hinton 2008).
The points were then color-coded according to their ground-
truth regime labels.

Figure 3 presents these visualizations. As hypothesized,
the JEPA model trained with a standard non-linear MLP pre-
dictor demonstrates a clear formation of clusters that align
strongly with the ground-truth dynamical regimes. We quan-
tified this alignment using K-Means clustering (K = 18),
which revealed a mean cluster purity of 65.48% for JEPA’s
embeddings. This emergent order supports our argument
that the predictive objective learns features separable by the
underlying data-generating modes.

In contrast, a conventional autoencoder with an identical
encoder architecture fails to separate the dynamical regimes
for the same data, achieving a mean cluster purity of only
38.81%. This difference highlights the efficacy of JEPA’s ab-
stract predictive objective over a purely reconstructive one
for uncovering and organizing representations by their un-
derlying dynamical structure.

Analysis of the Learned Linear Predictor Matrix
Our theory (Theorem 3.4), under the assumption of a lin-
ear predictor g(z) = Mz, implies that if the encoder learns
regime indicator functions (elements of V), then M should
act as an identity transformation on the subspace spanned by
these learned representations. We investigate this by analyz-
ing the k×k matrixM learned by the JEPA model equipped
with a linear predictor (initialized as M ≈ Ik).

The learned matrixM from our identity-initialized exper-
iment converged to a near-perfect identity transformation.
This was confirmed through three key quantitative proper-
ties. First, its deviation from the identity matrix Ik was min-
imal, with a relative Frobenius error (||M − Ik||F /||M ||F )
of just 2.34%. Second, the matrix was highly symmetric, an-
other crucial property of an identity operator, with its skew-
symmetric relative norm (||M−MT ||F /||M ||F ) measuring
only 2.06%. Finally, and most critically, its eigenvalue spec-
trum, displayed in Figure 4, reveals the mechanism behind
this behavior: it is dominated by r eigenvalues near 1.0, in-
dicating that M has learned to preserve the r-dimensional
subspace of the learned regimes while potentially attenuat-
ing all other, less predictable dimensions.

To further test M as an identity operator on the represen-
tations of the learned regimes, we identified r = 18 clus-
ter centroids {ci}18i=1 from the test set embeddings using K-
Means. We then computed the relative Euclidean norm of
the difference ∥Mci− ci∥2/∥ci∥2 for each centroid. The er-
ror was consistently small, averaging just 0.80% across all
centroids, as shown in Figure 5. This confirms that M pre-
serves the locations of the regime centroids, aligning with
the theoretical prediction that Mf(x) ≈ f(x) for f(x) ∈ V .

Crucially, this interpretable solution is not unique. Our
control experiments with a randomly initialized predictorM
converged to the same low loss but yielded a dense, non-
identity transformation, while also exhibiting clear visual
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Figure 5: Action of the learned linear predictorM on regime
cluster centroids ci. The small relative error indicates thatM
largely preserves these regime-representative vectors.

clustering. This finding does not contradict our theory but
instead highlights its core implication: the JEPA loss is in-
variant to any invertible linear transformation (a change of
basis) applied to the latent space. While a random initializa-
tion finds an equally valid but entangled basis for the opti-
mal subspace, our identity-initialized experiment proves that
a canonical, interpretable solution exists and is a stable op-
timum. This demonstrates that while JEPA’s objective suc-
cessfully identifies the correct invariant subspace, an induc-
tive bias, such as initializing the predictor toward identity,
guides the model to a human-interpretable representation.

The empirical results strongly align with the theoretical
framework from Section 3. JEPA encoders form latent space
clusters that directly correspond to the r ground-truth dy-
namical regimes (Figure 3), a stark contrast to a standard au-
toencoder with an identical architecture. This demonstrates
that JEPA’s predictive objective, not just its capacity, is re-
sponsible for uncovering the underlying dynamical struc-
ture.

The analysis of the linear predictor M further supports
our Koopman-based theory. Its dominant eigenvalues near
1.0 and its near-identity action on cluster centroids both con-

firm that the predictor learns to preserve the representations
of the stable regimes. This is precisely the behavior expected
if the encoder fθ successfully learns functions spanning the
invariant subspace V , whose elements ψ ∈ V satisfy both
Kψ = ψ and ψ(xt+∆) = ψ(xt) (Lemma 3.2).

Several limitations of the current study should be ac-
knowledged. Our empirical validation relies on synthetic
data with well-defined, immiscible regimes that perfectly
fit the finite mixture of ergodic regimes model of Assump-
tion 3.1. Real-world time series, however, often feature more
complex phenomena, such as gradual transitions or hierar-
chical structures. Investigating JEPA’s behavior under these
conditions is an important next step.

On the theoretical side, our analysis made two key
idealizations. We utilized a linear predictor for analyti-
cal tractability and approximated the EMA dynamics with
fEMA ≈ fθ. While our results are strong under these condi-
tions, a more formal treatment of non-linear predictors and a
deeper analysis of the EMA’s stabilizing role would provide
a more complete understanding of its role in stabilizing the
learning of these invariants.

6 Conclusion

This paper has addressed why Joint-Embedding Predic-
tive Architectures often exhibit emergent clustering of their
latent representations according to underlying dynamical
regimes in time-series data. We proposed a novel theoreti-
cal explanation rooted in Koopman operator theory, hypoth-
esizing that JEPA’s objective incentivizes its encoder to learn
regime indicator functions. These indicators are invariant
eigenfunctions (eigenvalue 1) of the ∆-step Koopman op-
erator and characterize the distinct, dynamically immiscible
modes of behavior assumed to be present in the data.

Our theoretical derivation, under idealized conditions in-
cluding a finite mixture of ergodic regimes and a linear pre-
dictor, proves that the JEPA loss is minimized when the en-
coder learns to span this space of indicators. This provides
a first-principles basis for the observed clustering, where
inputs from the same regime map to common latent loca-
tions. Our empirical results on synthetic data strongly sup-
port these predictions, showing clear clustering and the pre-
dicted behavior of the matrix M .

This work contributes to a deeper principled understand-
ing of JEPA mechanisms grounded in dynamical systems
theory. These insights can inspire new SSL objectives that
explicitly leverage Koopman theory for more robust and
interpretable representation learning. This could lead to
improved unsupervised tools for system decomposition,
regime identification, and anomaly detection, where devia-
tions from learned regime clusters would signify anomalies.

Future work includes validating these findings on real-
world datasets, comparing JEPA’s implicit discovery to ex-
plicit identification methods, and exploring whether the ar-
chitecture can learn other Koopman eigenfunctions corre-
sponding to different dynamical modes, such as oscillations
or slow decay.
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