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Abstract

The Joint-Embedding Predictive Architecture
(JEPA) is often seen as a non-generative alterna-
tive to likelihood-based self-supervised learning,
emphasizing prediction in representation space
rather than reconstruction in observation space.
We argue that the resulting separation from prob-
abilistic generative modeling is largely rhetori-
cal rather than structural: the canonical JEPA de-
sign—coupled encoders with a context-to-target
predictor—mirrors the variational posteriors and
learned conditional priors obtained when varia-
tional inference is applied to a particular class
of coupled latent-variable models, and standard
JEPA can be viewed as a deterministic specializa-
tion in which regularization is imposed via archi-
tectural and training heuristics rather than an ex-
plicit likelihood. Building on this view, we derive
the Variational JEPA (Var-JEPA), which makes
the latent generative structure explicit by opti-
mizing a single Evidence Lower Bound (ELBO).
This yields meaningful representations without ad-
hoc anti-collapse regularizers and allows princi-
pled uncertainty quantification in the latent space.
We instantiate the framework for tabular data
(Var-T-JEPA) and achieve strong representation
learning and downstream performance, improv-
ing over T-JEPA across real-world tabular bench-
marks while remaining competitive with strong
raw-feature baselines.

1. Introduction

A main goal in machine learning (ML) is to build models
that truly understand and predict the world from data. Self-
supervised learning approaches address this challenge by
training models to predict one part of an input from another,
thereby learning rich representations without requiring hu-
man labels. In this context, the Joint-Embedding Predictive
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Architecture (JEPA) was introduced by LeCun (2022) as
a step toward creating a “world model”, aiming to learn
abstract representations of the world for intelligent decision-
making. Unlike regular generative models that predict raw
inputs such as pixels (van den Oord et al., 2016b;a; Parmar
et al., 2018), the idea behind JEPA is to work entirely in the
latent space by predicting the embedding of a target view y
from the embedding of a related context signal x.

This is implemented using a context encoder f*, a target
encoder f"¢, and a predictor g. The model creates a target
representation 5, from a context representation s, and an
optional auxiliary variable z, formulated as:

Sy = fClX(x)’ Sy — ftrg(y%

The natural objective is to minimize |3, — s,||3.

gy :g(smaz)~ (1)

While powerful, this design has two consequences. First,
the objective admits representational collapse: constant
encoders trivially achieve zero loss. Practical JEPA im-
plementations therefore introduce an optimization asym-
metry by stopping gradients into the target, Ljgpa =
E [|18, — sg(sy)|13] (Grill et al., 2020), and typically up-
date fU¢ as an exponential moving average (EMA) of f°*
(Assran et al., 2023; Bardes et al., 2024; Thimonier et al.,
2025). Stop-gradient and EMA may help to avoid collapse
in practice, but do not remove constant solutions from the
objective; other variants instead add explicit embedding
regularizers C(8,) (Drozdov et al., 2024; Balestriero &
LeCun, 2025). Second, JEPA is typically framed as a fun-
damentally non-generative alternative to likelihood-based
self-supervised learning, which suggests a separation from
probabilistic latent-variable modeling (LeCun, 2022).

This paper provides a novel perspective on this separa-
tion. We argue that it is mostly rhetorical rather than
structural: the general JEPA design which includes cou-
pled encoders and a predictor from context to target aligns
closely with the variational posteriors and a learned con-
ditional prior in a coupled variational autoencoder (VAE)
(Kingma & Welling, 2014; Hao & Shafto, 2023). Concretely,
we reverse-engineer a probabilistic model whose Evidence
Lower Bound (ELBO) yields the JEPA predictor as a learned
latent-space conditional prior, and argue that standard JEPA
is naturally interpreted as a deterministic specialization in
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which regularization is enforced by architectural and train-
ing heuristics rather than an explicit likelihood. While the
original motivation for JEPA’s non-generative framing was
to avoid modeling observation noise, our view makes pre-
cise when reconstruction is a useful regularizer: it forces
latents to encode predictive information while retaining a
principled uncertainty semantics. This new framing not only
connects predictive and generative self-supervision, but also
suggests an inherent route to avoiding collapse and enables
latent-space uncertainty quantification.

Specifically, our contributions are: (1) We establish a novel
formal link between JEPA and variational inference, re-
framing it as a deterministic latent variable model. (2) We
introduce Var-JEPA, a generative JEPA derived from this
link, with a corresponding ELBO objective. (3) We show
how this ELBO naturally prevents representational collapse
without needing the surrogate losses common in JEPA and
provide a connection to the recently proposed SIGReg reg-
ularization in LeJEPA (Balestriero & LeCun, 2025). (4)
We develop a practical Var-T-JEPA implementation for het-
erogeneous tabular data. (5) We empirically validate our
approach in a controlled simulation study and across multi-
ple downstream datasets, showing gains over standard JEPA
on real-world tabular benchmarks while remaining competi-
tive with strong baselines trained on raw features.

2. Related Work

JEPA-style predictive representation learning. JEPA
was proposed as a general framework for learning predictive
world models by matching representations (LeCun, 2022),
an idea with roots in earlier unsupervised representation
learning (Schmidhuber & Prelinger, 1993). Notable im-
plementations include I-JEPA (Assran et al., 2023), which
demonstrates that this approach learns strong image repre-
sentations without handcrafted data augmentations by pre-
dicting embeddings of masked regions from context regions.
V-JEPA extends the approach to video, learning spatiotem-
poral representations that support understanding and pre-
diction (Bardes et al., 2024). T-JEPA (Thimonier et al.,
2025) adapts JEPA to feature-level masking and transformer
tokenization for heterogeneous tabular data, showing com-
petitive tabular representation learning without the heavy
reliance on typical data augmentations.

Avoiding collapse via distributional regularization.
Common JEPA implementations use EMA to stabilize train-
ing by slowly updating the target encoder (Assran et al.,
2023; Bardes et al., 2024), but this heuristic approach
does not directly control the distributional properties of
the learned embeddings. In contrast, Drozdov et al. (2024)
prevent collapse by explicitly regularizing embedding dis-
tributions via variance—covariance penalties that encourage
feature-wise variance and discourage correlated dimensions.

LeJEPA (Balestriero & LeCun, 2025) provides a comple-
mentary view: it argues that an (approximately) isotropic
Gaussian embedding distribution is minimax-favorable for
downstream probing under broad probe families, and it pro-
poses Sketched Isotropic Gaussian Regularization (SIGReg)
as a scalable way to match the aggregated embedding distri-
bution to M (0, I') via random one-dimensional projections.
Formally, SIGReg applies a univariate statistical test 7" (typ-
ically the Epps-Pulley test (Epps & Pulley, 1983)) to pro-
jections of embeddings along random unit-norm directions
A= {al, .. .,am‘}l
1
= Y T{a"en}nlh), @

a€hA

SIGReg(A, {en,}Y_,)

where {e,, })_; denotes a batch of embeddings and 7" mea-
sures the discrepancy between the empirical distribution of
projected embeddings and the standard normal distribution.
In our work, the ELBO provides per-sample regularization
toward fixed priors for s, and z, while we study SIGReg
as an explicit aggregated-distribution regularizer (especially
for s,) in the simulation study.

Generative world models and latent-space modeling.
World-model research has emphasized learning latent dy-
namics for prediction and planning (Ha & Schmidhuber,
2018). Compared to generative latent models and VAEs
(Kingma & Welling, 2014; Bowman et al., 2016), JEPA em-
phasizes prediction in representation space and often avoids
explicit likelihood modeling. Our main contribution is to
show that a JEPA-like architecture arises naturally from a
variational latent-variable model with a learned conditional
prior. Concurrent work by Huang (2026) also explores a
probabilistic formulation of JEPA framing it as a proba-
bilistic world model for uncertainty-aware planning, which
remains likelihood-free in observation space. Moreover,
PhiNet v2 (Yamada et al., 2026), a video model inspired by
the human brain, derives a variational objective for predic-
tion in latent space using a stochastic latent, aligning the pre-
dicted representations with a moving-average target rather
than reconstructing observations. In contrast, Var-JEPA for-
mulates JEPA as a coupled latent-variable generative model
with a unified ELBO that reconstructs observations, thereby
bridging predictive joint-embedding learning and generative
modeling in a single objective. This shows that Var-JEPA
is not an incremental regularizer over JEPA, but a rigorous
variational formulation that exposes the latent generative
structure implicit in the predictor-encoder pattern.

3. The Variational Perspective on JEPA
3.1. Problem Formulation

We begin by asking a simple structural question: if the
predictive embedding steps in JEPA were interpreted as
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variational posteriors of a coupled VAE, what generative
model would give rise to those posteriors?

This viewpoint naturally leads us to a novel reinterpretation
of JEPA within a probabilistic latent-variable framework.
Concretely, we replace JEPA’s deterministic encoders and
predictor with conditional distributions and interpret the pre-
dictive pathway as a learned latent-space conditional prior.
This creates a clear generative process over context, target,
and auxiliary latent variables, from which a single varia-
tional objective (ELBO) emerges. Our formulation unifies
JEPA-style predictive learning with reconstruction and con-
ditional generation, while providing a rigorous mechanism
for keeping the latent representations well-behaved through
latent regularization.

Structure. Like JEPA, our model operates on context ob-
servations © € R” and target observations y € R”, learn-
ing latent representations s, € R? (context), s, € R?
(target), and z € R?% (auxiliary predictive variable to cap-
ture variability in s, that s, cannot explain). The directed
acyclic graph (DAG) below makes the assumed conditional
dependencies among observations and latents explicit, and
follows the underlying generative process:

inference
(JEPA)

O0r OO @

While a standard JEPA primarily operates with unidirec-
tional mappings from observations to representations (z —
84,y — Sy), our variational framework requires bidirec-
tional relationships to model both the generative and infer-
ence processes. For both the context and target, we learn
two directions: encoding (from observations to latents) and
reconstruction (from latents back to observations). A single
ELBO objective ties these directions together and trains
encoders and decoders jointly.

inference

Objective and factorization. Our main objective is to
learn a generative model that maximizes the marginal log-
likelihood of observed data pairs (z, y):

max E(2)~data [l0g po (2, y)] = 3

mGaXE(x’y)Ndata [log ///pg(m7y,sm,z,sy)dsm dz dsy]

The log-likelihood log py(x, y) measures how well our pa-
rameterized model (with parameters ) explains the ob-
served data. Following the DAG, the joint distribution
po(z,y, Sz, 2, Sy) factorizes as

=p(sz) - p(2) - po(x | 5) “)

Po(T,Y, Szs 2, 8y) =

Generative model parameterization. We implement dis-
tributions in the generative model as Gaussians. The priors
over the latent variables s, and z are standard Gaussians,
while the remaining conditional distributions are parameter-
ized by neural networks:

p(sz) = N (523 0, 1), (5a)

p(z) =N(z 0, I), (5b)

po(x | sz) :N(x U9 Sz), 31), (5¢)

Po (sy\sz, 2) =N (sys 1" (52, 2), Bg" (52,2)),  (5d)
(y | sy) =N(y; U(, sy), oi1). (5e)

The decoder networks UZ : R? - RP and U} : R4 —RP re-
construct observations from their latent representations. The
predictive network outputs " (s;, 2) and 5" (s,, 2) are
computed by neural networks with parameters 6, generating
distributional parameters for the target latent s, conditioned
on context s, and auxiliary variable z. The reconstruction
noise parameters o2 and a may be set to 1 or learned
globally to model observatlon uncertainty.

3.2. Variational Posterior

Since the integral in Eq. (3) is intractable under the given
factorization and parameterization, due to complex neural
network functions and high-dimensional latent spaces, we
cannot optimize log py(x, y) directly. Instead, we employ
a variational inference approach by introducing a tractable
variational posterior ¢4 (sz, 2, s, | , ) as an approximation
of the true posterior p(s,, 2, sy | ®,y), and parameterized
by neural networks with parameters ¢. We factorize the
variational posterior as:

Q¢(5$5Za5y | xay) = q¢(ST | 'I) ! q¢(2’ | Sﬁf)

6
: q¢(8’g | SI,Z,y). ( )

We adopt this factorization for the following reasons:

 The context latent g4(s, | =) depends only on the
context observation z, ensuring that context representa-
tions are learned independently of target information.

e The auxiliary latent z depends only on the context
representation s, to prevent information leakage from
targets during training.

* The target posterior q4(sy |z, 2, y) depends on both s,
and z as well as the target observation y, as we will use
a reconstruction term to regularize the learning of s,
to encode meaningful target information, ensuring that
the dependence on context is learned through proper
predictive relationships rather than trivial shortcuts.

Variational posterior parameterization. Each compo-
nent of the variational posterior is parameterized as a Gaus-
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sian distribution with learnable mean and covariance:

o (sz | @) = N (525 pgy (x), 5 (), (7a)
a(z | 82) = N(Z /fz)(sm) E;(sm)) (7b)

6 (Sy |52, 2,9) =N (55 115" (825 2,9), 2 (52, 2,9)) - (7€)

The inference networks u;f ZZ;” 1, X3, p;y, and E;y
are implemented as neural networks that output the distribu-
tional parameters given their respective inputs.

3.3. Var-JEPA: Evidence Lower Bound

Having established the variational posterior, we derive
the ELBO, a computable variational lower bound on the
marginal log-likelihood via Jensen’s inequality:

10gp9(-T7 y) 2 E% |:10gp9(.13, ZU, S:Ea Z7 51})_

®)
10g o5+ 2,5 | 2,)| = ELBO(z, ;0. 0).

More specifically, we achieve our goal of maximizing

log pg(x, y) by maximizing its tractable lower bound. Sub-

stituting the factorizations of py and g, we derive:

ELBO(z, y; 0, ¢) =

=E,, [log p(sz)+log p(z)+log pg(x | s5)+log pe(sylsa, 2)+
log o (yls,)-10g qp (s21) -10g ¢4 (2]s2)-10g 4y (syls2,2,)]

=Bq, (5. 2) 108 Po (]52)] + By (s, 2.5, 0.0 [l0g PO (Y] 59) ]+
Eqy (s, 12) [108 D(52) - 108 Go (50]7) | +Eq, (5,210 [log P(2)-

1og g4 (2 | 52)]+Eq, (s, .28, 2. 108 Do (8y | 52, 2)] +
) (a)

Egy (s, .z5ylew) [~ 108465y | 52,2, 9)] -
(b)

We recognize that E,, [log p(-) — log ¢4(-)] = —KL(qg/p)
and that the last two terms (a) and (b) can be combined into
a single KL divergence term: —KL(qy(sy|sz, 2, y)||[po(s,|
Sz, z)) This gives us the final expression for the ELBO:

ELBO(z, y; 0, ¢) = Eq, (s, ) [log po(z | s2)]+
By (525, lay) 108960 (Y] 55)] =KL (g (52| 2)|p(52))
Eq, (s, 1) KL (45 (2[s2) [p(2))
B, (s, .21) KL (06 (8y/52, 2, 9) p6 (sy | 82, 2)) (9

This objective can be viewed as a coupled VAE: g4(s; |
x), go(2 | sz), and g4(sy | saz,2,y) are the amortized
posteriors; pg(z | s,) and ps(y | s,) are the decoders; and
pa(sy | sz, 2) acts as a conditional prior that couples the two
latent spaces, recovering the JEPA predictor as a generative
component.

During training, our objective is to maximize the ELBO:
maxeg E(zy)~data ELBO(z,y;0,¢)]. In practice, we

convert this to a minimization problem by defining a loss
function as a weighted combination of the negative ELBO
terms. Specifically, we minimize Lgpo(z, y; 6, ¢), which
decomposes the ELBO into 5 interpretable terms, each with
its own scalar weight:

ACELBO(:I‘" Y; 0, ¢) = arec( _Eq¢(sx|x) [lngg(CE ‘ SI)] )
Lrec
+ agen( —]Eq¢(sm,z,sy|:c,y) [Inge(y | Sy)] )
Lgen
+ Ozfi‘ KL(q¢(3w | x) Hp(sl))
ok
+ 0z gy (s, o) KL (26 (2] 52) [P(2))
JCKL
+ O[f; Eq¢(sw7z\w)KL(Q¢(8y | Sy %y y)HPG(Sy | Sz, Z))

LKL = —[@) + ()]

(10)

Strictly speaking, with non-unit weights Lgipo is a
weighted, [B-VAE-style surrogate (Higgins et al., 2017)
rather than the exact (negative) ELBO, which it recovers
only when all weights equal one.

The loss terms have the following practical interpretation:

L (Context Reconstruction): Measures the reconstruc-
tion quality—how accurately we can recover the original
context observation x from its latent representation s, .

L& (Target Generation): Measures the generation qual-
ity—how accurately the target latent s, can reconstruct
the actual target observation y.

LY (KL on s,): Regularizes the context latent distribu-
tion s, toward the prior A/(0, I), maintaining a well-
behaved latent space for s,.

LXL (KL on z): Regularizes the auxiliary latent distribution
2 toward the prior (0, I), ensuring z doesn’t become
overly complex or specialized.

[,IS({“ (KL on sy): Regularizes the target latent posterior
toward the generative model prediction.

(a) (Prediction): Measures the predictive accu-
racy—how well s, and auxiliary variable z can
jointly forecast the target latent representation s,,.

(b) (Entropy): Maintains distributional diversity of
the target posterior ¢, (s, | ¢, 2, y) by encourag-
ing it to remain sufficiently uncertain, preventing
the posterior from collapsing to a deterministic
point estimate.
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3.4. JEPA vs. Var-JEPA Architectures

Fig. 1 illustrates the relationship between standard JEPA
and our Var-JEPA. Both approaches share the same core pre-
diction structure with context (x) and target (y) observations,
their latent representations s, s, and auxiliary latent vari-
able z. JEPA relies on inference and prediction networks,
which requires surrogate costs C/(+) to prevent the collapse
of representations. Var-JEPA adds generative networks (i.e.,
decoders) so the model can be trained with a variational
objective which naturally prevents collapse.

3.5. Reparameterization Trick and Sampling
Implementation

To backpropagate through stochastic latents, we apply the

reparameterization trick (Kingma & Welling, 2014), express-

ing samples as deterministic functions of noise so gradients

are well-defined. The latent variables are sampled using the

following reparameterized forms:

[EST JJ)] 1/2 €5,

[E¢(Sx)]
1/2

Sy = :U’;y (Swa Zay) + [E¢y (SZE7 Z,y)] 68y7

So = pg (x) +
z = pg(sa) +

where €, ,€.,¢,, ~ N(0,I) are independent standard

Gaussian noise vectors, and [Eg)(-)]l/ 2 denotes the ma-
trix square root of the covariance. In practice, we estimate
the gradients by sampling a single realization of each latent
variable per forward pass. The gradient estimator becomes:

v@,zi) L~ _v9,¢[10gp9 (‘rayasmazasy)_IOg q¢(5w72,8y‘l’, y)] )

where each training step uses new samples s, z, s, drawn
from the reparameterized distributions.

3.6. Theoretical Generative Inference

When Var-JEPA is interpreted as a truly generative model, it
can generate target observations from context by sampling
through the generative pathway. The generative inference
procedure, applicable when targets are unavailable, is:

v~ 4s(sz | 2) = N (503 pgy (), By (),
z~p(z) =N(z 0, ),

y Np@(sy | Sz,Z) :N(Sy§ ,Uzy(sxaz)a Z;y (Swaz))a
y~poylsy) =N(y; Uj(sy), oi1).

This differs from training, where z is inferred via g4 (2 | s5)
and the target posterior gy(s, | Sz,z,y) has access to
ground truth targets. For downstream representation learn-
ing tasks, where the goal is predictive rather than generative,
we use deterministic embeddings by reporting posterior
means rather than sampling (see Appendix D.5).

3.7. Relationship to LeJEPA

LeJEPA (Balestriero & LeCun, 2025) motivates isotropic
Gaussian embeddings as minimax-optimal for downstream
prediction under a broad class of probes. It enforces this
distributional structure using SIGReg, which matches the
aggregated embedding distribution to an isotropic Gaussian
via random one-dimensional projections.

Var-JEPA relates to this picture through its variational regu-
larization terms. For latent variables with a fixed standard-
normal prior (s, and z), the ELBO contains per-sample
KL terms E KL(gy(-) || V(0,I)). These admit the standard
“ELBO surgery” decomposition (Hoffman & Johnson, 2016)
into an aggregated posterior mismatch and an information-
bottleneck term:

E.KL(gg(se | ) | N(0,1)) =

11
KL(g(s2) [N (0, 1)) + Iy, (w; 5a), (1)

with an analogous identity for z. In contrast, the target-
latent term in Var-JEPA is KL(qg(sy | 52,2, 9) || po(sy |
Sz, 2)), 1.e., regularization toward a learned conditional
prior rather than A/(0, I'), and therefore does not decompose
into an aggregated KL to a fixed reference distribution in the
same way. This motivates studying SIGReg as an explicit
aggregated-distribution regularizer, particularly for s, and
reporting LeJEPA-link diagnostics in the simulation study.

4. Experiments

4.1. Simulation Study

We evaluate Var-JEPA in a controlled synthetic setting
designed to isolate the effects of latent regularization,
isotropy, and information bottlenecks while retaining a
known ground-truth generative process. This setting al-
lows us to analyze how the variational objective shapes the
aggregated latent distribution and how this, in turn, affects
downstream probe performance.

Data generation. We generate observations (x;, y;) from
a latent process with a mixture-structured context latent s,
a target latent s, that is correlated with s, and an auxiliary
factor z; that influences s,, and therefore y;. Observations
are obtained by passing these latents through nonlinear maps
hg and h,, and adding independent Gaussian noise:

2 ~ N(0,%,), 54, ~ sN(0,5;) + SN (8, 5,),
Sy; ‘ Sz Zi NN(SL + Aziazy)a
2y = hy(82,) + €z € NN(O,TE;)a
Yi = hy(sy,) + €y, €y ~ N(Oﬂﬁ)-

ELBO decomposition and interpretation. Although Var-
JEPA does not explicitly optimize aggregated-posterior KL
terms, the expected KL terms for latents with fixed pri-
ors (here s, and z) admit the standard decomposition in
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Figure 1. Comparison between JEPA (left) and Var-JEPA (right). Var-JEPA extends JEPA by replacing deterministic encoders and
predictor with probabilistic distributions, and adding generative networks (decoders) to enable variational learning under a unified ELBO.

Eq. (11). For the target latent, the ELBO instead contains
a conditional-prior term that does not decompose into an
aggregated KL to a fixed reference distribution in the same
way. This highlights that Var-JEPA couples distributional
regularization of latent spaces with fixed priors with in-
formation bottlenecks that penalize excessive dependence
between inputs and latents.

Experimental variants. To study the relationship be-
tween Var-JEPA and LeJEPA, we perform a systematic ab-
lation study comparing ten variants (labeled A-J in Table 1).
Unless explicitly set to zero, all loss weight parameters use
default values: o' = a#*" = o = of = ol = 1 for
ELBO terms, and A, = A,, =10 for SIGReg regularization.

We compare the following variants: (A) the full ELBO
objective (standard Var-JEPA); (B-D) ELBO augmented
with SIGReg, where SIGReg is applied to s,; only (B, As, =
0), sy only (C, A, = 0), or both (D). The general form of
ELBO+SIGReg is:

LELBO+SIGReg = LELBO + A5, SIGReg (A, {s4,:}121)
+ A, SIGReg(A, {sy,i}121).

We also consider (E-F) ELBO with some KL terms removed
(Xt =0 and aEyL = 0, respectively); (G) ELBO with re-
construction and generation terms removed (o' = a&" =
0), leaving only KL regularization; (H) the same as (G) but
with SIGReg added; (I) ELBO with all KL terms removed
(asKi“ = oft = ag“ = 0), leaving only reconstruction
and generation; and (J) the same as (I) but with SIGReg
added, which corresponds to setting all KL terms to zero in
LELBO+SIGReg resulting in a surrogate objective where per-
sample KL terms are replaced by distribution-level SIGReg
regularization. These variants allow us to disentangle the
effects of per-sample variational regularization from direct

control of the aggregated latent distributions.

Simulation study results. We evaluate a controlled com-
parison with identical architecture and training schedule,
varying only the presence/scope of SIGReg and whether KL
terms are included. Results are shown in Table 1, which
reports distribution diagnostics: aggregated KL divergence
to N(0, I), SIGReg-MSE (discrepancy via SIGReg), Frobe-
nius norm of covariance deviation from identity ||Cov(s) —
I||, and mean norm ||E[s]||. Figure 2 shows how these
diagnostics evolve during training for selected ablations.

The key finding is that the KL divergence terms in the ELBO
achieve distributional properties for s, that are comparable
to those obtained with explicit aggregated-distribution regu-
larization via SIGReg. This demonstrates that per-sample
KL regularization toward fixed priors naturally enforces
aggregated-distribution isotropy, without requiring addi-
tional regularization mechanisms. For s,,, the ELBO regular-
izes toward a learned conditional prior rather than NV (0, 1),
which is the theoretically correct objective for the target
latent; consequently, the aggregated distribution deviates
from isotropic Gaussian, as expected.

Removing reconstruction terms (variant G) causes represen-
tational collapse, evidenced by probe accuracy dropping to
near chance-level. Removing KL terms on s, (variant E)
leads to severe distributional collapse, with aggregated KL
divergences and SIGReg-MSE values increasing dramati-
cally. Removing all KL terms (variant I) causes even more
severe collapse across all distributional metrics, demon-
strating that KL regularization is essential for maintaining
well-behaved latent distributions. When SIGReg is added
to the no-KL variant (variant J), it partially compensates for
the missing KL terms, but the full ELBO remains optimal.
The training dynamics in Figure 2 reveal that these distribu-
tional properties emerge gradually during training, with KL
terms providing stable regularization throughout.
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Table 1. Simulation study: Var-JEPA and SIGReg ablations (mean = std over 5 runs). We report linear-probe accuracy (predicting the
mixture component) and LeJEPA-link diagnostics for the aggregated latent distributions of s, and s,.

Exp. Objective Acc(s) KLy (q(s) |V (0,1)) SIGReg-MSE(s) || Cov(s) — I||r IE[s] |2
Context latent diagnostics (s)
(A) ELBO (Var-JEPA) 0.996 + 0.002 0.113 4 0.037 4.0e-4 + 1.0e-4 0.649 +0.127  0.082 %+ 0.009
(B) ELBO+SIGReg (As,, =10, A5, =0) 0.996 + 0.002 0.108 =+ 0.032 4.0e-4 + 1.0e-4 0.639 £0.113  0.077 £ 0.018
(C) ELBO+SIGReg (\s, =0, A5, =10) 0.996 + 0.002 0.110 + 0.033 4.0e-4 + 1.0e-4 0.647 £0.118  0.077 £ 0.018
(D) ELBO+SIGReg 0.996 + 0.002 0.107 4 0.030 3.9¢-4 + 1.0e-4 0.634 £ 0.108  0.078 + 0.018
(E) ELBO (a*: =0) 0.996 + 0.002 8.374 + 1.944 5.1e-2 + 1.9¢-2 7.197 41522 2.550 4 0.607
(F) ELBO (afE =0) 0.996 + 0.002 0.098 + 0.038 3.0e-4 + 1.0e-4 0.597 £0.124  0.083 + 0.010
(G) ELBO (o™ =" =0) 0.571 + 0.010 0.015 =+ 0.002 1.6e-4 + 1.1e-5 0.229 £ 0.016  0.055 %+ 0.005
(H) ELBO (o™ = a®" = 0)+SIGReg 0.834 + 0.044 0.015 % 0.001 1.7e-4 + 1.4e-5 0.225 +0.008  0.065 % 0.006
() ELBO (£t =of"=aft =0) 0.995 4 0.002 10.465 + 2.207 5.7e-2 4 1.9e-2 8.807 4 1.208  3.100 & 0.594
() ELBO(af: =ok" :alj,z =0) + SIGReg  0.996 4 0.002 2.115 + 0.093 3.3¢-3 + 5.4¢-4 2594 4+ 0.077  0.205 4 0.032
Target latent diagnostics (s,)
(A) ELBO (Var-JEPA) 0.993 + 0.001 3.530 & 0.377 1.7e-2 & 1.7e-3 4727 +£0.528  1.320 % 0.180
(B) ELBO+SIGReg (\s, =10, A5, =0) 0.992 + 0.002 3.511 4 0.449 1.4e-2 + 3.0e-3 4748 £0.651 12724 0.198
(C)  ELBO+SIGReg (\s, =0, A5, =10) 0.993 + 0.002 1.999 + 0.058 4.6¢-3 + 4.0e-4 342340215  0.189 4 0.030
(D) ELBO+SIGReg 0.992 + 0.002 1.998 + 0.057 4.6¢-3 + 4.0e-4 342340216  0.189 4 0.030
(B) ELBO (aft =0) 0.993 + 0.001 4.051 £ 0517 2.1e-2 + 3.4e-3 4985+ 0591 1589 + 0.201
(F) ELBO (a'j’z =0) 0.983 + 0.003 6.201 + 1.319 2.8¢-2 + 5.5¢-3 6.288 + 1.636  1.924 4 0.348
(G) ELBO (" = af" =0) 0.543 + 0.033 0.055 + 0.006 4.2¢-4 + 3.2e-5 0.428 +0.021  0.164 + 0.019
(H) ELBO (o™ = " = 0)+SIGReg 0.821 + 0.067 0.017 + 0.001 1.6e-4 + 1.4e-5 0.239 £ 0.018  0.067 + 0.014
(I) ELBO (afj; =afl=ak =0) 0.984 + 0.004 20.276 + 11.331 8.4e-2 + 4.3e-2 11342 +5.062  4.871 +2.150
() ELBO (QS; =okb= asz =0)+SIGReg  0.983 + 0.001 2215 +0.249 3.4e-3 + 7.8e-4 2.8254+0.271  0.248 + 0.068
..... (A) ELBO —— (E) ELBO (af"=0) — (1) ELBO (af* =af* = a;L =0)
— (D) ELBO+SIGReg (F) ELBO (af"=0) (J) ELBO (" = a¥ = aX- = 0)+5IGReg
KLagg(q(sx) M0, 1)) KLagg(q(sy) N0, 1)) SIGReg-MSE(s,) lICov(s,) — Il IELs, 1112
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Figure 2. Epoch-wise distribution diagnostics for selected experiments.

metrics, and conditional-prior coupling evolve during training.

4.2. Downstream Evaluation on Tabular Data

4.2.1. EXPERIMENTAL DETAILS

Var-T-JEPA. We evaluate Var-T-JEPA, a specialized im-
plementation for heterogeneous tabular data, which com-
bines feature-level masking with the unified variational ob-
jective from Eq. (10). Inspired by the deterministic T-JEPA
(Thimonier et al., 2025), it adapts the Var-JEPA framework
to tabular data by learning Gaussian latent embeddings and
training the prediction and reconstruction pathways jointly
under the weighted ELBO objective. Var-T-JEPA tokenizes
heterogeneous numerical and categorical features into a
transformer sequence, infers Gaussian latent embeddings
sz and s, and trains a latent-space predictor via a coupled
reconstruction—prediction objective that directly instanti-
ates the Var-JEPA framework for tabular data. This yields
both deterministic embeddings (via posterior means) and
per-sample uncertainty estimates from the learned latent
distributions. We defer a full conceptual description to Ap-

KL(qg(sylsx, z, y)lIp(sy|sx, 2))
150

. N

50

e

\ " " : , " 04 " ,

0 20 40 0 20 40 0 20 40
epoch epoch epoch

We show how aggregated KL divergences, SIGReg-MSE, isotropy

pendix A and implementation details to Appendix D.2.

Datasets. We evaluate learned representations on five real-
world tabular datasets: Adult (AD), Covertype (CO), Elec-
tricity (EL), Credit Card (CC), and Bank Marketing (BM),
as well as MNIST (treated as tabular features with con-
trollable input corruption) and a fully-synthetic simulation
dataset (SIM); more details are provided in Appendix C.1.

Downstream and baseline predictors. Our T-JEPA base-
line is a controlled implementation, extended with learnable
auxiliary tokens that conceptually mirror the auxiliary-latent
conditioning of Var-T-JEPA (T-JEPA implementation de-
tails in Appendix D.4). For each dataset, we then compare
strong raw-feature baselines to the same predictor architec-
tures trained on embeddings produced by Var-T-JEPA and
T-JEPA (embedding-generation details in Appendix D.5).
Following Thimonier et al. (2025), we consider a range of
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Table 2. Downstream performance comparison across tabular datasets. Results (mean =+ std over 5 downstream model runs; XGBoost
single deterministic run) show test accuracy. AD=Adult, CO=Covertype, EL=Electricity, CC=Credit Card Default, BM=Bank Marketing.

Light blue rows indicate selective evaluation (reduced coverage).

Method AD 1 Cco 1t EL 1 CcCt BM 1 MNIST 1 SIM 1
MLP 0.849+1.4e 3 0.750+3.7¢ 3 0.78143.6e 2 0.8164+2.5¢ 3 0.898+1.4e 3 0.82241.1e 2 0.8234+7.5¢ 3
+T-JEPA 0.849+4.4¢ 3 0.408+2.3¢ ! 0.627+4.1e 2 0.77440e~° 0.616+3.7¢ 1 0.1134+6.2¢ 3 0.69243.5¢ 2
+Var-T-JEPA 0.85242.1e 73 0.67942.9¢ =2 0.790+3.3e =3 0.818+1.5¢~3 0.90042.0e 3 0.82241.8¢2 0.695+1.4e 2
+Var-T-JEPA (10%) 0.865+2.0e 3 0.6964-2.8¢ 2 0.79342.9¢ 3 0.82741.4e =3 0.90542.2¢ 3 0.83841.6¢e 2 0.70541.3¢ 2
+Var-T-JEPA (20%) 0.8834+1.7¢ 3 0.69742.7¢ 2 0.7954+2.8¢ 3 0.8354+1.2¢ 3 0.908+2.5¢ 3 0.85641.9¢ 2 0.70641.5¢ 2
+Var-T-JEPA (50%) 0.9214+2.1e 3 0.706+1.4¢ 2 0.804+3.9¢ 3 0.8414+7.0e 4 0.921+1.4¢~3 0.901+2.1e 2 0.72941.5¢ 2
DCNv2 0.762+6.2¢ 4 0.7574+6.2¢ 73 0.8254+7.3e % 0.814+1.1e 3 0.896+1.1e 73 0.875+4.5¢ 3 0.714+£1.8¢ 3
+T-JEPA 0.8514+1.5¢2 0.546+8.9¢ 2 0.76942.3¢ 3 0.79241.7¢ 2 0.895+3.1e 74 0.84144.6¢ 2 0.7724+3.7¢ 3
+Var-T-JEPA 0.8514+1.8¢ 3 0.778+6.1e 3 0.8304+1.9¢ 3 0.81442.4¢ 3 0.896+6.9¢ 0.885+4.8¢ 3 0.7204+7.8¢ 3
+Var-T-JEPA (10%) 0.86441.7¢ =3 0.78546.8¢ > 0.83142.6e 3 0.82342.7¢ 3 0.903+7.9¢ % 0.89845.2¢ 3 0.72847.2¢ =3
+Var-T-JEPA (20%) 0.88241.6e 2 0.78346.8¢ 2 0.8314+2.1e 3 0.83342.5¢ 3 0.90741.2¢ 3 0.90945.0e 3 0.726+7.5¢ 3
+Var-T-JEPA (50%) 0.920+1.3¢ 3 0.78245.8¢ 3 0.831+2.7¢ 3 0.840+1.5¢ > 0.918+1.6e 3 0.936+3.0e > 0.75745.4e 3
ResNet 0.849+1.9¢ 3 0.77647.0e =3 0.82342.5¢ 3 0.813£2.0e 3 0.89742.3e 3 0.860+7.0e 3 0.878+£5.9¢ 3
+T-JEPA 0.852+2.5¢ 3 0.54046.3¢ 2 0.808+7.4¢ 3 0.81743.7¢ 3 0.897+4.7¢ 3 0.85443.0e 2 0.69346.6¢ 2
+Var-T-JEPA 0.85441.4¢ 73 0.779+1.1e 2 0.8204+7.6e 3 0.81345.0e 3 0.90041.2¢ 3 0.8714+1.3¢~2 0.56441.1e 1
+Var-T-JEPA (10%) 0.8684+9.2¢ 4 0.785+1.1e 2 0.82247.0e 3 0.82442.9¢ 3 0.906+1.1e 3 0.88749.7¢ 3 0.57341.1e !
+Var-T-JEPA (20%) 0.88648.2¢ 4 0.78241.3¢ 2 0.82346.8¢ 2 0.83342.5¢ 2 0.9104:9.2¢ 4 0.90048.7¢ 3 0.58341.1e !
+Var-T-JEPA (50%) 0.924+6.6e 0.787+1.4e2 0.826+7.0e 2 0.841+2.2¢ 3 0.920+2.0e 2 0.936+5.2¢ 2 0.612+1.2¢~ 1
Autolnt 0.7614+7.8¢ 4 0.753+1.6¢ 2 0.754+1.1e 2 0.81741.4¢ =3 0.9014+1.5¢3 0.809+1.6¢ 2 0.8974+1.9¢ 2
+T-JEPA 0.854+2.6e 3 0.4484+1.3e~! 0.75642.0e =2 0.80443.2¢ 4 0.893+3.7¢ 3 0.8174+7.4e~3 0.775+£7.9¢ 3
+Var-T-JEPA 0.854+2.5¢ 3 0.75244.5¢ 3 0.82242.7¢ 3 0.8164+1.3¢ 2 0.90041.5¢ 3 0.8104+4.9¢ 2 0.7234+7.4¢ 3
+Var-T-JEPA (10%) 0.868+3.0e 3 0.756+4.2¢ 3 0.8234+3.6e 3 0.82441.5¢ 3 0.906+1.5¢ 3 0.8254+2.0e 3 0.73046.7¢ 3
+Var-T-JEPA (20%) 0.885+2.2¢e 3 0.75444.7¢ =3 0.82243.9¢ 2 0.834+1.1e 2 0.90941.1e =3 0.84141.9¢ 2 0.732+£6.2¢ =3
+Var-T-JEPA (50%) 0.9234+1.5¢ 2 0.74946.2¢ 3 0.823+4.3¢ 2 0.840+9.6¢ 4 0.920+1.2¢ 3 0.880+4.2¢ 3 0.75747.0e =3
FT-Trans 0.7614+4.1e 4 0.74749.1e 73 0.814+3.9¢ 3 0.82041.0e 3 0.9014+6.7¢ 4 0.87742.4¢ 2 0.96241.4¢ 3
+T-JEPA 0.85441.0e 3 0.5224+1.3¢ 2 0.705+4.7¢ 2 0.80242.1¢ 3 0.886+3.7¢ "% 0.31742.2¢e~ 1 0.72341.2¢ 2
+Var-T-JEPA 0.85241.2¢ 2 0.74845.6e 2 0.798+4.2¢ 3 0.81843.6e 4 0.90044.1e 4 0.86449.3¢ 2 0.71647.7¢ 3
+Var-T-JEPA (10%) 0.867+1.4e 3 0.756+5.6e 2 0.800+3.7¢ 3 0.827+4.7e 4 0.905+6.3¢ 4 0.879+9.4¢ 3 0.7264+8.2¢ 3
+Var-T-JEPA (20%) 0.885+1.4¢ 3 0.75345.8¢ 3 0.80243.5¢ 3 0.83647.0e 4 0.909+6.6¢ 0.89149.8¢ 3 0.72746.5¢ >
+Var-T-JEPA (50%) 0.9234+1.2¢ 32 0.746+7.9¢ 3 0.80942.1e 3 0.84246.3¢ 4 0.9224+8.8¢ 4 0.918+6.5¢ > 0.74842.5¢ 3
XGBoost 0.864 0.807 0.917 0.811 0.900 0.881 0.949
+T-JEPA 0.854 0.807 0.860 0.801 0.898 0.871 0.851
+Var-T-JEPA 0.855 0.809 0.888 0.806 0.904 0.872 0.945
+Var-T-JEPA (10%) 0.874 0.818 0.890 0.817 0.910 0.883 0.948
+Var-T-JEPA (20%) 0.893 0.818 0.891 0.823 0.912 0.889 0.951
+Var-T-JEPA (50%) 0.928 0.816 0.891 0.832 0.921 0.913 0.955

strong and widely-used tabular predictors: MLP, DCNv2
(Wang et al., 2021), ResNet (He et al., 2016), Autolnt (Song
et al., 2019), FT-Transformer (Gorishniy et al., 2021), and
XGBoost (Chen & Guestrin, 2016).

Selective evaluation via uncertainty. Var-T-JEPA pro-
vides a per-sample uncertainty estimate; we report selective-
evaluation where the most uncertain 10%, 20%, or 50% of
samples are discarded before computing accuracy (“Var-
T-JEPA (10%)”, etc.), illustrating the coverage—accuracy
trade-off when abstaining on low-confidence samples.

4.2.2. RESULTS

Table 2 summarizes downstream test accuracy across
datasets and predictor families. Across the real-world tab-
ular datasets (AD, CO, EL, CC, BM), Var-T-JEPA yields
competitive embeddings for downstream classifiers, and se-
lective evaluation exhibits a clear coverage—accuracy trade-
off: discarding the most uncertain test samples improves
performance on the retained subset across model families.

In contrast, the deterministic T-JEPA baseline can suffer
from representation collapse on some datasets—most notably
CO and MNIST, where it degrades to near-random accuracy

Risk-Coverage Latent vs. sim. uncertainty Detecting samples with u = qg7s
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Figure 3. Uncertainty quantification on the MNIST (A) and SIM
(B) datasets. Left: risk—coverage curve induced by abstaining
on samples with highest latent uncertainty. Middle: standardized
latent uncertainty versus simulated ambiguity. Right: ROC curve
for detecting high-ambiguity samples from latent uncertainty.
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for several downstream models.

For the (semi-)synthetic MNIST and SIM datasets, Var-
T-JEPA additionally produces uncertainty signals that are
consistent with the underlying simulated corruption/ambigu-
ity structure: Figure 3 visualizes (left) risk—coverage curves
induced by abstaining on samples with highest latent uncer-
tainty, (middle) a positive association between standardized
latent uncertainty and the simulated ambiguity score, and
(right) ROC curves showing that latent uncertainty can iden-
tify high-ambiguity samples (defined by a high-quantile
threshold on the simulated ambiguity score). These diagnos-
tics complement the selective-evaluation results in Table 2
by showing that the learned latent uncertainty is not only
useful for abstention, but also aligned with the known ambi-
guity signal in these controlled settings. Additional experi-
mental results, including sensitivity analyses, are provided
in Appendix B.

5. Discussion

We provide a novel reinterpretation of the JEPA design pat-
tern as variational inference in a coupled latent-variable
model: the predictor is a learned conditional prior pg (s, |
Sz, %), and ad hoc costs are indirect forms of distributional
control that the ELBO regularizes. This clarifies that the
common “JEPA vs. generative modeling” dichotomy is
largely a matter of framing: JEPA occupies a particular
(implicit, often deterministic) point in the design space of
latent-variable generative models. By making this latent
generative structure explicit, we unify predictive and gen-
erative self-supervised learning within a single principled
framework. Empirically, training with the complete ELBO
yields usable representations without heuristic anti-collapse
objectives (e.g., EMA targets or distribution-matching penal-
ties) and enables rigorous uncertainty estimates from pos-
terior covariances. We introduce Var-T-JEPA as a concrete
implementation for heterogeneous tabular data, and in down-
stream tabular evaluation it produces competitive embed-
dings across various datasets and supports selective predic-
tion based on estimated latent uncertainty. More broadly,
we observe that per-sample KL terms to fixed priors drive
aggregated distributional behavior comparable to explicit
distributional regularizers such as SIGReg, while leaving
the target latent governed by its learned conditional prior.
Future work includes scaling to vision and video, and ex-
tending to settings where target observations are absent at
test time, making conditional generation central.
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A. Var-T-JEPA: Variational Joint Embedding Predictive Architecture for Tabular Data
A.1. Overview: Neural Architecture and Modeling Strategies

The following provides a full conceptual overview of Var-T-JEPA. Detailed implementation specifications are deferred to
Appendix D.2.

Tabular data differs fundamentally from image or text modalities often encountered in JEPA applications in several aspects:
(1) features are inherently heterogeneous, mixing numerical and categorical variables with different scales and distributions;
(2) the notion of spatial or temporal locality is absent, requiring alternative masking strategies; (3) feature interactions are

often complex and non-obvious, making the predictive task particularly suitable for representation learning approaches like
JEPA.

Our tabular Var-T-JEPA pipeline broadly builds on modeling strategies established by Thimonier et al. (2025), who
introduced T-JEPA as a standard (non-variational) JEPA implementation for tabular data. The model architecture of our
tabular Var-T-JEPA model is depicted in Fig. 4, which translates the theoretical framework from Section 3 into a practical
neural architecture tailored for tabular data.
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Figure 4. Architectural overview of Var-T-JEPA for tabular data. The model implements the theoretical framework through specialized

components: (1) the context encoder processes masked tabular features to produce variational context representations q¢(s(] ) |); (2) the

auxiliary encoder infers predictive latents g4 (2|sz); (3) the target posterior prepends context and aux1hary 1atents as special tokens before

feature processing q¢(s§],;) |sz, 2, w; mfrg)) (4) the predictor generates target representations pg (s k) sz, 2; mug ) and (5) the decoders

reconstruct original tabular features from latent representations.

A.2. Tabular Feature Masking Strategy

Following the T-JEPA masking framework, we partition the complete feature vector w € RP% into context and target
subsets at the feature level; in this formulation w is the full (unmasked) target view, while y; are masked target sub-views
and x the context view derived from w. Given Dy, features, we create context masks mex € {0, 1}D fat and target masks
mt(r? € {0, 1}Prx where:

T =Mex O W, Hmctx”O = M (12)

Y = mt(rg) ©w, ||m(k)||0 = Mtrgy k= 1,...,K (13)

trg

We write M = {j : (mex); = 1} and M[(r? ={j: (mg;))] = 1} for the corresponding index sets, s0 | M| =
k
and |./\/l5rg)| = M.

CtX

The mask sizes are sampled uniformly for each batch-optimization step: M ~ Uniform|| Dgeye - 7258 ||| Dpee - 722% |] and
My ~ Uniform[| Dey - r{rngmj, | Dfeat - Tt‘;‘gaxj], where the ratio parameters define the minimum and maximum shares of
features to mask. During training, we typically generate one context view and K target predictions per sample, ensuring that
Mx + Myg < Drey to maintain non-overlapping masks.

12



Var-JEPA: A Variational Formulation of the Joint-Embedding Predictive Architecture

A.3. Variational Network Components

Our tabular Var-T-JEPA architecture consists of six key variational network components that implement the theoretical
framework for heterogeneous tabular data. Each feature is indexed by j € {1,2,..., Dfy } where Drey denotes the total
number of features in the dataset. Features are categorized as either numerical (j € Z,y,) or categorical (j € Z.,). More
detailed implementation specifications are provided in Appendix D.2.

(I) Context Encoder. Following Thimonier et al. (2025), g4 (553 ) |z) processes masked tabular features through feature
tokenization, transformer encoding, and variational output heads. Each feature is embedded with type and positional
information, then processed by a transformer with prepended CLS tokens, yielding contextualized representations that
parameterize the context latent distribution

hew = fgx(x)a (14)
qs (s ) = N (895 1157 (hew) ), 257 (hew) D). (15)

Here, f;"‘(m) is the transformer-based encoder and ujf and ZZ; are linear projections applied to the encoder output.

(IT) Auxiliary Encoder. ¢,(z|s;) infers auxiliary predictive latents from (pooled) context representations s, through a
compact MLP, maintaining the JEPA principle of preventing target information leakage:

qs(2ls2) = N (2 g (52), T3 () (16)

(I1I) Target Posterior. q¢(s?(j,;) |$, 2, w; mt(r];)) conditions on context latents, auxiliary latents, and complete raw features

using a similar encoder design as the context encoder, but extended to incorporate latent tokens to condition on s, and z.

htrg :f;)rg(517zaw)7 (]7)
06 (59|50, 2, w;mE) = N (89 157 (husg) D), 25 () ) for j € M. (18)

Here, f;rg(sx, z,w) is the transformer-based encoder, and u;’“’ and 22’“’ are linear projections applied to the encoder output.

The target encoder yields latents 553 ) for all J =1,..., Dgea; We write sg(f,;) = 353 ) for Jj e Mt(r? as the masked target

representations used in the predictive KL.

(IV) Predictive Model. pg(sz(f,'c) [Sz, 2; mt(rlz,)) generates target latent distributions without access to target observations:

hpred = g@(swazam[(r];))a (19)
Po (s |50, 2:mi)) = N (595 15" (hprea) ), 257 (Bprea) D). (20)

Here, go(sz, 2, mt(r?) involves another transformer architecture which is conditioned on the target mask mt(r];) through

positional embeddings and learnable mask tokens. Its output is used to generate distributional parameters for the target
latent s,, via linear projections.
(V) Context and (VI) Target Decoders. The decoders reconstruct masked features using feature-specific MLPs, uéj ).
Let m € {x, w} denote any observation (context or full target) with corresponding latent representation s,.. Each decoder
reconstructs a masked feature independently according to the unified formulation:

o (29 |s9)) = N (@D u§) (59, 02) o if j € Zoum 1)

T Categorical (7(); softmax(ué])(sgf)))) ifj €Ty

The full reconstruction distribution factorizes as pg(7|sz) = [[;c 4, Po 2 \ssrj )), where M. denotes the feature index
set for observation 7 (i.e., M for context x, and all feature indices for w under full-target reconstruction). For numerical
features, the reconstruction noise o2 is one of two globally learned parameters: o2 for the context path (7 = ), and a

shared 05 for the target path (m = w).
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A.3.1. Loss COMPUTATION
Adapting Var-JEPA’s general loss function (10) to feature-level masking strategies introduced by Thimonier et al. (2025),
we obtain the following sample-level loss terms for Var-T-JEPA:

1 o
rec _ _ ()40
L5 = Mo Z log pg (z']s3) (22)
JEMx
1 Dreat
e = ——% " —logpg(w") | s) 23)
feat j=1
1 .
KL . & ( )
L =3 2o Kl(as(s? ) IN(0, D) (24)
JEMex
LY = KL(gy(2]52) [N(0, 1)) (25)
K
1 j k 1 k
O = T 2 2 KL(as(of] sz wimiglipo (s sz, i) 26)
k=1jemy)

A 4. Outlook: Extension to Vision and Video

We implemented Var-JEPA as Var-T-JEPA to provide a compute-efficient proof-of-concept in a setting where careful ablations
and uncertainty analyses are tractable. However, the formulation is not specific to tabular data and can be transferred directly
to visual modalities in close analogy to I-JEPA (Assran et al., 2023). Concretely, one can (i) tokenize images/videos into
patch or tubelet sequences, (ii) define a masked context view x and masked target view y, (iii) parameterize g4 (s, | x)
and gy (sy | 52, 2, y) with ViT-based encoders and py(s, | 55, z) with a lightweight predictor (as in I-JEPA), and (iv) add
a decoder pg(y | s,) (e.g., Gaussian pixels or discrete token likelihoods) to obtain the ELBO objective. This yields a
generative, uncertainty-aware analogue of JEPA-style representation prediction for vision/video, while retaining the same
conditional-prior interpretation of the predictor.

B. Additional Experimental Results

Our experimental evaluation intentionally focuses on validating our conceptual contribution (bridging JEPA and variational
inference) within the JEPA framework—emphasizing collapse prevention, uncertainty quantification, and the relationship
between per-sample and aggregated regularization—rather than comprehensive benchmarking against the broader self-
supervised learning landscape. To complement the accuracy results reported in the main text, we provide Fl-score
evaluations, sensitivity analyses, and a comparison of uncertainty-quantification methods below.

B.1. Additional Downstream Metrics: F1 Score

Table 3 reports downstream macro Fl-scores (mean = std over 5 downstream model runs) for the same set of tabular datasets
and predictor families as Table 2. As in the main table, we report results on raw features, on T-JEPA embeddings, and on
Var-T-JEPA embeddings (including selective evaluation where the most uncertain fraction of test samples is discarded).

B.2. Sensitivity Analysis

B.2.1. SENSITIVITY ANALYSIS ON «

We perform a sensitivity study on Adult by varying the end weights of the KL terms for s, and s, (i.e., af and af")
and the reconstruction/generation weights (i.e., @™ and a#“") around the baseline setting. Table 4 shows that downstream
performance is broadly robust across these ablations (i.e., not strongly sensitive to precise tuning), and that selective
evaluation consistently improves accuracy across all settings as more uncertain samples are filtered out.

B.2.2. SENSITIVITY ANALYSIS ON OTHER MODEL PARAMETERS

We additionally study sensitivity to model capacity and optimization hyperparameters by varying the transformer hidden
dimension d (token/embedding width), number of layers L, predictor feedforward dimension ff, (i.e., the MLP width in the
predictor block), learning rate 7, and batch size B. Table 5 shows that downstream accuracy remains broadly stable for most
settings, while some changes (e.g., substantially deeper encoders or smaller batch size) can reduce performance. As in the «
sensitivity study, selective evaluation improves accuracy consistently across all ablations as more uncertain samples are
filtered out.
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Table 3. Downstream performance comparison across tabular datasets using macro F1-score. Results (mean =+ std over 5 downstream
model runs; XGBoost single deterministic run) show test macro F1-score. AD=Adult, CO=Covertype, EL=Electricity, CC=Credit Card,
BM=Bank Marketing. Light blue rows indicate selective evaluation (reduced coverage).

Method AD 1 Ccot EL 1 CcC 1 BM 1 MNIST 1 SIM 1
MLP 0.8454+3.7¢ 3 0.747+5.0e 3 0.78043.5¢ 2 0.79246.9¢ 3 0.887+4.8¢ 3 0.82241.1e 2 0.8214+9.0e 3
+T-JEPA 0.84249.0e 3 0.274+1.5¢ 1 0.545+7.4¢ 2 0.67540e~° 0.583+3.9¢ 1 0.0234+2.3¢ 3 0.66243.3¢ 2
+Var-T-JEPA 0.845+£3.3¢ 3 0.65743.8¢ 72 0.78942.2¢ 3 0.797+4.1e 3 0.88943.1e 73 0.823+1.7e "2 0.659-+3.3¢ 2

+Var-T-JEPA (10%) 0.85943.0e 3 0.678+3.4¢ 2 0.79242.0e 3 0.79245.6e 3 0.8934+3.5¢ 2 0.84041.5¢ 2 0.67143.1e 2
+Var-T-JEPA (20%) 0.8774+2.4¢ =3 0.68043.0¢ 2 0.79442.3¢ 3 0.7924+4.3¢ 3 0.895+4.0¢ 3 0.857+1.8¢ 2 0.67143.2¢ 2
+Var-T-JEPA (50%) 0.915+2.6e 2 0.69241.7¢ 2 0.803+3.4e 2 0.780+£1.9¢ 3 0.907+3.9¢ 3 0.901+2.0e =2 0.691+3.7¢ 2

DCNv2 0.684+4.5¢ 3 0.74946.2¢ 3 0.82447.3¢ 4 0.79443.0e 3 0.89042.1¢ 3 0.875+4.3¢ 2 0.67345.0e 3
+T-JEPA 0.846+1.7¢ 3 0.44345.3¢ 2 0.76441.9¢ 3 0.73745.7¢ 2 0.878+1.4e~3 0.840+4.7¢ 2 0.759+4.2¢ 3
+Var-T-JEPA 0.848+1.5¢ 3 0.7754+6.9¢ =3 0.8304+1.9¢ 3 0.794+1.3e 3 0.891+5.9¢ % 0.884+4.8¢ 3 0.703+£8.8¢ 3

+Var-T-JEPA (10%) 0.86141.2¢ 2 0.783+7.0e 3 0.83142.6e 3 0.79041.4¢ 3 0.89646.6e 4 0.89745.2¢ 32 0.71148.3¢ 3
+Var-T-JEPA (20%) 0.878+1.3e 3 0.780+7.1e 2 0.83142.1e 72 0.791+£1.9¢e 3 0.900+1.1e 2 0.908+5.0e 2 0.707+£8.6e 3
+Var-T-JEPA (50%) 0.916+7.9¢ 4 0.778+5.7¢ 3 0.831+2.6¢ 2 0.78041.6e > 0.909+1.8¢ 3 0.936+3.0e 3 0.73546.1e >

ResNet 0.844+1.8¢3 0.7764+7.3e =3 0.82342.6e 2 0.794+1.5¢ 3 0.890+4.0e 3 0.860+7.1e 73 0.877+£5.9¢ 3
+T-JEPA 0.845+4.8¢ 3 0.499+-8.7¢ 2 0.80748.8¢ 2 0.79447.9¢ 3 0.8934+3.8¢ 72 0.85642.9¢ 2 0.68945.8¢ 2
+Var-T-JEPA 0.8494+2.4¢ 3 0.778+1.2¢ 2 0.8204+7.2¢ 3 0.79141.0e 2 0.89442.6¢ 3 0.8724+1.2¢ 2 0.5494+1.2¢ 71

+Var-T-JEPA (10%) 0.864+1.6e 2 0.78441.2¢2 0.82246.8¢ 2 0.789-+£7.0e 3 0.89942.0e 3 0.888+9.2¢ 3 0.560+1.1e~!
+Var-T-JEPA (20%) 0.88141.2¢ 2 0.78141.3¢ 2 0.82346.7¢ 3 0.78945.1e 2 0.9034+1.9¢ 3 0.90048.5¢ 2 0.57041.1e 1
+Var-T-JEPA (50%) 0.920+8.5¢ 4 0.784+1.3¢ 2 0.826+7.5¢ 3 0.78042.1e 3 0.912+1.0e 3 0.936+5.3¢ > 0.60241.1e 1

Autolnt 0.687+6.3¢ > 0.752+1.7¢ 2 0.755+1.1e 2 0.798+1.2¢ 3 0.896+2.5¢ 3 0.809+1.6¢ 2 0.8974+1.9¢ 2
+T-JEPA 0.849+£2.9¢ 3 0.39941.6e 1 0.74543.1e 72 0.777+£7.8¢ "4 0.87141.2¢ 72 0.816+7.9¢ 3 0.768+£8.4e 3
+Var-T-JEPA 0.848+3.1¢ 3 0.75044.4¢ 3 0.8214+2.8¢ 3 0.79642.9¢ 3 0.894+1.3¢3 0.81045.5¢ 2 0.71149.3¢ 3

+Var-T-JEPA (10%) 0.86343.6e 2 0.755+4.2¢ 3 0.8224+3.8¢ 3 0.79143.1e 3 0.898+1.4¢ 3 0.82442.0e 3 0.71948.3¢ 3
+Var-T-JEPA (20%) 0.88042.8¢ 2 0.7524+4.3¢ 3 0.82244.1e 3 0.79342.0e 3 0.90241.4e 3 0.84041.7¢ =3 0.72047.9¢ —3
+Var-T-JEPA (50%) 0.918+2.2¢ 3 0.7454+6.3¢ 3 0.823+4.5¢ 2 0.78141.6e 3 0.912+1.1e 3 0.879+3.8¢ 3 0.74141.0e 2

FT-Trans 0.687+4.9¢ 3 0.74141.0e 2 0.813+4.0e 3 0.799+1.0e 3 0.894+1.3¢~3 0.8774+2.3¢ 2 0.96241.4¢ 3
+T-JEPA 0.847+1.1e 73 0.41748.5¢ 2 0.700+4.7e =2 0.7774£2.0e =3 0.85141.0e 73 0.26942.7¢ 1 0.696+£2.0e ~2
+Var-T-JEPA 0.847+£2.2e3 0.74346.5¢ 2 0.797+4.6e 2 0.79841.3¢ 3 0.89349.2¢ 4 0.86449.4¢ 3 0.70148.0e —3

+Var-T-JEPA (10%) 0.86242.3¢ 3 0.752+5.6¢ 3 0.799+4.0e —3 0.79349.1e 4 0.8974+9.1e =4 0.8794+9.6e 3 0.71248.5¢ 3
+Var-T-JEPA (20%) 0.87942.0e 3 0.75045.7¢ 3 0.80143.8¢ 3 0.79441.6e 3 0.900+1.3¢ 3 0.8914+9.9¢ 3 0.712+£6.8¢ 2
+Var-T-JEPA (50%) 0.9174+2.0e 3 0.743+7.9¢ 3 0.80942.2¢ 3 0.78241.9¢ 3 0.912+1.3¢e 3 0.918+6.7¢ > 0.73243.6e 3

XGBoost 0.860 0.805 0.917 0.791 0.894 0.881 0.948
+T-JEPA 0.850 0.804 0.860 0.783 0.889 0.870 0.849
+Var-T-JEPA 0.850 0.807 0.888 0.787 0.897 0.871 0.945
+Var-T-JEPA (10%) 0.870 0.816 0.890 0.788 0.901 0.883 0.948
+Var-T-JEPA (20%) 0.888 0.815 0.891 0.788 0.903 0.889 0.951
+Var-T-JEPA (50%) 0.923 0.813 0.891 0.784 0.911 0.913 0.955

Table 4. Adult sensitivity analysis for Var-T-JEPA end-weight settings. Columns correspond to ablations varying (ag, a%, o™, af)

we report downstream test accuracy (mean =+ std over 5 downstream runs) for MLP and ResNet probes, including selective evaluation.

s

Base Low KL High KL Low recon. High recon. High KL + low recon. Low KL + high recon.
ot 10-* 10°° 107° 107 10-* 1072 107°
okt 1075 10-6 104 10-° 1075 104 1076
o 107! 107! 107! 1072 1 1072 1
&N 1 1 1 107! 10 10~¢ 10
MLP + Var-T-JEPA 0.85242.1e73  0.850+1.2¢72 0.826+2.7¢"2 0.834+27¢" 3 0.85242.3¢ 2 0.849+1.1¢ 3 0.8514+1.2¢73
MLP + Var-T-JEPA (10%)  0.86542.0e™% 0.86449.6e"* 0.8394+2.6e~2 0.850+2.0e~2 0.868+1.7¢"2 0.8634+1.3¢ 3 0.860+1.1e 3
MLP + Var-T-JEPA (20%)  0.883+1.7¢=2 0.880£1.4e~3 0.85242.4e~ > 0.8684+2.2e3 0.8794+1.9¢ 3 0.87341.2¢ 3 0.878+8.5¢ 4
MLP + Var-T-JEPA (50%)  0.92142.1e72 0.920+£8.7¢~* 0.890+2.8¢% 0.88843.0e "3 0.906+2.5¢ 3 0.888+1.4¢ 3 0.92847.9¢ 4
ResNet + Var-T-JEPA 0.8544+1.4¢72 0.852+1.8¢"2 0.827+85¢~* 0.836+3.1e™% 0.852+1.1e™3 0.853+1.6e 3 0.8534+1.4¢ 73
ResNet + Var-T-JEPA (10%) 0.868+9.2¢~% 0.867t1.4e~2 0.839+1.3e~ 2 0.8514+3.1e™2 0.868+1.1e > 0.867+1.8¢ 3 0.86341.6e 3
ResNet + Var-T-JEPA (20%) 0.886+82¢~% 0.883£1.9¢=2 0.852+1.5¢~ % 0.8694+3.2¢73 0.878+1.3¢e > 0.876+1.1e 3 0.88141.1e 2
ResNet + Var-T-JEPA (50%) 0.924+6.6e~% 0.921+£8.6e~* 0.890+2.5¢~° 0.888+4.3¢3 0.906+1.3¢ > 0.8914+1.4e~3 0.9294+1.4¢ =3
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Table 5. Adult sensitivity analysis for Var-T-JEPA architecture and optimization settings. Columns correspond to model/optimizer
ablations varying (d, L, ff,, n, B). We report downstream test accuracy (mean =+ std over 5 downstream runs) for MLP and ResNet
probes, including selective evaluation (light blue rows).

Shallow Low pred.-FF Narrow High pred.-FF Deep Low LR Batch size 256
d (hidden dim.) 64 64 32 64 64 64 64
L (layers) 4 8 8 8 16 8 8
ff,, (pred.) 256 128 128 512 256 256 256
1 (LR) 1073 1073 1073 1073 1073 5x 1074 1073
B (batch) 512 512 512 512 512 512 256
MLP + Var-T-JEPA 0.8504+2.1e72  0.852+2.1e™2  0.8504+1.6e"3  0.85242.1e72  0.832+1.7e73  0.849+32¢72  0.851+£27¢ 3

MLP + Var-T-JEPA (10%) 0.864+1.1e 73  0.8654+2.0e %  0.867+1.6e= 3  0.865+2.0e 3  0.843+17e~ 3  0.866+3.6e°  0.854+2.9e >
MLP + Var-T-JEPA (20%) 0.877+83e~%  0.883+t1.7¢~2  0.883+14e~ 2  0.883+1.7¢"2  0.864+1.5e~2  0.881+3.7e">  0.856+2.9¢ 2
MLP + Var-T-JEPA (50%) 0.905+1.1e72  0.9214£2.1e™2  0.90249.6e=*  0.921+2.1e72  0.908+1.5¢=3  0.907+3.7e">  0.871+£3.0e 2

ResNet + Var-T-JEPA 0.8524+1.2¢72  0.854+14e™3  08514+6.5¢"%  0.854+14e™2  0.833+1.5¢73  0.853+8.7¢~%  0.852+2.0e"3
ResNet + Var-T-JEPA (10%)  0.864+1.1e”3  0.868+9.2¢=*  0.870+£9.4e~*  0.868+9.2¢~*  0.845+1.1e72  0.869+1.le™®  0.856+1.9e 3
ResNet + Var-T-JEPA (20%)  0.877+1.4e~3  0.886+82e~*  0.885+£9.9e~%  0.886+£82e~%  0.865+£1.2e~2  0.884£2.0e~2  0.858+1.6e >
ResNet + Var-T-JEPA (50%)  0.904+1.6e™°  0.9244+6.6e=%  0900+£1.7e~3  0.92446.6e~%  0909+19¢=2  09074+2.4e~ 3  0.873+1.5¢ 2

B.3. Uncertainty Quantification: Comparison to Post-hoc Baselines

We further compare Var-T-JEPA’s native latent uncertainty against four post-hoc estimators, all computed on the same frozen
Var-T-JEPA embeddings: Probe entropy and Probe MSP (Hendrycks & Gimpel, 2017) (the predictive entropy and one
minus the maximum softmax probability of a linear probe), MC dropout (Gal & Ghahramani, 2016) (predictive entropy of
a dropout MLP over 20 forward passes), and Deep ensemble (Lakshminarayanan et al., 2017) (predictive entropy of five
independently trained MLPs). On the controlled (semi-)synthetic SIM and MNIST datasets, which provide a ground-truth
ambiguity score, we report the Spearman correlation with that score, the AUC for detecting high-ambiguity samples (i.e.
those with simulated ambiguity score u > ¢75, the 75th percentile), and the area under the risk—coverage curve (AURC).
Table 6 shows that the native latent uncertainty attains the best Spearman and AUC on both datasets, while MC dropout and
deep ensembles lead only on AURC.

Table 6. Uncertainty quantification: Var-T-JEPA’s native latent uncertainty versus four post-hoc baselines on the same frozen embeddings,
for the controlled SIM and MNIST datasets. Metrics: Spearman correlation with the ground-truth simulated ambiguity score, AUC for
detecting high-ambiguity samples, and area under the risk—coverage curve (AURC).

Dataset Method Spearman 1 AUC 1t AURC |
Var-T-JEPA (latent uncertainty) 0.640 0.805 0.209
Probe entropy 0.339 0.692 0.272

SIM Probe MSP 0.313 0.668 0.267
MC dropout 0.560 0.599 0.013
Deep ensemble 0.586 0.612 0.011
Var-T-JEPA (latent uncertainty) 0.949 0.986 0.123
Probe entropy 0.476 0.773 0.054

MNIST Probe MSP 0.462 0.764 0.054
MC dropout 0.379 0.763 0.025
Deep ensemble 0.444 0.782 0.028

C. Dataset Descriptions

C.1. Dataset Descriptions for Downstream Experiments with Var-T-JEPA

C.1.1. DATASET SUMMARY

Our experimental evaluation of Var-T-JEPA uses five real-world tabular datasets (Adult, Covertype, Electricity, Credit Card
Default, Bank Marketing), a vision dataset (MNIST), where we treat every pixel as an individual feature column, and a
fully synthetic dataset (SIM). The latter two datasets were adapted to exhibit controllable uncertainty (noise) in the original
feature space. Table 7 summarizes their basic characteristics. For Covertype, we randomly subsample 10,000 examples for
our experiments. For supervised downstream model training and evaluation we create train/validation/test splits (70/10/20)
from the embeddings learned on the full feature dataset. For baseline models trained on raw features, we apply the same
splits to the original datasets.
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Table 7. Dataset characteristics used in experimental evaluation.

Dataset Samples Features (num/cat) Classes Task Domain
Adult (AD) (Kohavi, 1996) 48,842 14 (6/8) 2 Classification Census
Covertype (CO) (Blackard, 1998) 10,000 54 (54/0) 7 Classification Forestry
Electricity (EL) (Harries, 1999) 45,312 8 (8/0) 2 Classification Time series
Credit Card Default (CC) (Yeh, 2009) 30,000 23 (23/0) 2 Classification Finance
Bank Marketing (BM) (Moro et al., 2014) 45,211 16 (16/0) 2 Classification Marketing
MNIST (LeCun et al., 1998) 10,000 784 (784/0) 10 Classification Vision
Simulated (SIM) 10,000 32 (28/4) 3 Classification Synthetic

C.1.2. (SEMI-)SYNTHETIC DATA GENERATION

Fully synthetic dataset (SIM). Our simulated dataset is designed to produce well-separated class structure for most
samples, while inducing controlled uncertainty in the original feature space for a subset of samples through prototype mixing.
Concretely, we generate three class-conditional Gaussian clusters in a 28-dimensional numeric space with shared isotropic
variance. We then draw a per-sample ambiguity score (u; ~ Uniform(0, 1)) and map it to an amplified uncertainty/ambiguity
strength (ugamb) = u;) with (y = 2). In doing so, most samples are easy and only a fraction become highly ambiguous. For
each sample (i) with true class (c), we select an alternative class (¢’) and blend the numeric features toward the alternative
class prototype with strength (a; o ugamb)). We further (i) mix a random subset of numeric features toward the alternative
prototype, and (ii) inject additional ambiguity-driven noise in a small set of informative dimensions. Finally, we derive four
categorical variables by quantile-binning selected numeric dimensions and flip categorical values with probability increasing

in ugamb). The output includes 28 numeric features, 4 categorical features, and 3 classes.

MNIST. We represent MNIST as a tabular dataset by flattening each 28 x 28 grayscale image to a 784-dimensional
feature vector and using the digit label as class to be predicted. To create a controllable uncertainty signal, we incorporate
a per-sample score (u; ~ Uniform(0, 1)) and corrupt the input by interpolating between the original image (z;) and an
independent random image (r; ~ Uniform(0, 1)784):

a; = clip(Auy;, 0, 1), z; = (1 — a;)z; + oyry,

with a fixed noise scale (A = 0.75). As illustrated in Figure 5, different values of u; produce varying levels of corruption,
from clean images (u; = 0) to almost random noise (u; = 0.99). We use a random subset of 10,000 samples for the MNIST
experiments.

u=0.00 u=025 u=0.50

Figure 5. Visualization of MNIST image corruption under different values of the ambiguity score u;.

C.2. Data Generation for Simulation Study
We generate paired observations (z;,y;) € RPebs x RPebs from latent variables s,,,s,, € R% and z; € R%. In all
simulation experiments we use Dops = 32, dy = 16, d. = 8, diagonal covariances X, = 214, Xy = <714, ¥ = <21,
with (Sz, Sy, 62) = (1.0, 0.5,1.0), a mean-shift § = dscale1 With dgcale = 2.0, and observation noise (7, 7,) = (0.3, 0.3).
z ~N(0,%.), gy ~ 3N(0,5;) + 3N (6, 5,), Sy; | Swir2zi ~ N (8g; + Azi, By),
T = hy(Se,) + €a;, € NN(07TI2IDobs)7 Yi = hy(sy,) + €y, €y, NN(O7Ty2IDobs)'

i

Equivalently, we introduce a binary mixture label ¢; ~ Bernoulli(1/2) and sample s, | ¢; ~ N (¢; 6, X;). For each run,
we draw A € R%*4= once with entries A, ~ N(0,1/d.) and keep it fixed. The nonlinear maps h., h, are also drawn
once per run as independent two-layer MLPs with tanh activation (hidden width 64) and then frozen. Different runs use
different draws of (A, h, hy) and therefore different simulated datasets.
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D. Implementation Details

D.1. Var-JEPA Implementation for Simulation Study

The simulation study implements a minimal Var-JEPA variant to isolate the effects of per-sample KL regularization and
aggregated-distribution regularization (SIGReg) under a ground-truth latent-variable data generator. We implement an MLP-
based Var-JEPA with amortized Gaussian posteriors ¢y (S | ), ¢ (2] Sz), ¢ (Sy | Sz, 7, y) and Gaussian decoders/conditional
priors.

D.2. Var-T-JEPA Implementation for Tabular Data
We provide implementation details for each module of Var-T-JEPA below, adopting standard components from T-JEPA
(Thimonier et al., 2025) where appropriate.

D.2.1. CONTEXT ENCODER IMPLEMENTATION
The context encoder q¢,(s§f ) |z) processes masked tabular input through three main stages:

Feature tokenization. Each feature (/) from the masked input is embedded into a Dy;q-dimensional token representation
(in Var-T-JEPA we set d = d, = Dyjq). For numerical features, we use a shared linear projection with feature-specific bias
terms b() € RPrid that account for different feature scales and distributions:

@) _ [ Waum - 20 50 4 et 4 ) if j € Tum -
| Embedy, (¢0)) + e, +efn  ifj € T
where Wpym € RPnex1 is a shared linear projection for numerical features, Embedy ; : {0,1,... L — 1} — RPrwia are

learned embedding tables for categorical features with L; categories, eype denotes feature type embeddings distinguishing

numerical from categorical features, and e,()éz denotes positional embeddings encoding feature position.

Transformer processing. The tokenized features are processed by a standard transformer encoder architecture (Vaswani
et al., 2017) with multi-head self-attention and feed-forward layers. Following T-JEPA conventions, we prepend Ncig
learnable classification tokens to the sequence, yielding contextualized representations:

B = Transformer([{tcs FET, {16 Fjem,) € ROVt ©8)

=1 >

Variational output. The context encoder outputs distributional parameters for the variational posterior:

115" (hew) = Linear(he) (29)
log Ej;’ (hex) = Linear(hey ) (30)
g (s9]2) = N (s9); 1157 (hen ), 557 (he)P) (€19

D.2.2. AUXILIARY ENCODER IMPLEMENTATION
Both the auxiliary encoder and the target posterior use attention-based pooling to map the variable-length context sequence
54 to a fixed set of pooled context tokens 5, = {58’}53;‘. This mechanism is order-invariant and yields a fixed number of

pooled tokens regardless of M.

The auxiliary encoder g4 (z|s;) takes the pooled context representation 5, and processes it through a compact MLP.
Consistent with the JEPA constraint, the auxiliary encoder conditions only on the context representation s,, not on target
information:

h{Y). = GELU(LayerNorm(Linear(h{;"))) (32)
15, log X7 = MLP(5;) (33)
4 (2[s2) = N (z; g, diag(E5)) (34)

The auxiliary encoder uses fewer layers than the main encoders to maintain z as a lightweight predictive hint rather than a
complex feature representation.
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D.2.3. TARGET POSTERIOR IMPLEMENTATION
Within the target posterior q¢(syk) |Sa, 2, w; mt(r];)) we apply attention-based pooling to the variable-length context sequence
S to obtain Ly pooled context tokens before concatenating with z and all feature tokens. This approach maintains proper

conditioning on context latents s, and auxiliary latent z while processing complete raw data w.

Pooled token preparation. The pooled context and auxiliary latent are projected into the token embedding space with
type embeddings:

1) =W, 50 4 el fori=1,..., Ly (35)
te =W, 2+ g™ (36)

pooled-ctx _aux-latent

type  €ype € RPha are learnable type embeddings.

where W,_, W, € RPraxDhia gre learned projection matrices, and e

Feature tokenization. Each feature w(/) from the complete data is embedded using the same tokenization scheme as the
context encoder:
G _ [ Waum - 0@ +00) + e+ eld it j € Toum -
| Embedp, (wW)) + e, + o) if j € T
Fixed-size augmented sequence processing. The target posterior constructs a fixed-length augmented token sequence by
concatenating CLS, pooled context, auxiliary, and feature tokens:

g L 00! eat
ey = ({1l T, (10127 1o, {10} 23] (38)
haug = Transformer(seq,,,) (39)
tg” (haug ), log £3* (haug) = Linear(hayg), Linear(haug) (40)

The target latent distributions are extracted from the feature portion of the augmented sequence:
Qo(85) 50 2w mig)) = N (5203 15 (i) P, 557 (hiew) ) for j € M) (4D
where hge,; denotes the feature token representations extracted from Aqy,.

D.2.4. PREDICTIVE MODEL IMPLEMENTATION

The predictive model py (s‘,(jc) Sz, 2; mfr’;)) operates entirely in latent space using learnable mask tokens. Unlike the target

posterior, it has no access to raw target features and must predict latent representations from context and auxiliary information:

he = Linear(s, ) + Linear(z) + e @)

hmask = MaskToken + Linear(z) + eggs 43)

By = Transformer(concat(hrs imas) (#4)

1y (hprea)s p” (Mprea) = Linear(Apreq), Linear (hprea) @5)
Po(s) 52,2 m%)) = N (555 15" (hprea) ), 357 (prea) ) (46)

The predictive model does not directly distinguish between categorical and numerical features since it works purely in the
latent representation space.

The predictor generates sequential target predictions for each target mask, enabling the model to handle multiple prediction
tasks simultaneously during training. Crucially, this component has no access to target observations, maintaining the JEPA
principle of predictive learning.

D.2.5. CONTEXT AND TARGET DECODER IMPLEMENTATION

The context and target decoders reconstruct original tabular features from their latent representations using feature-specific
decoder heads. Both decoders share identical architectures but operate on different latent sequences.
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Feature-specific decoder architecture. Each decoder maintains separate neural network heads for every original feature
in the dataset:

NumericDecoders = {uéj ) RPw R | € Zoum} (47)
CategoricalDecoders = {uy) : RP — RC9 | j € Toy} (48)

where C; denotes the cardinality of categorical feature j. Each decoder head is implemented as a linear layer specific to the
feature type and index.

Context decoder processing. Given a context latent sequence s, € RMexxDria and an ordered enumeration I =
(J1,---,Jny,) of the index set M, the context decoder processes each latent token:
fort =1,..., Mux: j=Iqlt], &9 =ud(sV) (49)

Target decoder processing. The target decoder follows identical processing and operates directly on target latent
sequences:

D) = uf) (s0)) (50)

Reconstruction distributions. The decoder outputs are interpreted as distributional parameters for any observation
m € {x,w} with corresponding latent representation s

po(rP[s¥)) = {N<7T(‘”%u§”( s)),02) if j € Zoum

o 51
Categorical(ﬂ(J),softmax(uéj)(sgrj)))) if j € T .

2

where 02 is a path-specific learnable noise: o2 for the context path (7 = z) and 05 for the target path (m = w). The full

reconstruction distribution factorizes as po(|sx) = [[;c . Po (79 \SSE )), where M, denotes the feature index set for
observation 7.

D.2.6. KL DIVERGENCES
We compute the closed form KL divergences between Gaussians, which is given by (Murphy, 2022)

- _ det®
KL(N (g, ) [ N (11, 3p)) = 5 {tr(Ep '8g) + (p = 1g) " 35" (p — p1q) + log det Ep - d} (52)
q
In our implementation, all latent variables use diagonal covariance matrices ¥ = diag(Xy,...,Xp,,) where each X,

represents the variance of dimension d. As our priors have p, = 0, ¥, = I for s, and z, Eq. (52) simplifies to:

]

hid (G, S S

KL(gs(s92) [N(0,1) = 3 [(257 ) + ()2 —1og(zy ) — 1]

i
& =

hi

KL(gs(2ls2) [ V0, D) = 5 >[5

(d) L(d) (D)
)+ (n3 ") —log(s3 ") — 1]

Y
Il
-

The third KL term between two diagonal Gaussians becomes:

Dia gsfkd)) ( sgj,';d) éjkd))Q ( S}_] d))
(k) _1 o~ —He o
KL( s(s (j)lsxvz w; mtrg ) | po(s (J)\sw,z mlrg =3 Z{ S(, ) SGD + log G 1
y y Y
d=1 " ) (Ee g ) (E¢ g )
(J d) (5,d) s(d,d) G,
where 4 ¢ = /,LZ;“J and A Ezf”] forj € Mtrg are the masked means and covariances for target yy.

D.3. Training and Testing Procedure
This section provides detailed implementation specifics for training the Var-T-JEPA model, including the training algorithm
and KL annealing schedules.
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D.3.1. TRAINING ALGORITHM

Algorithm 1 outlines the complete training procedure for our Var-T-JEPA for tabular data. Note that, while we used a
per-sample notation in the main paper, the algorithm presents the batch-level implementation where loss terms represent
averages over mini-batches and variables are indexed by sample position within the batch.

Algorithm 1: Var-T-JEPA Training Procedure

min ,.max ,.min ,.max
ctx o Teix 7Ttrg 7Ttrg

Input: Dataset D, mask parameters (7
view)
Input: KL annealing schedules over optimizer steps {aX™(t), o&™(t), oX-(2)}

z ) Sy

), number of target views K (and typically 1 context

1 while not converged and epoch < max epochs do

2 for each batch in dataloader do
3 Sample batch feature vectors {w(™}5_, ~ D;
4 Generate masks (MaskCollator):;
5 Sample mask sizes M, My, uniformly from the configured ranges, then generate context masks
{mg;) }B_ | and K target masks {mé];’") S| per sample (and corresponding index sets Mg;) Ml(r];’"));
6 Get current KL weights from schedules at global optimizer-step ¢: a5 (t), ak"(t), aEyL(t);
7 Forward Pass (vectorized over target masks):;
8 Sample {5 ~ gy (s, | w™;m{Y)}B_| using reparameterization trick;
9 Sample {z(™ ~ g4(z | s")}B_, using a pooled context representation;
10 Concatenate target masks over k to form an effective target batch of size B- K; repeat s,, z, and w to match
this effective batch;
11 Sample target posterior latents for masked target features: sl(jz) ~ qg(sy | s;n), 2" (), mt(rlgn));
12 Predict target latents for the same masked features: pyg (51(],3) | sgn), AR mt(r]z,’n) );
13 Compute Losses:;
14 Lree =1 Zle ﬁ EjeMc((;) — logpg(x(j7n)|sgj’”));
50| L = e T T g 2 —lop(w | i ™):
B , .
6 || LS = X wh e KLlao(2 )N, D)
5 L8 = & 30y KL(go(= s IV (0, 1):
18 LKL =
Sy
B K B k, s ) k, .
B St St 7 et KL (5™ 587, 200w mi™) [pg (s ™ 58, 203 mip™)):
19 L= areLre 4 afn L8 4 ok () LKL + ofV (1) L5 + an(t)E%;
20 Compute gradients: Vg 4L;
21 Update parameters using optimizer (e.g., AdamW);
22 | Increment KL annealing step: ¢ <=t + 1;
23 Optionally run downstream probe every C' epochs and update best checkpoint based on validation score;
24 if no downstream improvement for P probe evaluations then
25 L Load best checkpoint and terminate training;

D.3.2. KL DIVERGENCE ANNEALING

The KL divergence terms in the ELBO are gradually introduced during training through separate annealing schedules for
each latent variable type. This prevents posterior collapse and ensures stable training dynamics, a common technique in
training variational autoencoders (Bowman et al., 2016). We implement linear annealing schedules with configurable start
times and durations:

. t
oz?j(t) = min (Tanneal’ 1) . a?})ﬁml (53)
o
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. t
agL(t) = un (Tanneal’ 1> ’ algﬁnal 54
z
. t
aI;;(t) = min Tanneal ’ Ly alS(q};ﬁnal (55)

Sy

where ¢ denotes the current training step, 72" specifies the annealing duration, and oL, | sets the final weight values.

D.4. T-JEPA Implementation for Tabular Data
T-JEPA (Thimonier et al., 2025) employs a deterministic joint-embedding architecture with three main components: context
encoder fS*, target encoder fgg , and predictor gy, as illustrated in Figure 6.

Context Encoder Predictor Target Pred.
Context Mask Context [~ fx B Context R ( B N '
v ontext Rep. 9o Sy, = Golsamiy) !
i: i 1 1
Merx X =My @W Tokenization & Feat. Emb. &, = fdstx(x) ' I_.I. .I. |
a 1§ = ! 1
H CLs Embeddings 2 'r i \
yTT I .
— ol (romommercoang ]| 1 proes |
original [ [T | || H L [ O ] e 1 5, B
Sample RMetx+1)xDhia :+ Learnable Auxiliary [ d :
1
RMetx D { 7 Tokens oooo@d H H
-1 RYetDnia itttce—ccoritithl :
»Mirg XD,
j=2 | S, €W
: o o = J e e ,
w s . SN NI LA
(TTT T Tm e \ ( ! \
2 | | _ shg (GN
1 H Unmasked VoS, = fy W meo)
: 1 Tokenization & Feat. Emb. Target Rep. : : Frrs i ----------------- Y
1 ! cLs 1 i Ll 7 i
| | o= v HHEH o] *7 o |
1 1 11 1l
D 1 ! | i () U) 2 A
RPfeat ! : E — ARRE] ! E ! 7 I8y, — sy, Il }
> . 1Sy | T
I Y2
E : R(Pfeat+1)*xDhid : :
1
1 : 1 :
: | Positional Encoding : 1
***** 1
| 1 ( ) | H
) D t .
wpowertnt | [omtamer | | powmavean | 1 ¢ oo |
____________ 4 —_—————— N e - ——
Target Masks Target Encoder Target Rep.

Figure 6. Architectural overview of the T-JEPA pipeline by Thimonier et al. (2025) extended by learnable auxiliary tokens.

Context and target encoders. Both encoders fCt" and fU* s share identical architectures but operate on different masked
views of the input. T-JEPA uses the same tokemzatlon scheme as described in Eq. (27) and Eq. (37), processing tabular
features through feature-specific embeddings with type and positional encodings. The tokenized features are processed by a
transformer encoder to produce deterministic representations s, = fg*(z) and s, = fgg(w; My, ) for context and target
views respectively.

Predictor. As shown in Figure 6, the predictor gy learns to forecast target representations from context representations.
The predictor is implemented using a similar transformer architecture as our Var-T-JEPA, including learnable mask tokens
with positional embeddings, used to predict target features 5, = go(Sz; Murg)-

Training objective. T-JEPA minimizes the averaged mean squared error between predicted and actual target representations
over all target masks and features:

Lrepa = K Mo M Z Z ||S(])*53(,j,3”2 (56)
trg

The target encoder parameters are updated via exponential moving average (EMA) of the context encoder parameters to
ensure stable training, while the predictor is trained end-to-end with gradient descent.
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Learnable auxiliary tokens. The original T-JEPA framework by Thimonier et al. (2025) does not incorporate the auxiliary
variable z in its predictor architecture. To match our theoretical formulation where predictions depend on both context
representations s, and auxiliary variables z, we introduce N, learnable auxiliary tokens AuxToken € RN X Diia gg
trainable parameters that serve as dedicated slots for auxiliary predictive information. These tokens are augmented with
distinct positional embeddings epo; € RNanxDhia and concatenated with context and target tokens in the predictor input
sequence:

Concat(s,, AuxToken + e2x MaskToken + efs

pos? pos) — Transformer — 3, (57)

where MaskToken + eggs denotes the masked target tokens with their positional embeddings, and §,, represents the predicted
target latent representation. The auxiliary tokens provide learnable parameters that can encode predictive hints analogous
to sampling from g4 (z|s;) in our variational framework, enabling the deterministic T-JEPA predictor to access auxiliary
predictive capacity while maintaining end-to-end differentiability.

D.5. Embedding Generation and Uncertainty Estimates for Downstream Evaluation

For downstream evaluation, our tabular Var-T-JEPA deviates from the general test-time procedure described in Section 3.6
in two key aspects. First, the target posterior (]Qs(sz(fk)|sgg7 Z, W; m[(r];)) conditions on the feature vector w since tabular
features are accessible during embedding generation, unlike the general Var-JEPA framework where target observations
may generally be unavailable. Second, the auxiliary latent is generated via the learned auxiliary encoder ¢, (z|s;) rather
than sampling from the standard normal prior p(z) = A(0, I'), maintaining consistency with the training regime where
the auxiliary encoder learns meaningful context-to-auxiliary mappings for downstream representation quality. Following
standard practice in representation learning, final embeddings for downstream analysis were generated using distributional
means rather than sampling to ensure deterministic representations: s, = ,u;f, z = pg, and s,y = u‘; For our downstream
evaluation experiments of both our tabular Var-T-JEPA and T-JEPA, we use the target posterior representations s,, as the
final embeddings, which capture the joint information from context, auxiliary latents, and complete feature observations.
Uncertainty estimates for selective evaluation are computed by aggregating the standard deviations of the target latent
posterior distribution: for real-world datasets (AD, CO, EL, CC, BM) we use mean aggregation, while for (semi-)synthetic
datasets (MNIST, SIM) with known ground-truth uncertainty we use the 90th percentile to better capture tail behavior. For
embedding and uncertainty extraction, checkpoints are selected based on online linear-probe validation performance: for
T-JEPA we use the best unfiltered validation accuracy, while for Var-T-JEPA we use the best filtered validation accuracy
with the most-uncertain 20% of validation samples discarded.

D.6. Hyperparameter Settings

D.6.1. COMPUTE RESOURCES

Var-T-JEPA and T-JEPA were trained on a computer cluster with one NVIDIA A100 GPU (40GB or 80GB VRAM), two
CPU cores, and 20 GB system RAM per task. Var-T-JEPA training time varied by dataset and configuration, and was
typically between under 2 hours and less than 24 hours per run across our experiments.

D.6.2. VAR-T-JEPA HYPERPARAMETERS

Table 8 summarizes the hyperparameters used for the tabular Var-T-JEPA experiments. Notation: ‘batch‘: batch size; ‘Ir*:
learning rate; ‘warm‘: warmup epochs; ‘ctx‘/‘ctxM*: min/max context mask share; ‘trg‘/‘trgM*‘: min/max target mask share;
‘K*: number of target predictions; ‘d‘: hidden dimension; ‘L‘: number of layers; ‘H*: number of heads; ‘ff*: feedforward
dimension; ‘drop‘: dropout probability; ‘Lp‘: predictor embedding dimension; ‘Hp*: predictor number of heads; “ffp:

predictor feedforward dimension; ‘dropp‘: predictor dropout probability; ‘ag“, ‘e <oKL<: final KL weights for s, z,

z Sy °

. e anneal ¢ ¢ anneal ¢ ¢ anneals. 3 . Trece ¢ cne. " 1
Sy; Tsw , T , Tsy : KL annealing epochs for s,, z, s,; ‘a™*, ‘a®"*: reconstruction weights for z, y.

Table 8. Var-T-JEPA hyperparameters used for downstream experiments.

Dataset batch Ir  warm ctx ctxM trg twtgM K d L H ff drop Lp Hp ffp dropp « IS('; okt O‘Is(t T_jz‘v"e“l qranneal T;f;“e“l o afn
AD 512 0.001 10 01 03 01 06 4 64 8 4 256 0.001 16 4 256 0.002 le-04 1e-06 le-05 15 15 15 0.1 1
CcO 512 5e-04 12 015 035 015 06 4 64 8 8 64 0.0015 16 4 256 0.002 1le-06 le-05 le-06 60 60 20 0.001 0.5
EL 512 5e-04 10 0.5 0.6 015 09 4 64 6 4 64 0.001 16 4 128 0.002 le-06 le-05 le-06 40 40 15 0.001 0.25
cC 512 0.001 10 01 03 01 06 4 64 8 4 256 0.001 16 4 256 0.002 le-04 1e-06 1le-05 15 15 15 0.1 1
BM 512 0.001 10 01 03 01 06 4 64 8 4 256 0.001 16 4 256 0.002 le-04 1e-06 1e-05 15 15 15 0.1 1
MNIST 256 0.001 10 0.15 05 0.15 08 4 64 8 4 128 0.002 32 4 256 0.002 1e-06 1le-06 le-06 100 100 100 0.001 0.1
SIM 512 5e-04 10 0.5 05 015 08 4 64 16 2 64 0002 16 4 256 0.002 1e-06 le-06 le-05 50 50 50 0.001 0.1
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D.6.3. T-JEPA HYPERPARAMETERS

Table 9 summarizes the hyperparameters used for the tabular T-JEPA experiments. For any hyperparameter that has a direct
counterpart in Var-T-JEPA, we use the same setting as in Var-T-JEPA. Notation matches Var-T-JEPA: ‘batch‘: batch size; ‘Ir*:
learning rate; ‘warm‘: warmup epochs; ‘ctx‘/‘ctxM*: min/max context mask share; ‘trg‘/‘trgM‘: min/max target mask share;
‘K*: number of target predictions; ‘d‘: hidden dimension; ‘L‘: number of layers; ‘H*: number of heads; ‘ff*: feedforward
dimension; ‘drop‘: dropout probability; ‘Lp‘: predictor embedding dimension; ‘Hp‘: predictor number of heads; “ffp:
predictor feedforward dimension; ‘dropp‘: predictor dropout probability; ‘ema‘: EMA decay rate.

Table 9. T-JEPA hyperparameters used for downstream experiments.

Dataset batch Ir  warm ctx ctxM trg trgM K d L H ff drop Lp Hp ffp dropp ema
AD 512 0001 10 01 03 01 06 4 64 8 4 256 0001 16 4 256 0.002 0.996
co 512 5e-04 12 015 035 015 06 4 64 8 8 64 00015 16 4 256 0.002 0.996
EL 512 5e-04 10 015 06 015 09 4 64 6 4 64 0001 16 4 128 0.002 0.996
CcC 512 0001 10 01 03 01 06 4 64 8 4 25 0001 16 4 256 0.002 0.996
BM 512 0001 10 01 03 01 06 4 64 8 4 256 0001 16 4 256 0.002 0.996
MNIST 256 0.001 10 0.5 05 015 08 4 64 8 4 128 0.002 32 4 256 0.002 0.996
SIM 512 5e-04 10 015 05 015 08 4 64 16 2 64 0002 16 4 256 0.002 0.996

D.6.4. DOWNSTREAM AND BASELINE MODEL HYPERPARAMETERS

Downstream predictors were trained either on raw features or on learned embeddings. For embedding-based evaluation,
embeddings are flattened for neural models. For raw-feature baselines, standard tabular encoders are used. All neural
models (MLP, DCNv2, ResNet, Autolnt, FT-Transformer) share common hyperparameters: learning rate 0.001, weight
decay 0.01, batch size 128, 50 training epochs with exponential patience of 16. Model-specific parameters include: MLP
(2 hidden layers, hidden dimension 128, dropout 0.1); DCNv2 (2 cross layers); ResNet (3 blocks, output dimension 128,
block dimension 128, hidden dimension 256, dropout 0.1); Autolnt (token dimension 128, 2 attention heads, 3 layers);
FT-Transformer (standard transformer architecture). XGBoost uses a tree-based configuration with 100 estimators, max
depth 3, learning rate 0.1, and does not use embedding flattening. We additionally use an online linear probe for downstream
evaluation during Var-T-JEPA training and model selection, trained with learning rate 103, weight decay 2 x 10~°, batch
size 128, and 50 epochs. For the risk—coverage curves in Figure 3, we train a linear probe on standardized embeddings for
20 epochs with learning rate 10~2 and batch size 8192.

D.6.5. SIMULATION STUDY (VAR-JEPA) HYPERPARAMETERS
We use batch size 512. Training runs for 40 epochs with learning rate 10~3 and weight decay 10~°. The Var-JEPA MLP
uses hidden dimension 128 and depth 2. Default loss weights are o = a#*" = o = af" = o = 1. SIGReg uses 64

directions, 64 frequencies, maximum frequency 5.0, with strengths As, = 10 and )\lsy = 10. Linear probes are trained for
50 epochs with learning rate 3 x 1072, weight decay 10~*, batch size 512, and hidden dimension 64.
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