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Abstract

Joint Embedding Predictive Architectures (JEPAs) learn representations by predicting la-
tent targets rather than reconstructing high-dimensional, pixel-level observations. Varia-
tional JEPA (VJEPA) extends this idea by replacing deterministic target regression with
a probabilistic predictive model and a target-side KL regularizer. This paper provides a
theoretical analysis of VJEPA through the lenses of Information Bottleneck (IB) and Pre-
dictive Information Bottleneck (PIB). We analyze two forms of VJEPA: the context–target
form, naturally associated with IB, and the temporal form, naturally associated with PIB.
We show that the current VJEPA objective is a partial bottleneck objective: its latent
negative log-likelihood implements a Barber–Agakov lower bound on predictive mutual in-
formation, while its target KL regularizes the target-side latent distribution, rather than
directly compressing the context or current state. We then derive two completed objectives:
a full IB-VJEPA, which introduces a stochastic context encoder and a KL-to-prior penalty
that upper-bounds the context information I(XC ; ZC), and a full PIB-VJEPA as its tem-
poral specialization, which introduces a stochastic current-state encoder and a KL-to-prior
penalty that upper-bounds the state information I(X≤t; Zt). The resulting analysis sepa-
rates three information-theoretic roles that are conflated in standard JEPA-style objectives:
predictive information maximization, target-side regularization, and explicit context/state
compression. This closes the objective-level gap between probabilistic latent prediction
and explicit information bottleneck control, providing a principled route to compression-
controlled, uncertainty-aware VJEPA models.

1 Introduction

Joint Embedding Predictive Architectures (JEPAs) learn by predicting latent representations of missing or
future observations, rather than reconstructing the observations themselves Assran et al. (2023); LeCun
(2022). This design has two important consequences. First, prediction is carried out in a learned repre-
sentation space instead of the raw observation space. As a result, JEPA avoids specifying likelihoods over
high-dimensional, high-entropy observations such as pixels, video frames, or tokens, where a large amount
of modeling capacity may otherwise be spent on high-frequency detail, background variation, or irreducible
noise. Second, the target encoder can act as an implicit1 representation bottleneck. By mapping the raw
target observation to a latent target representation, the training objective focuses on predicting abstract,
stable, and semantically meaningful structure, rather than every low-level nuisance factor present in the
observation. In this sense, the target encoder has the potential to filter out unpredictable or task-irrelevant
variation before the prediction loss is applied.

Variational JEPA (VJEPA) Huang (2026), being the first probabilistic formulation of JEPA, generalizes this
deterministic framework by replacing point predictions with probabilistic predictive distributions. In this
design, a context encoder maps an observation XC to a deterministic latent ZC , a target encoder defines
an approximate target distribution qθ̄(ZT | XT ), and a probabilistic predictor pϕ(ZT | ZC , ξ) is trained
via a latent negative log-likelihood (NLL) alongside a target Kullback-Leibler (KL) regularizer2. While

1In standard JEPA, this “bottleneck” is architectural and implicit: it is induced by encoder capacity, masking, target-encoder
design, exponential moving average dynamics, and strategic architectural choices, rather than by an explicit information-
theoretic penalty.

2ξ represents side information which can be useful for e.g. planning and control.
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this explicitly models uncertainty to support Bayesian filtering, casting the model in probabilistic terms
also invites a rigorous analysis through the lens of the Predictive Information Bottleneck (PIB) Bialek et al.
(2001); Still (2014). PIB dictates that a temporal state should compress the past while preserving information
about the future Bialek et al. (2001).

Using the temporal VJEPA form Huang (2026) as an example, the current VJEPA objective can be written
as

Ltemp-VJEPA =E(X≤t,Xt+∆,ξ)∼pdataEZt+∆∼qθ̄(·|Xt+∆) [− log pϕ(Zt+∆ | fθ(X≤t), ξ)]
+ β EXt+∆∼pdataDKL (qθ̄(Zt+∆ | Xt+∆)∥p0(Zt+∆)) .

(1)

Equivalently, writing Zt = fθ(X≤t), the predictive term is the latent NLL: − log pϕ(Zt+∆ | Zt, ξ).

Under the PIB framework, this latent NLL provides a variational upper bound on the conditional entropy
Hq⋆(Zt+∆ | Zt, ξ). Let q⋆(Zt+∆ | Zt, ξ) denote the induced population conditional distribution over future
target latents, determined by the training data distribution, the temporal context–future sampling process,
and the target encoder. Then3

Eq⋆(Zt,ξ,Zt+∆)
[
− log pϕ(Zt+∆ | Zt, ξ)

]
= Hq⋆(Zt+∆ | Zt, ξ) + Eq⋆(Zt,ξ)DKL (q⋆(Zt+∆ | Zt, ξ)∥pϕ(Zt+∆ | Zt, ξ)) .

(2)

The first term is the conditional entropy of the induced population conditional, and the second term is the
expected conditional KL divergence between this induced conditional and the parameterized predictor. Since
the KL term is nonnegative, the expected latent NLL upper-bounds the conditional entropy:

Hq⋆(Zt+∆ | Zt, ξ) ≤ Eq⋆(Zt,ξ,Zt+∆)
[
− log pϕ(Zt+∆ | Zt, ξ)

]
. (3)

Combining this with the conditional mutual-information identity Iq⋆(Zt; Zt+∆ | ξ) = Hq⋆(Zt+∆ | ξ) −
Hq⋆(Zt+∆ | Zt, ξ) yields the conditional Barber–Agakov lower bound Barber & Agakov (2003):

Iq⋆(Zt; Zt+∆ | ξ) ≥ Hq⋆(Zt+∆ | ξ) + Eq⋆(Zt,ξ,Zt+∆) log pϕ(Zt+∆ | Zt, ξ). (4)

Therefore, provided the marginal entropy of the future latent Hq⋆(Zt+∆ | ξ) is prevented from collaps-
ing4, minimizing the latent NLL maximizes a Barber–Agakov variational lower bound on the future-latent
predictive information Iq⋆(Zt; Zt+∆ | ξ).

Thus, the current VJEPA design explicitly targets the predictive half of the PIB objective through a vari-
ational lower bound. However, it lacks a direct information-theoretic penalty on I(X≤t; Zt), the amount
of information the current state stores about the history. As there is no formal compression term for the
history-to-state map X≤t 7→ Zt, state compression remains implicit; it arises from architectural capacity,
masking, EMA dynamics, and target regularization rather than from a strict variational bottleneck.

This gap motivates a progression from analyzing the existing VJEPA objective to deriving explicit bottleneck-
controlled IB/PIB variants. Accordingly, this work makes four contributions:

1. We provide a unified IB/PIB analysis of VJEPA by distinguishing its context–target form and its temporal
form. In the context–target form, VJEPA is naturally related to IB through the variables (XC , ZC , ZT );
in the temporal form, it is naturally related to PIB through (X≤t, Zt, Zt+∆).

3This is the standard conditional cross-entropy decomposition obtained by adding and subtracting log q⋆(Zt+∆ | Zt, ξ) inside
the expected NLL:

Eq⋆(Zt,ξ,Zt+∆)
[
− log pϕ(Zt+∆ | Zt, ξ)

]
= Eq⋆(Zt,ξ,Zt+∆) [− log q⋆(Zt+∆ | Zt, ξ)] + Eq⋆(Zt,ξ,Zt+∆)

[
log

q⋆(Zt+∆ | Zt, ξ)
pϕ(Zt+∆ | Zt, ξ)

]
.

The first term is the conditional entropy Hq⋆ (Zt+∆ | Zt, ξ). For each fixed (Zt, ξ), the inner expectation in the second term
is the KL divergence between q⋆(Zt+∆ | Zt, ξ) and pϕ(Zt+∆ | Zt, ξ). Averaging this conditional KL over q⋆(Zt, ξ) gives
Eq⋆(Zt,ξ)DKL

(
q⋆(Zt+∆ | Zt, ξ)∥pϕ(Zt+∆ | Zt, ξ)

)
.

4This stability can be encouraged in VJEPA through its exponential moving average (EMA) target encoder, target diversity,
and target KL regularization.
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2. We show that the current VJEPA objective is a partial bottleneck objective. Its latent NLL implements a
Barber–Agakov variational lower bound on predictive mutual information, namely Iq⋆(ZC ; ZT | ξ) in the
context–target case and Iq⋆(Zt; Zt+∆ | ξ) in the temporal case. However, it lacks an explicit information
penalty on the context/state compression terms I(XC ; ZC) and I(X≤t; Zt).

3. We clarify the role of the target KL regularizer. By the KL-to-prior decomposition, the target KL upper-
bounds target-side information, such as I(XT ; ZT ) or I(Xt+∆; Zt+∆), and stabilizes the target latent
space. It is therefore distinct from the IB/PIB compression terms on the context or current state.

4. We derive two completed objectives: full IB-VJEPA, which introduces a stochastic context encoder
qθ(ZC | XC) and a KL-to-prior penalty upper-bounding I(XC ; ZC); and full PIB-VJEPA, its temporal
specialization, which introduces a stochastic current-state encoder qθ(Zt | X≤t) and a KL-to-prior penalty
upper-bounding I(X≤t; Zt).

This work provides the first formal and systematic IB/PIB analysis of VJEPA. It identifies the
distinct roles of the objective components: which part realizes predictive information maximization, which
part performs target-side regularization, and what must be added to obtain explicit IB/PIB bottleneck
control. This analysis provides guidance for the future use of VJEPA and offers a template for analyzing
other JEPA variants.

2 Preliminaries: IB and PIB

The generic IB variables (X, Z, Y ) are used only to state the classical IB principle. In the VJEPA setting, we
instantiate them in two ways. For context–target prediction, X = XC , Z = ZC , and the relevance variable
is the target latent ZT induced by XT . For temporal PIB, X = X≤t, Z = Zt, and the relevance variable
is the future latent Zt+∆. Thus, X − Z − Y denotes the abstract IB structure, while XC − ZC − ZT −XT

and X≤t −Zt −Zt+∆ −Xt+∆ denote the concrete VJEPA/PIB variables used in the model. A summary of
notation is provided in Appendix A.

2.1 Information Bottleneck

Let X be an input, Y a relevant target, and Z a representation sampled from an encoder q(z | x). The
classical Information Bottleneck (IB) principle formulates representation learning as relevance-preserving
compression: one seeks a stochastic representation Z that retains as little information as possible about X
while preserving information useful for predicting Y Tishby et al. (1999). The resulting Lagrangian objective
is

min
q(z|x)

LIB(q) = min
q(z|x)

[I(X; Z)− βI(Z; Y )] , (5)

where β > 0 controls the relevance–compression trade-off. The term I(X; Z) penalizes representation com-
plexity, measuring how much information about the input is retained in the representation, while I(Z; Y )
rewards relevance, measuring how much information about the prediction target survives in Z. Equiva-
lently, IB searches for a representation that is compressed with respect to X but sufficient, or approximately
sufficient, for predicting Y Tishby et al. (1999); Shwartz-Ziv & Tishby (2017); Alemi et al. (2017).

2.2 Predictive Information Bottleneck

For temporal data, let X≤t = X≤t denote the history and let Zt = Zt denote the learned current state. PIB
specializes equation 5 to future prediction:

min
q(Zt|X≤t)

LPIB(q) = min
q(Zt|X≤t)

[I(X≤t; Zt)− λI(Zt; Zt+∆)] , (6)

where λ > 0 controls the prediction–compression trade-off. In this work, Zt+∆ = Zt+∆ denotes a future
latent representation induced by the target encoder. The first term compresses, or summarizes, the past;
the second term preserves information useful for predicting the future. When side information ξ is present,
as in VJEPA, the predictive term is naturally replaced by the conditional quantity I(Zt; Zt+∆ | ξ). Figure 1
summarizes the relationship between IB and PIB.

3



Under review as submission to TMLR

Information Bottleneck (IB)

X Z Y
compress

min I(X; Z)

predict

max I(Z; Y )

Generic relevance-preserving compression.

Predictive Information Bottleneck (PIB)

X≤t Zt Zt+∆
compress

min I(X≤t; Zt)

predict

max I(Zt; Zt+∆)

Temporal compression for future prediction.

Figure 1: Comparison between the classical Information Bottleneck and the Predictive Information Bot-
tleneck. IB compresses an input X into a representation Z while preserving information about a relevance
variable Y . PIB specializes this principle to temporal prediction by compressing the history X≤t into a state
Zt while preserving information about the future Zt+∆.

2.3 A useful KL decomposition

We will repeatedly use the following KL-to-prior decomposition. Let X be an input random variable with
density p(x), and let Z be generated by a stochastic encoder q(z | x). Define the aggregated posterior

q(z) =
∫

p(x)q(z | x) dx. (7)

For any prior p0(z) with compatible support,

Ep(x)DKL
(
q(z | x)∥p0(z)

)
= I(X; Z) + DKL

(
q(z)∥p0(z)

)
. (8)

This identity shows that an expected KL-to-prior penalty controls two quantities: the information I(X; Z)
retained by the representation and the mismatch between the aggregated posterior q(z) and the chosen prior
p0(z). Consequently, since KL divergence is nonnegative, we have

I(X; Z) ≤ Ep(x)DKL
(
q(z | x)∥p0(z)

)
. (9)

In full IB-VJEPA, this identity is applied with X = XC , Z = ZC , q(z | x) = qθ(ZC | XC), and p0(z) =
pC

0 (ZC). In full PIB-VJEPA, it is applied with X = X≤t, Z = Zt, q(z | x) = qθ(Zt | X≤t), and p0(z) =
pS

0 (Zt). The full derivation and these specializations are given in Appendix B.7.

3 Current VJEPA design

VJEPA can be viewed in two closely related forms Huang (2026). The first is the context–target form,
inherited from JEPA: a context input XC is encoded into ZC , and the model predicts a target latent ZT

associated with a target input XT . This is the form used in this section to illustrate the architecture
and VJEPA objective. The second is the temporal form, or VJEPA as a dynamical system, used for the
PIB interpretation: the context is a history X≤t, the current latent state is Zt, and the model predicts a
future latent Zt+∆. Thus, the temporal notation is obtained by the specialization XC = X≤t, ZC = Zt,
XT = Xt+∆, and ZT = Zt+∆.

3.1 Context–Target VJEPA

The context–target form of VJEPA Huang (2026) keeps the JEPA context–target structure but replaces
deterministic target regression with probabilistic prediction (Fig. 2). Given a context–target pair (XC , XT )
and side information ξ, VJEPA uses

ZC = fθ(XC), qθ̄(ZT | XT ), pϕ(ZT | ZC , ξ). (10)

The target distribution qθ̄ is typically parameterized by a target encoder whose shared parameters are
updated by EMA5, and the predictor pϕ is a deterministic neural network that outputs the parameters of a
conditional distribution, e.g.

pϕ(ZT | ZC , ξ) = N (ZT ; µϕ(ZC , ξ), Σϕ(ZC , ξ)) . (11)
5EMA stands for exponential moving average Mnih et al. (2015; 2016); Lillicrap et al. (2019); Grill et al. (2020). When the

online/context encoder and target encoder have compatible parameterizations, the target encoder parameters θ̄ are not updated
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Classic deterministic JEPA

XC

fθ

context encoder

gϕ

predictorξ

fθ̄
target encoder

XT

D(ẐT , ZT )
ẐT

ZT

Point prediction: ẐT = gϕ(ZC , ξ), matched to ZT by a distance loss.

Variational JEPA (VJEPA)

XC XT

Context Training Target

fθ

Context Encoder
fθ̄

Target Encoder

ZC qθ̄
Probabilistic Predictor

pϕ(ZT | ZC , ξ)

Sample
ZT ∼ qθ̄(· | XT )

NLL Loss
− log pϕ(ZT | ZC , ξ)

Target KL DKL(qθ̄(ZT |
XT )∥p0(ZT ))+

Distributional prediction: pϕ(ZT | ZC , ξ) plus target posterior

regularization.

Figure 2: Comparison between classic deterministic JEPA and VJEPA. Classic JEPA predicts a point target
embedding ẐT = gϕ(ZC , ξ) and matches it to ZT through a distance loss. VJEPA retains the context–target
structure but replaces point prediction with a conditional predictive distribution pϕ(ZT | ZC , ξ) and uses a
stochastic target distribution qθ̄(ZT | XT ) together with a target KL regularizer DKL(qθ̄(ZT | XT )∥p0(ZT )).
Note that VJEPA still commonly uses an EMA / stop-gradient-style target branch for stability, but its
collapse-avoidance mechanism is not based solely on this asymmetry Huang (2026). In our view, JEPA and
its variants are information-flow templates rather than fixed architectures: the specific encoder and predictor
architecture choices are task- and modality-dependent.

This is a probabilistic neural predictor, but not a Bayesian neural network over the predictor weights ϕ.

The VJEPA objective6 is

LVJEPA =E(XC ,XT ,ξ)∼pdataEZT ∼qθ̄(·|XT ) [− log pϕ(ZT | fθ(XC), ξ)]
+ β EXT ∼pdataDKL

(
qθ̄(ZT | XT )∥p0(ZT )

)
.

(12)

The first term is the latent negative log-likelihood (NLL). It trains the context encoder fθ and the probabilistic
predictor pϕ, since the predicted distribution is conditioned on the encoded context ZC = fθ(XC). Under the
usual EMA/stop-gradient target-branch design, gradients are not propagated through the target encoder in
this term. The second term regularizes the target distribution, e.g. towards p0(ZT ) = N (0, I). If qθ̄ collapses
to a Dirac delta and pϕ is a fixed-variance isotropic Gaussian centered at a deterministic predictor, then
equation 12 reduces to squared-loss JEPA up to constants Huang (2026).

3.2 Temporal VJEPA

The context–target form above can be specialized to temporal prediction by identifying the context input with
the history and the target input with a future observation: XC = X≤t and XT = Xt+∆. Correspondingly,
the context latent becomes the current predictive state, ZC = Zt, and the target latent becomes the future
latent, ZT = Zt+∆. Thus, the temporal VJEPA form is

Zt = fθ(X≤t), qθ̄(Zt+∆ | Xt+∆), pϕ(Zt+∆ | Zt, ξ). (13)

directly by backpropagation. Instead, they are updated as a slow-moving average of the online/context encoder parameters:
θ̄ ← τ θ̄ + (1− τ)θ, 0 < τ < 1.

In the common case (e.g. I-JEPA Assran et al. (2023)), this is implemented by using the same encoder architecture for both
branches. This makes the target branch evolve more slowly than the online branch, providing a more stable training target and
helping avoid representational collapse.

6Here pdata denotes the empirical training distribution together with the context–target partitioning and side-information
sampling process, such as masking patterns, temporal offsets, or other structural descriptors. It is a training-data/masking
distribution, not a learned generative model of observations. In the existing VJEPA objective we keep the original notation
p0(ZT ) for the target prior. In the IB/PIB analysis below, we write this target prior as pT

0 (ZT ) whenever it is necessary to
distinguish it from the context prior pC

0 (ZC) and the state prior pS
0 (Zt).
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In this form, the history X≤t plays the same architectural role as the context input XC : it is encoded by
the online/context encoder into a latent state. The future observation Xt+∆ plays the same role as the
target input XT : it is encoded by the target encoder into a distribution over future latents. The predictor
then models a conditional distribution pϕ over future latents Zt+∆ given the current latent state Zt and side
information ξ.

The temporal VJEPA objective corresponding to equation 12 is

Ltemp-VJEPA =E(X≤t,Xt+∆,ξ)∼pdataEZt+∆∼qθ̄(·|Xt+∆) [− log pϕ(Zt+∆ | fθ(X≤t), ξ)]
+ β EXt+∆∼pdataDKL

(
qθ̄(Zt+∆ | Xt+∆)∥p0(Zt+∆)

)
.

(14)

Equivalently, since Zt = fθ(X≤t), the predictive term can be written as an NLL of the form − log pϕ(Zt+∆ |
Zt, ξ). This is the form used in the PIB analysis below: the NLL controls future-latent predictive information,
while the current state Zt remains deterministic unless an explicit stochastic state encoder is introduced. In
the remainder of the paper, the context–target VJEPA form is used for the general IB/context-compression
analysis, while the temporal VJEPA form is used for the PIB analysis, where X≤t is compressed into Zt to
predict Zt+∆.

4 IB analysis of context-target VJEPA

We first analyze the context–target form of VJEPA through the classical IB lens. In this setting, the IB
variables are instantiated as follows: the input is the context XC , the representation is the context latent
ZC , and the relevance variable is the target latent ZT induced by the target input XT . Thus, the relevant
IB-like relation is XC → ZC ⇝ ZT , where ZT is sampled from the target encoder distribution qθ̄(ZT | XT )
and predicted from ZC through pϕ(ZT | ZC , ξ). The side information ξ is treated as a conditioning variable.

4.1 Predictive part: latent NLL induces a context–target MI lower bound

The predictive term in the context–target VJEPA objective equation 12 is

Lpred = E(XC ,XT ,ξ)∼pdataEZT ∼qθ̄(·|XT ) [− log pϕ(ZT | fθ(XC), ξ)] . (15)

Since ZC = fθ(XC), the sampling process in equation 15 induces a joint distribution over (ZC , ξ, ZT ) by
sampling (XC , XT , ξ) ∼ pdata, setting ZC = fθ(XC), and drawing ZT ∼ qθ̄(· | XT ). We denote this induced
joint distribution by q⋆(ZC , ξ, ZT ). In this section, q⋆ refers to the context–target induced population distri-
bution; in the later temporal PIB section, the same symbol will denote the analogous induced distribution
over (Zt, ξ, Zt+∆). Its marginal over (ZC , ξ) is denoted by q⋆(ZC , ξ), and its conditional distribution of ZT

given (ZC , ξ) is denoted by q⋆(ZT | ZC , ξ).

Therefore, equation 15 can equivalently be written as

Lpred = Eq⋆(ZC ,ξ,ZT ) [− log pϕ(ZT | ZC , ξ)] = Eq⋆(ZC ,ξ)Eq⋆(ZT |ZC ,ξ) [− log pϕ(ZT | ZC , ξ)] . (16)

Here q⋆(ZT | ZC , ξ) is not a learned generative model; it is the conditional component of the induced
population distribution q⋆(ZC , ξ, ZT ), and is the ideal target conditional approximated by pϕ(ZT | ZC , ξ).

By the conditional cross-entropy decomposition in Appendix B.6,

Lpred = Hq⋆(ZT | ZC , ξ) + Eq⋆(ZC ,ξ)DKL (q⋆(ZT | ZC , ξ)∥pϕ(ZT | ZC , ξ))
≥ Hq⋆(ZT | ZC , ξ).

(17)

The connection to context–target predictive mutual information follows from the conditional mutual-
information identity Iq⋆(ZC ; ZT | ξ) = Hq⋆(ZT | ξ) − Hq⋆(ZT | ZC , ξ). Together with equation 17, this
gives

Lpred ≥ Hq⋆(ZT | ξ)− Iq⋆(ZC ; ZT | ξ).

6



Under review as submission to TMLR

Thus, when the target-latent marginal entropy Hq⋆(ZT | ξ) is controlled, minimizing Lpred corresponds to
maximizing a variational lower bound on the context–target predictive information Iq⋆(ZC ; ZT | ξ).

Equivalently, the Barber–Agakov form of the same lower bound is

Iq⋆(ZC ; ZT | ξ) ≥ Hq⋆(ZT | ξ) + Eq⋆(ZC ,ξ,ZT ) [log pϕ(ZT | ZC , ξ)] . (18)

Hence, the context–target VJEPA NLL targets the relevance or predictive mutual-information term of an
IB objective, with ZT playing the role of the relevance variable.

4.2 Missing part: no explicit IB penalty on context compression

The classical IB objective in equation 5 contains an explicit information penalty I(X; Z). Under the context–
target VJEPA instantiation X = XC and Z = ZC , this becomes I(XC ; ZC), which measures how much
information about the context input is retained in the context latent representation. Thus, although the
existing VJEPA learns a predictive context representation, the objective does not explicitly control how
much information from XC is stored in ZC .

To complete the IB objective equation 5 in the context–target setting, one would replace the deterministic
context encoder ZC = fθ(XC) with a stochastic context encoder qθ(ZC | XC)7. This makes the context
representation ZC an explicit random variable induced by XC , so that the IB compression term I(XC ; ZC)
becomes directly controllable. The corresponding tractable compression penalty is obtained by regularizing
this encoder against a context prior pC

0 (ZC). This gives

EXC∼pdataDKL
(
qθ(ZC | XC)∥pC

0 (ZC)
)
. (19)

By the KL-to-prior decomposition in Appendix B.7,

EXC∼pdataDKL
(
qθ(ZC | XC)∥pC

0 (ZC)
)

= I(XC ; ZC) + DKL
(
qθ(ZC)∥pC

0 (ZC)
)
, (20)

where qθ(ZC) =
∫

pdata(XC)qθ(ZC | XC) dXC is the aggregated context posterior. Since KL divergence is
nonnegative, equation 20 implies

I(XC ; ZC) ≤ EXC∼pdataDKL
(
qθ(ZC | XC)∥pC

0 (ZC)
)
. (21)

Thus, the stochastic encoder supplies the missing IB conditional representation distribution qθ(ZC | XC),
while the KL-to-prior regularizer supplies the explicit variational compression penalty.

The existing VJEPA objective equation 12 contains no such context-compression term. Therefore, context–
target VJEPA should be interpreted as predictive-IB-like or as a partial IB objective: it targets the relevance
term Iq⋆(ZC ; ZT | ξ) through the latent NLL, while compression of XC into ZC is imposed only indirectly by
architectural capacity, masking, latent dimension, target-encoder design, EMA stabilization, and target-side
regularization.

4.3 Target KL is not context compression

The target KL in equation 12 regularizes the target distribution qθ̄(ZT | XT ) against the target prior pT
0 (ZT ).

Let qθ̄(ZT ) =
∫

pdata(XT )qθ̄(ZT | XT ) dXT denote the aggregated target posterior. As discussed above, the
target KL can be interpreted as an upper bound on the target-side information I(XT ; ZT ), since

EXT ∼pdataDKL
(
qθ̄(ZT | XT )∥pT

0 (ZT )
)

= I(XT ; ZT ) + DKL
(
qθ̄(ZT )∥pT

0 (ZT )
)
. (22)

This target-side regularization can stabilize the target latent space and influence the marginal entropy term
Hq⋆(ZT | ξ) in the context–target predictive MI identity Iq⋆(ZC ; ZT | ξ) = Hq⋆(ZT | ξ) −Hq⋆(ZT | ZC , ξ).
However, it is not the IB compression term I(XC ; ZC), because it controls how much information the target
latent ZT stores about the target input XT , not how much information the context latent ZC stores about
the context input XC .

7Here θ denotes the trainable parameters of the stochastic context encoder, for example the neural-network weights producing
the mean and covariance of qθ(ZC | XC).
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Proposition 1 (Context–target VJEPA is predictive-IB-like but not full IB). Assume the target-latent
marginal entropy Hq⋆(ZT | ξ) is controlled. Then minimizing the context–target predictive NLL maximizes
the Barber–Agakov lower bound induced by pϕ on the relevance term Iq⋆(ZC ; ZT | ξ). If pϕ is expressive, this
lower bound can become tight. However, unless an explicit stochastic context encoder qθ(ZC | XC) and a
context-compression penalty of the form EXC∼pdataDKL(qθ(ZC | XC)∥pC

0 (ZC)) are added, the objective does
not directly minimize the IB compression term I(XC ; ZC).

Proof. The first statement follows from the conditional cross-entropy decomposition in equation 17 and the
Barber–Agakov lower bound in equation 18. These show that the predictive NLL controls Hq⋆(ZT | ZC , ξ)
and therefore maximizes a variational lower bound on Iq⋆(ZC ; ZT | ξ) when Hq⋆(ZT | ξ) is controlled.
Expressivity of pϕ determines how tightly the variational predictor can approximate the induced conditional
q⋆(ZT | ZC , ξ).

The second statement follows by inspection of the existing VJEPA objective equation 12. Its KL regularizer is
applied to the target-latent distribution qθ̄(ZT | XT ), not to a stochastic context encoder qθ(ZC | XC). There-
fore, equation 12 contains no context-compression term of the form EXC ∼pdataDKL(qθ(ZC | XC)∥pC

0 (ZC)),
which would upper-bound I(XC ; ZC). Hence the full IB compression term is absent from existing context–
target VJEPA.

5 PIB analysis of temporal VJEPA

We now specialize the preceding analysis to the temporal form of VJEPA and show that it is a partial
predictive information bottleneck.

5.1 Predictive part: latent NLL induces a temporal MI lower bound

For temporal VJEPA, write Zt = fθ(X≤t) and Zt+∆ ∼ qθ̄(· | Xt+∆). The predictive term in equation 14 is

Lpred = E(X≤t,Xt+∆,ξ)∼pdataEZt+∆∼qθ̄(·|Xt+∆) [− log pϕ(Zt+∆ | fθ(X≤t), ξ)] . (23)

The sampling process in equation 23 induces a joint distribution over (Zt, ξ, Zt+∆) by sampling

(X≤t, Xt+∆, ξ) ∼ pdata, Zt = fθ(X≤t), Zt+∆ ∼ qθ̄(· | Xt+∆).

We denote this induced joint distribution by q⋆(Zt, ξ, Zt+∆). Its marginal over (Zt, ξ) is denoted by q⋆(Zt, ξ),
and its conditional distribution of Zt+∆ given (Zt, ξ) is denoted by q⋆(Zt+∆ | Zt, ξ). Thus, all uses of q⋆

below refer to the same induced population distribution, either through its joint, marginal, or conditional
form.

Therefore, equation 23 can equivalently be written as

Lpred = Eq⋆(Zt,ξ,Zt+∆) [− log pϕ(Zt+∆ | Zt, ξ)] = Eq⋆(Zt,ξ)Eq⋆(Zt+∆|Zt,ξ) [− log pϕ(Zt+∆ | Zt, ξ)] . (24)

Here q⋆(Zt+∆ | Zt, ξ) is not a learned generative model; it is the conditional component of the induced
population distribution q⋆(Zt, ξ, Zt+∆), and is the ideal target conditional approximated by pϕ(Zt+∆ | Zt, ξ).

8
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By the conditional cross-entropy decomposition8,

Lpred = Hq⋆(Zt+∆ | Zt, ξ) + Eq⋆(Zt,ξ)DKL (q⋆(Zt+∆ | Zt, ξ)∥pϕ(Zt+∆ | Zt, ξ))
≥ Hq⋆(Zt+∆ | Zt, ξ).

(25)

The connection to predictive mutual information follows from the conditional mutual-information identity:

Iq⋆(Zt; Zt+∆ | ξ) = Hq⋆(Zt+∆ | ξ)−Hq⋆(Zt+∆ | Zt, ξ).

Together with equation 25, this gives

Lpred ≥ Hq⋆(Zt+∆ | ξ)− Iq⋆(Zt; Zt+∆ | ξ).

Thus, when the marginal future-latent entropy Hq⋆(Zt+∆ | ξ) is controlled, minimizing Lpred corresponds to
maximizing a variational lower bound on the predictive information Iq⋆(Zt; Zt+∆ | ξ).

This can also be derived from an equivalent Barber–Agakov variational bound9:

Iq⋆(Zt; Zt+∆ | ξ) ≥ Hq⋆(Zt+∆ | ξ) + Eq⋆(Zt,ξ,Zt+∆) [log pϕ(Zt+∆ | Zt, ξ)] . (26)

Hence, the current VJEPA NLL targets the predictive mutual-information term of the PIB objective in
Eq. equation 6.

5.2 Missing part: no explicit PIB penalty on state compression

The full PIB objective in equation 6 contains an explicit information penalty I(X≤t; Zt), which measures how
much information about the history is retained in the current latent state. The existing temporal VJEPA
does compress X≤t into Zt through the deterministic encoder Zt = fθ(X≤t) and learns a predictive state,
but this compression is not explicitly penalized in the objective, i.e. the objective does not explicitly control
how much information from X≤t is stored in Zt.

To obtain an explicit PIB-style compression penalty, one would introduce a stochastic current-state encoder
qθ(Zt | X≤t) and regularize it against a state prior:

Ep(X≤t)DKL
(
qθ(Zt | X≤t)∥pS

0 (Zt)
)
. (27)

Here pS
0 (Zt) denotes a prior over the current latent state. This term is needed because it provides a vari-

ational upper bound on the missing PIB compression term. Specifically, by the PIB-VJEPA KL-to-prior
decomposition proved in Appendix C.2,

Ep(X≤t)DKL
(
qθ(Zt | X≤t)∥pS

0 (Zt)
)

= I(X≤t; Zt) + DKL
(
qθ(Zt)∥pS

0 (Zt)
)
. (28)

8The decomposition follows by adding and subtracting log q⋆(Zt+∆ | Zt, ξ) inside the expected NLL in equation 24:

Eq⋆(Zt,ξ)Eq⋆(Zt+∆|Zt,ξ)
[
− log pϕ(Zt+∆ | Zt, ξ)

]
= Eq⋆(Zt,ξ)Eq⋆(Zt+∆|Zt,ξ) [− log q⋆(Zt+∆ | Zt, ξ)]

+ Eq⋆(Zt,ξ)Eq⋆(Zt+∆|Zt,ξ)

[
log

q⋆(Zt+∆ | Zt, ξ)
pϕ(Zt+∆ | Zt, ξ)

]
.

The first double expectation is the conditional entropy

Hq⋆ (Zt+∆ | Zt, ξ) = Eq⋆(Zt,ξ)
[
−Eq⋆(Zt+∆|Zt,ξ) log q⋆(Zt+∆ | Zt, ξ)

]
.

For each fixed (Zt, ξ), the inner expectation in the second term is

DKL
(

q⋆(Zt+∆ | Zt, ξ)∥pϕ(Zt+∆ | Zt, ξ)
)

.

Averaging this conditional KL over q⋆(Zt, ξ) gives the expected conditional KL term. The general cross-entropy identity is
given in Appendix B.6.

9The Barber–Agakov bound gives a variational lower bound on mutual information Barber & Agakov (2003); in this set-
ting, all expectations and information quantities are taken under the induced population distribution q⋆(Zt, ξ, Zt+∆). See
Appendix C.3.
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Since KL divergence is nonnegative, this implies

I(X≤t; Zt) ≤ Ep(X≤t)DKL
(
qθ(Zt | X≤t)∥pS

0 (Zt)
)
. (29)

The temporal VJEPA objective equation 14, equivalently the current VJEPA objective equation 12 under
the temporal specialization, contains no such state-compression term. Therefore, temporal VJEPA should be
interpreted as predictive-PIB-like or as a partial PIB objective: it targets future-predictive latent information
through the NLL, while compression of X≤t into Zt is imposed only indirectly by architectural bottlenecks,
masking, latent dimension, target-encoder design, EMA stabilization, and target-side KL regularization.
Proposition 2 (Temporal VJEPA is predictive-PIB-like but not full PIB). Assume the future-latent marginal
entropy Hq⋆(Zt+∆ | ξ) is controlled. Then minimizing the temporal predictive NLL maximizes the Barber–
Agakov lower bound induced by pϕ on the predictive information Iq⋆(Zt; Zt+∆ | ξ). If pϕ is expressive, this
lower bound can become tight. However, unless an explicit stochastic current-state encoder qθ(Zt | X≤t) and
a state-compression penalty of the form Ep(X≤t)DKL(qθ(Zt | X≤t)∥pS

0 (Zt)) are added, the objective does not
directly minimize the PIB compression term I(X≤t; Zt).

Proof. The first statement follows from the conditional cross-entropy decomposition in equation 25 and the
Barber–Agakov lower bound in equation 26. These show that the predictive NLL controls Hq⋆(Zt+∆ | Zt, ξ)
and therefore maximizes a variational lower bound on Iq⋆(Zt; Zt+∆ | ξ) when Hq⋆(Zt+∆ | ξ) is controlled.
Expressivity of pϕ determines how tightly the variational predictor can approximate the induced conditional
q⋆(Zt+∆ | Zt, ξ).

The second statement follows by inspection of the temporal VJEPA objective equation 14, or equivalently
equation 12 under the temporal specialization. Its KL regularizer is applied to the future target-latent
distribution qθ̄(Zt+∆ | Xt+∆), not to a stochastic current-state encoder qθ(Zt | X≤t). Therefore, equation 14
contains no state-compression term of the form Ep(X≤t)DKL

(
qθ(Zt | X≤t)∥pS

0 (Zt)
)
, which, by Appendix C.2,

would upper-bound I(X≤t; Zt). Hence the full PIB compression term is absent from temporal VJEPA.

5.3 Target KL is not the same as PIB compression

The target KL in the temporal VJEPA objective equation 14 can itself be interpreted as an upper bound on
the future target-side information I(Xt+∆; Zt+∆). Define the aggregated future-target posterior qθ̄(Zt+∆) =∫

pdata(Xt+∆) qθ̄(Zt+∆ | Xt+∆) dXt+∆. Then, by the same KL-to-prior decomposition in Appendix B.7,

EXt+∆∼pdataDKL
(
qθ̄(Zt+∆ | Xt+∆)∥pT

0 (Zt+∆)
)

= I(Xt+∆; Zt+∆) + DKL
(
qθ̄(Zt+∆)∥pT

0 (Zt+∆)
)
. (30)

Therefore,
I(Xt+∆; Zt+∆) ≤ EXt+∆∼pdataDKL

(
qθ̄(Zt+∆ | Xt+∆)∥pT

0 (Zt+∆)
)
. (31)

This regularizes the future-target representation. It can prevent future latents from becoming uncontrolled
or degenerate because the KL term keeps qθ̄(Zt+∆ | Xt+∆) close to the target prior pT

0 (Zt+∆) and thereby
shapes the aggregated future-latent distribution qθ̄(Zt+∆). This can affect the spread and stability of the
future-latent marginal, and hence the marginal entropy term Hq⋆(Zt+∆ | ξ) in the predictive MI identity
Iq⋆(Zt; Zt+∆ | ξ) = Hq⋆(Zt+∆ | ξ) − Hq⋆(Zt+∆ | Zt, ξ). However, it is not the PIB compression term
I(X≤t; Zt), because it controls how much information the future latent Zt+∆ stores about the future target
input Xt+∆, not how much information the current state Zt stores about the history X≤t. This distinction
is important for a mathematically faithful PIB interpretation of temporal VJEPA.

6 Full IB-VJEPA: adding an explicit context-compression penalty

The preceding IB analysis showed that context–target VJEPA already targets the relevance term of IB
through the latent NLL, but it does not explicitly penalize the information retained by the context latent
ZC about the context input XC . As mentioned before, a direct recipe for completing the IB objective is
therefore to replace the deterministic context encoder ZC = fθ(XC) with a stochastic encoder and add a
KL-to-prior compression term.

10
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XC
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qθ(ZC | XC ) ZC
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pϕ(ZT | ZC , ξ)

ξ
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Figure 3: Full IB-VJEPA architecture. The deterministic context encoder is replaced by a stochastic
context encoder qθ(ZC | XC). The context KL against pC

0 (ZC) supplies explicit IB-style compression by
upper-bounding I(XC ; ZC); the target KL against pT

0 (ZT ) regularizes the target latent; and the predictive
NLL trains pϕ(ZT | ZC , ξ) to preserve context–target predictive information.

6.1 Stochastic context encoder

To obtain a full IB-style objective, replace the deterministic context encoder with a stochastic context encoder

ZC ∼ qθ(ZC | XC). (32)

For example, one may use a Gaussian encoder

qθ(ZC | XC) = N
(
ZC ; µθ(XC), diag(σ2

θ(XC))
)

. (33)

This makes the context latent ZC an explicit random variable induced by XC , so that the representation
information I(XC ; ZC) becomes directly regularizable. The full IB-VJEPA architecture is shown in Fig.3.

6.2 Objective

The proposed full IB-VJEPA objective is

LIB-VJEPA =E(XC ,XT ,ξ)∼pdataEZC∼qθ(·|XC )EZT ∼qθ̄(·|XT ) [− log pϕ(ZT | ZC , ξ)]
+ γC EXC∼pdataDKL

(
qθ(ZC | XC)∥pC

0 (ZC)
)

+ βT EXT ∼pdataDKL
(
qθ̄(ZT | XT )∥pT

0 (ZT )
)
.

(34)

The first term is the context–target latent NLL, now averaged over samples from both the stochastic context
encoder qθ(ZC | XC) and the stochastic target encoder qθ̄(ZT | XT ). The second term is the new context-
compression penalty, with γC > 0 controlling the strength of XC → ZC compression. The third term retains
the target-side regularization of VJEPA, with βT > 0 controlling the strength of target regularization, and
is written using the target prior pT

0 to distinguish it from the context prior pC
0 .

The first two terms are the terms that correspond to the IB structure at the variational-objective level: the
NLL term targets the relevance term Iq⋆(ZC ; ZT | ξ) through a variational lower bound, while the context KL
term upper-bounds the compression term I(XC ; ZC). The third term is not part of the classical IB objective;
it is a target-side regularizer. By the same KL-to-prior decomposition, it upper-bounds the target-side
information I(XT ; ZT ) and helps stabilize the target latent distribution.

11
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6.3 Relation to IB

Define the aggregated context posterior qθ(ZC) =
∫

pdata(XC)qθ(ZC | XC) dXC . By the KL-to-prior decom-
position in Appendix B.7,

EXC∼pdataDKL
(
qθ(ZC | XC)∥pC

0 (ZC)
)

= I(XC ; ZC) + DKL
(
qθ(ZC)∥pC

0 (ZC)
)
. (35)

Thus, the new context KL regularization term upper-bounds the IB compression term I(XC ; ZC).

For the predictive part, the NLL term induces a joint distribution q⋆(ZC , ξ, ZT ) by sampling (XC , XT , ξ) ∼
pdata, ZC ∼ qθ(· | XC), and ZT ∼ qθ̄(· | XT ). Under this induced distribution, the Barber–Agakov lower
bound gives

Iq⋆(ZC ; ZT | ξ) ≥ Hq⋆(ZT | ξ) + Eq⋆(ZC ,ξ,ZT ) [log pϕ(ZT | ZC , ξ)] . (36)

Therefore, when the target-latent marginal entropy Hq⋆(ZT | ξ) is controlled, minimizing the NLL term
corresponds to maximizing a variational lower bound on the relevance term Iq⋆(ZC ; ZT | ξ).

Combining equation 35 and equation 36, the full IB-VJEPA objective can be interpreted as a variational
surrogate for

γC I(XC ; ZC)− Iq⋆(ZC ; ZT | ξ), (37)

up to the nonnegative aggregated-posterior mismatch DKL(qθ(ZC)∥pC
0 (ZC)), the target-side KL regularizer,

and the predictive variational gap between pϕ(ZT | ZC , ξ) and the induced population conditional q⋆(ZT |
ZC , ξ).

The target-side KL regularizer admits its own KL-to-prior decomposition:

EXT ∼pdataDKL
(
qθ̄(ZT | XT )∥pT

0 (ZT )
)

= I(XT ; ZT ) + DKL
(
qθ̄(ZT )∥pT

0 (ZT )
)
, (38)

where qθ̄(ZT ) =
∫

pdata(XT )qθ̄(ZT | XT ) dXT is the aggregated target posterior. Thus, this term controls
the information retained by the target latent ZT about the target input XT . It is useful for stabilizing
the target representation and controlling the target-latent marginal, but it is separate from the IB pair
γCI(XC ; ZC)− Iq⋆(ZC ; ZT | ξ).

In summary, the three terms in equation 34 play distinct information-theoretic roles: the context KL upper-
bounds I(XC ; ZC), the latent NLL maximizes a Barber–Agakov lower bound on Iq⋆(ZC ; ZT | ξ), and the
target KL upper-bounds I(XT ; ZT ). Therefore, the full IB-VJEPA objective is not exactly the classical IB
objective alone; rather, it is a variational IB surrogate γCI(XC ; ZC)−Iq⋆(ZC ; ZT | ξ) augmented with target-
side regularization that controls the information and stability of the target latent ZT . In implementation, full
IB-VJEPA can retain the usual JEPA/VJEPA target-branch asymmetry: the target encoder qθ̄(ZT | XT )
may be treated as an EMA-stabilized teacher, with gradients stopped through the target branch when
optimizing the context encoder qθ(ZC | XC) and predictor pϕ. Thus, the added IB context-compression
penalty changes the online/context side of the objective, while the target encoder continues to provide stable
latent targets.
Proposition 3 (IB interpretation of full IB-VJEPA). Assume the target-latent marginal entropy Hq⋆(ZT |
ξ) is controlled. Then minimizing equation 34 minimizes a variational surrogate of the IB objective
γC I(XC ; ZC) − Iq⋆(ZC ; ZT | ξ), up to nonnegative prior-matching, target-regularization, and predictive-
approximation terms. If pϕ is expressive, the predictive variational gap can become small.

Proof. The compression part follows from equation 35: the context KL equals I(XC ; ZC) plus the nonnegative
aggregated-posterior mismatch DKL(qθ(ZC)∥pC

0 (ZC)). The predictive part follows from the Barber–Agakov
lower bound in equation 36, which shows that the NLL term maximizes a variational lower bound on
Iq⋆(ZC ; ZT | ξ) when Hq⋆(ZT | ξ) is controlled. Expressivity of pϕ determines how tightly the variational
predictor can approximate the induced conditional q⋆(ZT | ZC , ξ). The remaining target KL regularizes
qθ̄(ZT | XT ) against pT

0 (ZT ) and does not implement context compression.

12
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Algorithm 1 Full IB-VJEPA Training
Require: Dataset {x(i)}N

i=1, stochastic context encoder qθ(ZC | XC), EMA target encoder qθ̄(ZT | XT ),
predictive model pϕ(ZT | ZC , ξ), context prior pC

0 (ZC), target prior pT
0 (ZT ), EMA rate τ , context-

compression weight γC , target-regularization weight βT

1: for each minibatch {x} do
2: Sample a context–target partition (XC , XT ) and corresponding side information ξ
3: Compute context distribution qθ(ZC | XC)
4: Sample context latent ZC ∼ qθ(ZC | XC), e.g. using the reparameterization trick
5: Compute target distribution qθ̄(ZT | XT )
6: Sample target latent ZT ∼ qθ̄(ZT | XT ), e.g. using the reparameterization trick
7: Evaluate predictive distribution pϕ(ZT | ZC , ξ)
8: Compute the full IB-VJEPA loss (Eq. equation 34)

L = − log pϕ(ZT | ZC , ξ) + γCDKL
(
qθ(ZC | XC)∥pC

0 (ZC)
)

+ βT DKL
(
qθ̄(ZT | XT )∥pT

0 (ZT )
)

9: Update θ and ϕ by gradient descent on L, stopping gradients through the EMA target branch if using
the standard JEPA/VJEPA target-teacher design; any target-branch parameters not updated by EMA
may be fixed or updated according to the chosen implementation

10: Update shared target-encoder parameters via EMA, when the online and target encoders have com-
patible parameterizations:

θ̄ ← τ θ̄ + (1− τ)θ

11: end for

6.4 Why the stochastic context encoder matters

For continuous variables, a deterministic encoder ZC = fθ(XC) can make I(XC ; ZC) ill-behaved or infinite
under common modeling assumptions. A stochastic encoder makes the context bottleneck operational by
introducing conditional uncertainty in the representation. It also enables reparameterized training, calibrated
context uncertainty, and direct comparison to variational IB objectives Alemi et al. (2017); Kingma & Welling
(2014).

6.5 Training algorithm

Algorithm 1 summarizes a minimal training procedure for full IB-VJEPA. The key difference from the original
VJEPA training algorithm is that the context branch now outputs a distribution qθ(ZC | XC) rather than a
deterministic embedding ZC = fθ(XC), and the objective includes an explicit context-compression penalty.

When the context and target encoders have compatible parameterizations, the EMA update transfers the
online stochastic encoder parameters θ into the target encoder parameters θ̄. If the target encoder uses
additional parameters not shared with the context encoder, such as fixed or separately learned variance
parameters, the EMA update can be applied only to the shared components while the remaining parameters
are held fixed or updated according to the chosen implementation.

6.6 Computational overhead

Let dC denote the dimension of the context latent ZC and let dT denote the dimension of the target latent
ZT . The original VJEPA training step (Algorithm 1 in Huang (2026)) requires a forward pass through the
context encoder, a forward pass through the target encoder, evaluation of pϕ(ZT | ZC , ξ), and evaluation
of the target KL. Full IB-VJEPA keeps these operations but replaces the deterministic context embedding
with a stochastic encoder qθ(ZC | XC) and adds the context KL: DKL(qθ(ZC | XC)∥pC

0 (ZC)).

For a diagonal-Gaussian context encoder, the additional arithmetic cost per sample is O(dC) for sampling
ZC by reparameterization and O(dC) for evaluating the closed-form KL to pC

0 (ZC), assuming a standard
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Figure 4: Full PIB-VJEPA architecture. The deterministic temporal state Zt = fθ(X≤t) is replaced by
a stochastic current-state encoder qθ(Zt | X≤t). The state KL against pS

0 (Zt) supplies explicit PIB-style
compression by upper-bounding I(X≤t; Zt); the target KL against pT

0 (Zt+∆) regularizes the future target
latent; and the predictive NLL trains pϕ(Zt+∆ | Zt, ξ) to preserve future-latent predictive information.

Gaussian or diagonal Gaussian prior (see Appendix C.5). The target-side cost remains the same as in VJEPA.
Hence, if the encoder and predictor networks dominate computation, full IB-VJEPA has the same asymptotic
complexity as VJEPA, with only a small constant-factor overhead from the additional context-variance head,
reparameterized sampling, and context KL evaluation.

7 Full PIB-VJEPA: adding an explicit state-compression penalty

Full PIB-VJEPA is parallel to, and can be viewed as the temporal specialization of full IB-VJEPA under the
identifications XC = X≤t, ZC = Zt, XT = Xt+∆, and ZT = Zt+∆. Under this specialization, the stochastic
context encoder qθ(ZC | XC) becomes the stochastic current-state encoder qθ(Zt | X≤t), and the context
prior pC

0 (ZC) becomes the state prior pS
0 (Zt). Thus, full IB-VJEPA provides the general context–target

recipe, while full PIB-VJEPA provides its temporal predictive-state specialization.

The preceding PIB analysis showed that temporal VJEPA already targets future-predictive information
through the latent NLL, but it does not explicitly penalize the information retained by the current state Zt

about the history X≤t. The PIB recipe is therefore to replace the deterministic state encoder Zt = fθ(X≤t)
with a stochastic encoder and add a KL-to-prior state-compression term.

7.1 Stochastic current-state encoder

To obtain a full PIB-style objective, replace the deterministic current-state encoder with a stochastic current-
state encoder

Zt ∼ qθ(Zt | X≤t). (39)

For example, one may use a Gaussian state encoder

qθ(Zt | X≤t) = N
(
Zt; µθ(X≤t), diag(σ2

θ(X≤t))
)

. (40)

This turns the current latent state into an explicit random variable induced by the history, making the
representation information I(X≤t; Zt) directly regularizable. The full PIB-VJEPA architecture is shown in
Fig.4.
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7.2 Objective

The proposed full PIB-VJEPA objective is

LPIB-VJEPA =E(X≤t,Xt+∆,ξ)∼pdataEZt∼qθ(·|X≤t)EZt+∆∼qθ̄(·|Xt+∆) [− log pϕ(Zt+∆ | Zt, ξ)]
+ γS EX≤t∼pdataDKL

(
qθ(Zt | X≤t)∥pS

0 (Zt)
)

+ βT EXt+∆∼pdataDKL
(
qθ̄(Zt+∆ | Xt+∆)∥pT

0 (Zt+∆)
)
.

(41)

The first term is the temporal latent NLL, now averaged over samples from both the stochastic current-state
encoder qθ(Zt | X≤t) and the stochastic target encoder qθ̄(Zt+∆ | Xt+∆). The second term is the new state-
compression penalty, with γS > 0 controlling the strength of X≤t → Zt compression. The third term retains
the target-side regularization of VJEPA, with βT > 0 controlling the strength of target regularization, and
is written using the target prior pT

0 to distinguish it from the state prior pS
0 .

The first two terms are the terms that correspond to the PIB structure at the variational-objective level: the
NLL term targets the predictive information term Iq⋆(Zt; Zt+∆ | ξ) through a variational lower bound, while
the state KL term upper-bounds the compression term I(X≤t; Zt). The third term is not part of the classical
PIB objective; it is a target-side regularizer. By the same KL-to-prior decomposition, it upper-bounds the
target-side information I(Xt+∆; Zt+∆) and helps stabilize the future-latent distribution.

7.3 Relation to PIB

Define the aggregated state posterior qθ(Zt) =
∫

pdata(X≤t)qθ(Zt | X≤t) dX≤t. By the PIB-VJEPA KL-to-
prior decomposition proved in Appendix C.2,

EX≤t∼pdataDKL
(
qθ(Zt | X≤t)∥pS

0 (Zt)
)

= I(X≤t; Zt) + DKL
(
qθ(Zt)∥pS

0 (Zt)
)
. (42)

Thus, the new state KL regularization term upper-bounds the PIB compression term I(X≤t; Zt).

For the predictive part, the NLL term induces a joint distribution q⋆(Zt, ξ, Zt+∆) by sampling
(X≤t, Xt+∆, ξ) ∼ pdata, Zt ∼ qθ(· | X≤t), and Zt+∆ ∼ qθ̄(· | Xt+∆). Under this induced distribution,
the Barber–Agakov lower bound gives

Iq⋆(Zt; Zt+∆ | ξ) ≥ Hq⋆(Zt+∆ | ξ) + Eq⋆(Zt,ξ,Zt+∆) [log pϕ(Zt+∆ | Zt, ξ)] . (43)

Therefore, when the future-latent marginal entropy Hq⋆(Zt+∆ | ξ) is controlled, minimizing the NLL term
corresponds to maximizing a variational lower bound on the predictive information Iq⋆(Zt; Zt+∆ | ξ).

Combining equation 42 and equation 43, the full PIB-VJEPA objective can be interpreted as a variational
surrogate for

γS I(X≤t; Zt)− Iq⋆(Zt; Zt+∆ | ξ), (44)

up to the nonnegative aggregated-posterior mismatch DKL(qθ(Zt)∥pS
0 (Zt)), the target-side KL regularizer,

and the predictive variational gap between pϕ(Zt+∆ | Zt, ξ) and the induced population conditional q⋆(Zt+∆ |
Zt, ξ).

The target-side KL regularizer admits its own KL-to-prior decomposition:

EXt+∆∼pdataDKL
(
qθ̄(Zt+∆ | Xt+∆)∥pT

0 (Zt+∆)
)

= I(Xt+∆; Zt+∆) + DKL
(
qθ̄(Zt+∆)∥pT

0 (Zt+∆)
)
. (45)

where qθ̄(Zt+∆) =
∫

pdata(Xt+∆)qθ̄(Zt+∆ | Xt+∆) dXt+∆ is the aggregated future-target posterior. Thus,
this term controls the information retained by the future latent Zt+∆ about the future target input Xt+∆.
It is useful for stabilizing the target/future representation and controlling the future-latent marginal, but it
is separate from the PIB pair γSI(X≤t; Zt)− Iq⋆(Zt; Zt+∆ | ξ).

In summary, the three terms in equation 41 play distinct information-theoretic roles: the state KL upper-
bounds I(X≤t; Zt), the temporal NLL maximizes a Barber–Agakov lower bound on Iq⋆(Zt; Zt+∆ | ξ), and the
target KL upper-bounds I(Xt+∆; Zt+∆). Therefore, the full PIB-VJEPA objective is not exactly the classical
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PIB objective alone; rather, it is a variational PIB surrogate γSI(X≤t; Zt) − Iq⋆(Zt; Zt+∆ | ξ) augmented
with target-side regularization that controls the information and stability of the future latent Zt+∆. In
implementation, full PIB-VJEPA can retain the usual JEPA/VJEPA target-branch asymmetry: the target
encoder qθ̄(Zt+∆ | Xt+∆) may be treated as an EMA-stabilized teacher, with gradients stopped through
the target branch when optimizing the stochastic state encoder qθ(Zt | X≤t) and predictor pϕ. Thus, the
added PIB state-compression penalty changes the online/state side of the objective, while the target encoder
continues to provide stable future-latent targets.
Proposition 4 (PIB interpretation of full PIB-VJEPA). Assume the future-latent marginal entropy
Hq⋆(Zt+∆ | ξ) is controlled. Then minimizing equation 41 minimizes a variational surrogate of the PIB
objective γS I(X≤t; Zt) − Iq⋆(Zt; Zt+∆ | ξ), up to nonnegative prior-matching, target-regularization, and
predictive-approximation terms. If pϕ is expressive, the predictive variational gap can become small.

Proof. The compression part follows from equation 42: the state KL equals I(X≤t; Zt) plus the nonnegative
aggregated-posterior mismatch DKL(qθ(Zt)∥pS

0 (Zt)). The predictive part follows from the Barber–Agakov
lower bound in equation 43, which shows that the temporal NLL maximizes a variational lower bound on
Iq⋆(Zt; Zt+∆ | ξ) when Hq⋆(Zt+∆ | ξ) is controlled. Expressivity of pϕ determines how tightly the variational
predictor can approximate the induced conditional q⋆(Zt+∆ | Zt, ξ). The remaining target KL regularizes
qθ̄(Zt+∆ | Xt+∆) against pT

0 (Zt+∆) and does not implement state compression.

7.4 Why the stochastic state encoder matters

For continuous variables, a deterministic encoder Zt = fθ(X≤t) can make I(X≤t; Zt) ill-behaved or infinite
under common modeling assumptions. A stochastic encoder makes the temporal bottleneck operational by
introducing conditional uncertainty in the current state. It also enables reparameterized training, calibrated
state uncertainty, and direct comparison to variational PIB objectives Alemi et al. (2017); Kingma & Welling
(2014).

7.5 Training algorithm

Algorithm 2 summarizes a minimal training procedure for full PIB-VJEPA. The key difference from temporal
VJEPA is that the online/state branch now outputs a distribution qθ(Zt | X≤t) rather than a deterministic
state Zt = fθ(X≤t), and the objective includes an explicit state-compression penalty.

When the state encoder and future-target encoder have compatible parameterizations, the EMA update
transfers the online stochastic state-encoder parameters θ into the target encoder parameters θ̄. If the target
encoder uses additional parameters not shared with the state encoder, such as fixed or separately learned
variance parameters, the EMA update can be applied only to the shared components while the remaining
parameters are held fixed or updated according to the chosen implementation.

7.6 Computational overhead

Let dS denote the dimension of the current state Zt and let dT denote the dimension of the future latent
Zt+∆. The temporal VJEPA training step requires a forward pass through the state/context encoder, a
forward pass through the target encoder, evaluation of pϕ(Zt+∆ | Zt, ξ), and evaluation of the target KL.
Full PIB-VJEPA keeps these operations but replaces the deterministic current state with a stochastic encoder
qθ(Zt | X≤t) and adds the state KL: DKL(qθ(Zt | X≤t)∥pS

0 (Zt)).

For a diagonal-Gaussian state encoder, the additional arithmetic cost per sample is O(dS) for sampling Zt by
reparameterization and O(dS) for evaluating the closed-form KL to pS

0 (Zt), assuming a standard Gaussian
or diagonal Gaussian prior (see Appendix C.5, with ZC replaced by Zt and pC

0 replaced by pS
0 ). The target-

side cost remains the same as in temporal VJEPA. Hence, if the encoder and predictor networks dominate
computation, full PIB-VJEPA has the same asymptotic complexity as temporal VJEPA, with only a small
constant-factor overhead from the additional state-variance head, reparameterized sampling, and state KL
evaluation.
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Algorithm 2 Full PIB-VJEPA Training
Require: Dataset {x(i)}N

i=1, stochastic current-state encoder qθ(Zt | X≤t), EMA target encoder qθ̄(Zt+∆ |
Xt+∆), predictive model pϕ(Zt+∆ | Zt, ξ), state prior pS

0 (Zt), target prior pT
0 (Zt+∆), EMA rate τ , state-

compression weight γS , target-regularization weight βT

1: for each minibatch {x} do
2: Sample a temporal context–future pair (X≤t, Xt+∆) and corresponding side information ξ
3: Compute current-state distribution qθ(Zt | X≤t)
4: Sample current state Zt ∼ qθ(Zt | X≤t), e.g. using the reparameterization trick
5: Compute future target distribution qθ̄(Zt+∆ | Xt+∆)
6: Sample future latent Zt+∆ ∼ qθ̄(Zt+∆ | Xt+∆), e.g. using the reparameterization trick
7: Evaluate predictive distribution pϕ(Zt+∆ | Zt, ξ)
8: Compute the full PIB-VJEPA loss (Eq. equation 41)

L = − log pϕ(Zt+∆ | Zt, ξ) + γSDKL
(
qθ(Zt | X≤t)∥pS

0 (Zt)
)

+ βT DKL
(
qθ̄(Zt+∆ | Xt+∆)∥pT

0 (Zt+∆)
)

9: Update θ and ϕ by gradient descent on L, stopping gradients through the EMA target branch if using
the standard JEPA/VJEPA target-teacher design; any target-branch parameters not updated by EMA
may be fixed or updated according to the chosen implementation

10: Update shared target-encoder parameters via EMA, when the online and target encoders have com-
patible parameterizations:

θ̄ ← τ θ̄ + (1− τ)θ

11: end for

8 Discussion

This paper is primarily a theoretical and objective-level analysis of VJEPA. Rather than introducing a new
empirical benchmark, we clarify what the existing context–target and temporal VJEPA objectives already
optimize, what information-theoretic terms are missing from full IB/PIB interpretations, and how these
missing terms can be added through variational KL-to-prior penalties.

What current VJEPA already optimizes. The current VJEPA objective already captures the predic-
tive part of an IB/PIB principle. In the context–target form, the latent NLL targets a variational lower
bound on the context–target relevance term Iq⋆(ZC ; ZT | ξ). In the temporal form, the same NLL targets a
variational lower bound on the future-predictive information Iq⋆(Zt; Zt+∆ | ξ). Thus, VJEPA is not merely a
probabilistic regression objective: its predictive likelihood has a precise information-theoretic interpretation
through the Barber–Agakov bound.

However, the current VJEPA objective does not explicitly penalize how much information the context latent
ZC retains about XC , or how much information the temporal state Zt retains about X≤t. These quantities
are the compression terms I(XC ; ZC) for IB and I(X≤t; Zt) for PIB. Existing VJEPA may still compress
through architecture, finite latent dimension, masking, EMA dynamics, and target-side regularization, but
this compression remains implicit rather than an explicit term in the optimization objective.

Why the target KL is not the bottleneck compression term. A key clarification is that the target
KL in VJEPA has a different role from the IB/PIB compression term. By the KL-to-prior decomposition, the
target KL upper-bounds target-side information such as I(XT ; ZT ) or, in the temporal case, I(Xt+∆; Zt+∆).
This can stabilize the target latent space, discourage uncontrolled target representations, and influence
marginal entropy terms such as Hq⋆(ZT | ξ) or Hq⋆(Zt+∆ | ξ). But it does not directly control the con-
text/state compression terms I(XC ; ZC) or I(X≤t; Zt).

This distinction is important as it separates three different roles: the latent NLL promotes predictive rele-
vance, the target KL regularizes the target representation, and the missing context/state KL supplies explicit
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bottleneck compression. Without this separation, it is easy to mis-interpret the target KL as a full IB/PIB
compression mechanism.

What full IB-VJEPA adds. Full IB-VJEPA completes the context–target IB interpretation by replacing
the deterministic context encoder ZC = fθ(XC) with a stochastic encoder qθ(ZC | XC) and adding the
KL-to-prior penalty EXC ∼pdataDKL(qθ(ZC | XC)∥pC

0 (ZC)). This term upper-bounds I(XC ; ZC) up to the
aggregated-posterior mismatch DKL(qθ(ZC)∥pC

0 (ZC)). Therefore, full IB-VJEPA turns context compression
from an implicit architectural effect into an explicit variational penalty.

The resulting objective is not exactly the classical IB objective alone. It is a variational IB surrogate
γCI(XC ; ZC) − Iq⋆(ZC ; ZT | ξ) augmented with target-side regularization10. This extra target-side term
remains useful because the target encoder defines the representation space in which prediction is evaluated.

What full PIB-VJEPA adds. Full PIB-VJEPA is the temporal specialization of full IB-VJEPA. Under
the identifications XC = X≤t, ZC = Zt, XT = Xt+∆, and ZT = Zt+∆, the stochastic context encoder
becomes a stochastic current-state encoder qθ(Zt | X≤t), and the context prior pC

0 (ZC) becomes a state prior
pS

0 (Zt). The added state KL EX≤t∼pdataDKL(qθ(Zt | X≤t)∥pS
0 (Zt)) upper-bounds I(X≤t; Zt) and therefore

supplies the missing PIB compression term.

This changes the interpretation of temporal VJEPA. Current temporal VJEPA is predictive-PIB-like: it
promotes future-predictive latent information, but only implicitly compresses history. Full PIB-VJEPA
makes the trade-off explicit: the state should retain enough information to predict Zt+∆, but not so much
information that it memorizes nuisance variation in X≤t.

Design implications. The analysis suggests several design principles. First, the target encoder matters
because it defines what the model is asked to predict. If the target latent preserves nuisance variation,
then the predictive objective may also preserve nuisance information. Second, the compression weights γC

(Eq. 34) and γS (Eq. 41) control the strength of the context/state bottleneck: weak compression may leak
nuisance information, while excessive compression may remove predictive or control-relevant information
from the input. Third, the expressivity of pϕ determines whether the model can represent uncertain or
multimodal futures; a simple Gaussian, especially an isotropic or diagonal one, may be insufficient when
several future latents are plausible. Finally, multi-horizon prediction can strengthen the temporal bottleneck
by encouraging representations that remain predictive beyond immediate next-step correlations.

Scope and limitations. The present work is theoretical. It establishes objective-level correspondences,
variational bounds, and principled extensions of VJEPA, but we do not yet claim empirical superiority of
full IB-VJEPA or full PIB-VJEPA over current VJEPA. The practical benefit of the added bottleneck terms
will depend on model class, target-encoder design, the amount and type of nuisance variation, and how the
compression weights are tuned. For example, if the task requires retaining fine-grained information from
the context or history, an overly strong KL penalty may degrade performance. Conversely, in noisy or
distractor-rich settings, explicit compression may improve robustness, calibration, and downstream control.

Future empirical validation. A natural next step is to empirically validate the proposed objectives. Since
the present paper focuses on theory and objective design, we leave empirical validation to follow-up work.
Several directions are particularly relevant: first, noisy-distractor sequence benchmarks can test whether
explicit context/state compression improves robustness when nuisance entropy increases. One can compare
deterministic JEPA, current VJEPA, full IB-VJEPA, and full PIB-VJEPA using predictive NLL, calibration,
linear-probe recovery of predictive factors, and sensitivity to nuisance variables. Second, multimodal future
benchmarks can test whether probabilistic predictors with sufficient expressivity improve over deterministic
or diagonal-Gaussian heads. Branching dynamical systems, stochastic video patches, or controlled latent
systems with multiple plausible futures would be suitable testbeds. Third, latent model-predictive-control
benchmarks can evaluate whether explicit state compression improves planning robustness under nuisance
perturbations. In this setting, the predictor may be action-conditioned, for example pϕ(Zt+∆ | Zt, ut, ξ), and

10Removing the target-side KL regularizer yields the core variational IB-VJEPA objective, but no longer retains the target-side
regularization inherited from VJEPA.
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the key question is whether full PIB-VJEPA learns more stable predictive states for downstream planning.
Finally, information diagnostics can directly visualize the predicted trade-off. Variational upper bounds on
I(X≤t; Zt) and Barber–Agakov lower bounds on I(Zt; Zt+∆ | ξ) can be tracked during training to determine
whether full PIB-VJEPA realizes the intended compression–prediction frontier.

9 Related works

Joint-embedding predictive architectures. JEPA was proposed as a latent predictive architecture
in which learning proceeds by predicting representations of missing, masked, or future observations rather
than reconstructing observations in pixel space LeCun (2022). I-JEPA instantiated this idea for images by
predicting the representations of target blocks from a context block within the same image, using masking
strategies designed to encourage semantic representation learning Assran et al. (2023). V-JEPA extended
feature prediction to video and demonstrated that visual representations can be learned from video through
feature prediction alone, without relying on pixel reconstruction, text supervision, negative examples, or
pretrained image encoders Bardes et al. (2024). These methods provide the architectural foundation for the
present work. Our focus, however, is different: rather than proposing a new JEPA architecture or empirical
pretraining recipe, we analyze the information-theoretic content of the recently proposed VJEPA11 Huang
(2026) and identify which objective terms correspond to predictive information, target-side regularization,
and explicit bottleneck compression.

Contrastive and non-contrastive self-supervised learning. JEPA is closely related to the broader
family of self-supervised representation learning methods. Contrastive Predictive Coding learns representa-
tions by predicting future latent variables using a contrastive loss and negative samples van den Oord et al.
(2019), while SimCLR studies contrastive view prediction in vision and shows the importance of augmen-
tations, projection heads, batch size, and training duration Chen et al. (2020). Non-contrastive methods
avoid explicit negative samples but require mechanisms to prevent collapse. BYOL uses online and target
networks, with the target network updated by a slow-moving average of the online network Grill et al. (2020).
Barlow Twins avoids collapse by matching cross-correlations to the identity and reducing redundancy be-
tween embedding dimensions Zbontar et al. (2021). VICReg combines invariance, variance, and covariance
regularization to avoid collapse through explicit representation regularizers Bardes et al. (2022). In contrast
to these works, our analysis does not introduce a new collapse-prevention regularizer; instead, we study
VJEPA as a probabilistic latent predictive objective and show how explicit IB/PIB compression penalties
can be added to control the information retained by the context or state.

Masked reconstruction versus latent prediction. Masked autoencoders reconstruct missing pixels
from visible patches and have shown strong scalability in vision pretraining He et al. (2022). JEPA-style
methods instead predict latent target representations, which avoids placing the main learning objective
directly on high-dimensional, potentially noisy observation reconstruction. This distinction is central to the
VJEPA formulation Huang (2026): the probabilistic predictor models uncertainty in latent space rather than
defining a likelihood over raw observations. The present work complements reconstruction-based SSL by
asking what information-theoretic objective is implicitly optimized when prediction is performed in latent
space, and what extra terms are needed to obtain an explicit bottleneck objective.

Information Bottleneck and variational bottlenecks. The Information Bottleneck principle formal-
izes representation learning as the search for a compressed representation Z of an input X that preserves
information about a relevance variable Y Tishby et al. (1999). Deep Variational Information Bottleneck
constructs a tractable variational objective for the IB Lagrangian12 using a stochastic encoder, a varia-
tional decoder for the relevance term, and an upper bound on I(X; Z) obtained by replacing the intractable

11The name VJEPA is used without a hyphen to emphasize it as a general probabilistic JEPA framework, rather than
task-specific variants.

12Unlike our explicit KL-to-prior decomposition, which separates an expected KL term into I(XC ; ZC) plus an aggregated-
posterior mismatch, Deep VIB uses a variational marginal r(z) to upper-bound I(X; Z) and thereby obtains a tractable KL
regularizer.
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marginal p(z) with a tractable variational marginal r(z) Alemi et al. (2017). Others have studied information-
plane interpretations of deep networks Shwartz-Ziv & Tishby (2017), deterministic variants of IB Strouse &
Schwab (2017), nonlinear and neural approximations to IB Kolchinsky et al. (2019), and practical issues in
estimating or optimizing information-theoretic objectives Poole et al. (2019). Our full IB-VJEPA objective
follows this variational tradition, but applies it specifically to the context–target structure of VJEPA: the
stochastic context encoder qθ(ZC | XC) and context KL term provide an explicit upper bound on I(XC ; ZC),
while the latent NLL preserves target-predictive information.

Predictive Information Bottleneck. Predictive information measures how much the past of a process
tells us about its future Bialek et al. (2001). The Predictive Information Bottleneck extends the IB idea
to temporal prediction by compressing past observations while preserving information useful for future pre-
diction Still (2014). Related variational formulations connect predictive bottleneck objectives to variational
inference and Bayesian updating Alemi (2020). State Predictive Information Bottleneck methods have also
been used to learn low-dimensional predictive state variables in dynamical systems, for example in molecular
simulation settings Wang & Tiwary (2021). Our full PIB-VJEPA objective can be viewed as a temporal spe-
cialization of full IB-VJEPA: it introduces qθ(Zt | X≤t) and a state KL term to upper-bound I(X≤t; Zt), while
minimizing the temporal latent NLL maximizes a Barber–Agakov lower bound on the predictive information
Iq⋆(Zt; Zt+∆ | ξ).

Variational mutual-information bounds. Our analysis relies on the standard connection between pre-
dictive log-likelihood, conditional entropy, and variational lower bounds on mutual information. The Barber–
Agakov bound provides a variational lower bound on mutual information by replacing an intractable condi-
tional distribution with a tractable variational predictor Barber & Agakov (2003). Later work systematized
variational mutual-information bounds and clarified their bias-variance and estimation properties Poole et al.
(2019). In this paper, the VJEPA latent NLL plays the role of such a variational predictive term: under
the induced latent population distribution q⋆, minimizing it maximizes Barber–Agakov lower bounds on
Iq⋆(ZC ; ZT | ξ) in the context–target case and Iq⋆(Zt; Zt+∆ | ξ) in the temporal case.

10 Conclusion

We provided a formal IB/PIB analysis of VJEPA. The main finding is that current VJEPA already optimizes
the predictive side of a bottleneck principle: its latent NLL maximizes a variational lower bound on context–
target or future-latent predictive information. However, its target KL regularizes the target representation
rather than explicitly compressing the context or current state. Therefore, current VJEPA design is best
understood as a partial IB/PIB objective.

We then derived two bottleneck-complete objectives. Full IB-VJEPA adds a stochastic context encoder and a
KL-to-prior penalty that upper-bounds the context information I(XC ; ZC). Full PIB-VJEPA specializes this
construction to temporal prediction by adding a stochastic current-state encoder and a KL-to-prior penalty
that upper-bounds the state information I(X≤t; Zt). These objectives separate predictive information, target-
side regularization, and explicit bottleneck compression into distinct terms.

Overall, this work turns the informal intuition that VJEPA learns predictive compressed representations
into a precise variational statement. We show exactly which part of VJEPA implements predictive infor-
mation maximization, which part stabilizes the target latent space, and what must be added to obtain
explicit IB/PIB-style bottleneck control. This provides a principled foundation for future empirical studies
of compression-controlled, uncertainty-aware VJEPA models.
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A Notations

This appendix summarizes the notation used throughout the paper. We use uppercase letters for random
variables and lowercase letters for their realizations. For example, X≤t denotes the random history, while
x≤t denotes a particular observed history. Similarly, Zt denotes the current latent random variable, while zt

denotes a realization.

Symbol Meaning
X, Z, Y Generic variables used only for the classical IB principle: X is the input, Z is

the compressed representation, and Y is the relevance variable. In VJEPA,
these are instantiated as (XC , ZC , ZT ) for context–target prediction or as
(X≤t, Zt, Zt+∆) for temporal PIB.

q(z | x) Generic stochastic encoder used in the IB formulation.
I(X; Z) Mutual information between input X and representation Z; interpreted as

representation complexity.
I(Z; Y ) Mutual information between representation Z and relevance variable Y ; in-

terpreted as predictive relevance.
LIB Classical Information Bottleneck objective, I(X; Z)− βI(Z; Y ).
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Symbol Meaning
β Generic weight. In the classical IB objective, it controls the relevance–

compression trade-off; in the original VJEPA objective, it weights the target
KL term. In the full IB/PIB-VJEPA objectives, the target-KL weight is
denoted by βT .

Temporal and predictive bottleneck notation
X≤t, X≤t History up to time t. This is the past information to be compressed in PIB.
x≤t A realization of the history random variable X≤t.
Xt+∆, Xt+∆ Future observation, view, or target segment at prediction offset ∆.
Zt, Zt Current latent state or predictive state at time t.
zt A realization of the current latent state Zt.
Zt+∆, Zt+∆ Future latent target at offset ∆.
zt+∆ A realization of the future latent target Zt+∆.
LPIB Predictive Information Bottleneck objective, I(X≤t; Zt)− λI(Zt; Zt+∆).
λ Weight on predictive mutual information in the PIB objective.
I(X≤t; Zt) Past-to-state representation information; the compression term in PIB.
I(Zt; Zt+∆) Future-latent predictive information; the prediction/relevance term in PIB.
I(Zt; Zt+∆ | ξ) Conditional predictive information given side information ξ.
JEPA and VJEPA variables
XC , XC Context input in JEPA/VJEPA. In temporal settings this may be a history

or a masked context.
xC A realization of the context input XC .
XT , XT Target input in JEPA/VJEPA. In temporal settings this may be a future

observation, view, or target segment.
xT A realization of the target input XT .
ZC , ZC Context latent representation produced from XC .
ZT , ZT Target latent representation associated with XT .
ξ or ξT Side information, such as mask position, temporal offset, action, goal, or

structural descriptor.
fθ Online/context encoder. In deterministic VJEPA it maps XC to ZC =

fθ(XC).
fθ̄ or fθ′ Target encoder, often updated by exponential moving average rather than

direct backpropagation.
θ Parameters of the online/context encoder. In full IB/PIB-VJEPA, θ also

denotes the parameters of the stochastic context/state encoder.
θ̄ Parameters of the EMA target encoder.
ϕ Parameters of the predictive model pϕ. These are point-estimated neural-

network parameters, not Bayesian random weights.
gϕ Deterministic JEPA predictor, e.g. ẐT = gϕ(ZC , ξT ).
pϕ(ZT | ZC , ξ) VJEPA probabilistic predictive model over target latents conditioned on the

context latent and side information.
pϕ(Zt+∆ | Zt, ξ) Temporal VJEPA probabilistic predictive model over future latents condi-

tioned on the current latent state and side information.
qθ̄(ZT | XT ) Target inference distribution produced by the target encoder. In a simple

implementation it may be an isotropic or diagonal Gaussian around the
target embedding.

qθ̄(Zt+∆ | Xt+∆) Temporal target inference distribution over future latents.
LVJEPA Current context–target VJEPA objective: latent negative log-likelihood plus

a target-side KL regularizer.
Ltemp-VJEPA Temporal specialization of the current VJEPA objective, obtained by setting

XC = X≤t, ZC = Zt, XT = Xt+∆, and ZT = Zt+∆.
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Symbol Meaning
pdata(XC , XT , ξ) Training distribution over context–target–side-information triples. This in-

cludes the empirical data distribution and the masking/partitioning process.
pdata(X≤t, Xt+∆, ξ) Training distribution over temporal history–future–side-information triples.

This includes the empirical data distribution and the temporal sampling or
masking process.

p0(ZT ) Prior over target latents in the current VJEPA objective when no ambiguity
with other priors exists. Usually chosen as N (0, I).

Full IB-VJEPA notation
qθ(ZC | XC) Stochastic context encoder introduced for full IB-VJEPA.
pC

0 (ZC) Prior over context latents. The superscript C denotes context.
pT

0 (ZT ) Prior over target latents when it is useful to distinguish the target prior from
context or state priors.

γC Weight on the context-compression KL in full IB-VJEPA.
βT Weight on the target-side KL in full IB-VJEPA and full PIB-VJEPA.
LIB-VJEPA Full IB-VJEPA objective with context–target NLL, context-compression

KL, and target-side KL regularization.
qθ(ZC) Aggregated context posterior, qθ(ZC) =

∫
pdata(XC)qθ(ZC | XC) dXC .

DKL(qθ(ZC |
XC)∥pC

0 (ZC))
KL-to-prior compression penalty for the context latent. Its expectation
upper-bounds I(XC ; ZC).

I(XC ; ZC) Context information retained by the compressed context latent. This is
upper-bounded by the expected context KL term.

Full PIB-VJEPA notation
qθ(Zt | X≤t) Stochastic current-state encoder introduced for full PIB-VJEPA.
pS

0 (Zt) Prior over the current latent state Zt used in the PIB compression KL. The
superscript S denotes state.

pT
0 (Zt+∆) Prior over future target latents in the temporal target KL.

γS Weight on the current-state compression KL in full PIB-VJEPA.
LPIB-VJEPA Full PIB-VJEPA objective with temporal NLL, current-state compression

KL, and target-side KL regularization.
qθ(Zt) Aggregated state posterior, qθ(Zt) =

∫
pdata(X≤t)qθ(Zt | X≤t) dX≤t.

DKL(qθ(Zt |
X≤t)∥pS

0 (Zt))
KL-to-prior compression penalty for the current latent state. Its expectation
upper-bounds I(X≤t; Zt).

I(X≤t; Zt) History-to-state information retained by the current latent state. This is
upper-bounded by the expected state KL term.

Induced population distributions
q⋆(ZC , ξ, ZT ) Induced context–target population distribution obtained by sampling

(XC , XT , ξ) ∼ pdata, encoding ZC from XC , and sampling ZT ∼ qθ̄(· | XT ).
In full IB-VJEPA, ZC is sampled from qθ(· | XC).

q⋆(ZT | ZC , ξ) Conditional target-latent distribution induced by q⋆(ZC , ξ, ZT ); this is the
ideal conditional approximated by pϕ(ZT | ZC , ξ).

q⋆(Zt, ξ, Zt+∆) Induced temporal population distribution obtained by sampling
(X≤t, Xt+∆, ξ) ∼ pdata, encoding Zt from X≤t, and sampling
Zt+∆ ∼ qθ̄(· | Xt+∆). In full PIB-VJEPA, Zt is sampled from qθ(· | X≤t).

q⋆(Zt+∆ | Zt, ξ) Conditional future-latent distribution induced by q⋆(Zt, ξ, Zt+∆); this is the
ideal conditional approximated by pϕ(Zt+∆ | Zt, ξ).

qθ̄(ZT ) Aggregated target posterior, qθ̄(ZT ) =
∫

pdata(XT )qθ̄(ZT | XT ) dXT .
qθ̄(Zt+∆) Aggregated future-target posterior, qθ̄(Zt+∆) =

∫
pdata(Xt+∆)qθ̄(Zt+∆ |

Xt+∆) dXt+∆.
Information-theoretic quantities
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Symbol Meaning

H(X) Differential entropy of a continuous random variable X.
H(Y | X) Conditional entropy of Y given X.
Hq⋆(ZT | ZC , ξ) Conditional entropy of target latents under the induced context–target pop-

ulation distribution q⋆(ZC , ξ, ZT ).
Hq⋆(Zt+∆ | Zt, ξ) Conditional entropy of future latents under the induced temporal population

distribution q⋆(Zt, ξ, Zt+∆).
DKL(p∥q) Kullback–Leibler divergence from distribution p to distribution q.
I(X; Y ) Mutual information between X and Y . For continuous variables, I(X; Y ) =∫∫

p(x, y) log p(x,y)
p(x)p(y) dx dy.

I(X; Y | Z) Conditional mutual information between X and Y given Z.
Iq⋆(ZC ; ZT | ξ) Context–target predictive mutual information under the induced context–

target population distribution.
Iq⋆(Zt; Zt+∆ | ξ) Future-latent predictive mutual information under the induced temporal

population distribution.
pϕ(y | x) Generic variational predictive distribution used in Barber–Agakov bounds.
Gaussian and prior notation
N (µ, Σ) Gaussian distribution with mean µ and covariance Σ.
µϕ(ZC , ξ) Mean output of the context–target probabilistic predictor.
Σϕ(ZC , ξ) Covariance output of the context–target probabilistic predictor.
µϕ(Zt, ξ) Mean output of the temporal probabilistic predictor.
Σϕ(Zt, ξ) Covariance output of the temporal probabilistic predictor.
µθ̄(XT ) Mean of the target distribution produced by the target encoder.
µθ̄(Xt+∆) Mean of the future target distribution produced by the target encoder in

temporal VJEPA.
σ2

qI Isotropic covariance used in a simple Gaussian target distribution.
µθ(XC) Mean of the stochastic context encoder in full IB-VJEPA.
diag(σ2

θ(XC)) Diagonal covariance of the stochastic context encoder in full IB-VJEPA.
µθ(X≤t) Mean of the stochastic current-state encoder in full PIB-VJEPA.
diag(σ2

θ(X≤t)) Diagonal covariance of the stochastic current-state encoder in full PIB-
VJEPA.

Auxiliary notation
∆ Prediction horizon or temporal offset.
ut Action at time t, when the model is used in control or latent MPC.
c(·) Cost function used in planning/control discussions, if such a downstream

planning objective is considered.
η Generic learning rate or optimization step size, depending on context.
τ EMA coefficient for updating the target encoder, θ̄ ← τ θ̄ + (1− τ)θ.
E Expectation operator.
arg min, arg max Operators denoting the argument that minimizes or maximizes an objective.

B Information quantities

For completeness13, we review the standard information-theoretic quantities and identities used throughout
the paper. Let X, Y , and Z be continuous random variables with a joint probability density p(x, y, z).

13We include this review to make the paper self-contained.
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B.1 Entropy and Conditional Entropy

The differential entropy of X measures the uncertainty or spread of the random variable and is defined as

H(X) = −Ep(x)[log p(x)]. (46)

The conditional entropy of Y given X measures the expected remaining uncertainty in Y after X has been
observed:

H(Y |X) = −Ep(x,y)[log p(y |x)]. (47)

B.2 Kullback–Leibler Divergence

The Kullback–Leibler (KL) divergence measures the discrepancy incurred when a distribution q(x) is used
to approximate or represent a reference distribution p(x):

DKL(p∥q) = Ep(x)

[
log p(x)

q(x)

]
. (48)

By Jensen’s inequality, the KL divergence is nonnegative, i.e. DKL(p∥q) ≥ 0, with equality holding if and
only if p = q almost everywhere.

B.3 Mutual Information

Mutual information (MI) measures how much the observation of one variable reduces the uncertainty about
another. It is defined as the KL divergence between the joint distribution and the product of their marginals:

I(X; Y ) = DKL(p(x, y)∥p(x)p(y)) = Ep(x,y)

[
log p(y |x)

p(y)

]
. (49)

Mutual information can be decomposed into entropy terms:

I(X; Y ) = H(Y )−H(Y |X) = H(X)−H(X |Y ). (50)

B.4 Conditional Mutual Information and the Chain Rule

The conditional mutual information between X and Y given Z is the information shared by X and Y after
conditioning on Z:

I(X; Y |Z) = H(Y |Z)−H(Y |X, Z). (51)

The chain rule for mutual information allows us to decompose the information shared between a joint variable
(A, B) and a target C:

I((A, B); C) = I(A; C) + I(B; C |A). (52)

B.5 Variational Bounds

Exact conditional entropy is often intractable to compute when the true conditional distribution p(y |x) is
unknown. We typically introduce a parameterized variational predictive distribution pϕ(y |x).

Using the nonnegativity of the conditional KL divergence gives the entropy bound pointwise for each fixed
x. For any x,

DKL (p(· | x) ∥ pϕ(· | x)) = Ep(y|x)

[
log p(y | x)

pϕ(y | x)

]
≥ 0.

Expanding the KL gives
Ep(y|x)[log p(y | x)]− Ep(y|x)[log pϕ(y | x)] ≥ 0.

Rearranging,
−Ep(y|x)[log p(y | x)] ≤ −Ep(y|x)[log pϕ(y | x)].
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Since H(Y | X = x) = −Ep(y|x)[log p(y | x)], we obtain

H(Y | X = x) ≤ −Ep(y|x)[log pϕ(y | x)].

Finally, averaging over p(x) yields

H(Y |X) ≤ −Ep(x,y)[log pϕ(y |x)]. (53)

Substituting equation 53 into the mutual information identity equation 50 yields the Barber–Agakov lower
bound:

I(X; Y ) ≥ H(Y ) + Ep(x,y)[log pϕ(y |x)]. (54)

This bound connects predictive representation learning to information theory: maximizing the expected latent
predictive log-likelihood maximizes a variational lower bound on the mutual information between the context
and the target.

B.6 Cross-Entropy Decomposition

A basic identity used throughout the paper is that expected negative log-likelihood decomposes into an
intrinsic conditional entropy term plus a conditional KL mismatch term.

Let (X, Y ) have joint density q⋆(x, y), with conditional density q⋆(y | x). Let pϕ(y | x) be a variational
predictive distribution. Then

Eq⋆(x,y) [− log pϕ(y | x)] = Hq⋆(Y | X) + Eq⋆(x)DKL (q⋆(y | x)∥pϕ(y | x)) . (55)

To see this, add and subtract log q⋆(y | x):

Eq⋆(x,y)[− log pϕ(y | x)] = Eq⋆(x,y)[− log q⋆(y | x)] (56)

+ Eq⋆(x,y)

[
log q⋆(y | x)

pϕ(y | x)

]
. (57)

The first term is the conditional entropy:

Eq⋆(x,y)[− log q⋆(y | x)] = Hq⋆(Y | X).

For the second term, write the expectation explicitly:

Eq⋆(x,y)

[
log q⋆(y | x)

pϕ(y | x)

]
(58)

=
∫

q⋆(x)
[∫

q⋆(y | x) log q⋆(y | x)
pϕ(y | x) dy

]
dx (59)

= Eq⋆(x)DKL (q⋆(y | x)∥pϕ(y | x)) . (60)

Therefore,
Eq⋆(x,y)[− log pϕ(y | x)] ≥ Hq⋆(Y | X),

with equality if and only if pϕ(y | x) = q⋆(y | x) for q⋆(x)-almost every x.

In the context–target VJEPA analysis, this identity is applied with X = (ZC , ξ), Y = ZT , and q⋆(y |
x) = q⋆(ZT | ZC , ξ). In the temporal VJEPA analysis, it is applied with X = (Zt, ξ), Y = Zt+∆, and
q⋆(y | x) = q⋆(Zt+∆ | Zt, ξ).
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B.7 General KL-to-Prior Decomposition

Another standard identity connects an expected KL-to-prior penalty to mutual information. Let X have
density p(x), and let Z be generated by a stochastic encoder q(z | x). The induced joint density is

q(x, z) = p(x)q(z | x),

and the aggregated posterior is
q(z) =

∫
p(x)q(z | x) dx.

For any prior density p0(z) with compatible support,

Ep(x)DKL(q(z | x)∥p0(z)) = I(X; Z) + DKL(q(z)∥p0(z)). (61)

Intuitively, the expected KL-to-prior penalty decomposes into two parts: the information Z retains about
X, namely I(X; Z), and an additional prior-matching term that measures how far the aggregated latent
distribution q(z) is from the chosen prior p0(z).

Indeed, by definition,

Ep(x)DKL(q(z | x)∥p0(z)) =
∫∫

p(x)q(z | x) log q(z | x)
p0(z) dx dz. (62)

Insert the aggregated posterior q(z) inside the logarithm:

log q(z | x)
p0(z) = log q(z | x)

q(z) + log q(z)
p0(z) .

Therefore,

Ep(x)DKL(q(z | x)∥p0(z)) =
∫∫

p(x)q(z | x) log q(z | x)
q(z) dx dz (63)

+
∫∫

p(x)q(z | x) log q(z)
p0(z) dx dz. (64)

The first term is exactly

I(X; Z) =
∫∫

q(x, z) log q(x, z)
p(x)q(z) dx dz =

∫∫
p(x)q(z | x) log q(z | x)

q(z) dx dz.

For the second term, the logarithm does not depend on x, so∫∫
p(x)q(z | x) log q(z)

p0(z) dx dz (65)

=
∫ [∫

p(x)q(z | x) dx

]
log q(z)

p0(z) dz (66)

=
∫

q(z) log q(z)
p0(z) dz = DKL(q(z)∥p0(z)). (67)

This proves equation 61. Since KL divergence is nonnegative,

I(X; Z) ≤ Ep(x)DKL(q(z | x)∥p0(z)).

In full IB-VJEPA, this identity is applied with (see Appendix C.1)

X = XC , Z = ZC , q(z | x) = qθ(ZC | XC), p0(z) = pC
0 (ZC).
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Hence,
EXC∼pdataDKL

(
qθ(ZC | XC)∥pC

0 (ZC)
)

= I(XC ; ZC) + DKL
(
qθ(ZC)∥pC

0 (ZC)
)
.

Therefore, the context KL term in full IB-VJEPA upper-bounds the IB context-compression term I(XC ; ZC).

In full PIB-VJEPA, this identity is applied with (see Appendix C.2)

X = X≤t = X≤t, Z = Zt, q(z | x) = qθ(Zt | X≤t), p0(z) = pS
0 (Zt).

Hence,
EX≤t∼pdataDKL

(
qθ(Zt | X≤t)∥pS

0 (Zt)
)

= I(X≤t; Zt) + DKL
(
qθ(Zt)∥pS

0 (Zt)
)
.

Therefore, the state KL term in full PIB-VJEPA upper-bounds the PIB state-compression term I(X≤t; Zt).

C Additional derivations

C.1 IB-VJEPA KL-to-Prior Decomposition

This subsection specializes the general KL-to-prior identity from Appendix B.7 to the stochastic context
encoder used in full IB-VJEPA. Specifically, we take

X = XC , Z = ZC , q(z | x) = qθ(ZC | XC), p0(z) = pC
0 (ZC).

This gives
EXC∼pdataDKL

(
qθ(ZC | XC)∥pC

0 (ZC)
)

= I(XC ; ZC) + DKL
(
qθ(ZC)∥pC

0 (ZC)
)
, (68)

where the aggregated context posterior is

qθ(ZC) =
∫

pdata(XC)qθ(ZC | XC) dXC .

Since KL divergence is nonnegative, equation 68 implies

I(XC ; ZC) ≤ EXC∼pdataDKL
(
qθ(ZC | XC)∥pC

0 (ZC)
)
. (69)

Thus, the context KL term in full IB-VJEPA is a variational upper bound on the IB context-compression
term I(XC ; ZC).

C.2 PIB-VJEPA KL-to-Prior Decomposition

This subsection specializes the general KL-to-prior identity from Appendix B.7 to the stochastic current-state
encoder used in full PIB-VJEPA. Specifically, we take

X = X≤t, Z = Zt, q(z | x) = qθ(Zt | x≤t), p0(z) = pS
0 (Zt).

This gives
Ep(x≤t)DKL

(
qθ(Zt | x≤t)∥pS

0 (Zt)
)

= I(X≤t; Zt) + DKL
(
qθ(Zt)∥pS

0 (Zt)
)
. (70)

We provide the full derivation below for completeness.

Proof. By the definition of KL divergence,

Ep(x≤t)DKL
(
qθ(Zt | x≤t)∥pS

0 (Zt)
)

=
∫

p(x≤t)
[∫

qθ(Zt | x≤t) log qθ(Zt | x≤t)
pS

0 (Zt)
dZt

]
dx≤t (71)

=
∫∫

p(x≤t)qθ(Zt | x≤t) log qθ(Zt | x≤t)
pS

0 (Zt)
dx≤t dZt. (72)

Now multiply and divide inside the logarithm by the aggregated posterior qθ(Zt):

qθ(Zt | x≤t)
pS

0 (Zt)
= qθ(Zt | x≤t)

qθ(Zt)
· qθ(Zt)

pS
0 (Zt)

.
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Therefore,
log qθ(Zt | x≤t)

pS
0 (Zt)

= log qθ(Zt | x≤t)
qθ(Zt)

+ log qθ(Zt)
pS

0 (Zt)
.

Substituting this into equation 72 gives

Ep(x≤t)DKL
(
qθ(Zt | x≤t)∥pS

0 (Zt)
)

=
∫∫

p(x≤t)qθ(Zt | x≤t) log qθ(Zt | x≤t)
qθ(Zt)

dx≤t dZt (73)

+
∫∫

p(x≤t)qθ(Zt | x≤t) log qθ(Zt)
pS

0 (Zt)
dx≤t dZt. (74)

We now identify the first term. By the definition of mutual information for jointly continuous random
variables,

I(X≤t; Zt) =
∫∫

qθ(x≤t, Zt) log qθ(x≤t, Zt)
p(x≤t)qθ(Zt)

dx≤t dZt.

Since
qθ(x≤t, Zt) = p(x≤t)qθ(Zt | x≤t),

we have
qθ(x≤t, Zt)

p(x≤t)qθ(Zt)
= p(x≤t)qθ(Zt | x≤t)

p(x≤t)qθ(Zt)
= qθ(Zt | x≤t)

qθ(Zt)
.

Hence
I(X≤t; Zt) =

∫∫
p(x≤t)qθ(Zt | x≤t) log qθ(Zt | x≤t)

qθ(Zt)
dx≤t dZt.

Therefore, the first term in equation 73 is exactly I(X≤t; Zt).

For the second term, note that
log qθ(Zt)

pS
0 (Zt)

does not depend on x≤t. Thus∫∫
p(x≤t)qθ(Zt | x≤t) log qθ(Zt)

pS
0 (Zt)

dx≤t dZt (75)

=
∫ [∫

p(x≤t)qθ(Zt | x≤t) dx≤t

]
log qθ(Zt)

pS
0 (Zt)

dZt. (76)

By the definition of the aggregated posterior:∫
p(x≤t)qθ(Zt | x≤t) dx≤t = qθ(Zt).

Therefore, ∫∫
p(x≤t)qθ(Zt | x≤t) log qθ(Zt)

pS
0 (Zt)

dx≤t dZt =
∫

qθ(Zt) log qθ(Zt)
pS

0 (Zt)
dZt (77)

= DKL
(
qθ(Zt)∥pS

0 (Zt)
)
. (78)

Combining the two identified terms gives

Ep(x≤t)DKL
(
qθ(Zt | x≤t)∥pS

0 (Zt)
)

= I(X≤t; Zt) + DKL
(
qθ(Zt)∥pS

0 (Zt)
)
.

Finally, since KL divergence is nonnegative,

DKL
(
qθ(Zt)∥pS

0 (Zt)
)
≥ 0,

we obtain
I(X≤t; Zt) ≤ Ep(x≤t)DKL

(
qθ(Zt | x≤t)∥pS

0 (Zt)
)
.
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C.3 Barber–Agakov bound with side information

For completeness, we derive equation 26. All information quantities below are computed under the induced
population distribution

q⋆(Zt, ξ, Zt+∆) = q⋆(Zt, ξ) q⋆(Zt+∆ | Zt, ξ).

By the definition of conditional mutual information,

Iq⋆(Zt; Zt+∆ | ξ) = Hq⋆(Zt+∆ | ξ)−Hq⋆(Zt+∆ | Zt, ξ). (79)

The second entropy term is

Hq⋆(Zt+∆ | Zt, ξ) = −Eq⋆(Zt,ξ,Zt+∆) [log q⋆(Zt+∆ | Zt, ξ)] (80)
= −Eq⋆(Zt,ξ)Eq⋆(Zt+∆|Zt,ξ) [log q⋆(Zt+∆ | Zt, ξ)] . (81)

For each fixed (Zt, ξ), non-negativity of KL divergence gives

DKL (q⋆(Zt+∆ | Zt, ξ)∥pϕ(Zt+∆ | Zt, ξ)) ≥ 0. (82)

Equivalently,

Eq⋆(Zt+∆|Zt,ξ)

[
log q⋆(Zt+∆ | Zt, ξ)

pϕ(Zt+∆ | Zt, ξ)

]
≥ 0, (83)

which implies

Eq⋆(Zt+∆|Zt,ξ) [log q⋆(Zt+∆ | Zt, ξ)] ≥ Eq⋆(Zt+∆|Zt,ξ) [log pϕ(Zt+∆ | Zt, ξ)] . (84)

Multiplying by −1 reverses the inequality:

−Eq⋆(Zt+∆|Zt,ξ) [log q⋆(Zt+∆ | Zt, ξ)] ≤ −Eq⋆(Zt+∆|Zt,ξ) [log pϕ(Zt+∆ | Zt, ξ)] . (85)

Averaging over q⋆(Zt, ξ) yields

Hq⋆(Zt+∆ | Zt, ξ) ≤ −Eq⋆(Zt,ξ,Zt+∆) [log pϕ(Zt+∆ | Zt, ξ)] . (86)

Substituting equation 86 into equation 79 gives

Iq⋆(Zt; Zt+∆ | ξ) = Hq⋆(Zt+∆ | ξ)−Hq⋆(Zt+∆ | Zt, ξ) (87)
≥ Hq⋆(Zt+∆ | ξ) + Eq⋆(Zt,ξ,Zt+∆) [log pϕ(Zt+∆ | Zt, ξ)] . (88)

Therefore,
Iq⋆(Zt; Zt+∆ | ξ) ≥ Hq⋆(Zt+∆ | ξ) + Eq⋆ log pϕ(Zt+∆ | Zt, ξ). (89)

This is the Barber–Agakov lower bound with side information ξ.

C.4 Gaussian target KL

If
qθ̄(ZT | XT ) = N (ZT ; µθ̄(XT ), σ2

qI), pT
0 (ZT ) = N (0, I), (90)

then in dimension d,
DKL(qθ̄∥p

T
0 ) = 1

2
[
∥µθ̄(XT )∥2

2 + d(σ2
q − 1− log σ2

q )
]

. (91)

If σ2
q is fixed, the variance-dependent term is constant and the KL mainly penalizes the target latent norm.
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C.5 Context Gaussian KL

If
qθ(ZC | XC) = N

(
ZC ; µθ(XC), diag(σ2

θ(XC))
)

, pC
0 (ZC) = N (0, I), (92)

then

DKL
(
qθ(ZC | XC)∥pC

0 (ZC)
)

= 1
2

d∑
j=1

[
µ2

θ,j(XC) + σ2
θ,j(XC)− 1− log σ2

θ,j(XC)
]

. (93)

This is the standard variational-bottleneck penalty for the compressed context.

C.6 Comparison with reconstruction objectives

Suppose the future observation decomposes as X+ = (S+, N+), where S+ is predictive signal and N+ is
nuisance. A reconstruction objective approximates

Lrec ≈ H(X+ | Z) = H(X+)− I(X+; Z). (94)

By the chain rule,
I(X+; Z) = I(S+; Z) + I(N+; Z | S+). (95)

Thus reconstructing X+ rewards encoding both signal and nuisance. In contrast, if the target encoder maps
X+ to Z+ ≈ f(S+), then the VJEPA prediction loss approximates Huang (2026)

H(Z+ | Z) = H(Z+)− I(Z; Z+) ≈ H(f(S+))− I(Z; S+), (96)

with no direct reward for encoding N+.
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