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CardioJEPA: A Framework for Holistic Cardiac
Representations Through Predictive Multimodal
Alignment with ECG-Preservation

Daniel Uyterlinde, Laura Alvarez-Florez, Samuel Ruipérez-Campillo, Member, IEEE, Lukas P. A. Arts,
Folkert W. Asselbergs, Erik J. Bekkers, Ivana ISgum and Fleur V. Y. Tjong

Abstract—The electrocardiogram (ECG) is the most
widely used cardiac diagnostic tool, but it reflects cardiac
structure and function only indirectly. Aligning ECG and
cardiac magnetic resonance (CMR) representations offers a
way to transfer imaging-derived structural knowledge into
the ECG encoder without compromising the electrophys-
iological information it already carries. Contrastive learn-
ing has become the predominant approach for ECG-CMR
alignment, yet the quality of the learned representation is
jointly determined by the CMR target representation, the
alignment objective, and the preservation of electrophysi-
ological information unique to the ECG. We propose Car-
dioJEPA, a predictive alignment framework built on frozen
cardiac foundation models that addresses all three: a tar-
get that separates static anatomy from cardiac motion, a
predictive objective that maps ECG representations onto
a fixed CMR target without instance discrimination, and a
preservation term that retains nearly all pre-alignment elec-
trophysiological information. On 63,193 paired ECG-CMR
recordings from the UK Biobank, CardioJEPA outperforms
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previous ECG-CMR alignment methods across structural,
electrical, and diagnostic tasks, retains 98.6% of the ECG-
unique information present before alignment, substantially
reduces the modality gap relative to matched contrastive
alignment, and transfers to external cohorts for structural
heart disease and Chagas cardiomyopathy without task-
specific training, achieving state-of-the-art performance.

Index Terms—Cardiac magnetic resonance imaging,
cross-modal alignment, electrocardiogram, foundation
models, joint-embedding predictive architecture.

[. INTRODUCTION

HE electrocardiogram (ECG) and cardiac magnetic reso-
T nance (CMR) imaging capture complementary aspects of
cardiac health. The ECG records electrical activity over time,
whereas CMR provides detailed anatomical and functional
information. However, while ECG is inexpensive and routinely
acquired, CMR is costly and requires specialized infrastruc-
ture and expertise [2], [3]. Consequently, detailed imaging-
derived information is available for only a subset of patients
during clinical decision-making. Because cardiac structure and
function influence the electrical activity recorded at the body
surface, some of this information may nevertheless be reflected
in the ECG. This motivates learning ECG representations that
incorporate anatomical and functional knowledge derived from
CMR, enabling cardiac characteristics that ordinarily require
imaging to be inferred from ECG alone.

Large-scale self-supervised pretraining has made this goal
increasingly feasible by providing strong unimodal represen-
tations for both modalities. ECG foundation models pretrained
with masked modeling and related objectives transfer well
across downstream tasks and require little labeled data [4]-[6],
and CMR encoders can likewise be learned without manual an-
notations [7], [8]. Paired ECG and CMR acquisitions therefore
offer an opportunity to connect these pretrained representations
and transfer imaging-derived cardiac information into the ECG
latent space.

Early ECG-CMR approaches learned shared representations
through cross-modal reconstruction [9], whereas more recent
methods have predominantly adopted contrastive learning.
ECCL [10] and MMCL [11] use CLIP-style symmetric In-
foNCE objectives to align patient-matched ECG and CMR
representations, PTACL [12] augments patient-level alignment



with local temporal contrastive learning, and Alvarez-Florez
et al. [13] align ECGs with end-diastolic and end-systolic
CMR representations to incorporate phase-specific structural
information. These studies demonstrate that CMR supervision
can enrich ECG representations with structural information.
Despite their differences, however, they all build alignment
around the information shared between the two modalities
using InfoNCE-based objectives, with limited consideration
of the modality-specific information that may be lost in the
process.

This shared-information formulation is restrictive for two
main reasons. First, contrastive instance discrimination treats
recordings from different patients as negatives, even when
their cardiac phenotypes may be similar, potentially separat-
ing physiologically related representations; debiased sampling
and similarity-based soft weighting only partially mitigate
this [14]-[16]. Second, maximizing the mutual-information
bound drives the ECG representation toward a minimal suf-
ficient statistic of the CMR representation [17], [18]. Be-
cause the two modalities provide complementary rather than
equivalent measurements, this pressure can suppress clinically
relevant electrophysiological information, such as rhythm and
conduction characteristics, that has no direct counterpart in
CMR [19]. Effective ECG-CMR alignment should therefore
not only transfer imaging-derived information, but also pre-
serve the information already encoded by the ECG.

Predictive latent learning offers an alternative to contrastive
learning. JEPA [20], [21] performs prediction directly in
representation space without relying on negative samples,
and CrossJEPA [22] extended this principle to cross-modal
knowledge transfer using a fixed target encoder. Because
such predictive objectives involve no instance-level repulsion,
the source representation is not forced to discard informa-
tion beyond what is needed to predict the target. However,
changing the alignment objective alone does not determine
what information can be transferred or guarantee that source-
specific information is preserved. Successful transfer therefore
still depends on both the quality of the CMR target and the
explicit preservation of ECG-specific information.

To address these considerations, we propose CardioJEPA, a
predictive framework for ECG-CMR representation alignment
built on pretrained cardiac foundation models. CardioJEPA
makes three methodological contributions. First, we construct
a CMR target that separates static anatomy from cardiac mo-
tion by applying principal component analysis independently
to each component. This prevents dominant anatomical vari-
ation from overwhelming the functional signal and increases
the functional information available for transfer from CMR to
ECG. Second, we replace contrastive instance discrimination
with predictive latent alignment against a frozen CMR target
so that patients with similar phenotypes are no longer pushed
apart. Third, we incorporate a dedicated preservation objective
that anchors the ECG encoder to its pretrained representa-
tion, explicitly retaining the electrophysiological information
encoded by the original model. Together, these components
transfer imaging-derived structural and functional information
into the ECG representation without sacrificing the electro-
physiological information that gives the ECG its independent
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diagnostic value.

The remainder of the manuscript is structured as follows.
Section II formalizes the problem and introduces Cardio-
JEPA. In Section III, we evaluate the framework across struc-
tural, electrophysiological, and diagnostic tasks, investigating
how CMR target construction, alignment strategy, and ECG-
information preservation determine the quality of the resulting
representation. We then compare CardioJEPA with previous
ECG-CMR alignment approaches and assess its generalization
to external cohorts for structural heart disease and Chagas
cardiomyopathy detection. Finally, Sections IV and V discuss
the implications and limitations of the findings and present the
main conclusions.

[I. METHODOLOGY

This section presents CardioJEPA, our framework
for predictive ECG-CMR representation alignment. At
deployment, only the ECG is available, so the quantity to
maximize is the task-relevant information carried by the
ECG representation alone. We first decompose this quantity
to identify which of its components alignment can transfer
and which it must preserve. This decomposition organizes
the four components of the framework: pretrained unimodal
encoders (Section II-A), a CMR target that isolates function
from anatomy (Section II-B), a predictive alignment objective
(Section II-C), and a distillation term that preserves ECG-
unique information (Section II-D).

Let Zey and Z.y: denote the ECG and CMR encoder
outputs and Y a set of downstream clinical phenotypes.
Following [19], the task-relevant information decomposes as:

I(Zecga Zerr; Y) = I(Zecg; Zemr; Y) + I(Zcmr§ Y | Zecg)
S': Shared

+ I(Zecg§ Y | Zcmr) .

—_—

Uecg: ECG-unique

Ucmr: CMR-unique

)

Here, I(A; B) denotes mutual information, I(A, B;C) the
information the joint variable (A, B) carries about C, I(A; B |
(') conditional mutual information, and I(A; B; C') the inter-
action information, i.e., the information that A and B share
about C. Following Liang et al. [19], we identify this quantity
as the shared component S. The three terms are nonnegative
and partition the total task-relevant information by the chain
rule (Fig. 1a).

By construction, U, is inaccessible at deployment. There-
fore, the objective reduces to maximizing I(Zeg;Y) = S +
Uscg. The shared component .S comprises attributes observable
in both modalities, such as ventricular volumes, ejection frac-
tion, and myocardial mass; Uecg captures electrophysiological
characteristics absent from CMR, including conduction delays
and rhythm abnormalities. An effective alignment framework
must therefore maximize the shared information transferred
through the CMR target, which upper-bounds what can be
transferred at all (Section II-B), while preserving U, during
alignment (Sections II-C and II-D; Fig. 1a).
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XECH Xcmr Xecg

(a) Raw Information
I(ch_q; Xumr) =5

Fig. 1.

(b) Sufficient Representation
Contains at least all S

Xecg

(c) Minimal Sufficient
Contains only S (contrastive convergence)

Information-theoretic view of ECG and CMR representations. (a) The two modalities share information .S, while each also carries modality-

unique information (Uecg and Uem:). (b) Predictive alignment targets a sufficient representation that contains at least S and leaves ECG-unique
information unconstrained. (c) Contrastive learning encourages a minimal sufficient representation that contains only S, discarding Uecg.-

A. Pretrained Encoders and Data Preprocessing

We initialize the ECG and CMR encoders from the frozen
unimodal foundational models ECG-FM [23] and CineMA [8],
respectively. Crucially, both encoders natively encode sub-
stantial information regarding cardiac phenotypes prior to any
cross-modal alignment.

ECG-FM is a CNN-Transformer hybrid pretrained on 1.5
million 12-lead ECGs using a combination of masked recon-
struction and contrastive learning. Its robust baseline perfor-
mance across downstream tasks makes it an optimal starting
point, allowing our framework to focus entirely on struc-
tural knowledge transfer and electrophysiological preserva-
tion. During preprocessing, ECG signals are split into 5-
second windows, with one window drawn uniformly at random
per forward pass to serve as a temporal augmentation, and
independently z-scored per lead. For the ECG encoder, all
representations are extracted at layer 9 (either before or after
the predictive CMR alignment). Through layer-wise linear
probing, we established this as the optimal extraction point for
maximizing both structural and electrical task performance.

CineMA is a multi-view masked autoencoder that jointly
reconstructs masked frames across short- and long-axis views,
yielding embeddings that capture 3D cardiac geometry without
segmentation supervision. The publicly available CineMA
weights were trained on the entire UK Biobank CMR co-
hort [24]. To avoid data leakage during downstream evaluation,
we retrained the CineMA architecture from scratch on a
strictly isolated 70/10/20 subject split (100 epochs, with a
total of 5.32M images). We extract the end-diastolic (ED)
and end-systolic (ES) frames using the pretrained CineMA
segmentation model. We keep this encoder frozen throughout
alignment. Predicting against a fixed target rules out the de-
generate solution in which predictor and target encoder jointly
collapse Z.., to a constant, a failure mode of joint-embedding
objectives that do not rely on negative pairs [21]. Beyond
this, large-scale self-supervised pre-training has already given
the encoder a strong representation of cardiac anatomy and
motion, and fine-tuning it on the alignment objective alone
risks degrading representations that are already well suited to
the task. Prior ECG-CMR alignment work adopts the same
asymmetry [10], [13].

B. Creating a CMR Target Representation

The CMR target representations must capture both static
anatomy and dynamic function. We find that CineMA ED and
ES embeddings exhibit a mean cosine similarity exceeding
0.996 on the training split. Because the raw ED and ES
embeddings are nearly identical, the alignment loss is largely
explained by their shared anatomical component, leaving only
a weak training signal for cardiac function. To address this
imbalance, we construct an unsupervised, PCA-reduced target,
which we call the isolated-PCA target, that explicitly separates
function from anatomy to prevent static anatomical variance
from overshadowing the subtle functional signal. We apply
PCA independently to the ED embedding (static anatomy) and

to the motion vector A = z=5 — zED (function), z-score

normalize each stream, and concatenate:

£

Zemr = [PCA256(ZgEr) H PCAQSG(A)] € Rdea (2)
where || denotes concatenation and PCAsgs6(+) the projection
onto the top 256 principal components, fitted on the training
split. Projecting the two streams separately eliminates the
anatomy—motion cross-covariance blocks, preventing anatomi-
cal variance from masking the functional signal. Under a Gaus-
sian assumption, the retained variance increases monotonically
with I(Z52; Zyarget), S0 among all rank-k linear projections,
PCA is the information-maximizing choice, and the resulting
target is the most information-rich linear compression of the
CMR state that gives anatomy and function equal weight. This
departs from the standard JEPA target, produced by an EMA
teacher [20] or, in the cross-modal case, a frozen encoder
of the second modality [22]. We retain the frozen-encoder
asymmetry but add a fixed linear projection on top of it, a
deliberate choice given the near-degeneracy of the raw ED
and ES embeddings.

C. The Alignment Objective

CardioJEPA aligns the ECG encoder to the frozen CMR
target (Section II-B) through a predictive rather than a con-
trastive objective. Deployment requires carrying Uecg through
alignment, but InfoNCE instead maximizes a lower bound
on the mutual information between the two representations,
I(Zecg; Zeme) [17]. This places a ceiling on the ECG-unique
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Fig. 2. CardioJEPA architecture. The framework aligns an ECG encoder to a frozen, PCA-reduced CMR target (zc¢mr) using a predictive mean-
squared error loss (L yepa). A distillation loss (Lgistii) anchors the trainable ECG representation (zecg) to its frozen initialization (z'e”g‘g) preserving

ECG-unique information.

information that can be retained:
Uecg - I(Zecg7Y | Zcmr) < h( ecg | Zcmr)
= h( ecg) ](Zecg§ Zcmr)7 3)

where h(-) denotes differential entropy, so h(Zecg | Zemr)
quantifies the variability in the ECG representation that
the CMR representation does not account for. Asymptoti-
cally, InfoNCE drives the encoder toward the minimal suf-
ficient point at which h(Z,) collapses to I(Zecg; Zemr), SO
W Zecg | Zeme) — 0 and Ueeg vanishes with it, leaving
S as the only task-relevant information the representation
retains (Fig. 1c) [18], [25]. A second limitation is geometric:
the InfoNCE gradient weights each negative by its soft-
max similarity, so repulsion is strongest between the most
phenotypically similar patients, precisely where similarity is
clinically meaningful (Fig. 3).

Our predictive formulation is asymmetric, with gradients
flowing only through the ECG branch such that the CMR
manifold stays fixed. A linear predictor g4 on top of the ECG
encoder predicts the frozen CMR target, Zpred = g (Zecg):

Ligpa = B Z ||Zp2d - Z<(2ﬂ2TH2' )

i=1
The predictor gradient 2gg (gd,zgé)g — z((fn)lr) has no sum over
patients, no softmax weights, and no repulsion: phenotypically
similar patients exert zero repulsion, so the ECG cluster can
mirror the geometry of the frozen target (Fig. 3). Because
ECG-FM produces T=156 tokens, we aggregate by token-
wise projection with a learned softmax weighting w(*), refining
the definition to Zped = >, w® g¢(z§c;) which emphasizes

the most CMR-informative segments. Fig. 2 gives an overview.

D. Preserving ECG-Unique Information

With finite encoder capacity, increasing .S appears to come
at the expense of U, but only if the conditional entropy

Contrastive alignment
CMR targets (fixed)

Predictive alignment
CMR t'u’gots‘ (fixed)

\ \
; ,’ Q \
\
1
/ \
’ \
\\ y, O \y no repulsion
\ \
| " O

@ e ' AN _

\ / o - -

N O L ECG representations

ECG rq)msml‘rz\ti—ons
— pull —— repel —— MSE predict

Fig. 3. Contrastive vs. predictive alignment against a frozen target.
Contrastive alignment (left) introduces batch-wide repulsion that scat-
ters ECG representations. Predictive alignment (right) regresses each
ECG representation toward its paired CMR target without repulsion,
letting the ECG cluster mirror the geometry of the frozen CMR space.

IW(Zecg | Zemre) is left unconstrained. Contrastive alignment
drives h(Zecg | Zemr) toward zero (Section II-C); predictive
alignment does not penalize variance orthogonal to the target,
but offers no mechanism to retain it either (Fig. 1b). Because
the ECG foundation model captures substantial electrophys-
iological information before alignment, h(Zecg | Zemr) starts
from a non-trivial baseline: the challenge is not to learn more
ECG-unique information, but to prevent its suppression as the
encoder specializes toward Z;y,,. This motivates maximizing

*7(9) = I<Zecg7 Zcmr) + « h( ecg | Zcmr) (5)

which decouples shared from unique information: « preserves
pretrained electrophysiological variance rather than requiring
new capacity.

We lower-bound the second term by anchoring the encoder
to its pretrained representation, instantiating it as a distillation
loss that CardioJEPA pairs with the predictive objective, giving
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Liotal = Lygpa + o Lgigin- It acts as a cosine penalty anchoring
the active encoder to its pretrained embedding:

B

1 o
Laistin = 5 > (1 cos(zlly, zimy @), (6)
i=1
where z! is the embedding produced by the frozen copy

of the pretrained ECG encoder. The loss penalizes angular
deviation only, so the encoder may rescale freely while its
angular orientation is held close to the pretrained embedding.

I1l. EXPERIMENTS & RESULTS

We evaluate CardioJEPA by progressively validating the
design principles introduced in Section II. We first establish the
dataset and evaluation metrics (Sections III-A and III-B), then
assess each design component independently: the CMR target
representation (Section III-C), the alignment and preservation
objectives (Section III-D), and the resulting latent space geom-
etry (Section III-E). Lastly, we compare CardioJEPA with prior
ECG-CMR alignment methods (Section III-F) and evaluate its
out-of-distribution generalization (Section III-G).

A. Dataset

Our experimental cohort comprises 63,193 matched ECG-
CMR pairs from the UK Biobank, of which 34,044 have
available clinical phenotype annotations (Table I). All par-
ticipants provided written informed consent as described in
the original cohort publications [24]. From the available UK
Biobank annotations, we selected five CMR-derived structural
phenotypes: left ventricular (LV) ejection fraction (LVEF),
left ventricular end-diastolic volume (LVEDV), left ventricular
mass (LVM), right ventricular end-diastolic volume (RVEDV),
and left ventricular global longitudinal strain (LVGLS). We
additionally selected four ECG-derived phenotypes: PR in-
terval, QRS duration, corrected QT interval (QTc), and P-
wave duration, together with four clinical diagnoses: atrial
fibrillation (AF), bundle branch block (BBB), cardiomyopathy
(CM), and myocardial infarction (MI).

TABLE |

UK BIOBANK DATASET SPLITS.
Split N Purpose
Training 47,683  Alignment; probe fit on labeled subset
Validation 5,299  Alignment loss / early stopping
LP-validation 3,404 In-training probe evaluation
LP-test 6,807  Held-out test
Total 63,193

B. Evaluation Metrics

To quantify both structural transfer and preservation of
ECG-unique information, we probe frozen representations
using Ridge regression for continuous phenotypes (R?), and
logistic regression for binary outcomes (AUROC), reported on
the held-out test split, LP-test (Table I).

To summarize the trade-off between structural transfer and
electrophysiological preservation, we define two composite

metrics. S represents the shared information and is computed
as the mean R? across three phenotypes accessible to both
modalities: LVEDV, RVEDYV, and LV mass. Uccg measures
ECG-unique information using four electrophysiological phe-
notypes: PR interval, QRS duration, QTc interval, and P-wave
duration. To isolate electrophysiological information beyond
cardiac structure, we first remove the component that can
be linearly explained by five structural covariates (LVEF,
LVEDV, LV mass, RVEDV, and LVGLS) using ordinary least
squares (OLS) residualization. The regression coefficients are
estimated on the training split and applied to the test split.
OLS residuals are orthogonal to these covariates by construc-
tion [26], so any remaining decodable variance is inaccessible
from the five structural summaries used. A positive residual
R? therefore provides direct evidence of linearly accessible
electrophysiological information beyond cardiac structure.

C. The Importance of the CMR Alignment Target

To assess the structural and functional information encoded
by different CMR target representations, we evaluate how
well each target predicts clinically relevant cardiac phenotypes
via linear probing. We compare six target representations:
a static end-diastolic (ED) frame, a static end-systolic (ES)
frame, their difference (A) as a motion representation, their
concatenation, a supervised representation learned to predict
clinical variables, and the proposed isolated-PCA target. The
supervised target is constructed by taking the intermediate
representations of an MLP, trained to regress/classify 7 cardiac
variables on top of the CMR encoder: LVEF, LVM, LVEDYV,
RVEDV, LVGLS, AF and ML

The results in Table II show that static anatomy and cardiac
motion provide complementary information. The ED embed-
ding strongly represents ventricular volumes and mass but
captures cardiac function poorly, whereas the motion repre-
sentation (A) substantially improves LVEF and LVGLS pre-
diction. Concatenating the raw CineMA embeddings provides
the strongest overall balance across anatomical and functional
phenotypes, but its high dimensionality (d = 1536) makes
it impractical as an alignment target. The proposed isolated-
PCA target separately compresses the anatomy and motion
streams into a compact d = 512 representation, matching the
supervised target on anatomical phenotypes while providing
stronger functional information. Despite being unsupervised,
it matches the supervised alternative on anatomy and exceeds
it on function (LVEF R? = 0.663 versus 0.628).

TABLE I
LINEAR PROBING R? OF CMR TARGET REPRESENTATIONS.
Representation Dim. LVEDV RVEDV LVM LVEF LVGLS
Raw CineMA embeddings
ED 768 0.954 0939 0.965 0.247  0.322
ES 768 0.900 0.895  0.958 0.507  0.392
A (ES—ED) 768 0.932 0924 0925 0.651 0.551
Concat (ED, ES) 1536  0.965 0953 0973 0.691  0.606
Constructed targets (ours)
Supervised 256 0.954 0942 0964 0.628  0.565
Isolated PCA 512 0.954 0939 0.960 0.663  0.570
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Fig. 4.

Modality gap in the aligned latent space (supervised target). First two principal components of £2-normalized ECG and CMR

embeddings on the held-out test set; the (modality) gap is the £2 distance between centroids. CardioJEPA achieves clear overlap.

D. The Role of Alignment and Preservation Objectives in
Retaining ECG-Unique Information

To isolate the contribution of the alignment objective it-
self, we compare CardioJEPA against a matched contrastive
baseline that differs only in the alignment loss. Specifically,
we replace the predictive JEPA objective with an asymmetric
InfoNCE objective [10], [11], while keeping the frozen CMR
target, ECG encoder, and optimization protocol identical. For
the InfoNCE loss, the embeddings are ¢»-normalized, and the
temperature is set to 0.1.

First, we disable the preservation term (o = 0) to iso-
late the effect of the alignment objective from the explicit
preservation objective. The results show that both paradigms
transfer an equivalent amount of shared structural cardiac
information (5’ = 0.636 + 0.002 for both). In contrast,
CardioJEPA retains approximately 2.8% more ECG-unique
information than contrastive learning (Uecg = 0.660 £ 0.008
versus 0.642 % 0.003; Table III). These findings indicate that
predictive alignment preserves ECG-unique information even
without an explicit preservation objective, whereas contrastive
alignment suppresses it (Section II-C).

We next quantify the cost of alignment, defined as the
reduction in ECG-unique information (f]ecg) relative to the
original unaligned ECG representation. The ECG-FM baseline
provides this upper bound, attaining Uecg = 0.709 (Table IV).
Without explicit preservation, alignment reduces Uecg to 0.660
(A = —0.049) for CardioJEPA and 0.642 (A = —0.067)
for contrastive learning, indicating that predictive alignment
sacrifices less ECG-unique information than its contrastive
counterpart. Introducing the preservation objective recovers
nearly all of this loss: CardioJEPA with distillation reaches
0.699 (A = —0.010), while contrastive learning with distil-
lation reaches 0.689 (A = —0.020). These results show that
explicit preservation largely eliminates the cost of alignment,
with predictive alignment remaining consistently closer to the
unaligned ECG representation.

E. Latent Space Geometry

To evaluate how the alignment objective shapes the ge-
ometry of the shared latent space, we compare the aligned
ECG and CMR embeddings produced by the predictive and
contrastive alignment objectives (Fig. 4). Following Liang et
al. [27], we measure the modality gap as the ¢y distance

TABLE IlI
PARADIGM COMPARISON AT o = 0 (NO PRESERVATION TERM). S:
STRUCTURAL COMPOSITE R2. Uecg: ECG-UNIQUE COMPOSITE R2.
MEAN =+ STD. OVER THREE SEEDS.

Method S Usce

Predictive (CardioJEPA)  0.636 +0.002  0.660 + 0.008

Contrastive 0.636 +0.002  0.642 % 0.003
TABLE IV

ALIGNMENT COST: Uecg DEVIATION FROM THE UNALIGNED ECG-FM
BASELINE, BY METHOD AND PRESERVATION SETTING.

Method Uecg (R?) A from init
ECG-FM [23] 0.709 —
CardioJEPA + Lyigin 0.699 —0.010
Contrastive Learning + Lgigin 0.689 —0.020
CardioJEPA (o = 0) 0.660 —0.049
Contrastive Learning (o« = 0) 0.642 —0.067

between the centroids of /9-normalized aligned ECG and
CMR embeddings. We report this analysis on the supervised
target space.

The unaligned ECG-FM baseline exhibits the largest modal-
ity gap (1.377). After alignment, CardioJEPA reduces this
gap to 0.190, producing a broad, overlapping latent manifold,
whereas contrastive learning retains a substantially larger
separation (0.454) by concentrating the two modalities into
distinct cones. This is consistent with our theoretical analysis:
the predictive objective attracts ECG representations toward
their CMR targets without the repulsive forces inherent to
contrastive learning, so the ECG manifold can mirror the
geometry of the frozen target rather than being compressed
into a cone. We report this as a descriptive property of the
aligned latent space; whether a smaller modality gap has
downstream benefit is not tested here.

F. Comparison with Prior Work

To position our work against existing ECG-CMR alignment
methods, we compare our approach with the MMCL [11],
PTACL [12], and ECCL [10] frameworks. The ablations in
Sections III-D and III-E identify CardioJEPA with distillation
as the best-performing configuration, which we use for all
subsequent experiments. We compare against the released
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TABLE V
LINEAR-PROBING PERFORMANCE (R2 FOR REGRESSION, AUROC FOR CLASSIFICATION) ON STRUCTURAL, ELECTRICAL, AND DIAGNOSTIC
CARDIAC PHENOTYPES, POSITIONED AGAINST PRIOR ECG—CMR ALIGNMENT METHODS.

Structural (R?) \

Electrical (R?) |

Diagnosis (AUROC) | Composites (122)

Input Method LVEF LVM LVEDV RVEDV | PR QRS QTc P-wave | AFib BBB CM MI | § Uecq
ECG ECG-FM [23] 0286 0649 0554  0.559 | 0912 079 0703 0506 | 0724 0.826 0.795 0712 | 0.587  0.709
ECCL' [10]  0.176 0449 0372  0.397 - - - - - - - ~ ] 0406 -
EcG MMCLY [11] 0139 0401 0342 0363 |0494 0640 0488 0252 | 0.683 0767 0629 0689 | 0369 0474
PTACL [12] 0257 0613 0505 0531 |0.872 0770 0.657 0406 |0.719 0.808 0772 0711 | 0550  0.624
CardioJEPA 0323 0702  0.604  0.606 | 0.908 0791 0.699 0.493 | 0741 0.807 0790 0.742 | 0.637  0.699
CMR CMR Target  0.661 0.960 0.954 0939 | 0528 0235 0167 0028 |0.773 0.79 0.765 0.786 | 0.951  0.182

1 ECCL released no checkpoint and uses full fine-tuning; scores are quoted from the original publication.
1 MMCL’s original publication reports fine-tuning with attention pooling; the released checkpoint is evaluated here under our linear-probing protocol.

MMCL and PTACL checkpoints under our linear-probing
protocol on the held-out split, while reporting ECCL from the
original publication because no public checkpoint is available
(full fine-tuning, marked 7).

CardioJEPA achieves the strongest overall performance
among ECG-CMR alignment methods across structural and
electrical phenotypes (Table V). Notably, the unaligned ECG-
FM initialization already exceeds all previously published
alignment methods on the four structural phenotypes. Car-
dioJEPA further increases the structural composite to S =
0.637, while retaining an ECG-unique composite close to
the pre-alignment baseline (Uecg = 0.699 versus 0.709).
Among aligned methods, CardioJEPA preserves the largest
amount of the original ECG representation, remaining closest
to ECG-FM across all four electrical phenotypes. It also
achieves the highest AUROC among aligned methods for atrial
fibrillation, cardiomyopathy, and myocardial infarction, while
the unaligned ECG-FM remains strongest for bundle branch
block. These results demonstrate that CMR-derived structural
information can be incorporated into the ECG representation
without substantially sacrificing its original electrophysiolog-
ical content.

G. Out-of-Domain External Validation

To assess whether the learned representations generalize
beyond the UK Biobank training distribution, we evaluate
CardioJEPA on two external tasks: structural heart disease
detection in EchoNext [28] and Chagas disease detection
across independent Latin American cohorts.

1) Structural heart disease detection (EchoNext): To
evaluate whether the structural cardiac information learned
through ECG-CMR alignment transfers across datasets and
patient populations, we compare CardioJEPA against the
EchoNext models [29], [30] on the EchoNext dataset [28].
EchoNext and EchoNext-mini are state-of-the-art models
for detection of structural heart disease (SHD) using ECG
waveform, demographics, and ECG-derived tabular features.
Following the EchoNext benchmark, we evaluate performance
on the primary SHD composite endpoint, which is positive if
any of 11 individual structural abnormalities are present. Both
EchoNext models are trained end-to-end for this task, whereas

TABLE VI
STRUCTURAL HEART DISEASE DETECTION (ECHONEXT [28]).
Method AUROC AUPRC
EchoNext! [29] 0.831 0.750

EchoNext-mini [30]  0.820 [0.809,0.831]  0.789 [0.772,0.804]
CardioJEPA (ours) 0.850 [0.839,0.861]  0.823 [0.809,0.839]

1 Full EchoNext model, trained on 1.2M private multicentre pairs, evaluated
on this public test split (results quoted from [29]).

our encoder is evaluated in a frozen-representation setting,
where only a linear probe is trained on top of the aligned
ECG embeddings without any SHD-specific optimization.
Despite this asymmetry, CardioJEPA exceeds both end-to-end
baselines (Table VI). Relative to EchoNext-mini, AUROC
improves from 0.820 to 0.850 and AUPRC from 0.789 to
0.823, with non-overlapping confidence intervals in both
cases. The margin also holds against the full EchoNext
model, trained on 1.2 million private multicentre pairs, which
reaches 0.831 AUROC and 0.750 AUPRC on this split:
CardioJEPA improves on it by 40.019 AUROC and +0.073
AUPRC. CardioJEPA further exceeds EchoNext-mini on 8 of
the 11 individual abnormalities, with the largest margin on
reduced ejection fraction (LVEF < 45%, 0.912 versus 0.852
AUROC). The learned ECG representation therefore captures
a broad spectrum of structural cardiac information rather than
a single dominant phenotype.

2) Chagas disease detection: Chagas disease is a parasitic
cardiomyopathy whose early, treatable stage is frequently
missed. Detecting it from the 12-lead ECG alone was the task
of the 2025 George B. Moody PhysioNet Challenge [31], and
was first approached with deep learning by Jidling et al. [32],
who trained a ResNet ensemble on the CODE and SaMi-Trop
cohorts. Chagas cardiomyopathy combines structural myocar-
dial remodeling with conduction and rhythm abnormalities,
making it an ideal setting to evaluate both components of the
learned representation. Successful transfer requires both the
structural cardiac information acquired through ECG-CMR
alignment and the electrophysiological information preserved
during alignment. We evaluate the frozen representation
using five-fold cross validation under two published protocols
(Table VII), applying the encoder fully out of distribution: it



TABLE VII
FROZEN-ENCODER TRANSFER TO CHAGAS DISEASE CLASSIFICATION.

Method AUROC Top5%-TPR
CODE-15 + SaMi-Trop + PTB-XL (2025 PhysioNet Challenge split)

Van Santvliet et al. [33] (frozen)t - 0.381 4+ 0.003
ECG-FM (init) 0.838 + 0.006 0.386 + 0.015
CardioJEPA (ours) 0.859 +£0.005 0.432 + 0.008

CODE-15 + SaMi-Trop (Jidling et al. split)

Jidling et al. [32] (end-to-end)* 0.80 -
ECG-FM (init) 0.831£0.008  0.378 £0.016
CardioJEPA (ours) 0.852+0.005 0.425 +0.012

t Frozen-backbone ablation of the challenge winners, matched to our frozen
setting. Their fine-tuned model reached 0.490 top-5% TPR (0.867 AUROC).
1 In-distribution validation AUROC; their CNN was trained end-to-end on
CODE and SaMi-Trop, whereas our encoder is applied out-of-distribution.

has never seen these Latin American cohorts or any Chagas
label during pre-training. Under the Challenge protocol, the
unaligned ECG-FM initialization already matches the frozen
configuration of the challenge-winning system [33] (top-5%
TPR 0.386 versus 0.381), confirming that large-scale ECG
pretraining alone captures much of the relevant signal. Cardio-
JEPA improves on this foundation rather than simply inheriting
it, increasing top-5% TPR to 0.432 and AUROC to 0.859; the
same pattern holds under the Jidling et al. protocol, where our
models reach an AUROC of 0.852, above the 0.80 reported for
an end-to-end CNN trained in distribution on these cohorts.
These results show that an imaging-based, disease-agnostic
ECG representation can detect an unseen disease spanning
both structural and electrophysiological abnormalities, pro-
viding direct evidence that cross-modal alignment does not
require sacrificing modality-unique information.

IV. DISCUSSION

This study introduced CardioJEPA, a framework for ECG—
CMR alignment that combines an informative CMR tar-
get representation with a predictive objective and explicit
preservation of ECG-unique information. The resulting cardiac
representation consistently outperformed previous ECG-CMR
alignment methods across structural, electrical, and diagnostic
tasks. Notably, the unaligned ECG foundation model already
exceeded all of them on structural phenotype regression (Ta-
ble V), highlighting the importance of large-scale unimodal
pre-training. This observation is consistent with the recent shift
toward large-scale self-supervised foundation models [4]-[6].
Building on this initialization, CardioJEPA further improved
structural performance while preserving the electrophysio-
logical information that gives the ECG its unique clinical
value, indicating that multimodal alignment contributes cardiac
information beyond what ECG pre-training alone provides.

The central finding of this work is that incorporating struc-
tural information from CMR does not require sacrificing ECG-
specific information. As discussed in Section II-C, contrastive
objectives are theoretically expected to compress modality-
specific information. The empirical margin is nonetheless
modest, because the bound in Eq. (3) describes the asymptotic
limit of InfoNCE: alignment against a frozen target converges
before the ECG encoder reaches minimal sufficiency, so the
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suppressive effect appears as a small difference rather than
the collapse the theory describes in the limit. Our experiments
(Table III) show that, when aligning to a frozen CMR target,
both predictive and contrastive objectives transfer a similar
amount of structural information. Their primary difference
lies in how well they preserve ECG-specific information:
predictive alignment consistently retains more, and adding the
distillation objective lifts both paradigms close to the pre-
alignment ceiling. The resulting representation approaches the
original ECG foundation model on electrophysiological phe-
notypes while simultaneously improving structural prediction,
demonstrating that preserving ECG-specific information is not
incompatible with learning imaging-derived structural repre-
sentations. These findings support the theoretical motivation
for predictive latent alignment [21], [22] in complementary
modalities, while also emphasizing that explicit preservation is
an essential component of successful ECG-CMR alignment.

Our experiments further demonstrate that the CMR tar-
get representation is equally important as it determines the
structural information available for transfer. As motivated
in Section II, alignment cannot recover information absent
from the target representation. The ablations in Table II
show this directly. A representation derived from a single
end-diastolic frame accurately captures ventricular anatomy
but poorly represents cardiac function, whereas separating
static anatomy from cardiac motion substantially improves
functional phenotypes. The proposed isolated-PCA target pre-
serves this complementary information in a compact latent
representation and, despite requiring no supervision, matches
the supervised alternative on anatomical phenotypes while
exceeding it on cardiac function. Overall, this representation
provides a compact but efficient solution to maximize the
information that is available for transfer.

Unlike previous ECG-CMR alignment methods, which
were evaluated only in-distribution [10]-[12], we showed that
CardioJEPA generalized across external datasets, downstream
tasks, and disease populations. The magnitude of improve-
ment, however, depended on the nature of the target dis-
ease. Purely electrophysiological conditions, such as bundle
branch block, derived little benefit from imaging supervision
because the relevant information is already contained within
the ECG (Table V). In contrast, diseases characterized by
structural remodeling consistently benefited from multimodal
alignment. Most notably, despite relying only on a frozen
representation and a linear probe, CardioJEPA outperformed
the end-to-end EchoNext-mini model [30] for structural heart
disease detection (Table VI). It likewise improved ECG-based
detection of Chagas cardiomyopathy relative to the frozen
configuration of the challenge-winning model [33] (Table VII),
without disease-specific fine-tuning. The finding that the same
frozen representation supports both an echo-derived structural
endpoint and a parasitic cardiomyopathy, in cohorts and pop-
ulations it was never trained on, suggests it encodes a broad
cardiac state rather than any single phenotype.

Despite the overall improvements in structural prediction,
regression performance remained lower for LVEF than for
other phenotypes such as ventricular volumes and mass. Im-
portantly, this difference was already apparent in the CMR
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target representation, which achieved an R? of 0.661 for LVEF
compared with R? > 0.93 for the anatomical phenotypes.
This suggests that the lower ECG performance is not solely
a limitation of cross-modal transfer, but also reflects how
functional information is represented in the CMR target space.
While the proposed representation incorporates differences
between end-diastolic and end-systolic states, LVEF depends
on dynamic changes throughout the cardiac cycle that may
not be fully captured by this representation. Future work could
therefore investigate richer temporal CMR representations that
explicitly model motion across the complete cardiac cycle,
potentially providing a more informative functional target for
ECG-CMR alignment.

Several limitations should be acknowledged. First, our
evaluation relies on frozen representations and linear prob-
ing. Electrophysiological information recoverable only through
nonlinear adaptation is therefore not captured, and the repre-
sentational capacity of CardioJEPA may be underestimated.
Second, the framework is limited to cine CMR and can only
transfer information present in that modality; extending the
target to sequences that capture tissue characteristics, such as
late gadolinium enhancement or parametric mapping, may fur-
ther enrich the resulting ECG representation. Finally, although
CardioJEPA generalized across multiple external datasets and
clinical tasks, prospective multicenter validation is required to
determine whether these improvements directly translate into
earlier diagnosis in clinical practice [34], [35].

V. CONCLUSION

We presented CardioJEPA, a predictive ECG-CMR align-
ment framework built on frozen cardiac foundation models.
Comparing target construction, alignment, and preservation
under one protocol shows that the CMR target and the preser-
vation term govern downstream performance, while the two
alignment objectives, under an identical target and encoder,
differ mainly in how much ECG-unique information they
retain, and in the geometry of the resulting latent space. Car-
dioJEPA outperforms published ECG-CMR alignment meth-
ods, and the predictive objective yields a more coherent
shared latent space than a matched contrastive control. The
resulting frozen representations detect structural heart dis-
ease and Chagas cardiomyopathy in external cohorts without
task-specific training, suggesting that ECG models carrying
imaging-derived structure could extend cardiac assessment
where CMR is unavailable.
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