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Abstract. Echocardiography (echo) is a widely used imaging modal-
ity for assessing cardiac function, with Left Ventricular Filling Pressure
(LVFP) serving as a critical physiological marker for conditions such
as heart failure. Standard LVFP classification into normal ws. elevated
categories relies on the Doppler-derived E/e’ ratio, which is operator-
dependent and often unavailable in resource-limited settings, motivat-
ing methods that infer LVFP directly from B-mode echo. Existing deep
learning approaches achieve high performance but remain largely black-
box, limiting clinical interpretability. We propose HypOProto, a hyper-
bolic, ordinal prototype-based framework for interpretable LVFP clas-
sification using a frozen, explainable foundation model backbone. Hy-
pOProto arranges prototypes along the physiological E/e’ scale, placing
borderline cases near the hyperboloid root where small angular differ-
ences separate similar cases, while normal and elevated cases occupy
outward positions reflecting increasing diagnostic certainty. This hyper-
bolic geometry encodes clinically meaningful ordinal relationships and
improves interpretability. We also introduce a novel Hyperbolic Proto-
type Angular Separation (HyperPAS) loss, enforcing inter-class proto-
type separation in hyperbolic space. HypOProto achieves SOTA perfor-
mance while maintaining transparency, and highlights clinically relevant
regions in visualizations. This work represents the first prototype-based
framework for LVFP classification in echo. Our code can be found at
https://github.com/DeepRCL/HypOProto.

Keywords: Prototypical Neural Networks - Hyperbolic embedding space
- Ordinal learning - Echocardiography.

1 Introduction

Echocardiography (echo) is the most widely used imaging modality for evalu-
ating cardiac function due to its non-invasive nature, portability, and ability
to visualize the heart in real time. Beyond anatomical assessment, echo pro-
vides functional information that is critical for diagnosing diastolic dysfunction.
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Among these functional markers, Left Ventricular Filling Pressure (LVFP) is a
primary indicator across various cardiac pathologies including heart failure [2].
Accurate estimation of LVFP is therefore essential in both clinical and research
settings, as it directly informs diagnosis, prognosis, and treatment planning. In
clinical practice, LVFP is typically estimated using Doppler echocardiography,
particularly through the ratio of mitral inflow velocity (E) to the early diastolic
mitral annular velocity (e’). This E /e’ ratio is then typically used to classify pa-
tients as having normal or elevated LVFP [2]. While effective, the measurement
is highly operator-dependent, sensitive to image quality and acquisition angle,
and often unavailable in resource-limited or point-of-care settings [I3]. These
limitations motivate the exploration of inferring LVFP directly from B-mode
echo images, which are more consistent and widely accessible.

Despite a growing number of works on using deep learning (DL) for B-mode
echo analysis, there are currently no methods explicitly targeting LVFP estima-
tion. The feasibility of this task has been indirectly demonstrated by Akerman et
al. [1], who successfully diagnosed heart failure with preserved ejection fraction
(HFpEF) from apical four-chamber (A4C) videos alone. Given that LVFP is the
primary physiological signal for HFpEF, this result implies that B-mode echo
encodes sufficient information for learning LVFP.

Most prior DL approaches in echocardiography are black-box models that
achieve high performance but limited transparency, which hinders clinical adop-
tion. Prototype-based networks offer an explainable AI (XAI) alternative by
providing case-based reasoning in cardiac imaging [BUI5]. However, these inter-
pretable methods have not been applied to LVFP estimation.

A further challenge in scaling DL to large echo datasets is the reliance on fully
supervised, end-to-end training, which proves impractical given limited labeled
data. EchoPrime [I8] addressed this by providing robust foundation model repre-
sentations through self-supervised pretraining on large-scale echo data. However,
its pooling architecture remains black-box and limits explainability.

Recent works have demonstrated that hyperbolic geometry improves per-
formance in medical image classification by embedding naturally hierarchical
relationships [6JT0/T6]. In hyperbolic space, there is a characteristic training ten-
dency in which more ambiguous samples remain closer to the manifold origin
(root), while more distinctive and class-specific patterns move outward along
curved branches toward the boundary, preserving semantic hierarchical struc-
ture without Euclidean distortions [9JIT]. This radial encoding of ambiguity has
been explored in prior hyperbolic contrastive and metric learning methods [4l7].
This behavior is well suited to LVFP classification. Although typically framed as
a binary task (normal vs. elevated), LVFP is inherently ordinal, governed by the
continuous E/e’ ratio with a clinical threshold at 14. Cases near this boundary
are often more ambiguous, and many elevated studies cluster just above the cut-
off, making them particularly difficult to distinguish. Placing these cases closer to
the hyperbolic root allows the model to allocate more angular capacity for sepa-
rating subtle directional differences. This design differs from existing hyperbolic
prototype approaches: Busemann-style classification [4] positions prototypes at
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Fig. 1. a) Method overview: Videos are encoded with DINOv3 to obtain patch features,
then passed to an E/e’ prediction head, which determines the hyperbolic radius for
exponential mapping. Resulting embeddings are compared with hyperbolic prototypes
for classification. b) Ordinal structure of the hyperbolic space: cases near the diagnostic
threshold lie close to the root, while more confidently normal and elevated cases are
positioned farther away.

the ideal boundary with implicitly learned radii, while other works [I6/I7] learn
prototype positions without external supervision. In contrast, we explicitly an-
chor radii to E/¢’, enforcing alignment with the clinical threshold and encoding
ordinal severity by design.

We propose HypOProto, a hyperbolic, ordinal prototype-based framework
for interpretable LVFP classification from B-mode echo using a frozen, explain-
able patch-based foundation model backbone. HypOProto arranges prototypes
ordinally along the physiological E /e’ scale, placing borderline and difficult cases
where E/e’ ~ 14 near the hyperboloid root, where small angular differences
capture subtle distinctions, while clearly normal cases and cases with very high
E /e’ move outward with increasing diagnostic certainty (Figure ) This geom-
etry encodes clinically meaningful ordinal structure and improves interpretabil-
ity. Our key contributions are: (1) the first prototype-based echocardiography
framework with a frozen foundation-model backbone and the first interpretable
model for LVFP classification, (2) a hyperbolic ordinality mechanism that orga-
nizes prototypes according to the E/e’ scale to better handle ambiguous cases,
and (3) a novel Hyperbolic Prototype Angular Separation (HyperPAS) loss that
promotes discriminative prototype directions in hyperbolic space.

2 Method

Our goal is to classify LVFP by comparing visual features with a fixed set of
learnable prototypes (Figure ) This is an inherently ordinal task and to cap-
ture this structure, both features and prototypes are projected into hyperbolic
space, where radial distance from the origin reflects proximity to the clinical cut-
off. Each prototype has a class label and a learnable E /e’ value for hyperbolic
projection, and all prototypes are jointly optimized with the feature embeddings.
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Feature Extraction. Unlike prior prototypical approaches that train the back-
bone end-to-end [BII5IIE], we use a frozen pretrained DINOv3 encoder [14]
trained on 10,000 multi-view echo studies to generate clip-level embeddings,
without any task-specific exposure to LVFP during pretraining. For a video
x € RToxHoxWox3 the extractor outputs F' € RT*HXWXD “computed once and
fixed during training. This design eliminates the computational cost of backbone
optimization. We then apply spatiotemporal attention over the embeddings to
identify k salient regions of interest (ROIs), A, that guide prototype assign-
ment. The attended representations are obtained via the element-wise product
Z = A ® F. Additional details on the feature extraction pipeline can be found
in [I5].

Hyperbolic Ordinality Projection. To capture the inherent ordinality of
LVFP, we project features into a Lorentzian hyperbolic space where the ra-
dial distance from the origin reflects proximity to the clinical E/e’ cutoff [12].
Borderline cases lie near the root of the hyperboloid, while clearly normal or
elevated cases are mapped farther away, enabling the model to encode severity
information directly in the feature geometry.

We use a lightweight prediction head to estimate a scalar E corresponding
to the E /e’ value. This estimate is converted to a hyperbolic radius r using a
smooth distance function centered at the clinical cutoff:

ay/(E —14)2 + €2

T = T'min + (Tmax - Tmin) tanh r ) (1)
max

where rin > 0 ensures numerical stability, r7na.x bounds the radius, o controls
growth away from the decision boundary, and € is a smoothing factor that pre-
serves gradients near the cutoff.
Following [3], we represent each Euclidean representation Z in the Lorentz
hyperboloid as:
H(Z) = [Zspace; Ztime]‘ (2)

Features are lifted to the hyperboloid using an exponential map at the origin
with the learned radius r that encodes ordinal information based on the predicted
E/¢e’ value (Eq. . Let u = ﬁ denote the unit vector in the direction of Z.
The hyperbolic space components are then

sinh(y/cr) /
Zspace = T u, Ztime = 1/0 + ||Zspace||§a (3>

where c is the hyperboloid curvature. This preserves angular information from
the Euclidean features while encoding ordinality through the radial coordinate.

Prototype Classification. Along with the feature representations Z, each
prototype P is projected to the Lorentz hyperboloid using the same procedure,
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with the radius determined from the prototype’s E/e’ value. For a given sam-
ple, we compute pairwise geodesic distances between its hyperbolic embeddings
H(Z}) and all prototype embeddings { H(Px)}_, based on the Lorentzian inner
product:

d(H(Z), H(P,)) = \% axceosh ( — ¢ (H(Zy), H(P)c ). )
These distances are then converted to similarities, which allows the model to
perform classification by directly comparing sample embeddings to prototypes
while respecting the ordinal structure encoded in hyperbolic space.

Prototypes are periodically projected onto the nearest training features in
hyperbolic space. Specifically, each prototype embedding is replaced by the hy-
perbolic representation of the closest sample belonging to the same class and
with an F/e’ value within a tolerance A; of the prototype’s current value. This
enables direct visualization while preserving the hyperbolic structure.

Hyperbolic Optimization Objectives. Our training objective combines com-
plementary losses to promote accurate classification, structured prototypes, and
coherent attention. We use cross-entropy for classification, hyperbolic prototype
cluster and separation losses, and standard ¢; and transformation-consistency
regularization (see [I7] for details). We also apply a mean absolute error (MAE)
loss to the predicted E /e’ values.

In addition, we introduce a novel Hyperbolic Prototype Angular Separation
(HyperPAS) loss, adapted from [5]. This loss encourages prototypes of the same
class to align in similar directions while pushing prototypes of different classes
apart. Specifically, prototypes P; are log-mapped to the tangent space at the
origin and normalized. For each prototype, an InfoNCE-style angular objective
separates same-class from different-class prototypes:

2 jept €XP (Sim(éi’ﬁj))
ZjeP;f exp (Sim(iivﬁj)) + ZkeP; exp (Sim(lj_i,ﬁk)

where 7 is a temperature hyperparameter, ’P;r denotes same-class prototypes,
and P, denotes different-class prototypes.
The overall loss is averaged over all prototypes:

L; = —log

G
)

L
LHyperPAS = e Z L;. (6)

=1

This formulation promotes inter-class separation while preserving class-specific
directions in hyperbolic space.
The final training objective is a weighted combination of all terms:

L= »CCE + )\1541 + )\2£trans + )\S»CMAE + /\4£Cls/sepn + )\5£HyperPAS; (7)

where A1, ..., A5 are hyperparameters controlling the weight of each term.
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3 Experiments and Results

3.1 Dataset and Implementation

We evaluate our method on AP4 videos from a private echo dataset collected
with institutional approval from a tertiary care center. In total, the dataset
contains 141,086 unique cines from 32,818 studies. LVFP labels were derived
from clinical text reports, yielding a class distribution of 85% normal and 15%
elevated. Data were split at the study level into training, validation, and test
sets using a 70:15:15 ratio to prevent patient-level leakage.

Experiments use fixed-length 32-frame video clips (~one cardiac cycle) with
precomputed, frozen DINOv3 features of size 16 x 14 x 14 x 512 [14]. We employ
10 prototypes per class, with initial F /e’ values uniformly distributed between 1
and 25. Optimization runs for 31 epochs with batch size 32, using a learning rate
of 1 x 1073 for the E/e’ head and 1 x 10~* for all other parameters. Training
uses class-balanced sampling, and loss weights largely follow ProtoASNet [I5],
with additional weights of 0.2 for Lyag and 0.1 for Luyperpas-

3.2 Evaluation

Quantitative Results. Tables[I] and [2] summarize quantitative results at cine-
and study-levels. As the dataset exhibits significant class imbalance, we report
balanced accuracy rather than standard accuracy to ensure that performance
on minority classes is not obscured by majority-class dominance. We compare
HypOProto against four baselines: EchoPrime + MLP [I§], a linear classifier on
frozen EchoPrime embeddings; DINO + MLP [14], a linear classifier on frozen
DINO embeddings; Proto + DINO [14/15], a Euclidean prototypical network
using the same DINO embeddings; and our implementation of the fully trained
closed-source Akerman et al. [I] model (denoted “E2E” in the tables, as it is
trained end-to-end from scratch rather than fine-tuned from a foundation model,
requiring substantially greater training time).

At the cine level, HypOProto achieves the best performance across all base-
lines. The most notable improvement is in the elevated LVFP class (F1 0.63),
indicating that the hyperbolic ordinal formulation better handles elevated cases,
which tend to be closer to the diagnostic boundary.

At the study level, computed as the mean of the softmax probabilities from
cine-level logits, HypOProto attains the best mean and class-wise F1 for normal
and elevated LVFP. While EchoPrime achieves the highest balanced accuracy,
it lacks intrinsic interpretability. It also surpasses the Akerman et al.[I] model,
while requiring substantially less training effort due to frozen features.

Qualitative Results. Qualitative visualizations (Figure [2)) support that the
model learns clinically meaningful and consistent representations. Prototype ac-
tivation maps (a) show concentrated attention around the mitral valve inflow
region, demonstrating anatomically aligned and physiologically grounded expla-
nations. In the CoSNE projection (center-top) [8], most elevated prototypes lie
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Table 1. Cine-level (N = 21,120) balanced accuracy and F1 scores reported on the test
set. Results are reported as mean (stdev) over three runs, with best results in bold.

Cine-level
Method bACCT  Avg F1 4 Normal F11 Elevated F1 |20 XAT

EchoPrime+ MLP [18]] 80.02(0.19) 0.70(0.01) 0.87(0.01)  0.54(0.01)

) ( X | X
DINO-++MLP [14] 76.13(0.20) 0.67(0.01) 0.84(0.01)  0.50(0.01) | X | X
Proto+DINO [I4IT5] | 79.45(0.46) 0.72(0.00) 0.88(0.01)  0.56(0.01) | X | v
Akerman et al. [] 79.65(0.53) 0.71(0.01) 0.87(0.01)  0.56(0.01) | v | X
HypOProto (Ours)  |82.57(0.43) 0.76(0.01) 0.91(0.01) 0.63(0.02) | X | v

Table 2. Study-level (N = 4,894) balanced accuracy and F1 scores reported on the
test set. Results are reported as mean (stdev) over three runs, with best results in bold.

Study-level
bACCYT Avg F1 1 Normal F171 Elevated F1 1

EchoPrime  MLP [18][84.33(0.40) 0.75(0.01) 0.88(0.01)  0.61(0.01)
DINO-+ MLP [I4] 80.70(0.24) 0.73(0.02) 0.88(0.02)  0.58(0.02)
Proto + DINO [I4I15] | 81.49(0.02) 0.76(0.00) 0.90(0.00)  0.61(0.00)
Akerman et al. [1] 82.60(0.58) 0.75(0.01) 0.89(0.01)  0.61(0.01)
HypOProto (Ours) 83.97(0.15) 0.79(0.01) 0.91(0.01) 0.66(0.01)

Method E2E|XAI

X N X X X
N % N X %

closer to the hyperbolic root while normal prototypes extend farther along the
manifold. This reflects the dataset distribution where elevated studies cluster
near the diagnostic threshold with a mean E/e’ of 17, while normal studies lie
farther below it with a mean of 8, making the elevated group harder to sepa-
rate. The normal prototypes closer to the root correspond to borderline normal
cases, while a few elevated prototypes farther out represent more extreme el-
evated pathology, demonstrating that the geometry captures the full ordinal
spectrum rather than enforcing a rigid binary split. In contrast, the CoSNE em-
bedding without F/e’-based ordinality (center-bottom) shows substantial mix-
ing between normal and elevated prototypes, resulting in a less interpretable and
separable representation. The hyperboloid plot (right) shows that both videos
and prototypes are positioned along the manifold according to the predicted
E/e’ value that determines hyperbolic distance from the root. The color map
reflects the ground-truth E/e’, and its smooth alignment with radial position in-
dicates that the prediction head preserves the correct ordinal ordering. Notably,
the dataset contains substantially more normal than elevated studies, with most
normal cases far from the threshold and elevated cases clustered near it. The hy-
perbolic formulation accommodates this imbalance by allocating greater angular
separation near the root, where borderline and mildly elevated cases concentrate.

Ablation Study. The ablation results show that incorporating hyperbolic or-
dinality and the HyperPAS loss improves prototype quality while maintain-
ing competitive performance. The full model achieves the best average F1 and
second-best balanced accuracy at the study level, indicating a strong balance be-
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Fig. 2. a) Visualizations of learned prototypes. b) CoSNE plot of HypOProto (top)
vs. without radially enforced ordinality (bottom). ¢) Hyperboloid projections of videos
and prototypes, colored by ground-truth E/e’ to illustrate preserved ordinal structure.

Table 3. Study-level ablation on the validation set (N = 4,922). Results are reported
over three runs, with the best performance in bold and the second best underlined.
Each experiment removes key hyperbolic and loss components of the proposed model.

Study-level

Method bACC + Avg F1 + Sparsity | Diversity 1
Proto+DINO | 82.05(0.77) 0.75(0.01) | 0.68(0.02) 0.97(0.03)
w/oOrd | 83.31(1.53) 0.78(0.02)|0.53(0.09) 0.52(0.16)
w/0 Luyperpas |84.04(0.52) 0.77(0.01) | 0.63(0.01) 0.63(0.03)
All parts (ours)| 83.89(0.19) 0.78(0.01)| 0.61(0.01) 0.70(0.09)

tween sensitivity and overall classification performance. Removing the ordinality
component eliminates the predicted E/e’ regression head; instead, features are
projected to the hyperboloid using the norm of Z to determine the radius, fol-
lowing the strategy used in [I6]. This slightly decreases balanced accuracy and
prototype diversity, and removes the clinically grounded interpretation of the
radial dimension, decoupling hyperbolic geometry from severity information. As
a result, the embedding space becomes less structured, as shown in Fig. [2] (cen-
ter). Omitting Luyperpas yields slightly increased balanced accuracy but pro-
duces less sparse and more redundant prototypes. HyperPAS primarily acts as
a prototype organization regularizer rather than a pure performance enhancer:
it promotes directional diversity in the tangent space, yielding sparser and more
interpretable prototypes even though classification gains are modest. Compared
with the Euclidean Proto+DINO baseline, all hyperbolic variants improve clas-
sification metrics. Overall, the proposed formulation attains top-tier predictive
performance while consistently promoting sparser and more diverse prototypes.
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3.3 Discussion

Failure Analysis. We stratified a subset of 18,677 test videos by whether
the LVFP label agreed with the ground-truth E/e’ threshold of 14. Concordant
cases, where both signals aligned, achieved high accuracy (87.9% for normal with
E/e’ < 14, n1=16,079; 83.3% for elevated with E/e’ > 14, n=2,062). Discordant
cases performed substantially worse (59.7% for elevated with E/e’ < 14, n=362;
31.6% for normal with E/e’ > 14, n=174). These cases likely reflect label noise
or patients whose physiology deviates from standard guidelines.

Conclusion. To address the challenges of interpretable LVFP classification from
echo, we proposed HypOProto, a hyperbolic, ordinal prototype-based framework
built on a frozen, explainable patch-based foundation model. By arranging pro-
totypes along the physiological E/e’ scale, the model encodes clinically mean-
ingful ordinal structure, placing borderline cases near the hyperboloid root and
clearly normal or elevated cases outward to reflect diagnostic certainty. Addi-
tionally, visualizations highlight anatomically relevant regions. Future work will
focus on these cases and explore a third, indeterminate class—not present in
this dataset—to capture patients who are neither normal nor elevated due to
diverse physiological factors, and will further evaluate the framework on public
echo datasets as they become more readily available.
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