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Abstract. Reliable evaluation remains a fundamental bottleneck in car-
diac ultrasound image generation. While diffusion and GAN-based mod-
els have demonstrated increasingly realistic synthesis of speckle pat-
terns and anatomical structures, existing metrics such as FID, KID,
and LPIPS rely on generic natural-image encoders or single-task medi-
cal backbones, which fail to capture the multi-faceted clinical informa-
tion embedded in echocardiography. In this work, we propose EchoFID,
a clinically grounded evaluation framework built upon a multi-teacher
distilled feature backbone for cardiac ultrasound generation assessment.
Our approach distills knowledge from a diverse ensemble of pretrained
expert networks spanning segmentation, prediction, and functional mea-
surement tasks. Instead of enforcing direct feature matching, we formu-
late evaluation learning as a dual decodability problem with asymmetric
alignment flows: a student encoder is trained such that its latent repre-
sentation can be reconstructed into each teacher’s feature space through
lightweight converters, with asymmetric gradient routing to resolve con-
flicting supervision. Extensive controlled experiments across variations
in generator training epochs, training data quota, and model capac-
ity demonstrate that EchoFID exhibits smoother monotonic behavior,
stronger discriminative power, and improved real-to-real compactness
compared to FID, RadFID, IS, KID, LPIPS, and other medical-specific
metrics. These results establish EchoFID as a principled and practical
benchmark for cardiac ultrasound image generation, enabling more reli-
able comparison and accelerating progress in medical generative model-
ing.

1 Introduction

Cardiac ultrasound (echocardiography) is among the most widely used imaging
modalities in routine care due to its non-invasiveness, real-time acquisition, and
ability to capture both anatomy and function. It is central to diagnosing and
monitoring cardiovascular disease, a leading cause of mortality worldwide. While
recent deep learning methods have advanced ultrasound segmentation, diagno-
sis, and functional measurement, their performance and generalization remain
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constrained by the limited availability of large-scale, diverse, well-annotated
datasets. Compared with natural images, echocardiography data are expensive
to collect, and highly variable across devices, views, and patients, motivating
generative modeling for augmentation and representation learning [11].

A key unresolved bottleneck is evaluation: Expert visual inspection is sub-
jective and non-scalable, while downstream-task evaluation depends on specific
predictive models and cannot serve as a general-purpose metric. Standard dis-
tributional measures such as FID [8] and KID [2]| rely on a single pretrained
backbone, implicitly assuming a unified feature space. However, echocardiog-
raphy encodes clinically meaningful information across heterogeneous dimen-
sions—including anatomical structure, functional morphology, and diagnostic
texture—each emphasized differently by segmentation, diagnosis, and measure-
ment models. A single-task encoder is therefore inherently incomplete, motivat-
ing a multi-perspective evaluation backbone tailored to cardiac ultrasound.

A naive solution would be to aggregate features from multiple expert net-
works. However, simple feature averaging collapses heterogeneous representa-
tions into a single mean space. Segmentation models prioritize spatial boundary
precision, and measurement networks capture scale-sensitive morphology. Av-
eraging these features blurs their distinct inductive biases. Conversely, strict
multi-task feature matching forces the student to replicate each teacher rep-
resentation simultaneously, introducing mutually incompatible constraints that
could not converge in training.

To overcome this structural conflict, we introduce a novel multi-teacher de-
codability distillation framework. Instead of enforcing feature equality, we re-
quire that each teacher representation be recoverable from the student embed-
ding through lightweight neural converters. This shifts supervision from strict
alignment to information sufficiency: the student must encode enough struc-
ture so that different teacher features can be reconstructed back through very
simple, low-parameter networks, ensuring that diverse and essential information
is preserved in the student embedding itself. To jointly train the student and
the converters, we design two complementary flows. A forward decodability flow
preserves teacher-relevant information by updating the student, while an asym-
metric alignment flow stabilizes the shared space without allowing competing
gradients to interfere with the student encoder. The resulting embedding forms
a coherent evaluation-specific feature space designed explicitly for generative
assessment.

Finally, we validate the proposed evaluation backbone using a controlled
protocol that systematically varies generator quality through early stopping,
training data constraints, and model capacity. By probing the metric under
progressively degraded conditions, we demonstrate that the distilled evaluator
produces smoother, more discriminative, and more consistent scores than tradi-
tional metrics such as FID, KID, and RadFID.
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2 Related Work

Generative Modeling in Medical Imaging. Medical image synthesis has
rapidly evolved from GAN-based frameworks [5] to diffusion models [9, 4]. In
medical domains, GANs have been applied to MRI and ultrasound synthe-
sis [6, 22|, while diffusion models increasingly dominate due to improved fi-
delity and stability [14, 12]. In echocardiography specifically, recent works explore
diffusion-based image and video generation [19, 3, 26|, demonstrating realistic
anatomical and motion synthesis. However, evaluation protocols largely inherit
natural-image metrics.

Evaluation Network for Generative Models Standard metrics such as
FID [8], KID [2], and Inception Score [21] rely on pretrained natural-image
encoders. Although widely adopted, these metrics exhibit bias and instabil-
ity on medical images. In medical imaging, some works replace natural en-
coders with radiology-trained networks or adopt task-based evaluation strate-
gies [11, 1, 16]. But they remain confined to single-task feature spaces, limiting
their applicability when distilling knowledge from multiple teachers. Multi-task
learning and conflict-aware optimization have been studied in representation
learning [13, 15, 17|, but conventional fusion strategies enforce direct feature
alignment, which can introduce supervision conflicts when tasks encode incom-
patible invariances.

3 Method

3.1 Problem Formulation and Motivation

Let z € X denote a real cardiac ultrasound image and 29 ~ p¢ a generated sam-
ple. Generative quality is typically evaluated by comparing real and generated
distributions in a learned feature space. We assume access to pretrained teacher
networks {Tk}ff:l, spanning segmentation, prediction, and functional measure-
ment tasks. Each teacher produces frozen intermediate features hy(z) € R%.

Our objective is to distill information from all teachers into a single stu-
dent encoder Sg : X — R?, which serves solely as an evaluation backbone. The
student is not optimized for any downstream task; instead, it defines a feature
space in which distributional distances between real and generated samples can
be meaningfully computed. The key challenge is therefore to construct a feature
representation that captures clinically meaningful variations in cardiac ultra-
sound while remaining stable and general-purpose.

A straightforward idea is to aggregate features from multiple pretrained ex-
pert networks and measures similarity via averaging. However, this suppresses
rare yet clinically important activations, such as subtle anatomical or pathologi-
cal patterns, leading to metrics that overlook critical but infrequent signals. Con-
versely, directly forcing a single representation to match multiple task-specific
teacher features introduces conflicting constraints: segmentation models empha-
size boundary precision, diagnostic models prioritize discriminative texture, and
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measurement models encode morphology-sensitive cues. Joint feature matching
across such heterogeneous objectives often results in unstable optimization.

To address these issues, we replace strict feature alignment with a weaker but
principled constraint: decodability. Rather than requiring exact feature equality,
we require that each expert representation can be recovered from a unified em-
bedding through a simple transformation. This preserves heterogeneous clinical
signals without imposing incompatible invariances.

3.2 Decodability-based feature fusion

The student encoder produces a latent representation s(x) = Sp(z). Rather than
enforcing s(x) to directly approximate each hy(z), we introduce a collection of
lightweight converter networks that mediate between the student and teacher
feature spaces.

For each teacher k, we define converters

Ci7t i RY - R%*, CE2¢ R* - R

These converters are intentionally small, implemented as shallow multilayer per-
ceptrons with a narrow bottleneck, so that successful reconstruction requires
the relevant information to be present in the input representation rather than
encoded in the converter parameters.

The primary constraint imposed on the student representation is that each
teacher feature must be recoverable from it through a simple converter. This is
enforced by minimizing

Lovi = ZEM[H O3 (So(a)) — ha@) 3]

where D denotes the training distribution. Gradients from this loss are propa-
gated into both the student encoder Sy and the student-to-teacher converters
C’;Z?k. Intuitively, this encourages the student to retain clinically relevant sig-
nals identified by each teacher while avoiding hard alignment to any single task-
specific inductive bias. Because the student is trained to preserve decodability
across multiple complementary teachers, anatomically inconsistent or clinically
implausible patterns cannot be supported unless they are jointly coherent across
tasks, reducing the risk of encoding semantically correct yet structurally impos-
sible features.

To stabilize the shared latent space and avoid degenerate solutions in which
converters simply overfit to the student features, we impose a complementary
constraint in the reverse direction. Specifically, we require that teacher features
can be mapped into the student space by a simple converter, but without altering
the student representation itself. This is achieved by minimizing

Lo = ZEM [l1CE* (ha(@)) = se(Sa(@))]3]
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where sg(-) denotes the stop-gradient operator. Gradients from this loss update
only the teacher-to-student converters ¢y, while the student encoder remains
fixed. This asymmetric gradient routing is critical: it allows each converter to
align teacher features to the student space, while preventing conflicting teacher
objectives from directly perturbing the student representation.

Together, these two losses enforce a complementary decodability constraint
through asymmetric optimization flows. The student representation must be suf-
ficiently expressive to reconstruct all teacher features through simple decoders,
and teacher features must admit a low-complexity projection into the student
space. Importantly, the student is never required to satisfy mutually contra-
dictory feature equalities, resolving the optimization conflicts inherent in direct
multi-teacher supervision.

3.3 Training and EchoFID

The overall objective is
L= Es%t + )\Etﬁsa

where the first term enforces forward decodability and the second stabilizes the
shared latent space via asymmetric alignment.

After training, the student encoder defines a fixed embedding z(z). We com-
pute a Fréchet-style distributional distance between real and generated sets,
denoted DIS(T,G), and estimate intrinsic real-data variability as

1
Aveat = 5 > DIS(T, R;).
J

The final evaluation metric, EchoFID, is then defined as
EchoFID(G) = DIS(T,G) — Areal-
This margin measures how far generated samples deviate from the real man-

ifold beyond intrinsic variability, yielding a geometrically calibrated evaluation
score.

4 Experimental Setting

4.1 Datasets and Splits

All experiments are conducted on a mixture of private echocardiography studies
and the public EchoNet-Dynamic dataset [18]. We randomly split the dataset
at the video level, reserving 20% as a held-out test set for all distributional
evaluations. All metrics are computed against this fixed real test set.
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4.2 Controlling Generation Quality

To systematically probe metric sensitivity, we control generation quality along
three axes: (i) generator training epochs, (ii) generator model capacity, and (iii)
generator training data scale. Generators are trained for increasing numbers of
epochs to produce progressively refined samples, while model capacity is var-
ied through parameter count to obtain generators of different representational
strength. In addition, generators are trained under data quotas of 20%, 40%,
60%, 80%, and 100%. Empirically, smaller models, limited training data, and
shorter training schedules consistently yield lower anatomical fidelity and re-
duced diversity, thereby forming a controlled spectrum of generation quality. For
each configuration, a fixed number of generated samples is compared against the
same held-out real test set.

4.3 Distillation Teachers and Student Backbone

For multi-teacher distillation, we use 15 pretrained cardiac ultrasound models
spanning segmentation and functional measurement tasks. These include 6 state-
of-the-art segmentation networks trained for chamber delineation [7, 10, 25, 23,
24, 27], and 9 networks for regression models for ejection fraction and structural
measurements [20]. All teacher networks remain frozen during training.

The student evaluation backbone is using a standard Inception-V3 network
with output embedding dimension d = 2048. Converter modules are lightweight
two-layer MLPs which transfer the teacher embedding size to that of the student.
All student variants share the same architecture and training recipe to ensure
fair comparison across ablations.

5 Experimental Results and Analysis

Table 1 and Fig. 1 compares EchoFID with conventional metrics across three
controlled factors: training epochs, training data quota, and generator type.
As generator training increases from 20 to 320 epochs, image quality improves
progressively. While FID and RadFID generally decrease, their trajectories are
irregular; for example, RadFID degrades at 160 epochs and KID fluctuates de-
spite visible quality gains. EchoFID instead decreases consistently from 165.22 to
11.86, forming a smooth curve aligned with progressive anatomical refinement,
indicating higher sensitivity to incremental structural improvements.

When reducing the training data quota, generation quality deteriorates due
to blurred anatomy and reduced diversity. EchoFID responds monotonically from
43.22 at 20% data to 11.86 at 100%, clearly separating intermediate regimes. In
contrast, FID and RadFID show weaker separation, and LPIPS and ASW exhibit
erratic trends, suggesting lower robustness under data scarcity. Across generator
architectures, from GAN to increasingly large diffusion models, EchoFID de-
creases smoothly and preserves correct ranking, reaching 11.86 for the strongest
model. Several baseline metrics fail to maintain consistent ordering or saturate at
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Table 1. Quantitative comparison of EchoFID with existing evaluation metrics under
controlled variations of training epochs, training data quota, and generator model size.
Red values indicate violations of expected monotonic behavior.

Model ‘ FID RadFID IS KID % LPIPS ASW FPD MAID RS CMMD‘EchoFID
On training epochs

20 epochs 156.73 113.32 1.1 93.0 2284 -0.52 77.8 529 1458 3.7 165.22
40 epochs 144.63 108.21 1.7 86.7 176.5 -0.13 84.6 41.6 116.5 2.1 125.42
80 epochs 11890 72.22 1.6 37.8 128.0 048 355 44.3 81.7 1.1 84.53
160 epochs 45.6  80.71 2.6 41.2 68.2 0.40 46.2 21.3 21.0 0.6 42.13
320 epochs 27.9 2311 24 10.8 16.8 052 37.5 14.7 157 0.8 11.86
Training Data Quota

20 % 11245 4125 1.7 718 140.2 -0.58 64.5 48.9 88.7 3.5 43.22
40 % 109.67 2941 1.5 65.7 1109 -0.26 61.0 44.1 458 1.4 28.19
60 % 40.43 2521 1.8 41.2 62.8 0.22 43.3 34.8 55.0 0.6 21.75
80 % 62.88 22.68 2.2 46.9 14.1 0.63 328 20.1 329 0.9 19.44
100 % 27.9 23.11 24 108 16.8 0.52 375 14.7 15.7 0.8 11.86
Generation Models

GAN 133.78 67.13 1.5 96.6 1349 -0.26 56.3 49.8 87.8 2.5 48.46
Diffusion (36M) |126.65 26.78 1.7 89.3 87.5 0.35 522 51.2 56.9 2.1 25.77
Diffusion (95M) | 68.74 29.41 24 564 54.3 047 46.9 442 31.8 1.3 23.20
Diffusion (144M)| 72.31  25.21 2.8 56.1 65.5 0.64 385 238 21.9 0.7 22.11
Diffusion (328M)| 42.28  26.25 2.6 28.2 15.6 0.49 321 26.7 24.2 1.2 21.15
Diffusion (676M)| 27.9  21.11 2.4 10.8 16.8 0.58 37.5 14.7 157 0.8 11.86
Real 31.26 2823 2.1 8.1 9.7 062 350 16.0 84 0.5 7.44

higher quality levels. Finally, real-to-real comparisons yield a compact EchoFID
value of 7.44, establishing a stable lower bound. Some baseline metrics pro-
duce inflated real-to-real distances, reflecting domain mismatch between their
pretrained encoders and ultrasound data. Together, these results indicate that
EchoFID constructs a calibrated and clinically aligned feature space rather than
merely minimizing absolute distances.

5.1 Ablation study

Table 2 analyzes the contribution of each component under a fixed high-quality
generator. A reliable evaluation metric should produce a compact real-data man-
ifold and maintain a clear separation between real-real and real-generated dis-
tances.

The full EchoFID model satisfies this criterion, with a real-generated distance
of 11.86 and a real-real distance of 7.44, indicating compactness and stable dis-
criminative power. Removing the teacher—student alignment term or replacing
asymmetric routing with symmetric updates breaks this calibration: the real
manifold becomes overly dispersed (e.g., 43.33 vs. 24.91), and separation reli-
ability deteriorates due to conflicting supervision. Direct multi-teacher feature
matching and naive feature averaging further collapse the metric’s calibration, as
real-real and real-generated distances become nearly identical (31.76 vs. 31.84
and 33.15 vs. 32.62), eliminating meaningful separation. Restricting supervision
to a single task preserves inequality but weakens the separation gap, indicating
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Table 2. Ablation study of EchoFID. Lower values indicate better generation quality
for that evaluation.

Model Variant ‘generatedi real|
Full Model (EchoFID) 11.86 7.44
w/o Teacher—Student Alignment (L;—s) 21.58 23.47
w/ Symmetric Gradient Routing (no stop-grad) 24.91 43.33
Direct Multi-Teacher Feature Matching 31.84 31.76
Naive Feature Averaging (No Distillation) 32.62 33.15
Segmentation-Only Teachers 19.47 18.28
Measurement-Only Teachers 22.63 22.94

20 epochs 40 epochs 80 epochs 160 epochs 320 epochs
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Fig. 1. Visual comparison of generated cardiac ultrasound images under increasing
training epochs, data quota, and model capacity, with corresponding RadFID and
EchoFID scores. EchoFID decreases consistently with perceptual quality improvements,
while RadFID shows erratic behavior (red).

incomplete structural coverage. Overall, these results show that EchoFID’s com-
ponents collectively enforce compact real embeddings and stable real-generated
separation, rather than merely reducing absolute distances.

6 Conclusion

We proposed EchoFID, a clinically grounded evaluation backbone for cardiac
ultrasound generation. The method distills knowledge from multiple pretrained
expert networks, covering segmentation and measurement into a unified stu-
dent encoder via a decodability-based multi-teacher distillation framework with
lightweight converters and asymmetric gradient routing. Extensive controlled ex-
periments and ablation studies demonstrate that EchoFID yields smoother, more
discriminative, and better-calibrated behavior than conventional metrics such as
FID and RadFID. EchoFID provides a more reliable and principled foundation
for evaluating generative models in cardiac ultrasound.
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