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Abstract. Prenatal screening for congenital heart disease (CHD) is
challenged by rare pathology, heterogeneous data, uneven modality con-
tributions, and frequent missing measurements. We propose a unified
asymmetric-similarity methodology: a single Tversky prototype-comparison
principle applied independently to structured clinical data and to medical
imaging, rather than a fused multimodal model. For clinical data, a com-
posite loss combining Tversky-prototype attraction, Tversky-contrastive
separation, and entropy-regularised soft assignment learns embeddings
capturing graded diagnostic similarity under severe class imbalance. For
imaging, similarity fields classify by comparing frozen encoder features
to learned prototypes via asymmetric Tversky measures, defining class
membership through fiber inclusion in the similarity geometry. On the
CARDIUM dataset (7.19% CHD prevalence), our schema-aware Tver-
sky loss raises F1 from 0.294 to 0.562 with perfect recall using only
clinical data, while similarity fields improve F1 by 2-4× over identi-
cal frozen backbones. On thyroid nodule classification (Stanford AIMI
TUC), hypergraph Tversky embeddings achieve AUC 0.81 from rela-
tional TI-RADS features alone. By replacing symmetric distances with
asymmetric prototype comparisons, the framework offers a principled
solution for learning under class imbalance, and missing data. Code is
available at https://github.com/ividja/tversky-fibers.

Keywords: Ultrasound screening · Class imbalance · Similarity fields.

1 Introduction

Congenital heart disease (CHD) is the most common birth defect, affecting ap-
proximately 1 % of live births [6], yet prenatal detection rates remain highly
variable, ranging from 30 % in routine obstetric screening to around 90 % with
specialised fetal echocardiography [3,1]. This gap reflects challenges of ultra-
sound screening: image quality varies with operator, fetal position, and mater-
nal habitus; the pathology is rare even in referred populations (∼7 %) [3]; and
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decisions must integrate imaging with often-incomplete maternal risk factors.
Such settings expose a limitation of standard objectives: binary cross-entropy
and symmetric distances treat all errors equally, yet a missed CHD case is far
costlier than a false alarm, while excessive false positives still burden limited
resources through unnecessary referrals. Moreover, comparing a rare pathology
to a common normal is not the same as the reverse: similarity is inherently
asymmetric [20].

Tversky’s contrast model formalises this: similarity weighs shared against
distinctive features, so S(A,B) ̸= S(B,A) in general [20,21], giving explicit
control over missed versus spurious features and thus over the precision-recall
trade-off [15,14,2]. Whereas Tversky losses have served image-space segmenta-
tion [15,23], we apply asymmetric similarity in latent space to shape embeddings
and prototype comparisons. Prototype-based classification [16] is a natural ve-
hicle: the model learns what a class looks like and classifies by similarity rather
than a discriminative boundary. Unlike prototypical networks using symmetric
Euclidean or cosine distances, we use asymmetric Tversky similarity for proto-
types in both structured clinical data and imaging. Our contributions are:
1. Tversky similarity for clinical data embeddings. A composite loss com-

bining bidirectional Tversky-prototype attraction, Tversky-contrastive sep-
aration, and entropy-regularised soft prototype assignment that learns em-
beddings robust to class imbalance and missing data. We introduce schema-
aware and hypergraph encoders tailored to independent and relational clin-
ical variables, respectively.

2. Similarity fields for image classification. We formalise image-level and
patient-level classification through similarity fields [11]: frozen encoder fea-
tures are compared to learned prototypes via an asymmetric Tversky func-
tion, with class membership defined as inclusion in the resulting similarity
fiber. This requires no fine-tuning of the image encoder, enabling plug-and-
play use of any pretrained backbone.

Related Work. Prototype-based learning from few-shot metric learning [16]
is widely used in medical segmentation, with prototypes refined via contrastive
or clustering strategies [17,19,7,8]. The Tversky index generalises Dice and Jac-
card by asymmetrically weighting false positives and negatives [15], and differ-
entiable layers enable end-to-end similarity learning [4]. Unlike prior Tversky
use on segmentation masks or image-feature contrastive objectives [15,23], we
operate in latent space with learned prototypes, bidirectional asymmetry, and
explicit margins, for both clinical data and frozen image features. Foundation
models (DINOv2 [12], BiomedCLIP [25], CLIP [13]) supply rich features without
fine-tuning, which our similarity fields exploit directly for rare-disease settings.

2 Method

2.1 Tversky Similarity for Clinical Data

Encoders. Clinical data here are structured tabular features (numeric, ordi-
nal, categorical); patient features x ∈ Rd follow a schema encoding types, valid
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ranges, ordinal orderings, and logical dependencies. We propose two encoder ar-
chitectures matched to data structure. (1) A schema-aware encoder for indepen-
dent clinical parameters (e.g., maternal age, blood pressure, BMI) normalises
numeric features as x̃i = (xi − µi)/σi and penalises out-of-range deviations
via P = 1

d

∑d
i=1 wi[max(0, xi−xmax

i ) + max(0, xmin
i −xi)]. Temporal or repeated

measurements (e.g., gestational age) x ∈ RT×d are embedded and pooled as
h =

∑T
t=1 fclin(x̃t), where fclin : Rd → RD maps heterogeneous features into a

D-dimensional embedding space. (2) A hypergraph encoder for relational or in-
terdependent features (e.g., TI-RADS composition, echogenicity, and margins)
embeds each variable via a feed-forward network with type embedding, prepends
a patient token, and processes the sequence with a transformer to capture higher-
order interactions, with a feed-forward fallback encoder for patients with few
valid features.
Composite Tversky loss. Let {pk}Kk=1 ⊂ RD be learnable class prototypes.
The asymmetric Tversky similarity Sα(a, b) is the Eq. 3 kernel on sigmoid-
mapped embeddings h, p ∈ (0, 1)D; its weights α, β are fixed (with β > α to
prioritise recall), and only the projector and prototypes {pk} are learned. We
define a bidirectional operator controlled by η ∈ [0, 1]: Sη

α(h, p) = η Sα(h, p) +
(1−η)Sα(p, h).
Tversky-Prototype loss LProto. Soft assignment weights wik = exp(Sα(hi, pk)
/τ)

/∑
j exp(Sα(hi, pj)/τ) distribute each positive embedding hi across proto-

types with temperature τ . The loss attracts positive embeddings to their assigned
prototypes, repels negatives beyond margin m, and regularises assignment en-
tropy:

LProto =
1

N+

∑
i∈P

(
1−

∑
k wik Sη

α(hi, pk)
)

︸ ︷︷ ︸
positive attraction

+
1

N−

∑
i∈N

max
k

(
Sα(hi, pk)−m

)
+︸ ︷︷ ︸

negative repulsion

− λent

N+

∑
i∈P

∑
k wik logwik︸ ︷︷ ︸

entropy reg.

,

(1)

where P,N denote positive and negative sets of size N+, N−.
Tversky-Contrastive loss LContr enforces intra-class cohesion and inter-class
separation directly between embeddings:

LContr =
1(
N+

2

) ∑
i,j∈P
i<j

(
1− Sη

α(hi, hj)
)

+
2

N+N−

∑
i∈P
j∈N

(
Sα(hi, hj)−m

)
+
. (2)

Cosine contrastive loss LCos. A standard cosine-similarity contrastive term
provides symmetric regularisation and can be scaled by class prevalence for im-
balanced datasets. The full training objective (Fig. 1) combines three terms as
L = γ1LProto + γ2LContr + γ3LCos.
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Fig. 1: Tversky Similarity for Clinical Data. Composite loss: LProto aligns
embeddings to prototypes (bidirectional Tversky, soft assignment); LContr en-
forces intra-class cohesion and margin separation; LCos adds cosine regulari-
sation. Temperature, entropy regularisation, and optional prevalence weighting
improve robustness to imbalance.

2.2 Similarity Fields for Image Classification

We recast image classification with frozen features as similarity-fiber member-
ship, eliminating backbone fine-tuning.

Similarity fields and fibers. Following Similarity Field Theory [11], let U be a
universe with similarity field S : U×U → [0, 1] satisfying reflexivity (S(x, x) = 1);
neither symmetry nor transitivity is required, permitting the asymmetric, non-
metric structure suited to imaging. A concept is an entity c ∈ U , with fiber
Fτ (c) =

{
x ∈ U | S(x, c) ≥ τ

}
at threshold τ . Membership is graded by how

far similarity to c exceeds τ (Fig. 2).

Embedding and prototype-parameterised concepts. A projector fimg maps a frozen
encoder’s output ximg (from input x′

img) into the embedding space, e = fimg(ximg) ∈
[0, 1]D. For each class k ∈ {1, . . . , C}, a set of M learnable prototype entities
{P (j)

k }Mj=1 ⊂ [0, 1]D parameterises the class concept. The similarity field is in-
stantiated via a Tversky-type kernel:

S(e, p) =
I(e, p)

max
(
I(e, p) + αA(e, p) + β A(p, e), ε

) , (3)

where I(e, p) =
∑

i min(ei, pi), and A(e, p) =
∑

i(ei − pi)+, α, β ≥ 0 control
the asymmetric penalties on features present in the embedding but absent in
the prototype (α) and vice versa (β), and ε > 0 guards only against a zero
denominator. When e = p ̸= 0, the max is inactive and S(e, e) = 1 exactly;
S(0,0) := 1 by convention, satisfying reflexivity for all e ∈ [0, 1]D (Def. 4, [11]).
Class-wise similarity aggregates over prototypes as sk(e) = maxj S(e, P

(j)
k ).

Multiple Instance Learning. As each patient has a variable number of images, we
adopt multiple-instance learning (MIL): a patient is a bag of N images with em-
beddings {en}Nn=1. A gated attention pooler produces a patient-level embedding
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A B

Fig. 2: Similarity Fields for Image Classification. A frozen encoder maps
images into universe U ; prototypes P

(j)
k parameterise each class concept Kk.

The Tversky field (Eq. 3) gives each image (A) or patient (B) embedding graded
membership in each class fiber. Classification follows from Eq. 5 from the fused
decision field, with training, optimising the projection and prototype positions.

zpat =
∑N

n=1 anen, with

an =
exp

(
w⊤(tanh(Ven)⊙ σ(Uen))

)∑N
m=1 exp

(
w⊤(tanh(Vem)⊙ σ(Uem))

) , (4)

where V,U ∈ RL×D and w ∈ RL are learnable attention parameters, and L is
the attention hidden dimension. The pooled embedding zpat replaces e in the
similarity field, ensuring patient-level supervision.

Training objective. Classification is formulated as membership in a class-specific
similarity fiber. Per-class scores are fused via convex combination, sfused

C =∑C
k=1 wk sk with wk ≥ 0 and

∑
k wk = 1, which preserves the [0, 1] range and

the similarity-field structure by Prop. 5 of SFT [11]. Inter-class separation is
enforced with a multi-class hinge loss,

ℓ(x) = max
(
0, ζ − sy(e) + max

k ̸=y
sk(e)

)
, (5)

where ζ > 0 is a margin. Only the prototypes (and the per-class convex weights
wk) are optimised via a single linear layer; the encoder and the asymmetry
weights α, β remain frozen. The framework is lightweight and backbone-agnostic,
directly applicable to encoders such as DINOv2 [12], BiomedCLIP [25], and
CLIP [13].

3 Experiments

Datasets. We use two public ultrasound datasets. CARDIUM [22] targets
prenatal CHD detection from 1, 103 Colombian pregnancies (2013-2024; preva-
lence 7.19 %): 6, 558 images across four cardiac views (GE Voluson E6/E8/E10)
and 26 maternal variables. Stanford AIMI Thyroid Ultrasound Cine-clip
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(TUC) [18] has 17, 412 frames from 167 patients (192 biopsy-confirmed nodules)
with TI-RADS descriptors, lesion metadata, and histopathology.
Implementation. Clinical embeddings use D=256, K=9 prototypes; image
fields use M=5 prototypes per frozen backbone (DINOv2 [12], BiomedCLIP [25],
CLIP [13], MedViT [9]. We use patient-level cross-validation (CARDIUM 3-fold
by patient ID; TUC 2-fold stratified on the biopsy-confirmed annotations) at
threshold 0.5, so no patient spans train and test. Tversky weights are fixed with
β>α for recall: α=0.3, β=0.7 (clinical) and α=0.2, β=0.8 (image), with m=0.3,
τ=0.1; the clinical loss reuses the Eq. 3 kernel on sigmoid-mapped embeddings
h, p ∈ (0, 1)D, so β>α penalises missing target-class features more heavily than
extra embedding features (recall-prioritised rule-out), learning only the projec-
tor, prototypes, and convex weights. MIL draws N=4 images per patient per
epoch; this variance is captured over n=5 seeds (±0.073, MedViT HF), smaller
than the gap to the fine-tuned baseline (0.519 vs. 0.345). Prototypes are Xavier-
initialised with a 5/3-epoch LR warm-up (MIL/single-instance); remaining grid-
searched hyperparameters are in the released code, and the Tversky kernel adds
one element-wise op over cosine (≈ 5% wall-clock on A100).
Clinical Data Embeddings. Tab. 1 reports CARDIUM results. The schema-
aware encoder with the full Tversky loss performs best and exhibits the low-
est variance, indicating stable optimisation. On TUC, the hypergraph encoder
with LContr reaches AUC 0.81±.11 and accuracy 0.84±.09 from structured fea-
tures alone, matching CNN-based SOTA [24]. Encoder choice should match data
structure: schema-aware for independent variables (CARDIUM), hypergraph for
relational features (TI-RADS; Fig. 3).
Image Classification via Similarity Fields On CARDIUM (Fig. 4), a parameter-
matched baseline (frozen linear probe, same learnable-parameter budget as our
prototype head) reaches high AUC (up to 0.830) but very low CHD-class F1
(0.106-0.238), reflecting majority-class bias under severe imbalance. Replacing
only this head with learned prototypes and our Tversky similarity field sub-
stantially improves F1 across all backbones, e.g., BiomedCLIP 0.118 → 0.440,
DINOv2 0.106 → 0.378, and MedViT HF 0.126 → 0.347, without any encoder
fine-tuning. In the multi-instance setting, MedViT HF achieves the highest F1
0.519±.073 and BiomedCLIP the highest precision 0.587±.121, optimising only
C×M×D prototype parameters and one projection layer. Our approach outper-
forms the reproduced fine-tuned MedViT baseline on the CHD class (0.519 vs.
0.345) and achieves AUC 0.786-0.830 from 6, 558 images at 7.19 % prevalence,
comparable to prior balanced studies with over 50, 000 images [5].
Ablation Study We ablate on CARDIUM clinical data with the best configu-
ration (schema-aware, D=256, K=9, n=5). Removing any term degrades F1 and
AUC (Tab. 2, top), with LProto the largest contributor and LContr chiefly aiding
precision. Reducing the bidirectional operator to a symmetric average (η=0.5)
lowers F1 from 0.562 to 0.422 and inflates its standard deviation from ±0.008
to ±0.198 (∼25×): asymmetry both improves accuracy and stabilises optimisa-
tion under imbalance, accounting for the low variance of the full model. Unlike
sample/output-space remedies (focal loss, SMOTE, cost-sensitive reweighting),
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Fig. 3: Encoder-loss interaction across datasets. CARDIUM (left): inde-
pendent variables, schema-aware encoders best. TUC TI-RADS (middle): re-
lational, hypergraph encoders excel, especially with nodule location and size
(right). Values averaged over prototype counts [3, 6, 9] and dimensions [256, 512];
axes normalised.
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Fig. 4: Similarity fields vs. frozen backbones on CARDIUM (CHD-class
F1 at threshold of 0.5). Grey: frozen features, parameter-matched linear head.
Blue/red: similarity fields with learned prototypes (no fine-tuning), MIL gains
(×) annotated. Dashed: fine-tuned MedViT baseline (0.345) [22]. Best (Med-
ViT HF, MIL) improves +50 %, training only projection and prototypes.

Tversky asymmetry acts in embedding-prototype geometry; the symmetric row
and prevalence-weighted cosine variants are its in-family analogues and are dom-
inated at p < 0.05 (Fig. 5).
Discussion. The schema-aware Tversky encoder ranks first by critical-difference
analysis (F1 0.562, ±0.008). Similarity fields improve minority-class F1 by 2-4×
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Table 1: Clinical data embeddings
on CARDIUM for CHD detec-
tion. Results averaged over n=5 runs
(D=256, K=9 prototypes). Best over-
all; second-best per encoder group.
Method F1 Precision Recall AUC

Vega et al. [22] 0.294±.019 0.192±.019 0.634±.049 0.794±.028

M
on

ot
. Contrastive 0.440±.175 0.294±.130 1.000±.000 0.733±.350

Tversky-hybrid 0.376±.189 0.245±.145 1.000±.000 0.738±.270

Tversky-full 0.335±.209 0.221±.155 0.920±.179 0.554±.411

Sc
he

m
a Tversky-full 0.562±.008 0.391±.007 1.000±.000 0.900±.003

Contrastive 0.422±.198 0.284±.150 0.960±.089 0.765±.238

Tversky-prototype 0.391±.109 0.278±.066 0.680±.273 0.809±.085

Table 2: Ablation study on
CARDIUM clinical data (schema-
aware encoder, D=256, K=9, n=5).
Top: loss component ablation. Bottom:
symmetric vs. asymmetric.
Configuration F1 Precision Recall AUC

Full (γ1, γ2, γ3 > 0) 0.562±.008 0.391±.007 1.000±.000 0.900±.003

w/o LProto (γ1=0) 0.264±.219 0.171±.156 0.760±.434 0.591±.275

w/o LContr (γ2=0) 0.303±.211 0.196±.153 0.840±.261 0.634±.263

w/o LCos (γ3=0) 0.264±.219 0.171±.156 0.760±.434 0.591±.275

Symmetric (η=0.5) 0.422±.198 0.284±.150 0.960±.089 0.765±.238

Asymmetric (η=η∗) 0.562±.008 0.391±.007 1.000±.000 0.900±.003

1 2 3 4 5 6 7 8 9 10 11
CD = 2.80 ( =0.05)

schema + tversky_full
monotonic + contrastive
schema + tversky_hybrid
monotonic + tversky_full
monotonic + tversky_hybrid
monotonic + tversky_contrastive

schema + tversky_contrastive
schema + contrastive
Vega et al. (2025)

schema + hybrid
schema + tversky_prototype

Critical Difference Diagram - F1 Score (Top 10)

Fig. 5: Critical difference diagram (Nemenyi, α=0.05) ranks encoder-loss
combinations by F1 (lower rank is better); connected methods are not signif-
icantly different. Schema+Tversky-full attains the best mean rank (≈3.6) and is
significantly superior to methods ranked beyond ≈6.2.

over standard heads and beat fine-tuning while learning only prototype and
projector parameters, the MIL variant reaching AUC 0.786-0.830 from 6,558 im-
ages. At 7.19 % prevalence with recall 1.0, precision 0.391 keeps referral burden
tractable while far exceeding routine screening sensitivity (∼ 30 % [3,1]); high
recall is the screening-appropriate operating point. Limitations: prospective val-
idation, scanner/domain shift, calibration, and referral burden at maximal recall
remain open.

4 Conclusion

We presented asymmetric Tversky similarity learning for both structured clini-
cal data and frozen-encoder imaging in rare-disease screening. On prenatal CHD
(CARDIUM, 7.19 % prevalence) it improves clinical-data F1 by 91 % with per-
fect recall and lifts minority-class image F1 by 50 % over a fine-tuned baseline,
with thyroid (TUC) results confirming cross-domain generalisability. Replacing
symmetric distances with asymmetric prototype comparisons yields a principled,
lightweight approach to the class imbalance and data heterogeneity of clinical
screening.
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