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Abstract. Early detection of Congenital Heart Disease (CHD) relies
heavily on subjective ultrasound interpretation. While AI offers automa-
tion, privacy regulations and data fragmentation remain major barriers.
Federated Learning (FL) enables privacy-preserving collaboration, yet
deploying pre-trained vision-language models like CLIP in non-IID set-
tings is challenged by inter-hospital heterogeneity and semantic overfit-
ting to site-specific biases. To address these issues, we propose FedCHDP,
a novel federated concept-guided dual-modal prompting framework. On
the textual side, we construct a federated medical concept library that
decomposes diagnostic queries into fine-grained clinical descriptors (i.e.,
chamber numbers, flow numbers and flow patterns), enforcing semantic
consensus across clients. An uncertainty-aware gating mechanism fur-
ther adaptively fuses dynamic concept cues with global priors to rectify
ambiguous predictions. On the visual side, we introduce a global-guided
contrastive alignment that calibrates visual prompts using disease proto-
types, aligning local embeddings with global semantic centers to mitigate
distribution shifts. Experiments show that FedCHDP significantly out-
performs state-of-the-art methods for multi-center CHD identification.
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1 Introduction

Congenital Heart Disease (CHD) is the most prevalent birth defect worldwide
[28, 15]. While early detection is critical for neonatal outcomes, current pre-
natal screening primarily relies on ultrasound assessment during the second
trimester (18–22 weeks) [24, 3, 9], missing the optimal intervention window
and raising ethical concerns if pregnancy termination is necessary [5]. Advancing
screening to the first trimester (11–14 weeks) is therefore a clinical imperative.
However, the fetal heart’s minute, complex structure, coupled with subjective ex-
pert interpretation, poses significant diagnostic challenges [1, 2]. While Artificial
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Fig. 1: Challenges in federated medical prompt tuning. (a) Semantic Gap: holis-
tic prompts fail to capture varying anatomical concepts (e.g., chamber/flow num-
bers) within the same disease category, limiting diagnostic precision. (b) Distribu-
tion Gap: Severe heterogeneity across institutions causes feature divergence, creating
a fragmented semantic space that hampers global generalization.

Intelligence (AI) offers promise for standardizing early screening [17], developing
robust models requires large-scale data that is often inaccessible due to privacy
regulations [18, 6], creating a significant barrier rooted in data fragmentation.

Federated Learning (FL) addresses this by enabling multi-center collabo-
rative training without sharing raw patient data [21, 4, 11, 22, 25]. Pre-trained
Vision-Language models such as CLIP [20], combined with Parameter-Efficient
Fine-Tuning (PEFT) techniques [7], have become pivotal in medical imaging
for their superior generalization and low computational cost. However, as il-
lustrated in Figure 1, deploying these generic frameworks in federated medi-
cal settings introduces two critical challenges. I) The Semantic Ambiguity
and Individual Variability: Existing textual prompt methods rely on holistic,
opaque learnable vectors that fail to capture universal medical semantics from
fragmented local data [27, 12]. This is especially problematic in CHD diagnosis,
where even patients sharing the same diagnosis, such as Atrioventricular Septal
Defect, can exhibit vastly different anatomical configurations[16, 13]. Compress-
ing such diverse pathology into a single coarse-grained vector prevents instance-
level adaptation, ultimately limiting global model performance. II) The Dis-
tribution Shift and Visual Bias: Federated environments exhibit inherent
heterogeneity in imaging protocols, equipment, and operator skill [21, 8]. This
induces severe feature shifts that cause visual prompts to overfit local imaging
characteristics rather than learning universal pathological features, producing
inconsistent cross-site representations and degrading model robustness [23, 14].

To address both challenges, we propose FedCHDP, a federated medical
concept-guided dual-modal prompting framework. To resolve semantic ambiguity
and intra-class variability, we introduce a federated medical concept-driven
prompting strategy that replaces unstructured prompts with fine-grained clin-
ical descriptors (e.g., chamber numbers, blood flow counts, and flow patterns)
drawn from a shared medical concept library. This generates instance-adaptive
textual representations that preserve individual anatomical detail while main-
taining global semantic consistency. Inspired by clinical reasoning, we further
incorporate an uncertainty-aware gating mechanism that dynamically bal-
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ances global disease priors with instance-specific anatomical cues, enabling reli-
able prediction refinement in complex cases. To mitigate cross-center distribution
shifts, we introduce a global-guided contrastive alignment that regularizes
visual prompt learning by aggregating decentralized features into global disease
prototypes. Local embeddings are aligned with their corresponding prototypes
while being repelled from mismatched subtypes, promoting domain-consistent
representations and suppressing site-specific overfitting.

Our main contributions are summarized as follows:

1. We establish a new privacy-preserving paradigm for first-trimester collab-
orative CHD screening, demonstrating how shared semantic consensus
enables large vision-language models to be efficiently adapted for early-stage
prenatal diagnosis under strict privacy constraints.

2. We present FedCHDP, a unified framework that leverages dual-modal
prompting. It adaptively models individual anatomical variations via a
textual concept library, and calibrates visual prompt tuning through global
prototype contrastive alignment to eliminate site-specific biases.

3. Extensive evaluations on a multi-center real-world dataset demonstrate that
FedCHDP significantly outperforms state-of-the-art methods, validat-
ing its robustness and potential for clinical deployment.

2 Methodology

2.1 Preliminaries and Problem Formulation

Given K decentralized clients with private datasets Dk = {(xi, yi, ci)}Nk
i=1, where

xi represents a first-trimester fetal cardiac ultrasound image, yi ∈ {1, . . . , C}
denotes the CHD subtype, and ci = {ci,m}m∈{ch,fl,pa} represents fine-grained
clinical concepts, including chamber number (ch), flow number (fl), and flow
pattern (pa), respectively. For each dimension m, Km denotes the number of
possible discrete concept values, and ci,m ∈ {1, . . . ,Km} is the ground-truth
discrete concept label of sample i for concept m. For example, the flow number
concept has two possible values, i.e., one flow or two flows, and thus Kfl = 2.

We build our framework upon frozen pre-trained CLIP visual (V) and textual
(T ) encoders, and adapt them via parameter-efficient prompt tuning. Specifi-
cally, a learnable visual prompt Pv is injected into the frozen visual encoder to-
gether with the input image xi, producing the visual embedding vi = V(xi,Pv).
Meanwhile, unconditional and concept-conditioned textual prompts are encoded
by T and matched with vi, producing logits lup and lccp. These logits are adap-
tively fused into a final prediction lfused via an uncertainty-aware gate, optimized
by the classification loss Lcls = CE(lfused, yi).

2.2 Textual Side: Concept-Guided Dynamic Prompting

Dual-Branch Prompt Construction We propose a dual-branch structure:
an unconditional disease prompt (Pup) for global consensus and a concept-
conditioned prompt (Pccp) for instance-adaptive specialization.
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Fig. 2: Overview of the proposed dual-modal prompting framework, FedCHDP: (a) a
globally guided contrastive alignment visual branch, which calibrates visual prompts
using shared disease prototypes; and (b) a concept-guided dynamic prompting textual
branch, which constructs and fuses unconditional and concept-conditioned prompts
via an uncertainty-aware gating mechanism.

We decompose CHD-related anatomical knowledge into three clinically inter-
pretable concept dimensions: chamber number, flow number, and flow pattern.
For each dimension m, we maintain a federated medical concept library Em =
{em,j}Km

j=1, where em,j is a learnable prompt embedding corresponding to the j-th
concept value of dimension m and is collaboratively optimized across clients. To
stabilize concept recognition against cross-center domain heterogeneity, we intro-
duce non-trainable semantic consensus anchors Am = {am,j}Km

j=1. These anchors
are generated by feeding standardized clinical text templates (e.g., two blood
flows) into the frozen text encoder T , thereby providing stable and semantically
meaningful references for concept recognition. Given the visual embedding vi, we
compute the scaled cosine similarities si,m between vi and each semantic anchor
in concept m. The predicted concept ĉi,m = argmaxj∈{1,...,Km} s

(j)
i,m is supervised

by ground-truth discrete concept label ci,m via Lcpt =
∑

m CE(si,m, ci,m).
For each individual i, the predicted concept ĉi,m is used to retrieve the corre-

sponding learnable concept embedding em,ĉi,m from Em. Based on the retrieved
embeddings from all concept dimensions, we construct a concept-conditioned
prompt for each disease class c: Pc

ccp = [edis; ech,ĉi,ch ; efl,ĉi,fl
; epa,ĉi,pa ;wc], where

edis and wc denote the shared disease context and class token. The prompt Pc
ccp

is encoded by the frozen text encoder T , and its image-text similarity with vi pro-
duces the concept-conditioned logit lccp. Concurrently, we construct an uncon-
ditional disease prompt by replacing the instance-specific concept embeddings
with concept-agnostic generic tokens: Pc

up = [edis; e
u
ch; e

u
fl; e

u
pa;wc], producing

stable logits lup, where eum is a learnable generic token for concept dimension m.
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Uncertainty-Aware Fusion To emulate expert diagnostic reasoning, we acti-
vate concept-conditioned refinement only when the unconditional disease predic-
tion is uncertain and the inferred anatomical evidence is reliable. For the i-th in-
dividual, we quantify disease-level uncertainty by normalized predictive entropy
ui = H(pi)/ logC, where pi = Softmax(lup). For each concept dimension m, we
compute the concept probability distribution qi,m = Softmax(si,m). The concept
confidence is defined as confi,m = 1

2 (q
(1)
i,m−q

(2)
i,m)+ 1

2 (1−H(qi,m)/ logKm), where
q
(k)
i,m denotes the k-th highest probability in qi,m. The overall anatomical reliabil-

ity is aggregated via the geometric mean confi = (confi,ch ·confi,fl ·confi,pa)1/3.
The final prediction uses a gating coefficient gi = min(ui · confi, 1):

lfused = lup + gi · (lccp − lup). (1)

This mechanism rectifies challenging cases using patient-specific anatomical de-
tails while maintaining stability for routine samples.

2.3 Visual Side: Global-Guided Contrastive Alignment

Hierarchical Prototype Construction To encourage domain-consistent vi-
sual representations, we introduce a global-guided contrastive alignment based
on disease prototypes. At the end of each local training round, client k computes
a local prototype µk,c for every disease subtype c ∈ Y by averaging local visual
embeddings: µk,c = 1

|Dk,c|
∑

i∈Dk,c
vi, where |Dk,c| denotes the set of samples

from client k with label c. The server then aggregates prototypes class-wise with
sample-size weighting to mitigate noise from scarce local class samples:

µglobal
c =

∑K
k=1 |Dk,c| · µk,c∑K

k=1 |Dk,c|
. (2)

Contrastive Visual Calibration After aggregation, the global prototypes are
broadcast back to clients and serve as disease-level visual references. During local
training, we utilize a prototype-based contrastive objective to pull the visual
embedding vi toward its corresponding positive global prototype µglobal

yi
and

push it away from mismatched prototypes µglobal
j ̸=yi

:

Lalign = − log
exp(⟨vi, µ

global
yi

⟩/τv)∑C
j=1 exp(⟨vi, µ

global
j ⟩/τv + ϵ)

, (3)

where ⟨·, ·⟩ denotes cosine similarity, τv is the temperature, and ϵ ensures numer-
ical stability. The loss calibrates the visual representation space by constraining
the learnable visual prompt, effectively mitigating cross-center distribution shifts
and promoting a separable, domain-consistent representation space.

Overall Loss Function The overall training objective integrates three com-
ponents to ensure robust and effective multi-modal learning: the classification
loss Lcls for disease prediction, the concept supervision loss Lcpt for accurate
anatomical concept inference, and the contrastive alignment loss Lalign for vi-
sual representation learning. The final optimization objective is formulated as
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Table 1: Quantitative comparison of federated prompt learning methods on
multi-class CHD dataset. Bold and underline denote the best and second-best
performance, respectively. The ↑ and ↓ indicate the absolute improvement or
degradation compared with the best baseline method. A dash (–) is used where
specificity is considered uninformative due to zero sensitivity.

Method
Overall Normal AVSD FSV HV

F1 SENS SPEC F1 SENS SPEC F1 SENS SPEC F1 SENS SPEC F1 SENS SPEC

ZS-CLIP[20] 7.19 22.40 74.59 0.00 0.00 – 1.67 1.00 97.00 20.74 84.24 7.59 6.37 4.37 93.78
CoCoOp[27] 42.68 45.94 86.23 86.47 93.42 69.71 41.90 32.84 96.11 37.34 54.89 79.54 5.00 2.62 99.59

KgCoCoOp[26] 29.58 36.67 83.89 83.66 90.13 66.12 0.00 0.00 – 30.63 54.35 70.50 4.05 2.18 98.92
FedTPG[19] 39.47 42.41 85.31 85.07 91.23 68.89 7.27 3.98 99.11 41.83 52.17 85.69 23.72 22.27 87.56
PromptFL[7] 44.92 47.97 86.69 87.04 94.52 69.71 37.74 29.85 95.38 43.88 61.41 82.57 11.02 6.11 99.08
FedVPT[10] 52.28 55.10 89.10 90.57 96.47 77.85 41.38 35.82 93.92 55.20 75.00 85.77 21.98 13.10 98.84

LPT[12] 44.64 47.68 86.29 85.97 93.30 68.24 39.88 32.84 94.81 44.27 59.78 83.77 8.46 4.80 98.34
IVLP[12] 57.91 59.53 90.96 93.18 95.62 87.13 43.99 31.84 97.89 51.83 80.98 80.66 42.63 29.69 98.18

MaPLe[12] 55.97 58.62 90.36 92.30 96.35 83.39 46.29 38.81 95.30 56.12 80.98 84.17 29.17 18.34 98.59

FedCHDP 67.22 66.73 92.22 93.67 98.29 84.53 53.74 39.30 98.87 60.68 82.61 86.81 60.80 46.72 98.67
↑9.31 ↑7.20 ↑1.26 ↑0.49 ↑1.82 ↓2.6 ↑7.45 ↑0.49 ↓0.24 ↑4.56 ↓1.63 ↑1.04 ↑18.17 ↑17.03 ↓0.92

Ltotal = Lcls+λcpt · Lcpt+λalign · Lalign, where λcpt and λalign balance the con-
tributions of concept guidance and visual contrastive alignment, respectively.

3 Experiments

3.1 Experimental Setup

We evaluate the proposed FedCHDP framework on a multi-center dataset con-
sisting of 5,108 first-trimester fetal echocardiography images sourced from four
tertiary hospitals. Following strict ethical approval, domain experts annotated
these images for structural regions and explicit clinical concepts, specifically
chamber numbers, flow numbers, and flow patterns. The dataset is categorized
into four distinct classes: Normal, Atrioventricular Septal Defect (AVSD), Hy-
poplastic Ventricle (HV), and Functional Single Ventricle (FSV). To robustly
evaluate diagnostic performance across this heterogeneous data, we employ Macro-
F1, Sensitivity, and Specificity as our primary metrics.

Ethical approval was obtained from the local ethics committee at each partici-
pating center. Approval was granted by the ethics committee of BOGH(No. 2022-
KY-097-03), GZAH(No. 20194), XH(No. 202211714), CH(No. CSSFYBJYEC-
SOP-005-F07V1.0). Written informed consent was obtained from participants
prior to data collection. The study was approved by the institutional review
boards of all participating centers (ChiCTR2400086975) in accordance with the
Declaration of Helsinki and follows the TRIPOD reporting guidelines.

We utilize a frozen CLIP (ViT-B/16) backbone. All experiments are con-
ducted on a single NVIDIA GeForce RTX 4090 GPU using FP32 precision to
ensure numerical stability. Input images are resized to 224×224 pixels and aug-
mented via random cropping and horizontal flipping. We set the prompt length
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Table 2: Ablation analysis of the pro-
posed components on both textual and
visual sides, validating the effectiveness
of concept-guided prompting and global
contrastive alignment.

Textual Visual Overall Normal AVSD FSV HV

✗ ✗ 57.04 95.30 52.26 50.59 30.03
✗ ✓ 62.80 91.53 45.45 59.08 55.14
✓ ✗ 60.17 96.33 48.23 54.39 41.72
✓ ✓ 67.22 93.67 53.74 60.68 60.80
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CLIP vs. FedCHDP. Our method
achieves superior category-wise cluster-
ing and distinct decision boundaries..

to 16, and the shared concept embedding dimension to 512. To maintain param-
eter efficiency, learnable visual prompts are restricted to the first encoder layer.
The model undergoes federated training for 50 global communication rounds,
with each client executing 5 local epochs per round. Optimization is performed
using the SGD optimizer with a learning rate of 1e-3 and a batch size of 32. Ad-
ditionally, the temperature parameter for global-guided contrastive alignment is
fixed at 0.5, and the dataset is partitioned using a standard 7:3 train-test split.

To demonstrate the superiority of our approach, we conduct comprehensive
benchmark evaluations of FedCHDP against a strong and diverse set of federated
prompt learning methods. Moreover, we incorporate two representative compar-
ison strategies originally proposed in MaPLe [12]. Specifically, LPT introduces
learnable prompts into Transformer layers of the language encoder to progres-
sively adapt textual representations, while IVLP jointly learns prompts in both
vision and language branches without cross-modal interaction, enabling a more
comprehensive and fair comparison.

3.2 Results

Comparison with State-of-the-Art Methods Table 1 presents the compre-
hensive quantitative results. Our proposed FedCHDP significantly outperforms
all baselines, achieving state-of-the-art Overall F1, Sensitivity, and Specificity
by massive margins (e.g., a +9.31% absolute F1 improvement over the strongest
baseline, IVLP). Notably, Zero-Shot CLIP struggles with the vast natural-to-
medical domain gap. While other federated prompt learning methods improve
upon this, their robustness remains limited, relying on holistic semantic rep-
resentations, they fail to capture the fine-grained anatomical nuances crucial
for CHD subtyping. Some models completely fail to recognize certain disease
subtypes (e.g., AVSD), yielding zero sensitivity and F1-score, this reveals se-
vere performance degradation and an inability to detect positive cases for these
categories. In the critical context of early prenatal CHD screening, maintain-
ing high Sensitivity is paramount, as missing a structural defect carries severe
medical consequences. FedCHDP eliminates this trade-off, demonstrating highly
balanced and robust diagnostic capabilities across all challenging rare subclasses
(AVSD, FSV, and HV) without sacrificing overall reliability.
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Ablation Study To validate the individual contributions of our core modules,
we conducted an ablation study (Table 2). The baseline employing standard
dual-modal prompt tuning achieves a modest Overall F1 of 57.04%. Incorpo-
rating only the Concept-Guided Textual Prompting improves the Overall F1 to
60.17%, demonstrating that explicitly grounding prompts in clinical dimensions
effectively resolves semantic ambiguity. Applying only the Global-Guided Con-
trastive Alignment on the visual branch yields a substantial boost to 62.80%.
Notably, this visual alignment drastically improves the recognition of challenging
minority classes, such as HV (from 30.03% to 55.14%) and FSV (from 50.59% to
59.08%), confirming its ability to mitigate site-specific domain shifts and prevent
local overfitting. Finally, our complete FedCHDP synergizes both modalities,
achieving the highest Overall F1 of 67.22% and optimal performance across the
most difficult CHD subtypes.

Qualitative Analysis To intuitively illustrate the representational capability
of our framework, we visualize the image features using t-SNE in Fig. 3. While
ZS-CLIP features are highly entangled with overlapping classes, FedCHDP pro-
duces a discriminative embedding space characterized by strong intra-class com-
pactness and clear inter-class separability. This demonstrates that our prompting
strategy effectively captures domain-invariant, disease-specific representations
despite the heterogeneity of the federated environment.

Hyperparameter Sensitivity and Convergence To identify the optimal hy-
perparameter configuration, we employ a control variable strategy, evaluating
model performance by systematically varying one parameter while keeping the
others constant. As shown in Fig. 4, the overall F1-score exhibits an initial up-
ward trend followed by a decline as λcpt and λalign increase. Under this empirical
trend, the model achieves its peak performance at λcpt = 0.5 and λalign = 0.2.
Furthermore, the convergence analysis in Fig. 5 shows that FedCHDP converges
faster and reaches a higher F1-score than competing methods, demonstrating
superior optimization efficiency under federated heterogeneity.
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4 Conclusion

We introduced FedCHDP, a novel federated dual-modal prompting framework
for privacy-preserving, first-trimester CHD screening. To bridge the semantic
gap caused by inter-patient variability of complex CHD phenotypes, the textual
branch establishes a shared medical concept library that explicitly grounds tex-
tual prompts in fine-grained clinical descriptors. Furthermore, to overcome the
distribution gap arising from severe cross-center data heterogeneity, the visual
branch employs a global-guided contrastive alignment module to calibrate visual
prompt tuning using aggregated disease prototypes. Extensive evaluations on a
real-world, multi-center dataset demonstrate that FedCHDP significantly out-
performs state-of-the-art methods. Crucially, it achieves robust classification on
highly challenging, rare CHD subtypes without model collapse, alongside faster
convergence. By bridging both gaps, FedCHDP provides a reliable, generalizable,
and clinically viable solution for decentralized prenatal diagnosis.
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