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Abstract 

This work presents a proxy-only fog–cloud bidi-

rectional knowledge distillation framework for 

privacy-preserving cross-site ECG diagnosis in 

Internet-of-Medical-Things (IoMT) systems. To 

satisfy data-governance constraints, hospital fog 

nodes and a cloud teacher collaborate solely via 

logits exchange on a public proxy dataset, avoid-

ing patient data, labels, and model parameters. 

The proposed method stabilizes learning under 

cross-site heterogeneity and label shift while re-

ducing communication overhead. Experiments 

on multi-site ECG data achieve 98.1% accuracy. 

An edge-oriented quantized FPGA deployment 

(1.98 ms latency and 0.169 mJ per inference) 

further demonstrates low-latency and energy-ef-

ficient real-time inference. 

1.  Introduction 

Wearable ECG monitoring is generating large-

scale longitudinal data, yet robust cross-site 

modelling remains challenging under privacy 

regulation, heterogeneous patient populations, 

and tight edge compute and energy constraints 

[1]. Clinically important arrhythmias are often 

long-tailed and site-dependent, so simple cross-

site aggregation can be brittle [2,3]. Together, 

these constraints demand AI-for-healthcare 

methods that are trustworthy by design and fea-

sible for real-time IoMT deployment [4-6]. 

Because patient data cannot be centralized, 

cross-site learning often relies on federated op-

timization. However, exchanging model 

weights or gradients can be communication-

heavy and may expose update-based leakage, 

especially under non-IID and label-shifted con-

ditions [7]. Parameter averaging can also be un-

stable when sites differ substantially in preva-

lence and acquisition protocols [8]. We there-

fore adopt a different framework which the 

cloud never receives patient-level signals, la-

bels, or model parameters. 

We propose a fog–cloud bidirectional distilla-

tion framework shown in Fig. 1 that coordinates 

multiple hospital fog nodes and a central cloud 

teacher via proxy-only logits exchange. This de-

sign stabilizes collaboration under heterogene-

ity while keeping communication and govern-

ance overhead low. We further demonstrate an 

edge-oriented quantized deployment pathway 

for low-latency inference, closing the loop from 

privacy-preserving learning to deployable IoMT 

operation. 

2. Method 

2.1 Setting and communication boundary 

We study cross-site ECG diagnosis with 𝒦 hos-

pital sites. Each site trains a local student model 

on private ECG data, while a cloud teacher co-

ordinates learning. To satisfy governance con-

straints, the cloud never receives patient-level 

signals, labels, or model parameters. Coordina-

tion is performed only on a small public proxy 

dataset 𝒟𝑝, where sites upload proxy-evaluated 

logits and the cloud returns proxy soft targets. 

This boundary makes the collaboration easy to 

audit in practice and reduces communication 

compared with parameter exchange. 

2.2 Fog–Cloud Bidirectional Knowledge Distilla-

tion (FCBiKD)  

Our training proceeds in rounds and follows a 

simple bidirectional loop (Algorithm 1). Bottom-

up, each fog node updates its student on private 

data and then evaluates the updated student on 

the proxy dataset 𝒟𝑝, uploading only the result-

ing logits to the cloud. The cloud aggregates 

 
Fig. 1. The overview of the proposed framework where 
proxy-only logits up, teacher soft targets down, with Edge-
QAT enabling deployable real-time FPGA inference. 



AI4X – Accelerate Conference 2026, Singapore, 16–19 June 2026 

logits from all sites to form consensus soft tar-

gets on 𝒟𝑝  and uses them to update a cloud 

teacher model. We use temperature-scaled soft 

targets on 𝒟𝑝 to smooth cross-site supervision 

and avoid overfitting to any single site’s bias. 

Top-down, the cloud teacher produces global 

soft targets on the proxy set and broadcasts 

them back to all sites. Each fog node then up-

dates its student by combining standard super-

vised learning on private data with a distillation 

regularizer that matches the teacher’s proxy 

soft targets. Because the proxy set is fixed and 

public, the exchanged signal has a consistent 

reference across rounds, which improves con-

vergence stability compared with averaging pa-

rameters under severe label shift. This design 

transfers cross-site knowledge through proxy 

predictions rather than parameter exchange, 

making the collaboration lightweight and stable 

under heterogeneity.  

2.3 Edge-oriented deployment pathway 

After distillation, each site performs edge-ori-

ented quantization-aware training to produce 

an integer-friendly student model for deploy-

ment. The resulting lightweight PPF backbone 

[9] is mapped to an Artix-7 FPGA, enabling de-

terministic low-latency inference under strict 

power and memory constraints. We report la-

tency and energy efficiency to validate that the 

proxy-only learning protocol translates into 

practical real-time IoMT deployment.  

3. Results 

We evaluate cross-site ECG diagnosis on MIT-

BIH dataset across 3 simulated hospital sites 

with non-IID data and long-tailed arrhythmia 

classes. Our proxy-only bidirectional distilla-

tion yields high and stable performance, achiev-

ing 98.1% accuracy particularly under label 

shift. This makes collaboration lightweight, 

since per-round communication scales with 

proxy size rather than model size, while main-

taining a simple and auditable governance 

boundary. For deployment, we apply edge-ori-

ented quantization-aware training and map the 

resulting lightweight PPF backbone to an Artix-

7 FPGA for deterministic edge inference. The 

deployed system, as shown in TABLE. I, 

achieves 1.98 ms latency and 0.169 mJ per in-

ference with a 27.3K-parameter model under 

streaming inputs, supporting real-time IoMT 

monitoring under tight power and memory 

budgets. Overall, the results demonstrate an 

end-to-end path from privacy-aligned cross-site 

learning to deployable AI-for-healthcare opera-

tion.  
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