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● We introduce ULD-Net, a training methodology for ultra-low-degree fully 

polynomial neural networks.
● Fully polynomial models are essential for homomorphic encryption (HE) 

inference but are difficult to train and scale.
● ULD-Net enables training from scratch with multiplicative depth ≤ 3 per 

operator while maintaining high accuracy.
● Our design includes a polynomial-only normalization (PolyNorm), polynomial 

activations, and linear attention.
● ULD-Net achieves 76.70% on ViT-Small and 75.20% on ViT-Base on ImageNet, 

matching original models.
● It is the first fully polynomial approach to scale to ViT/ImageNet level.
● Our method improves both accuracy and HE inference latency over prior 

polynomial networks.
● ULD-Net addresses key challenges in stable training and efficient private 

inference.
● Implementation available: https://github.com/xiexi51/ULD-Net
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● We propose ULD-Net, a training methodology for ultra-low-degree fully polynomial neural 

networks
● Enables end-to-end polynomial-only computation for HE-friendly inference
● Achieves stable training at scale (ImageNet and ViT architectures)
● Maintains competitive accuracy with multiplicative depth ≤ 3 per operator
● Demonstrates significant reduction in HE inference latency
● Establishes the first fully polynomial models at ViT/ImageNet scale
● Provides a general and scalable design paradigm for privacy-preserving deep learning
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🔐🔐 Privacy-Preserving Machine Learning
Privacy-preserving machine learning enables computation on 
sensitive data without exposing raw inputs.
Key applications:
•Medical Data Analysis (Dowlin et al., 2016)
•Financial Applications (Acar et al., 2018)
•Privacy-Preserving ML-as-a-Service (Boemer et al., 2019)

🔑🔑 Homomorphic Encryption (HE)
Homomorphic Encryption (HE) allows direct computation on 
encrypted data without decryption.
•Supports addition and multiplication on ciphertexts  
•Widely used for secure ML deployment 
•Highly sensitive to multiplicative depth and expensive operations.

⚠ Limitation of Non-Polynomial Operators under HE
•ReLU, GELU, LayerNorm, Softmax
•Expensive or unsupported under HE 
•Require costly approximations or protocol switching 
•Increase multiplicative depth and latency

⚡Polynomial Replacement for Efficient HE Inference
•Polynomial operators contain only additions and multiplications 
•Fully compatible with HE

Normalization-Axis Principle

• Sample-wise normalization provides better numerical stability.
Consider a model with n normalization–polynomial layer pairs, assuming 
normally distributed inputs.
If normalization statistics are shared across samples, the variance grows 
approximately as: 

resulting in exponential variance explosion.

• Normalization provides critical numerical constraints.

ULD-Net (Our work)

PolyNorm: Polynomial-Only Normalization Layer

• The expression of PolyNorm:

• Quadratic approximation of 𝑓𝑓 𝑥𝑥 = 1
𝑥𝑥

:

Advantages 🚀🚀
•Native support in HE schemes 
•Extremely low computation cost 
•Simple and efficient inference 
pipeline 

Challenges ❗
•Training stability 
•Scalability to large models and 
datasets 
•Maintaining competitive accuracy

✅ Fully Polynomial Models
Fully polynomial neural networks replace all non-polynomial 
operations with additions and multiplications, enabling seamless 
deployment under homomorphic encryption (HE).

Overall Design Recipe
• Replace activation functions (ReLu, GELU) with PolyAct

• Replace softmax with RoPE (2024) -based linear attention

• Replace normalization layers with PolyNorm

• Apply variance penalty losses to improve the stability of PolyNorm

• Comparison with SOTA fully polynomial model works
on ResNet-18/ImageNet, original accuracy: 69.76%

• Comparison with NEXUS on ViT-Small

• ULD-Net achieves 76.7% accuracy on ViT-Small/ImageNet (vs. 
76.5% original) and 75.2% on ViT-Base/ImageNet (vs. 75.3% 
original), representing the first low-degree fully polynomial ViT
models trained at ImageNet scale.

• Comparison with SOTA partial polynomial 
replacement methods (on ResNet-18/ 
CIFAR-100, original accuracy: 77.84%)

• Extended experiments of ULD-
Net with the VanillaNet family on 
ImageNet
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