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• Recall:
• Decision tree, 
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• Global approach (SoTA)
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• Conclusions and perspectives

Outline
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Decision tree : quick reminder
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Homomorphic encryption:  CKKS
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Recap: Homomorphic Encryption : CKKS
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Global approach

State of the art



Comparators and tree traversals
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Global approaches
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Contributions

• Soft-Adaptive degree Polynomial

• Precision impact of analysis

• Proof of concept 



Comparators Soft Step polynomial comparison ( Akavia et al.[1]):

𝜙𝑑 = arg min
𝑝∈𝒫𝑑

න
−2

2

𝐼0 𝑡 − 𝑝 𝑡
2
𝑤𝛿 𝑡 𝑑𝑡 .

𝑤𝛿 𝑡 = 𝟏 𝑡 ≥ 𝛿 , the neglected window.

𝐼0 𝑡 = 𝟏 𝑡 ≥ 0 , the  Heaviside function

Soft Step function
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HBDT-SumPath Traversal ( Shin et al.[2]): 

𝑆mis 𝐿𝑘 =෍

𝑗=1

𝐷𝑘

𝑏𝑘,𝑗 1 − 𝐼𝑖𝑗 + 1 − 𝑏𝑘,𝑗 𝐼𝑖𝑗 .

The selected leaf is :   𝑎𝑟𝑔 𝑚𝑖𝑛𝑘𝑆𝑚𝑖𝑠 𝐿𝑘 ≈ 0.
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Soft- adaptive degree assignment
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Soft- adaptive degree assignment
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Soft- adaptive degree assignment
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Soft- adaptive degree assignment
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Precision-impact of 
analysis



Precision-impact of analysis
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Let 𝐴Hard, 𝐴𝑠𝑜𝑓𝑡, and 𝐴𝐻𝐸 denote the accuracies of hard cleartext, Soft-
Adaptive cleartext, and Soft-Adaptive HE inference. We decompose the 
total loss as:

(1) ∆𝑎𝑝𝑝𝑟𝑜𝑥 = Aℎ𝑎𝑟𝑑 − A𝑠𝑜𝑓𝑡

(2) ∆𝐶𝐾𝐾𝑆 = A𝑠𝑜𝑓𝑡 − A𝐻𝐸

(3) ∆𝑡𝑜𝑡𝑎𝑙 = ∆ℎ𝑎𝑟𝑑 − ∆𝐻𝐸 = ∆𝑎𝑝𝑝𝑟𝑜𝑥 + ∆𝐶𝐾𝐾𝑆



• The approximation error outside the neglected window is 

𝜀poly 𝑑, 𝛿 = max
𝑡 ≥𝛿

𝜙𝑑 𝑡 − 𝐼0 𝑡 .

• The level-wise error of CKKS is :

𝜀ℓ ≈ ℓ 𝑁 Δ−1,

where ℓ is the number of consumed multiplicative levels, 𝑁 is the polynomial modulus 
degree and the scale Δ = 2𝑠.

.
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Precision-impact analysis : SumPath error bound
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Experimental evaluation



Setup

16/09/2026 23



Results: accuracy for simple trees
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Results: latency for simple trees
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Results : Random Forest
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Conclusions and 
perspectives



Conclusions
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Perspectives
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