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𝐾 𝐾 = 𝑃𝐾 × 𝑆𝐾

𝑝, 𝑞

𝜆 =  𝑙𝑐𝑚(𝑝 −  1, 𝑞 −  1)

𝑛 =  𝑝𝑞 𝑔 ℤ𝑛2
∗ 𝛼𝑛 𝛼 ≠  0 (𝑛, 𝑔)



𝐶

𝑀 < 𝑛 𝑃𝐾 𝑟 < 𝑛

𝐶 = 𝑔𝑀𝑟𝑛 mod 𝑛2 = 𝐸𝑛𝑐𝑝𝑘(𝑀)

𝑀

𝐷𝑒𝑐𝑠𝑘(𝐶) → 𝑀 𝐶 < 𝑛2 𝐷𝑒𝑐𝑠𝑘(𝐶) =

𝐿(𝐶𝜆  mod 𝑛2)

𝐿(𝑔𝜆  mod 𝑛2)
mod 𝑛 𝐿(𝑥) = (𝑥 − 1)/𝑛
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2 https://blog.n1analytics.com/homomorphic-encryption-illustrated-primer  (Accessed: October 22, 2019) 
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6 https://github.com/cbovar/ConvNetSharp 
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 /SEAL/seal/

class ChooserEvaluator 

{ 

public: 

ChooserPoly weighted_layer( 

const ChooserPoly & operand, 

int plain_max_coeff_count,  

std::uint64_t plain_max_abs_value,  

int inputs_to_a_neuron); 

ChooserPoly weighted_layer( 

const ChooserPoly &operand, 

const ChooserPoly &plain_chooser_poly, 

int inputs_to_a_neuron); 

ChooserPoly sum_pooling_layer( 

const ChooserPoly &operand, 

int inputs); 

ChooserPoly average_pooling_layer( 

const ChooserPoly& operand,  

int plain_max_coeff_count, 

std::uint64_t plain_max_abs_value,  

int inputs_to_a_neuron); 

ChooserPoly average_pooling_layer( 

const ChooserPoly& operand, 

const ChooserPoly& plain_chooser_poly, 

int inputs_to_a_neuron); 

} 



2. /SEAL/seal/chooser.cpp 

simulation.cpp

namespace seal 

{ 

ChooserPoly ChooserEvaluator::weighted_layer( 

const ChooserPoly & operand, 

int plain_max_coeff_count, 

std::uint64_t plain_max_abs_value, 

const int inputs_to_a_neuron) {...} 

ChooserPoly ChooserEvaluator::weighted_layer( 

const ChooserPoly & operand, 

const ChooserPoly & plain_chooser_poly, 

const int inputs_to_a_neuron) {...} 

ChooserPoly ChooserEvaluator::sum_pooling_layer( 

const ChooserPoly & operand, 

int inputs) {...} 

ChooserPoly ChooserEvaluator::average_pooling_layer( 

const ChooserPoly & operand,  

int plain_max_coeff_count,  

std::uint64_t plain_max_abs_value,  

const int inputs_to_a_neuron) {...} 

ChooserPoly ChooserEvaluator::average_pooling_layer( 

const ChooserPoly & operand,  

const ChooserPoly & plain_chooser_poly,  

const int inputs_to_a_neuron) {...} 

} 

 

3. /SEAL/seal/simulator.h 



class SimulationEvaluator 

    { 

    public: 

Simulation weighted_layer( 

const Simulation &simulation,  

int plain_max_coeff_count, 

std::uint64_t plain_max_abs_value, 

int inputs_to_a_neuron); 

Simulation sum_pooling_layer( 

const Simulation & simulation, 

int number_of_inputs); 

Simulation average_pooling_layer( 

const Simulation& simulation,  

int plain_max_coeff_count,  

uint64_t plain_max_abs_value,  

int number_of_inputs); 

    } 

 

4. /SEAL/seal/simulator.cpp 

namespace seal 

{ 

Simulation SimulationEvaluator::weighted_layer( 

const Simulation & simulation,  

int plain_max_coeff_count,  

std::uint64_t plain_max_abs_value,  

int inputs_to_a_neuron) {...} 

Simulation SimulationEvaluator::sum_pooling_layer( 

const Simulation &simulation,  

int number_of_inputs) {...} 

Simulation SimulationEvaluator::average_pooling_layer( 

const Simulation& simulation,  

int plain_max_coeff_count, 

uint64_t plain_max_abs_value,  

int number_of_inputs) {...} 

} 

 

 



5. /SEAL/seal/util/computation.h 

class WeightedLayerComputation : public Computation 

{...}; 

 

class SumPoolingLayer : public Computation 

{...}; 

 

class AveragePoolingLayer : public Computation 

{...}; 

 

6. /SEAL/seal/util/computation.cpp 

computation.h
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