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Logistic regression model is one of the most widely used statistical analysis methods in various fields. In this
work, we propose a privacy-preserving logistic regression using stochastic gradient descent (SGD) under crypto-
graphic notion when data are vertically partitioned among different parties. Our method makes use of polynomial
approximation to handle the computation of the logistic function. In addition, we adopt a protocol to securely
remove the factor from encrypted values. This is used to avoid overflow after a number of SGD updates. Thus, the

feasibility of our method is ensured for large scale data sets.
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Euler’s method
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[8) protocol 2 O(N(s +d) +d7) Hessian lower bound
Ours O(d 4 K) encryptions factor removal
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- Public input: Coefficient 8x(1 < k< K), M, M’ € Z,
- Input of A: ! € Z#

- Input of B: x5 = {(xZ,y:)|xf € 292y, € {0,1}},

- Output of A: E (MwA)

- Output of B: E,, (Mw?®)

1: setup phase. B generates cryptographic key pair
(pks, skp), share the public key with A. A initializes
his partial parameter wji'.

2: phase 1. scalar-product w; - €; computation:

(a) B computes Fpi, (Mw? -xf) and Epxp, (y:). Sends
them to A.
(b) A computes: Eprp(Mw - 2) = Epi,, (Mwf - xf) -
Eppp (Mw - ai!)
3: phase 2. update w:
(a) A and B evaluates &y (Mw; - x:) by SPC:
(Bpr g (Mwy - x¢),0) — (Eprp (ME &0 (Mwy - 1)), 0)
(b) A updates Ep,, (wi') with eq. (B):
obtains Epr,, (M'M* 1w )

4: phase 3. A removes factor M’ M¥ SFR:

(E:DkB (M/MK-‘—Lwﬁkh @)) — (EPkB (Mwﬁrl)? @)

5. If convergence conditions are satisfied, terminate the
protocol. Otherwise, t = ¢+ 1 and jump to step 2.
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01 000o0booo0oooboboobob LR, 00000
PPLROOOOOOOODODOOOD w; OOOOODO.

0 2 LRO PPLROODOOO

LR PPLR

accuracy (%) | SGD BGD 9th Tth 5th
SPT 83.58 84.29 82.83 82.08 77.61
SPTF 76.12  79.44 76.12 76.12  76.12
HM 74.07 76.01 74.07  74.07 74.07
BCwW 92.86  96.29 90.00 85.71  68.57
Mammo 70.47  69.73 70.98 71.50  72.02
German 71.00 71.80 70.00 70.00  70.00

03 PPLROOOUOOOODOOOOODODOOOOODO (O).

phase 1 | SPT SPTF HM BCW Mammo German
9th 0.05 0.05 0.05 0.04 0.05 0.04
Tth 0.05 0.06 0.05 0.04 0.05 0.05
5th 0.05 0.05 0.05 0.05 0.05 0.05
phase 2
9th 3.34 3.44 3.20 3.22 3.30 3.37
7th 1.96 2.05 1.95 1.85 1.93 1.92
5th 1.01 1.09 1.07 1.01 1.01 1.05
phase 3
9th 4.32 8.60 0.64 1.84 0.85 4.81
7th 4.29 8.01 0.66 1.82 0.86 4.71
5th 4.10 7.99 0.66 1.86 0.83 4.69
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