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Abstract—Secure multiparty computation (MPC) enables
privacy-preserving data analysis across distributed computing
parties, but its practicality remains limited by the cost and in-
accuracy of evaluating complex nonlinear functions. Although
secure multiplications are efficiently supported by Beaver mul-
tiplication triples—a cornerstone technique in MPC—existing
protocols rely on polynomial approximations to evaluate more
sophisticated functions, often incurring significant computa-
tional overhead and numerical imprecision. We present Decor,
a framework that generalizes the core principle behind the
Beaver triples to a broad class of nonlinear functions, enabling
the construction of efficient MPC primitives. Decor delegates
costly nonlinear operations to computations involving only ran-
dom values, which can be executed in an offline preprocessing
phase by a trusted dealer without access to private data. This
design enables efficient and accurate evaluation of diverse
functions, including trigonometric, hyperbolic, exponential,
and sigmoid functions, and introduces a new general-purpose
function approximation method for MPC based on Fourier
series. Our experiments show that Decor achieves orders-of-
magnitude improvements in accuracy while maintaining com-
parable or faster runtimes than existing approaches, leading
to substantial utility gains for downstream applications such
as implicit neural representation of images and logistic model
estimation in genome-wide association studies. By demonstrat-
ing how randomized preprocessing can yield enhanced MPC
primitives, Decor establishes a new framework for practical,
privacy-preserving computation.

1. Introduction

Secure multiparty computation (MPC) frameworks en-
able multiple parties to jointly compute functions over
their private inputs without revealing those inputs to any
other party [1], [2], [3]. In recent years, MPC has gained
prominence in privacy-preserving machine learning and
data analysis across various domains, including finance and
biomedicine [4], [5]. Compared to other secure compu-
tation approaches, such as fully homomorphic encryption
(FHE) [6], secret sharing-based MPC often achieves more
efficient performance through lightweight interactive proto-
cols for complex operations, provided that network delays
do not become a bottleneck. However, the adoption of MPC
in real-world applications remains limited, largely due to

the significant challenges of performing complex, nonlinear
operations securely and efficiently.

A common approach to handling nonlinear functions is
to approximate them using polynomials or piecewise func-
tions, allowing MPC to evaluate an approximation rather
than the true function. These approximation-based methods,
however, face an inherent trade-off between accuracy and
performance. Achieving high precision may require either
high-degree polynomials or many segments, both of which
significantly increase the computational and communication
costs of MPC. Indeed, the polynomial degree required can
grow exponentially with the desired precision; for example,
one analysis shows that approximating the sigmoid function
to λ bits of precision requires a polynomial of degree on the
order of 2λ/2 in the worst case [7]. As a result, supporting
high-precision secure computation can be prohibitively ex-
pensive for highly nonlinear functions, as we demonstrate
in this work.

To address these limitations, we introduce a new frame-
work, Decor (DElegated COmputation on Randomness), for
evaluating complex operations with high precision. Decor is
based on the key insight that many nonlinear functions can
be expressed through algebraic identities that allow expen-
sive computations to be offloaded onto operations involving
only random inputs, which can be efficiently performed in
the real-valued domain. Notably, our framework operates in
a server-aided MPC setting, where a trusted dealer performs
these computations on randomness during a preprocessing
phase and shares the results with the parties without access
to private inputs. At execution time, the parties then per-
form simplified MPC operations based on the preprocessed
randomness to obtain the desired outputs for the target
nonlinear functions.

Our approach is inspired by the classic Beaver multipli-
cation triple technique [8], where the product of two secret
values x · y is computed using a random triple (a, b, c) with
c = a · b, thereby offloading the multiplication to random
values a and b. We demonstrate that this concept extends
well beyond multiplication, enabling the secure and efficient
evaluation of a broad class of functions commonly used
in scientific computing, including trigonometric functions
(e.g., sine and cosine), hyperbolic functions, the exponential
function, and the sigmoid function. Crucially, our method
eliminates the need for polynomial or piecewise approxi-
mations of these functions, delivering high accuracy with-



out sacrificing efficiency. Moreover, our Decor primitives
for sine and cosine naturally enable a general function-
approximation method based on Fourier series, offering a
compelling alternative to polynomial approximations for
secure function evaluation in MPC, particularly for periodic
functions.

We evaluate Decor through comprehensive benchmark
experiments, demonstrating its superior performance com-
pared to approximation schemes across all supported func-
tions and varying polynomial degrees. We also show that
Decor excels at approximating wave functions through our
efficient constant-round implementations of the Fourier se-
ries. Building on these enhanced MPC primitives, Decor
enables the development of accurate MPC protocols for
analyzing private datasets where maintaining high precision
is crucial, such as the estimation of model coefficients in
genome-wide association studies (GWAS) [9] that capture
statistical signals that are small in magnitude yet scientifi-
cally valuable, or machine learning applications that involve
complex oscillatory functions, such as the sinusoidal repre-
sentation networks (SIRENs) [10] in computer vision.

Overall, our results show that Decor enables high-
precision MPC for a broad class of nonlinear operations,
thereby extending the capabilities of secret sharing-based
protocols in settings where even small errors can lead to ma-
jor negative consequences (e.g., biomedicine and finance).

In summary, our work provides the following main
contributions:

• An efficient, high-precision framework for evaluating
complex nonlinear MPC operations in the server-aided
setting.

• A range of enhanced MPC building block protocols for
trigonometric, hyperbolic, and a family of exponential-
based functions, including sigmoid, achieving perfor-
mance superior to polynomial approximation.

• A general function approximation method for efficient
MPC evaluation based on the Fourier series.

• Comprehensive benchmark evaluation of our novel
MPC primitives and their demonstration in real-world
applications.

Our code is available at: https://github.com/hcholab/decor.

2. Background

2.1. Secret Sharing-Based MPC

Secure multiparty computation (MPC) is a cryptographic
framework that enables multiple parties to collectively com-
pute on private data without compromising data privacy. Our
work addresses the prominent class of MPC frameworks
based on secret sharing.

Secret sharing refers to the technique of representing
private data as a collection of random shares that are dis-
tributed among multiple computing parties, with the key
property that the private data can be reconstructed only by
combining a predetermined number of shares together. This
distributed representation of data yields interactive protocols

for performing arithmetic operations over the private input,
including additions and multiplications, by operating solely
on the secret shares without revealing any underlying private
information to the participating parties.

Efficient MPC frameworks can be instantiated using
additive secret sharing schemes [3], [11], [12], [13], [14],
which split the private number x, typically encoded as
an element of an algebraic structure A like a ring or
a finite field, into a tuple of uniformly random shares
([x]1, [x]2, . . . , [x]p) ∈ Ap, such that x =

∑p
i=1[x]i and

each [x]i ∈ A is held by the i-th computing party.
In this work, unless otherwise noted, we work with

additive secret sharing over A = Z2k , the ring of integers
with a power of two modulus (2k), for some k ∈ N. This
means that, with

[x] := ([x]1, [x]2, . . . , [x]p) ∈ Zp
2k

denoting a tuple of secret shares of x ∈ Z distributed among
p computing parties, the private number can be reconstructed
(or revealed) by the parties collectively adding all secret
shares together modulo 2k:

Reveal([x]) :=

(
p∑

i=1

[x]i mod 2k

)
= x.

To add (or subtract) the two additively secret-shared
numbers [x] and [y] to obtain the secret sharing of the sum
(or difference) of the two private values [x± y], it suffices
for each party to add their respective shares together:

[x]±[y] := ([x]1±[y]1, [x]2±[y]2, . . . , [x]p±[y]p) = [x±y].
Note that all arithmetic operations in the secret sharing
domain are modular operations, not explicitly stated for no-
tational simplicity. Similarly, the addition and multiplication
of a secret-shared private input by a public element c ∈ Z2k

can be computed non-interactively through the following
local updates to each party’s share:

[x]± c := ([x]1 ± c, [x]2, . . . , [x]p) = [x± c],

c[x] := (c[x]1, c[x]2, . . . , c[x]p) = [cx].

Together, these operations allow arbitrary affine functions
of the private inputs to be computed securely over the
secret shares without revealing the private values during the
process.

2.2. Secure Multiplication Using Beaver Triples

Unlike the simple operations reviewed in the previous
section, computing the product of two secret-shared numbers
requires interaction among parties. A standard approach
employs a Beaver multiplication triple [8], which comprises
two uniformly random numbers a, b ∈ Z2k and their product
c = ab. The triple is secret-shared among the parties as [a],
[b], and [c], such that the underlying numbers are unknown
to the parties.

These additional shares enable the parties to evaluate the
product of the two secret-shared numbers [x] and [y] as

[x]·[y] := (x−a)(y−b)+(x−a)[b]+(y−b)[a]+[c] = [xy],
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where x−a ∈ Z2k and y−b ∈ Z2k are masked input values
(maintaining perfect secrecy of x and y) obtained by the
parties computing [x] − [a] and [y] − [b] then collectively
revealing the resulting shares. In other words, secure mul-
tiplication can be performed using an interactive protocol
that requires a single round of interaction among the parties
to reveal the masked inputs, followed by the non-interactive
evaluation of the above affine function of the Beaver triple.

Intuitively, this technique illustrates how a nonlinear
operation could be converted into a simpler one using
random numbers that obey a certain predefined structure
mirroring the target computation. This is a key insight that
we generalize in the design of our Decor framework.

2.3. Generating Beaver Triples via a Trusted Dealer

The generation of a Beaver triple involves computing the
product of two secret-shared random numbers [a] and [b],
which requires additional computation. Several approaches
have been proposed for performing this task, including those
based on homomorphic encryption and oblivious trans-
fer [15]. In this work, we adopt a server-aided approach,
where the Beaver triples are randomly generated by a trusted
dealer and secret shared with the main computing parties.
This model has been adopted in several practical MPC ap-
plications due to its efficiency, despite the introduction of an
additional party and the stronger assumption of no collusion
between the trusted dealer and any computing party [16],
[17]. Note that this additional party does not receive any
information about the private data and serves only as the
generator and distributor of structured randomness among
the computing parties.

2.4. Fixed-Point Data Encoding in MPC

As MPC operates on finite algebraic structures, the
support for real numbers as required by scientific computing
applications necessitates a data encoding scheme. A standard
choice is a fixed-point representation, which encodes only
a subset of real numbers.

Let 2k be the characteristic of the base ring for secret
sharing, and let f and t < k − f be the desired numbers
of supported bits in the fractional and integer domains,
respectively. The encoding function Tf : S 7→ Z2k takes
a real number x in S := [−2t, 2t) ⊂ R and maps it to a
ring element as

Tf(x) = (⌊x · 2f⌋ mod 2k).

The decoding is achieved using the reverse mapping Df :
Z2k 7→ S′ ⊂ S, where

S′ = {−2t + i

2f
∣∣ 0 ≤ i < 2t+f+1, i ∈ Z} ⊂ R

and

Df(z) =
{

z
2f , z < 2t+f,

− 2k−z
2f , z ≥ 2t+f.

Note that the fixed number of fractional bits means that

Df(Tf(x)) ̸= x,∀x ∈ S \ S′,
but the precision loss is bounded as |x−Df(Tf(x))| < 2−f.
For clarity, we denote the secret sharing of the fixed-point
representation of a real number x ∈ S with f fractional bits
and p computing parties using the double bracket [[·]] as

[[x]]f := [Tf(x)] ∈ Zp
2k .

In our work, we adopt the configuration where k = 256,
t = 64, and f = 64, which supports sufficient range and
precision for most applications.

2.5. Elementary Fixed-Point Operations in MPC

An important consequence of using the fixed-point rep-
resentation is that the multiplication between two fixed-
point numbers doubles the number of fractional bits in the
product (i.e., [[x]]f · [[y]]f = [[xy]]2f). As a result, a secure
truncation algorithm is required to reduce the number of
fractional bits back to f in order to continue with subsequent
computations. In our work, we adopt the MPC protocols
for truncation from SecureML [18]; fixed-point division
and square root from Catrina and Saxena [19], adapted for
Z2k rings; and comparison based on bit decomposition and
prefix operations [20], [21] using Boolean secret shares (see
Appendix C). Below summarizes the suite of fixed-point
MPC operations used by our framework as building blocks:

[[x]]f ± [[y]]f = [[x± y]]f,

Tf(c)± [[x]]f = [[c± x]]f,

[[x]]f < [[y]]f = Comp ([[x]]f, [[y]]f) = [x < y],

Tf(c)[[x]]f = Truncf ([[cx]]2f) = [[cx]]f,

[[x]]f[[y]]f = Truncf ([[xy]]2f) = [[xy]]f,

[[x]]f
[[y]]f

= Divf ([[x]]f, [[y]]f) =
[[

x

y

]]
f

,√
[[x]]f = Sqrtf ([[x]]f) =

[[√
x
]]
f
,

Revealf ([[x]]f) = Df(Reveal ([[x]]f)) ≈ x,

where Comp, Trunc, Div, and Sqrt refer to the MPC
subroutines for comparison, truncation, division, and square
root, respectively.

2.6. Challenges of Nonlinear Function Evaluation

Although MPC schemes, in principle, enable arbitrary
computations expressed as compositions of building-block
operations over secret-shared private datasets, their practi-
cality remains constrained by the cost and accuracy limita-
tions of complex, nonlinear functions (e.g., sigmoid, expo-
nential). This challenge is particularly acute in applications
that require evaluating a large number of nonlinear func-
tions, such as neural network inference or training.

The primary difficulty arises because MPC protocols,
with the exception of certain bitwise constructions [22],
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[23], [24], inherently support only arithmetic operations—
i.e., additions and multiplications. As a result, prior work
has explored several approximation strategies, including
piecewise linear approximations, iterative refinement meth-
ods (e.g., Newton-Raphson, Goldschmidt), and polynomial
approximations (e.g., Chebyshev, Taylor). Piecewise linear
methods, while conceptually simple, incur significant MPC
overhead due to the need for secure comparisons to deter-
mine the correct segment, and their accuracy deteriorates
for high-curvature functions such as exponentials. Iterative
methods like Newton-Raphson and Goldschmidt can yield
efficient protocols for a limited set of operations with well-
defined update formulas (e.g., division, square root), but do
not generalize easily to other functions.

Polynomial approximation provides the most flexible
framework for evaluating nonlinear functions in MPC, mak-
ing it an ideal baseline for comparison with our novel
approach. Among polynomial methods, Chebyshev approx-
imation is particularly appealing and widely used because
it minimizes the maximum approximation error (called the
minimax property) over a specified interval. Specifically, a
Chebyshev polynomial of degree n provides the smallest
possible worst-case error among all degree-n polynomials
for continuous functions on a bounded domain [25]. This
well-defined error bound translates to predictable trade-offs
between computational cost (degree) and accuracy.

Evaluating a polynomial approximation within MPC re-
quires multiple rounds of secure multiplications, which grow
with the polynomial’s degree. While higher degrees improve
accuracy, in practice, the choice of degree is limited by
the numerical range and precision of the underlying fixed-
point representation. Excessive degrees can cause numerical
instability or overflow/underflow, imposing an upper bound
on achievable precision. As demonstrated in our empirical
analysis, these limitations restrict the accuracy of existing
MPC-based function evaluation. Our proposed framework
overcomes these challenges, enabling high-precision, effi-
cient nonlinear computation in MPC well beyond the capa-
bilities of prior approaches.

3. Our Approach: Decor

Decor enables efficient, high-accuracy evaluation of a
range of nonlinear functions in MPC by delegating the
otherwise expensive computation to a trusted dealer to be
performed on randomness, leaving only the less complex
operations, such as multiplications, for interactive evaluation
between the parties. It generalizes the core idea behind
Beaver triples for secure multiplication, aided by a trusted
dealer, to any function that is decomposable with respect to
the additive input. We present a graphical overview of our
approach in Figure 1.

We identify several classes of functions that satisfy this
property: the majority of trigonometric functions, including
their compositions, such as the Fourier series; hyperbolic
functions; exponential-based functions, such as logistic, sig-
moid, and hyperbolic tangent; and polynomials. In the fol-

Compute h(r)

Sample r

Compute 
g(x − r)

[ f (x)]1

Compute 
g(x − r)

[ f (x)]2

Party 1
1

Party 2
2Trusted Dealer

Reveal x − r Reveal x − r

[h(r)]1, [r]1

[x]1 [x]2

[h(r)]2, [r]2

Compute 
 Γs(g(x − r), [h(r)]2)

Compute 
 Γs(g(x − r), [h(r)]1)

Figure 1: Decor efficiently evaluates a nonlinear function
(f ) that can be decomposed as a linear or MPC-efficient
transformation (Γs) of arbitrary functions (g, h) evaluated
on either the masked input (x − r) or the mask (r), where
the latter (preprocessing) computation on randomness is
delegated to a trusted dealer, who secret-shares the results
with the parties to facilitate computation on the private input.

lowing, we first present the general framework and detail
our protocols for each of the supported functional classes.

3.1. The Decor Framework

Decor addresses the secure evaluation of a general func-
tion f : R 7→ R for which ∃g, h : R 7→ R, such that

f(u+ v) = Γ(g(u), h(v)),∀u, v ∈ R, (1)

where Γ : R × R → R represents a function that can
be evaluated efficiently in MPC, composed of operations
such as additions, multiplications, and a limited number of
divisions, square roots, or comparisons.

Given such a function f , Decor constructs a secret
sharing-based MPC protocol fs for evaluating f on a private,
secret-shared input [[x]]f, with x in the supported domain
S ⊂ R, as

fs([[x]]f) := Γs(Tf(g(x− r)), [[h(r)]]f). (2)

We use Γs to denote the composition of fixed-point MPC
primitives presented in Section 2.5 corresponding to the
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evaluation of Γ on a public g(x − r) and a secret-shared
[[h(r)]]f, which ensures

fs([[x]]f) = [[Γ(g(x− r), h(r))]]f
(1)
= [[f((x− r) + r)]]f = [[f(x)]]f

as desired.
The evaluation of Γs requires the generation of a random

mask r and the masked input x−r, akin to secure multiplica-
tions based on Beaver triples (Section 2.2). Decor delegates
the sampling of r, the computation of h(r), and the secret
sharing of these random values to a trusted dealer. More
precisely, the preparation for Γs proceeds in the following
steps:
(1) The trusted dealer samples the value of rf = Tf(r) ∈

Z2k uniformly at random from Z2k ; computes r =
Df(rf) ∈ S, h(r) ∈ R; and distributes the secret shares
[[r]]f, [[h(r)]]f ∈ Zp

2k among p computing parties.
Note that these steps can be performed entirely in a
preprocessing phase without knowledge of the private
inputs.

(2) The parties compute [[x− r]]f = [[x]]f − [[r]]f; col-
lectively reveal x − r ∈ S; and locally compute
g(x − r) ∈ R and its encoding Tf(g(x − r)) ∈ Z2k

before interactively evaluating Γs. An important caveat
is that Reveal([[x− r]]f) may differ from x−r due to a
wraparound in the secret sharing domain. We introduce
techniques to overcome this issue in Section 3.3.

We summarize the above method with the following lemma.

Lemma 1. The p-party MPC protocol fs : Zp
2k 7→ Zp

2k (2)
securely evaluates the function f : R 7→ R satisfying the
decomposition property in Equation 1. That is,

fs([[x]]f) = [[f(x)]]f, ∀x ∈ S ⊂ R,

and fs can be efficiently evaluated with nonlinear compu-
tation on randomness delegated to a trusted dealer.

Example. For intuition, consider the exponential function
f(x) = ex, which can be decomposed as f(x) = ex−rer,
for any x, r ∈ R. To compute [[ex]]f given [[x]]f, the trusted
dealer samples r and distributes [[r]]f ∈ Z2k and [[er]]f ∈
Z2k among the computing parties. The parties reveal x−r ∈
S (modulo the wraparound issue addressed in Section 3.3),
compute ex−r, and obtain the desired result as

[[ex]]f = Truncf(Tf
(
ex−r

)
[[er]]f).

3.2. Multivariate Functions and Decompositions

Decor immediately generalizes to both multivariate func-
tions and their decompositions into protocols involving the
evaluation of multiple functions over the masked input or the
random masks. Specifically, for any function f̂ : Rd → R
for which ∃gi, hi : Rd → R, i ∈ {1, . . . , n}, such that the
following holds

f̂(u+ v) = Γ̂(g1(u), . . . , gn(u), h1(v) . . . , hn(v)), (3)

where Γ̂ is a composition of operations that can be evaluated
efficiently in MPC, then we can construct an accurate and
MPC-friendly protocol f̂s for evaluating f̂ on a private input
vector x ∈ Rd as follows:

f̂s([[x]]f) := Γ̂s(Tf(g1(x− r)), . . . , Tf(gn(x− r)),

[[h1(r)]]f , . . . , [[hn(r)]]f), (4)

where Γ̂s denotes the MPC protocol corresponding to the
evaluation of Γ̂. Analogous to Lemma 1, the correctness of
the MPC primitives in Γ̂s and the decomposition property
of f̂ (Equation 3) ensures

f̂s([[x]]f) = [[f̂(x)]]f, ∀x ∈ Sd ⊂ Rd,

thus yielding an efficient method for securely evaluating f̂ .

3.3. Techniques for Correctness and Stability

The simplified presentation of our framework in the
previous section serves as an overview; however, it leaves
two significant challenges unresolved. We now present the
additional techniques used to overcome these challenges.

The first challenge is that computing g(x−r) and h(r)—
in the real domain—can be numerically unstable, since r
is sampled from a large ring corresponding to the secret
sharing domain (e.g., Z2256). To illustrate, in the previous
exponential example, the value of ex−r may be outside the
domain of Tf and introduce a catastrophic error during the
encoding step.

The second challenge stems from the fact that opera-
tions involving additive secret shares employ modular arith-
metic, which can lead to different outputs, depending on
the wraparound behavior, when computing [[x− r]]f and
revealing the result as a real number. While our intended
output is x − r ∈ R, the parties may instead obtain x −
r+2k−f as the result of evaluating Df(Reveal([[x− r]]f))
if calculating x − r in the secret sharing domain causes a
wraparound. This potential discrepancy must be accounted
for in the subsequent steps in order to obtain the correct
final results.

3.3.1. Domain Reduction for Stability. To address the
issue of numerical instability associated with the potentially
large values of r ∈ S used to mask the input (e.g., in Eqs. 2
and 4), we define a safe subset of the input domain S†, repre-
sented by an interval [a, b) ⊂ S, to confine the values of both
the input x and the mask r. We choose a, b ∈ R for a given
target function, if required, to guarantee that the g(x−r) and
h(r) terms remain within S, i.e., the representable data range
of the base secret sharing scheme. This input restriction is
akin to that of polynomial approximation methods, where
an interval must be prespecified to obtain the coefficients of
the approximating polynomial prior to the computation. A
meaningful difference is that the choice of S† in Decor is
solely a function of the numerical bounds of the underlying
fixed-point encoding scheme and the desired function being
evaluated, and thus does not require special tuning with
respect to the accuracy-runtime trade-offs, as is the case for
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polynomial approximations. Additionally, note that without
the domain reduction, the real values of x − r and r may
require large floating-point representations and necessitate
further increase in size of the fixed-point representation for
some functions, thus adding to the computational cost.

3.3.2. Ring Switching Strategy. Our design allows S† to
be defined separately from S of the base scheme. This is
a desirable property given that the parameters of the base
scheme are typically predetermined to support the global
computation being performed. It also allows the use of a
different S† for each target function.

We introduce an efficient ring switching strategy to
seamlessly handle the crossover between these two differ-
ing data domains. We first define the characteristic of the
auxiliary ring assigned to S† = [a, b) as 2k

′
with k′ < k.

Next, with l = b− a denoting the length of the interval for
S†, the parties scale the input to Z2k′ , defined over the same
interval, by first computing

[[(x− a)/l]]k′ = Trunck′(([[x]]f − Tf(a)) · Tf(1/l)), (5)

then performing modular reduction of the individual shares
modulo 2k

′
, which results in a new set of secret shares over

the smaller ring Z2k′ whose elements map to numbers in S†.
Sampling of the random mask r and the revealing of x− r
can now be performed in this smaller ring with appropriate
decoding that outputs the corresponding real numbers in S†.

After the calculations of g(x − r) and h(r) in R, re-
spectively by the computing parties and the trusted dealer,
these results are encoded back into the original ring Z2k

with scale f to evaluate the transformed MPC protocols in
Decor (Eqs. 2 and 4).

3.3.3. Secure Wraparound Correction. For a chosen do-
main S† = [a, b) of length l = b−a revealing x−r following
the above scheme will decode to x − r + l ∈ S† whenever
x < r due to the wraparound in the subtraction. In this
event, fs in Equation 2 will (incorrectly) evaluate to

Γs(Tf(g(x− r + l)), [[h(r)]]f) = [[f(x+ l)]]f ̸= [[f(x)]]f .

To address this issue, we employ a secure comparison
protocol to obtain the encrypted value of [x < r] ∈ Zp

2k ,
where the comparison evaluates to one if the inequality is
true and zero if false. With x′ − r denoting the observed
outcome after revealing x− r, where x′ can be either x or
x+ l, we compute the final result as

[[f(x′)]]f + [x < r] · ([[f(x′ − l)]]f − [[f(x′)]]f),

securely selecting the correct result, i.e., [[f(x)]]f, between
the two cases. We summarize the protocol steps in Table 7
(Appendix A).

For efficiency, we use a hybrid protocol for secure
comparison that first converts input shares from Z2k′ into
Boolean secret shares via bit decomposition, followed by
a bitwise comparison protocol (Appendix C). The resulting
comparison bit can then be mapped back to any target ring—
Z2k in our case—for evaluating the above expression.

In addition, our ring-switching strategy, which maps the
input shares to a smaller ring Z2k′ , substantially reduces the
computational cost of the wraparound correction. Since the
secure comparison then operates over only k′ bits (rather
than k), both the interaction rounds decrease from log2(k)
to log2(k

′), and the communication bandwidth is reduced
proportionally by a factor of k′/k.

3.3.4. Efficient Support for Periodic Functions. Decor
is particularly well-suited for securely evaluating peri-
odic functions, which naturally avoid both numerical chal-
lenges previously discussed in this section. Periodicity of-
ten (though not always) eliminates divergence, mitigating
risks of numerical overflow or underflow. Moreover, the
wraparound issue vanishes when the supported range S† is
set to have length equal to the function’s period, ensuring
that the evaluation output remains correct regardless of
whether a wraparound occurs. This removes the need for a
secure comparison for wraparound correction. These prop-
erties contribute to the exceptional performance of Decor
on periodic functions, including sine, cosine, and other
waveforms represented through Fourier series (Section 4.3).

3.4. Security

Decor’s MPC protocols inherit the security guarantees of
the underlying secret sharing-based MPC framework. With
additive secret sharing, this implies information-theoretic
privacy of the input against semi-honest adversaries, as-
suming at least one non-colluding computing party and no
collusion between the trusted dealer and any party.

We provide a sketch of a simulation-based proof of the
security of Decor protocols, which relies primarily on invok-
ing MPC building-block primitives whose security is already
established. Consider an honest-but-curious adversary that
corrupts a subset of parties T ⊂ {0, 1, . . . , p}, where 0
denotes the trusted dealer. Under our security assumptions,
0 ∈ T implies T = {0}. Thus, either T = {0}, in which case
perfect secrecy follows immediately because the adversary
receives no incoming communication from the parties, or
T ⊂ {1, . . . , p} with |T | < p. In the latter case, and without
loss of generality, assume 1 /∈ T . Our goal is to construct
a simulator that produces a view for this adversary that is
indistinguishable from its real-world view.

Because the base MPC framework ensures the security
of its primitives like multiplication and comparison, the ad-
versary’s view arising from such primitives can be simulated
independently. The only components that require additional
analysis are the Decor-specific steps that map the input se-
cret shares [[x]]f to the arguments g(x−r) and [[h(r)]]f for
the Decor-transformed protocol (Equation 2). These steps
consist of the domain reduction of [[x]]f to obtain secret
shares [x̃] in the reduced ring Z2k′ corresponding to a scaled
input from S†; distributing among parties the shares [r̃] of a
random scaled mask in Z2k′ , corresponding to some r ∈ S†;
the revealing of x̃ − r̃ and decoding to obtain x − r ∈ S†;
and the secret sharing of [[h(r)]]f.
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Function Γ Decomposition

Exponential ex+y = exey

Sigmoid σ(x+ y) = (σ(x)σ(y)) / (2σ(x)σ(y)− σ(x)− σ(y) + 1)

Sine sin(x+ y) = sin(x) cos(y) + cos(x) sin(y)

Cosine cos(x+ y) = cos(x) cos(y)− sin(x) sin(y)

Tangent tan(x+ y) = (tan(x) + tan(y)) / (1− tan(x) tan(y))

Cotangent cot(x+ y) = (cot(x) cot(y)− 1) / (cot(x) + cot(y))

Hyperbolic Sine sinh(x+ y) = sinh(x) cosh(y) + cosh(x) sinh(y)

Hyperbolic Cosine cosh(x+ y) = cosh(x) cosh(y) + sinh(x) sinh(y)

Hyperbolic Tangent tanh(x+ y) = (tanh(x) + tanh(y)) / (1 + tanh(x) tanh(y))

Hyperbolic Cotangent coth(x+ y) = (coth(x) coth(y) + 1) / (coth(x) + coth(y))

Polynomial P (x+ y) =
∑d

i=0 ci
∑i

j=0

(
i
j

)
x i−jyj

Table 1: Examples of functions supported by Decor and their decompositions with respect to the sum of the inputs.

Excluding invocations of standard MPC operations, the
adversary’s view in these steps consists of the value x − r
(equivalently x̃−r̃) together with the corrupted shares [r̃]i∈T

and [Tf(h(r))]i∈T . Because 1 /∈ T , additive secret sharing
guarantees that [r̃]i∈T is distributed identically to indepen-
dent uniform elements of Z2k′ . Since r̃ is chosen uniformly
at random by the trusted dealer, the revealed value x̃ − r̃
is also uniform and independent of the corrupted shares.
Likewise, [Tf(h(r))]i∈T forms a fresh additive sharing, and
the shares observed by the adversary are again uniformly
random. Consequently, the entire Decor-specific view of the
adversary with corruption set T can be simulated by replac-
ing each of these observed quantities with an independently
chosen uniform ring element, and composing this with the
simulations of the invoked MPC primitives. This completes
the sketch of the security argument.

3.5. Supported Functions

Any function that admits a decomposition over sums
of inputs into an MPC-efficient expression, as defined in
Equations 1 and 3, can be evaluated accurately and effi-
ciently within our Decor framework. Table 1 summarizes
key functions that satisfy this property, along with their
corresponding decompositions. We next describe each class
of supported functions in greater detail and discuss useful
generalizations of these primitives, such as Fourier-based
function approximations.

We remark that several important functions currently fall
outside our framework, including logarithmic, comparison,
and division operations. These can be handled using special-
ized MPC protocols or function approximation techniques,
which can be composed with Decor-based operations within
a larger protocol in a complementary manner.

3.5.1. Exponential-Based Functions. The exponential
function example in Section 3, f(x) = ex, permits a MPC-
friendly decomposition f(x + y) = f(x)f(y). This obser-

vation can be generalized to a broader class of exponential-
based functions. Any function f∆ : R 7→ R of the form

f∆(x;α, β, γ, δ, λ) =
αeλx + β

γeλx + δ
,

with parameters α, β, γ, δ, λ ∈ R and defined on all x such
that γeλx + δ ̸= 0, can be decomposed with respect to the
sum of the inputs as follows (see Appendix D for proof):

f∆(x+ y) =
Af∆(x)f∆(y) +Bf∆(x) + Cf∆(y) +D

Ef∆(x)f∆(y) + Ff∆(x) +Gf∆(y) +H
,

where

A = αδ2 + βγ2, B = −αδβ − αβγ,

C = −αδβ − αβγ, D = αβ2 + α2β,

E = γδ2 + δγ2, F = −γδβ − αγδ,

G = −γδβ − αγδ, H = γβ2 + α2δ.

This class of functions includes the exponential, sigmoid,
and some hyperbolic functions:

ex = f∆(x; 1, 0, 0, 1, 1),

σ(x) = f∆(x; 1, 0, 1, 1, 1) =
ex

ex + 1
,

tanh(x) = f∆(x; 1,−1, 1, 1, 2) =
e2x − 1

e2x + 1
,

coth(x) = f∆(x; 1, 1, 1,−1, 2) =
e2x + 1

e2x − 1
.

Applying the above decomposition formula yields an effi-
cient protocol for evaluating any function in this class.

To illustrate, we provide a concrete example based on
the sigmoid function, which can be evaluated as

σ(x+ y) = Γ(σ(x), σ(y)), where

Γ(x, y) =
xy

2xy − x− y + 1
, ∀x, y ∈ R.
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Algorithm 1 Decor-Sigmoid (15 + 4δ + 4 log2 f rounds)

Require: Secret-shared [[x]]f, segment [a, b) ⊂ S, l = b−a,
division depth δ

1: [r̃]2f , [[σ(r)]]f ← Dealer() ▷ r = l · r̃ + a
2: [x̃]2f ← Truncf(Tf(1/l) · ([[x]]f − Tf(a))) mod 2f

3: x̃− r̃ ← Revealf([x̃]2f − [r̃]2f) ▷ 1 rnd
4: x− r ← l · (x̃− r̃) + a
5: [c]← [x̃]2f < [r̃]2f ▷ (Alg. 6) 2 + log2 f rnd
6: [[sh]]f ← Tf(σ(x−r−l)− σ(x−r))[c]
7: [[s]]f ← Tf(σ(x−r)) + [[sh]]f
8: [[e1]]f ← [[σ(r)]]f − Tf (1)
9: [[e2]]f ← [[s]]f − Tf (1)

10: [[d0]]f ← Truncf([[e1]]f[[e2]]f) ▷ 2 rnd
11: [[d1]]f ← Truncf([[s]]f[[σ(r)]]f) ▷ 2 rnd
12: [[d2]]f ← [[d0]]f + [[d1]]f
13: return Divf([[d1]]f, [[d2]]f, δ) ▷ (Alg. 7)

3 log2 f+4δ + 7 rnd

This yields an efficient MPC protocol for the sigmoid:

σs([[x]]f) :
(2)
= Γσ(Tf(σ(x− r)), [[σ(r)]]f) = [[σ(x)]]f,

where Γσ is a composition of MPC primitives for computing
Γ on the above inputs. We provide the full protocol in
Algorithm 1, which incorporates additional strategies dis-
cussed in Section 3.3 for domain reduction and wraparound
correction. While the protocol involves a division operation,
the denominator of Γ is bounded in [0, 1], which improves
efficiency by simplifying the scale normalization step in the
division protocol (Appendix C).

3.5.2. Trigonometric Functions. Trigonometric functions
are decomposable with respect to the sum of the angles
according to the identities.

sin(x+ y) = sin(x) cos(y) + cos(x) sin(y),

cos(x+ y) = cos(x) cos(y)− sin(x) sin(y),

tan(x+ y) =
tan(x) + tan(y)

1− tan(x) tan(y)
,

cot(x+ y) =
cot(x) cot(y)− 1

cot(x) + cot(y)
.

While we do not list them here, a few other trigonometric
functions (e.g., secant and cosecant) support similar decom-
positions. As before, the terms associated with the input
corresponding to the random mask (e.g., y in the above
identities) can be computed by a trusted dealer and secret
shared with the parties, who then interactively compute the
rest of the expression to evaluate the desired function.

Sine and cosine serve as insightful examples where
the decomposition involves complex nonlinear operations
different from the target function; each of them requires the
evaluation of both sine and cosine on the inputs. Such func-
tions can still be efficiently computed within our framework
as long as each term involves only one of the inputs—i.e.,
the masked input or the mask (see Section 3.2).

For instance, the sine function can be expressed as:

sin(x+ y) = Γ(sin(x), cos(x), sin(y), cos(y)), where
Γ(x1, x2, y1, y2) = x1y2 + x2y1, ∀x, y ∈ R.

This leads to the following Decor protocol for sine:

sins([[x]]f) := Γsin(Tf(sin(x− r)), Tf(cos(x− r)),

[[sin(r)]]f , [[cos(r)]]f),

which outputs [[sin(x)]]f given an MPC protocol Γsin that
evaluates Γ.

Periodicity of trigonometric functions removes the need
for wraparound correction when the length of the reduced
domain (e.g., [0, 2π)) coincides with the period 2π. This
results in highly efficient MPC protocols for these functions,
as illustrated in Algorithm 2 for the sine function, which
requires only three interaction rounds.

Algorithm 2 Decor-Sine (3 rounds)

Require: Secret-shared input [[x]]f
1: [r̃]2f , [[sin(r)]]f, [[cos(r)]]f ← Dealer() ▷ r = 2πr̃
2: [x̃]2f ← Truncf(Tf(1/2π)[[x]]f) mod 2f ▷ 1 rnd
3: x̃− r̃ ← Revealf([x̃]2f − [r̃]2f) ▷ 1 rnd
4: x− r ← 2π · (x̃− r̃)
5: [[t1]]f ← Tf(sin(x− r))[[cos(r)]]f
6: [[t2]]f ← Tf(cos(x− r))[[sin(r)]]f
7: return Truncf([[t1]]f + [[t2]]f) ▷ 1 rnd

3.5.3. Hyperbolic Functions. Hyperbolic functions are
analogues of trigonometric functions defined on the hyper-
bola. They share identities of the same form, which can
be utilized for decompositions in Decor. For example, the
hyperbolic sine and cosine functions have the following
decompositions similar to those of sine and cosine:

sinh(x+ y) = sinh(x) cosh(y) + cosh(x) sinh(y),

cosh(x+ y) = cosh(x) cosh(y) + sinh(x) sinh(y).

Decor enables efficient evaluation of these functions in a
similar fashion, with the key difference that these functions
are non-periodic and thus require wraparound correction
(Section 3.3), which incurs an additional computational cost.

3.5.4. Function Approximation via Fourier Series.
Decor’s MPC-friendly decomposition of sine and cosine
functions enables an efficient approach to general function
approximation based on the Fourier series, providing a
useful alternative to polynomial approximation.

A Fourier series can be used to approximate any real-
valued function f over an interval [a, b) of length (period)
L = b− a as

f(x) ≈ a0 +

N∑
k=1

(
ak cos

(
2kπ

L
x

)
+ bk sin

(
2kπ

L
x

))
,

given an integer N and the coefficients determined through
integration. In our setting, the target function f is publicly
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known, so the above coefficients can be precomputed as
public constants for given f , a, b, and N .

Decomposing all sine and cosine terms in the Fourier
series with respect to x − r and r as inputs, we obtain
an expression that can be evaluated efficiently involving
sine/cosine evaluations only on x − r and r. Specifically,
once the masked input x − r (modulo L) is revealed, the
parties compute the following for k ∈ {1, . . . , N}:

vk = ak cos

(
2kπ

L
(x− r)

)
+ bk sin

(
2kπ

L
(x− r)

)
,

wk = bk cos

(
2kπ

L
(x− r)

)
− ak sin

(
2kπ

L
(x− r)

)
.

Then the following expression is computed:

Tf(a0) + Truncf

(
N∑

k=1

[[tk]]2f

)
, where

[[tk]]2f = Tf(vk)
[[

cos

(
2kπ

L
r

)]]
f

+ Tf(wk)

[[
sin

(
2kπ

L
r

)]]
f

.

Note that the sine/cosine terms that include only r are
evaluated and secret-shared by a trusted dealer. Additionally,
the only three interactive steps are revealing x − r and
secure truncation (rescaling) of the output, resulting in an
efficient, constant-round function approximation routine for
any degree N . We provide the full protocol in Algorithm 3.

Algorithm 3 Decor-Fourier (3 rounds)

Require: Secret-shared [[x]]f, segment [a, b) ⊂ S, L = b−a
1: [r̃]2f ← Dealer() ▷ r = L · r̃ + a
2:
[[
sin
(
2π
L r
)]]

f
, . . . ,

[[
sin
(
2Nπ
L r

)]]
f
← Dealer()

3:
[[
cos
(
2π
L r
)]]

f
, . . . ,

[[
cos
(
2Nπ
L r

)]]
f
← Dealer()

4: [x̃]2f ← Truncf(Tf(1/L) · ([[x]]f − Tf(a))) mod 2f

▷ 1 rnd
5: x̃− r̃ ← Revealf([x̃]2f − [r̃]2f) ▷ 1 rnd
6: x− r ← L · (x̃− r̃) + a
7: Compute [[tk]]2f, ∀k = {1, . . . , N} ▷ See text for tk
8: [[s]]f ← Truncf([[t1]]2f + · · ·+ [[tN ]]2f) ▷ 1 rnd
9: return Tf(a0) + [[s]]f

3.5.5. Polynomial Functions. Decor improves polynomial
evaluation in MPC by delegating computation of input pow-
ers to a trusted dealer. The decomposition of a polynomial
ρ(x) =

∑d
i=1 cix

i, ci ∈ R follows the binomial expansion

ρ(x+ y) =

d∑
i=1

ci

i∑
j=0

(
i

j

)
x i−jyj ,

leading to the following expression for Decor evaluation:

[[ρ(x)]]f =
∑
i

Tf(ci)
i∑

j=0

(
i

j

)
Tf((x− r) i−j)[[rj ]]f,

where the powers rj are precomputed and secret-shared by
a trusted dealer and (x− r) i−j terms are computed by the
parties using the revealed x − r. Wraparound correction is
necessary in Decor’s polynomial evaluation.

4. Experimental Results

We conducted comprehensive benchmark experiments to
evaluate the performance of the Decor protocols, encom-
passing nine representative elementary functions, applica-
tions of Fourier approximation to wave functions, and two
real-world machine learning tasks in medical image analysis
and genomic data analysis involving nonlinear operators.
Chebyshev polynomial approximation served as our pri-
mary comparison baseline, evaluated using the Clenshaw
method [26], a numerically stable and efficient evaluation
method for Chebyshev polynomials. Overall, our results
demonstrate substantial improvements in accuracy beyond
what is achievable with polynomial approximation, high-
lighting the practical utility of Decor and its potential to
generalize beyond the set of functions analyzed in this work.

4.1. Experimental Setup and Evaluation Metrics

All experiments were performed in a simulated MPC
environment based on a single machine with an AMD Ryzen
Threadripper 3960X CPU and 256 GB of RAM. Our default
network setup consisted of three parties (two computing
parties and a trusted dealer), with each party assigned to
a separate process and communicating over UNIX sockets
with a realistic, simulated wide-area network (WAN) latency
of 20 ms [27], [28]. We also assessed performance in
settings with 5 or 10 parties (Appendix A).

Accuracy metrics include the mean or max absolute
error (mean/max AE) between the MPC output and the
ground truth, evaluated across 500 equidistant points within
the specified interval. Each polynomial approximation-based
method was evaluated at varying polynomial degrees from
5 to 70. Our performance metrics include total runtime (in
seconds), the network bandwidth used by the trusted dealer
for preprocessing, the cumulative network bandwidth used
by the computing parties in the online phase (excluding the
dealer), and the number of interactive rounds between the
parties. All measurements were averaged over three runs.

We implemented all protocols in Shechi [29], a Python
compiler based on Codon [30] for developing MPC and
homomorphic encryption protocols, which provided the nec-
essary subroutines and utility functions for secret sharing
that streamlined our implementation of the Decor protocols.

4.2. Elementary Nonlinear Functions

In Table 2, we present the accuracy evaluation results
across a representative set of elementary functions, includ-
ing four trigonometric functions (sine, cosine, tangent, and
cotangent), two exponential-based functions (exponential
and sigmoid), and three hyperbolic functions (hyperbolic
sine, cosine, and tangent). Each function was evaluated
using Decor and Chebyshev polynomials (of degrees 20
and 50) over a chosen interval, the latter representing a
prominent approach to polynomial approximation. Functions
that are continuous over long intervals were evaluated on
top of two intervals, (−10, 10) and (−20, 20), whereas
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Figure 2: Accuracy-efficiency trade-offs of polynomial (Chebyshev) approximation compared with Decor protocols over
the (−20, 20) interval. Negative log of mean absolute error (AE; higher is better) is plotted against runtime (A) and com-
munication bandwidth (B). Decor consistently achieves higher accuracy and efficiency, whereas polynomial approximation
either fails to reach comparable precision or incurs substantial computational overhead at higher degrees.

functions with discontinuity, such as tangent and cotangent,
were evaluated on smaller intervals—either (−π/4, π/4)
or (π/4, 3π/4). We report the corresponding runtime and
communication cost measurements in Table 3.

Across all functions, Decor consistently outperformed
Chebyshev in accuracy while generally remaining more
computationally efficient. With the exceptions of Decor-
Sigmoid and Decor-Tanh, which were faster than degree-50
Chebyshev (1.3s vs. 2.1s) but slower than degree-20 (0.9s),
all Decor protocols ran faster than degree-20 Chebyshev
while providing substantially better accuracy. Specifically,
relative to Chebyshev with degrees 50 and 20, respectively,
Decor reduced the error of magnitude by up to 106× and
1015×, achieved up to 55× and 22× faster runtimes, and
required up to 45× and 19× less communication.

Upon inspection of the trade-offs between accuracy and
computational costs of Chebyshev across degrees between
5 and 70, we observed that the accuracy of polynomial ap-
proximation tends to plateau at high degrees, notably below
the accuracy of Decor (Figure 2). For example, the mean
absolute error in Chebyshev approximation of the exponen-
tial function is in the order of 10−6 for degrees between
50–70, in contrast to the 10−8 error scale of Decor. This
limitation of Chebyshev is likely due to its greater sensitivity
to numerical underflow in the fixed-point representation
used by our MPC scheme. High-degree polynomials require

circuits with greater multiplicative depth, making them more
susceptible to precision loss.

While Decor remains highly efficient—even compared
to low-degree polynomial approximations for many func-
tions (e.g., sine, cosine, and exponential in Figure 2)—its
functional decomposition can introduce additional cost when
it requires a division. For functions such as sigmoid, this
results in runtime and communication overheads comparable
to those of a degree-30 Chebyshev approximation in our
setting. On the other hand, Decor reduces numerical error
by a factor of 104 for sigmoid, even relative to the highest-
degree Chebyshev approximation we evaluated (degree 70),
which incurs more than twice the runtime of Decor-Sigmoid.

Lastly, we evaluated Decor’s polynomial evaluation pro-
cedure by applying it to the Chebyshev polynomials of
all elementary functions and comparing its performance
to our Chebyshev evaluation based on the Clenshaw algo-
rithm [26]. Decor’s polynomial evaluation was, on average,
3.5× faster and required 1.8× less communication (Table 3),
while maintaining the same accuracy.

4.3. Fourier Approximation of Wave Functions

We evaluated Decor’s Fourier-based function approxi-
mation (Decor-Fourier) on the square and sawtooth waves,
defined as π-periodic functions over (−3π, 3π), with the
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Figure 3: Decor’s Fourier function approximation compared with Chebyshev polynomials on three waveforms: sine (top),
square (middle), and sawtooth (bottom). Degree-50 approximations are shown (left). Accuracy (negative log of mean absolute
error; higher is better) is evaluated against runtime (center) and communication cost (right) across varying degrees.

sine wave as an additional reference (Figure 3). Because
Decor-Fourier uses a constant number of rounds (three) re-
gardless of degree, it substantially improves efficiency over
Chebyshev polynomials at any degree, while also achieving
higher accuracy. In our experiments, Decor-Fourier outper-
formed Chebyshev, running 30× faster with 3.4× lower
communication at degree 50, and 17× faster with 3.2×
lower communication at degree 20 (Table 3). These results
suggest that Fourier function approximation with Decor en-
able accurate approximation of periodic functions, whereas
polynomial approximations generally fail to represent oscil-
latory behavior over long intervals.

4.4. Real-World Application Examples

We illustrate Decor’s utility in two real-world applica-
tions that rely on accurate evaluations of complex, nonlin-
ear functions: (1) training implicit neural representations
(INRs) [10] for private medical images using sinusoidal
activation functions, and (2) estimating statistical parameters
in a genome-wide association study (GWAS) of lung cancer
patients [9] based on logistic regression. In both settings,
we show that Decor delivers accuracy beyond what was
previously achievable with polynomial approximation.

4.4.1. Secure SIREN. INRs encode signals such as images,
audio, and video as the weights of a multilayer perceptron
(MLP), enabling compression, rasterization, restoration, and
improved analysis. A prominent example is the Sinusoidal
Representation Network (SIREN) [10], which models peri-
odic structure using sinusoidal activation functions.

Using Decor’s sine protocol, we securely trained a
SIREN model on three privacy-sensitive medical image
types (chest X-ray, retinal OCT, abdominal CT) [31]. Fol-
lowing prior work, the model uses a three-layer MLP with
two hidden layers of 64 neurons (sine activations) and a
linear output layer. Training was performed with MPC-
based stochastic gradient descent with Nesterov momentum
(learning rate 0.2, momentum 0.9). We trained a separate
INR for each 64×64 image from MedMNIST [32] for 1,000
epochs. Decor’s results closely matched plaintext training,
with only a negligible loss gap of about 10−8 and no visible
differences in gradients or reconstructed images (Figure 4).

In contrast, polynomial approximations for the sine
activation—even over a wide interval (−30, 30)—failed to
train accurately. Approximation errors accumulated over
epochs, producing large deviations from the true activations
and unstable gradients. This issue is expected to worsen
for larger networks, which require broader approximation
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Approach (Degree) Interval Mean AE Max AE
Si

ne
/

C
os

in
e Decor 5.0 · 10−16 2.1 · 10−15

Chebyshev (50) (−10, 10) 2.1 · 10−15 1.0 · 10−14

Chebyshev (20) 1.2 · 10−06 2.1 · 10−06

Decor 6.4 · 10−16 3.6 · 10−15

Chebyshev (50) (−20, 20) 3.7 · 10−15 3.9 · 10−14

Chebyshev (20) 1.7 · 10−01 4.1 · 10−01

Ta
n Decor 8.4 · 10−16 2.6 · 10−15

Chebyshev (50) (−π
4
, π
4
) 5.3 · 10−15 4.0 · 10−14

Chebyshev (20) 1.7 · 10−12 3.3 · 10−12

C
ot

an Decor 7.9 · 10−16 2.7 · 10−15

Chebyshev (50) (π
4
, 3π

4
) 1.2 · 10−14 4.0 · 10−13

Chebyshev (20) 1.7 · 10−12 3.3 · 10−12

E
xp

on
en

tia
l Decor 8.8 · 10−13 2.4 · 10−11

Chebyshev (50) (−10, 10) 7.2 · 10−11 2.2 · 10−09

Chebyshev (20) 8.9 · 10−06 2.1 · 10−05

Decor 2.8 · 10−08 1.0 · 10−06

Chebyshev (50) (−20, 20) 1.2 · 10−06 2.2 · 10−05

Chebyshev (20) 1.4 · 10+03 5.7 · 10+03

Si
gm

oi
d

Decor 1.0 · 10−10 5.9 · 10−09

Chebyshev (50) (−10, 10) 1.8 · 10−08 7.0 · 10−08

Chebyshev (20) 3.4 · 10−04 1.2 · 10−03

Decor 5.2 · 10−10 1.4 · 10−08

Chebyshev (50) (−20, 20) 6.1 · 10−05 4.2 · 10−04

Chebyshev (20) 6.7 · 10−03 3.9 · 10−02

C
/S

in
h Decor

(π
4
, 3π

4
)

5.3 · 10−16 3.5 · 10−15

Chebyshev (50) 5.8 · 10−14 2.1 · 10−12

Chebyshev (20) 6.1 · 10−15 3.4 · 10−14

Ta
nh

Decor 1.4 · 10−10 6.2 · 10−09

Chebyshev (50) (−10, 10) 8.0 · 10−05 5.2 · 10−04

Chebyshev (20) 1.1 · 10−02 6.6 · 10−13

Table 2: Accuracy comparison for elementary nonlinear
functions. Best performance in bold. AE: absolute error.

Approach Runtime Network Network Rounds(Degree) (s) (Dealer; KB) (Online; KB)
Decor-Sin/Cos 0.040 64 64 3
Decor-Tan/Cot 0.681 1, 049 2, 226 32
Decor-Exp 0.314 296 464 15
Decor-Sigmoid 1.320 1, 153 1, 794 64
Decor-Sinh/Cosh 0.357 376 528 17
Decor-Tanh 1.338 1, 169 1, 826 65
Chebyshev (50) 2.133 2, 466 3, 298 103
Chebyshev (20) 0.887 1, 025 1, 376 43
Decor-Fourier (50) 0.070 1, 632 64 3
Decor-Fourier (20) 0.052 672 64 3
Decor-Poly (20) 0.385 648 496 16

Table 3: Runtime and communication costs of elementary
nonlinear functions and general approximation methods.
Measurements averaged across functions for methods with
constant cost for fixed degree. Decor-Poly: Chebyshev with
Decor polynomial evaluation.

intervals and thus higher-degree polynomials, which remain
inaccurate for periodic functions over long domains.

We partially mitigated this problem with a modular-
reduction heuristic: the input is scaled so that the sine period
aligns with a power of two in the secret-sharing domain,
and parties locally reduce their shares modulo the period.
This effectively maps inputs to a smaller interval, enabling
more accurate Chebyshev approximation (Chebyshev∗ in
Figure 4 and Table 5). Although this prevented catastrophic
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Figure 4: Image representations (f ), gradients (∇f ), and
divergences (∆f ) of securely trained SIREN on medical
images. Polynomial approximations fail to capture high-
frequency oscillations over long intervals, leading to failed
model learning regardless of degree (as exemplified by data
shown). Asterisk indicates a heuristic variant of Chebyshev
addressing interval issues described in main text.

Approach Runtime Network Network Rounds(s) (Dealer; GB) (Online; GB)
Plaintext 645 - - -
Decor 13, 395 391 478 104, 000
Cheb. (20) 52, 208 2, 472 3, 228 267, 000
Cheb. (10) 35, 504 1, 465 1, 884 188, 000

Table 4: SIREN training evaluation with respect to runtime
and communication. Averaged over three images in Figure 4.

divergence, it still provided lower accuracy than Decor and
incurred higher computational cost. Decor, by contrast, oper-
ates accurately without restricting the input range and avoids
the need for delicate tuning, which is generally not feasible
in practice where the private inputs cannot be inspected.
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Figure 5: Accuracy of GWAS effect sizes securely computed with logistic regression. Dots show individual genetic variants
tested. Closer to the diagonal means higher accuracy. Varying degrees of Chebyshev plotted separately for comparison.

Approach Chest Retinal Abdominal
X-ray OCT CT

Tr
ai

ni
ng

L
os

s Plaintext 1.0 · 10−07 1.2 · 10−07 2.3 · 10−07

Decor 9.1 · 10−08 1.4 · 10−07 2.4 · 10−07

Cheb. (20) 3.3 · 10−05 6.0 · 10−06 1.8 · 10−05

Cheb. (10) 3.3 · 10−05 6.0 · 10−06 1.8 · 10−05

Cheb.∗ (20) 2.1 · 10−07 2.0 · 10−06 8.2 · 10−07

Cheb.∗ (10) 1.0 · 10−06 3.5 · 10−06 1.4 · 10−06

Table 5: SIREN training accuracy in terms of training losses
(smaller is better). Averaged over three images in Figure 4.
Best performance in bold. Asterisk indicates a heuristic
variant described in main text.

4.4.2. Secure Genome-Wide Association Study. GWAS
is a widely used statistical method in medical genetics for
identifying genetic variants associated with a disease or
trait. It regresses the trait on each variant while adjusting
for covariates such as demographic and ancestry variables,
producing an effect-size estimate reflecting the variant’s
contribution to the trait. Accurate estimation of effect sizes
is crucial for understanding disease mechanisms and for
building predictive models used in clinical decision-making.

Following prior MPC-based GWAS work [5], we eval-
uated the accuracy of securely estimating effect sizes on a
private, secret-shared genomic dataset. We used a subset of
a real lung cancer cohort from the NIH dbGaP repository
(phs000716.v1.p1), including 9,000 individuals, 100 genetic
variants, and 10 covariates (age, sex, and ancestry compo-
nents), together with a binary indicator of cancer status. We
implemented MPC-based logistic regression using Decor’s
sigmoid protocol and trained a separate model for each
variant using batched gradient descent for 50 epochs.

Figure 5 shows the agreement between the secure es-
timates and the plaintext ground truth. Decor achieved ac-
curacy comparable to plaintext GWAS, with mean squared
error on the order of 10−7. In contrast, the same algorithm
with Chebyshev approximations of degrees 20–50 for sig-
moid yielded errors between 10−3 and 10−2. For degrees 30
and above, Chebyshev evaluation was up to 1.7× slower and
consumed 3× more communication than Decor (Table 6).

Approach Mean AE Runtime Network Network Rounds(s) (Dealer) (Online)
Plaintext - 0.48 - - -
Decor 3.1 · 10−07 84.18 1.09 1.66 3, 401
Cheb. (50) 1.5 · 10−03 141.00 2.27 3.01 5, 351
Cheb. (40) 3.9 · 10−03 107.86 1.83 2.44 4, 351
Cheb. (30) 9.7 · 10−03 85.91 1.40 1.86 3, 351
Cheb. (20) 2.4 · 10−02 61.01 0.97 1.28 2,351

Table 6: Accuracy, runtime, and network costs for GWAS
with logistic regression. Averaged across a hundred genomic
positions over 9,000 lung cancer patients. Best performance
in bold. Network bandwidth in GBs. AE: absolute error.

5. Related Work

Many secret-sharing and mixed-protocol-based MPC
frameworks approximate nonlinear or transcendental op-
erations (e.g., exponential, sigmoid, softmax) using poly-
nomials (e.g., Chebyshev), piecewise-linear (PWL), or
lookup-table (LUT) functions to enable efficient evalua-
tion using arithmetic circuits. Examples of general-purpose
frameworks include SecureML [33], ABY-style mixed-
protocol systems [34], and secure math libraries such as
LLAMA [35]. Other relevant recent works include Squir-
rel [36], which introduces an optimized two-party protocol
for sigmoid computation by combining PWL and Fourier se-
ries approximations, as well as a wavelet-compression-based
LUT function approximation method [37]. Although many
of these techniques have been adopted by MPC systems
for secure machine learning (e.g., CrypTen [38], CrypT-
Flow2 [39], Cheetah [40], SiRNN [41], SecureNN [42],
Falcon [43]), they suffer from several limitations: commu-
nication and round complexity increase with higher-degree
polynomials, a greater number of piecewise segments, and
larger lookup tables; achieving tight accuracy often requires
high-degree approximations, leading to increased multiplica-
tive depth; polynomial and PWL approximations can be
numerically unstable in deep models; and WAN settings
further exacerbate the communication overhead. To illustrate
the benefits of Decor’s decomposition approach, we compare
its sigmoid protocol with a recent PWL-based protocol from
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Squirrel [36] in Appendix B, showing that our approach is
both more accurate and more efficient.

An alternative approach is to reformulate specific func-
tions. For example, ΠQSMax [44] expresses softmax as
an ordinary differential equation (ODE) solved via Euler
steps, and ΠLSig evaluates sigmoid through Fourier series
identities. These methods avoid heavy comparisons and offer
low-round online phases, but they are function-specific and
do not generalize to other functions. Furthermore, ΠQSMax
requires iterative rounds that trade accuracy for cost, ΠLSig
focuses accuracy near zero and still approximates the target
nonlinearity.

A recent work adopts a more general approach, namely
the MW-based protocols [45]. This method leverages ef-
ficient computation of the most significant bit and the
wraparound of secret shares (MW) [46], using oblivious
transfer, to evaluate a class of nonlinear functions. While
it supports trigonometric and exponential functions, similar
to Decor, the MW approach has notable limitations relative
to Decor: it excludes other function classes supported by
Decor and is restricted to a two-party setting, although it
does not require a trusted dealer. In Appendix B, we provide
additional empirical comparisons with MW-based protocols
for functions supported by both approaches, demonstrating
that Decor improves both efficiency and accuracy.

A complementary line of work shifts the protocol fam-
ily entirely, reducing nonlinear layers to garbled circuits
(GC) and oblivious transfer (OT), as in ABY2.0 [34], or
to function secret sharing (FSS), as in AriaNN [47] and
FastSecNet [48]. These approaches can achieve low-round
evaluation but often incur high communication costs, result-
ing in either additional approximation or substantial online
bandwidth requirements, particularly in WAN settings [44].
Existing FSS constructions typically rely on distributed
comparison functions (DCF) and primarily support gates
composed of comparisons, multiplications, and bitwise op-
erations. In contrast, Decor demonstrates that preprocessing
over random masks enables accurate evaluation of nonlin-
ear real-valued functions (e.g., sine/cosine, exponential, and
sigmoid), extending beyond the capabilities of existing FSS
techniques.

6. Conclusions and Future Work

We introduced the Decor framework for evaluating com-
plex functions in MPC by decomposing them into forms
that can be computed more efficiently with the assistance of
a trusted dealer. We showed how this idea yields efficient
protocols for a wide range of functions. Our work advances
high-precision MPC and strengthens its utility in applica-
tion domains involving critical decisions, such as medical
analysis, where accuracy is paramount.

While relying on a trusted dealer limits Decor to settings
where parties can access a non-colluding auxiliary entity, our
framework remains broadly relevant to the MPC community.
This is particularly true in domains where parties manage
large volumes of sensitive data and are therefore willing
to accept stronger security assumptions in exchange for

significant performance gains, as demonstrated in prior work
on practical MPC applications in biomedical settings [37],
[49], [50], [51], [52]. Our contribution advances the state of
nonlinear function evaluation in such contexts. A meaningful
direction for future work is to remove the need for a trusted
dealer by leveraging alternative approaches to randomness
generation, such as oblivious transfer [53].

The classes of functions we have identified as efficiently
computable by Decor are likely not exhaustive. We plan
to further investigate whether additional functions satisfy
the required structure in Eqs. 1 and 3. In particular, we
aim to explore tools such as Bitween [54], which facili-
tate the discovery of recursive functional equivalences over
arbitrary inputs. Another promising direction is extending
Decor to complex-valued computation, as it already enables
efficient evaluation of the complex exponential via ei[[x]]f =
cos[[x]]f+ i sin[[x]]f. In addition, although not developed in
this work, malicious security guarantees could be obtained
by replacing the MPC primitives used to evaluate Decor-
transformed functions (Eqs. 2 and 4) with actively secure
variants, e.g., based on authenticated triples [3]. Finally, we
note that our methods for division and comparison, while
optimized, would continue to benefit from ongoing advances
in MPC. We plan to incorporate such improvements into
future versions of Decor.
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Appendix A.
Additional Tables and Figures
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wraparound

<latexit sha1_base64="w1NcmY4X1xdVC9o/xt7gy1G6atg=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoPoxbArvo5BLx4jmAckS5idzCZDZmaXmVkxLPkFLx4U8eoPefNvnE32oIkFDUVVN91dQcyZNq777RSWlldW14rrpY3Nre2d8u5eU0eJIrRBIh6pdoA15UzShmGG03asKBYBp61gdJv5rUeqNIvkgxnH1Bd4IFnICDaZ9HR8qnrlilt1p0CLxMtJBXLUe+Wvbj8iiaDSEI617nhubPwUK8MIp5NSN9E0xmSEB7RjqcSCaj+d3jpBR1bpozBStqRBU/X3RIqF1mMR2E6BzVDPe5n4n9dJTHjtp0zGiaGSzBaFCUcmQtnjqM8UJYaPLcFEMXsrIkOsMDE2npINwZt/eZE0z6reZfXi/rxSu8njKMIBHMIJeHAFNbiDOjSAwBCe4RXeHOG8OO/Ox6y14OQz+/AHzucPhkSN6g==</latexit>

x→ → r
<latexit sha1_base64="rFdVALWSfv8p5HGE/JTWN4mC8FI=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoMQEcOu+DoGvXiMYB6QLGF2MpsMmZ1ZZmbFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7gpgzbVz328ktLa+sruXXCxubW9s7xd29hpaJIrROJJeqFWBNORO0bpjhtBUriqOA02YwvJ34zUeqNJPiwYxi6ke4L1jICDZWapafTvjxqeoWS27FnQItEi8jJchQ6xa/Oj1JkogKQzjWuu25sfFTrAwjnI4LnUTTGJMh7tO2pQJHVPvp9NwxOrJKD4VS2RIGTdXfEymOtB5Fge2MsBnoeW8i/ue1ExNe+ykTcWKoILNFYcKRkWjyO+oxRYnhI0swUczeisgAK0yMTahgQ/DmX14kjbOKd1m5uD8vVW+yOPJwAIdQBg+uoAp3UIM6EBjCM7zCmxM7L8678zFrzTnZzD78gfP5Ax1+jsk=</latexit>

(x + l)→ r

<latexit sha1_base64="nyNaE+QKiYkaZng75sZLwSy76Zg=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEr4OHohePFUxbSEPZbDft0t1N2N2IJfQ3ePGgiFd/kDf/jds2B60+GHi8N8PMvCjlTBvX/XJKS8srq2vl9crG5tb2TnV3r6WTTBHqk4QnqhNhTTmT1DfMcNpJFcUi4rQdjW6mfvuBKs0SeW/GKQ0FHkgWM4KNlfzg8UqFvWrNrbszoL/EK0gNCjR71c9uPyGZoNIQjrUOPDc1YY6VYYTTSaWbaZpiMsIDGlgqsaA6zGfHTtCRVfooTpQtadBM/TmRY6H1WES2U2Az1IveVPzPCzITX4Y5k2lmqCTzRXHGkUnQ9HPUZ4oSw8eWYKKYvRWRIVaYGJtPxYbgLb78l7RO6t55/ezutNa4LuIowwEcwjF4cAENuIUm+ECAwRO8wKsjnWfnzXmft5acYmYffsH5+AafmI6U</latexit>

[x < r] 0 1

<latexit sha1_base64="uoDoKJYLgFDpAk+R2kHtZv9/FAk=">AAAB73icbVDLSgNBEOz1GeMr6tHLYhA8hV3xdQx60GME84BkCb2T2WTIzOw6MyuEJT/hxYMiXv0db/6Nk2QPmljQUFR1090VJpxp43nfztLyyuraemGjuLm1vbNb2ttv6DhVhNZJzGPVClFTziStG2Y4bSWKogg5bYbDm4nffKJKs1g+mFFCA4F9ySJG0Fip1blFIbCru6WyV/GmcBeJn5My5Kh1S1+dXkxSQaUhHLVu+15iggyVYYTTcbGTapogGWKfti2VKKgOsum9Y/fYKj03ipUtadyp+nsiQ6H1SIS2U6AZ6HlvIv7ntVMTXQUZk0lqqCSzRVHKXRO7k+fdHlOUGD6yBIli9laXDFAhMTaiog3Bn395kTROK/5F5fz+rFy9zuMowCEcwQn4cAlVuIMa1IEAh2d4hTfn0Xlx3p2PWeuSk88cwB84nz/mPY/l</latexit>

!s

<latexit sha1_base64="w1NcmY4X1xdVC9o/xt7gy1G6atg=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoPoxbArvo5BLx4jmAckS5idzCZDZmaXmVkxLPkFLx4U8eoPefNvnE32oIkFDUVVN91dQcyZNq777RSWlldW14rrpY3Nre2d8u5eU0eJIrRBIh6pdoA15UzShmGG03asKBYBp61gdJv5rUeqNIvkgxnH1Bd4IFnICDaZ9HR8qnrlilt1p0CLxMtJBXLUe+Wvbj8iiaDSEI617nhubPwUK8MIp5NSN9E0xmSEB7RjqcSCaj+d3jpBR1bpozBStqRBU/X3RIqF1mMR2E6BzVDPe5n4n9dJTHjtp0zGiaGSzBaFCUcmQtnjqM8UJYaPLcFEMXsrIkOsMDE2npINwZt/eZE0z6reZfXi/rxSu8njKMIBHMIJeHAFNbiDOjSAwBCe4RXeHOG8OO/Ox6y14OQz+/AHzucPhkSN6g==</latexit>

x→ → r
<latexit sha1_base64="QK4Q7L2Zvh6/p+axQaXqZfff48M=">AAAB7XicbVDLTgJBEOzFF+IL9ehlIjF6gewaX0eiF4+YyCOBDZkdZmFkdmYzM2skG/7BiweN8er/ePNvHGAPClbSSaWqO91dQcyZNq777eSWlldW1/LrhY3Nre2d4u5eQ8tEEVonkkvVCrCmnAlaN8xw2ooVxVHAaTMY3kz85iNVmklxb0Yx9SPcFyxkBBsrNZ6Oy6rMu8WSW3GnQIvEy0gJMtS6xa9OT5IkosIQjrVue25s/BQrwwin40In0TTGZIj7tG2pwBHVfjq9doyOrNJDoVS2hEFT9fdEiiOtR1FgOyNsBnrem4j/ee3EhFd+ykScGCrIbFGYcGQkmryOekxRYvjIEkwUs7ciMsAKE2MDKtgQvPmXF0njtOJdVM7vzkrV6yyOPBzAIZyAB5dQhVuoQR0IPMAzvMKbI50X5935mLXmnGxmH/7A+fwBuraOlw==</latexit>

x→ → r → l

<latexit sha1_base64="0Jh4CcUhuJsoMvcLPYCUhanl/0w=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoMQL2FXfB2DXjxGMA/YLGF2MpuMmZ1ZZmbFsOQfvHhQxKv/482/cZLsQaMFDUVVN91dYcKZNq775RSWlldW14rrpY3Nre2d8u5eS8tUEdokkkvVCbGmnAnaNMxw2kkUxXHIaTscXU/99gNVmklxZ8YJDWI8ECxiBBsrtfyo+ngc9MoVt+bOgP4SLycVyNHolT+7fUnSmApDONba99zEBBlWhhFOJ6VuqmmCyQgPqG+pwDHVQTa7doKOrNJHkVS2hEEz9edEhmOtx3FoO2NshnrRm4r/eX5qossgYyJJDRVkvihKOTISTV9HfaYoMXxsCSaK2VsRGWKFibEBlWwI3uLLf0nrpOad185uTyv1qzyOIhzAIVTBgwuoww00oAkE7uEJXuDVkc6z8+a8z1sLTj6zD7/gfHwD01qOpw==</latexit>

[f(x)]
<latexit sha1_base64="uSVaw4FEQ/2NyVVd2R+/wPrLVTs=">AAAB73icbVDLSsNAFL2pr1pfUZduBotQEUoivpZFNy4r2AekoUymk3boZBJnJmIJ/Qk3LhRx6++482+ctllo64ELh3Pu5d57goQzpR3n2yosLa+srhXXSxubW9s79u5eU8WpJLRBYh7LdoAV5UzQhmaa03YiKY4CTlvB8Gbitx6pVCwW93qUUD/CfcFCRrA2UtsLK08n/Njv2mWn6kyBFombkzLkqHftr04vJmlEhSYcK+W5TqL9DEvNCKfjUidVNMFkiPvUM1TgiCo/m947RkdG6aEwlqaERlP190SGI6VGUWA6I6wHat6biP95XqrDKz9jIkk1FWS2KEw50jGaPI96TFKi+cgQTCQztyIywBITbSIqmRDc+ZcXSfO06l5Uz+/OyrXrPI4iHMAhVMCFS6jBLdShAQQ4PMMrvFkP1ov1bn3MWgtWPrMPf2B9/gAGTY9S</latexit>

[f(x + l)]
<latexit sha1_base64="x8FJrTYrNxnGQKiWBlppV/WMWR0=">AAAB73icbVDLSsNAFL2pr1pfUZduBotQF5ZEfC2LblxWsA9IQ5lMJ+3QySTOTMQS+hNuXCji1t9x5984bbPQ1gMXDufcy733BAlnSjvOt1VYWl5ZXSuulzY2t7Z37N29popTSWiDxDyW7QArypmgDc00p+1EUhwFnLaC4c3Ebz1SqVgs7vUooX6E+4KFjGBtpLYXVp5O+LHftctO1ZkCLRI3J2XIUe/aX51eTNKICk04VspznUT7GZaaEU7HpU6qaILJEPepZ6jAEVV+Nr13jI6M0kNhLE0Jjabq74kMR0qNosB0RlgP1Lw3Ef/zvFSHV37GRJJqKshsUZhypGM0eR71mKRE85EhmEhmbkVkgCUm2kRUMiG48y8vkuZp1b2ont+dlWvXeRxFOIBDqIALl1CDW6hDAwhweIZXeLMerBfr3fqYtRasfGYf/sD6/AEJW49U</latexit>

[f(x→ l)]
<latexit sha1_base64="Q4ko4wCHr8A2/QuVB2EknSsriUE=">AAAB8HicbVDJSgNBEK2JW4xb1KOXxiDGg2FG3I5BLx4jmEUmQ+jp9CRNunuG7h4xDPkKLx4U8ernePNv7CwHjT4oeLxXRVW9MOFMG9f9cnILi0vLK/nVwtr6xuZWcXunoeNUEVonMY9VK8SaciZp3TDDaStRFIuQ02Y4uB77zQeqNIvlnRkmNBC4J1nECDZWuvej8uPhMT8KOsWSW3EnQH+JNyMlmKHWKX62uzFJBZWGcKy177mJCTKsDCOcjgrtVNMEkwHuUd9SiQXVQTY5eIQOrNJFUaxsSYMm6s+JDAuthyK0nQKbvp73xuJ/np+a6DLImExSQyWZLopSjkyMxt+jLlOUGD60BBPF7K2I9LHCxNiMCjYEb/7lv6RxUvHOK2e3p6Xq1SyOPOzBPpTBgwuowg3UoA4EBDzBC7w6ynl23pz3aWvOmc3swi84H99rZo+F</latexit>

[f(x→ → l)]

<latexit sha1_base64="ZMHb02IrS/4ba15plYFiVEuZt1w=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBDjJeyKr2PQi8cI5gGbJcxOZpMhs7PDzKwYlnyEFw+KePV7vPk3TpI9aGJBQ1HVTXdXKDnTxnW/naXlldW19cJGcXNre2e3tLff1EmqCG2QhCeqHWJNORO0YZjhtC0VxXHIaSsc3k781iNVmiXiwYwkDWLcFyxiBBsrtfyo8nRyGnRLZbfqToEWiZeTMuSod0tfnV5C0pgKQzjW2vdcaYIMK8MIp+NiJ9VUYjLEfepbKnBMdZBNzx2jY6v0UJQoW8Kgqfp7IsOx1qM4tJ0xNgM9703E/zw/NdF1kDEhU0MFmS2KUo5Mgia/ox5TlBg+sgQTxeytiAywwsTYhIo2BG/+5UXSPKt6l9WL+/Ny7SaPowCHcAQV8OAKanAHdWgAgSE8wyu8OdJ5cd6dj1nrkpPPHMAfOJ8/NSKO2A==</latexit>

[f(x→)]

<latexit sha1_base64="uoDoKJYLgFDpAk+R2kHtZv9/FAk=">AAAB73icbVDLSgNBEOz1GeMr6tHLYhA8hV3xdQx60GME84BkCb2T2WTIzOw6MyuEJT/hxYMiXv0db/6Nk2QPmljQUFR1090VJpxp43nfztLyyuraemGjuLm1vbNb2ttv6DhVhNZJzGPVClFTziStG2Y4bSWKogg5bYbDm4nffKJKs1g+mFFCA4F9ySJG0Fip1blFIbCru6WyV/GmcBeJn5My5Kh1S1+dXkxSQaUhHLVu+15iggyVYYTTcbGTapogGWKfti2VKKgOsum9Y/fYKj03ipUtadyp+nsiQ6H1SIS2U6AZ6HlvIv7ntVMTXQUZk0lqqCSzRVHKXRO7k+fdHlOUGD6yBIli9laXDFAhMTaiog3Bn395kTROK/5F5fz+rFy9zuMowCEcwQn4cAlVuIMa1IEAh2d4hTfn0Xlx3p2PWeuSk88cwB84nz/mPY/l</latexit>

!s

<latexit sha1_base64="0Jh4CcUhuJsoMvcLPYCUhanl/0w=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoMQL2FXfB2DXjxGMA/YLGF2MpuMmZ1ZZmbFsOQfvHhQxKv/482/cZLsQaMFDUVVN91dYcKZNq775RSWlldW14rrpY3Nre2d8u5eS8tUEdokkkvVCbGmnAnaNMxw2kkUxXHIaTscXU/99gNVmklxZ8YJDWI8ECxiBBsrtfyo+ngc9MoVt+bOgP4SLycVyNHolT+7fUnSmApDONba99zEBBlWhhFOJ6VuqmmCyQgPqG+pwDHVQTa7doKOrNJHkVS2hEEz9edEhmOtx3FoO2NshnrRm4r/eX5qossgYyJJDRVkvihKOTISTV9HfaYoMXxsCSaK2VsRGWKFibEBlWwI3uLLf0nrpOad185uTyv1qzyOIhzAIVTBgwuoww00oAkE7uEJXuDVkc6z8+a8z1sLTj6zD7/gfHwD01qOpw==</latexit>

[f(x)]
<latexit sha1_base64="ijYUuPPeMBiuPIcs18VmlJ5MJiY=">AAAB/3icbVDLSsNAFJ3UV62vqODGTbAIFaQk4mtZ7MZlBfuANJTJdNIOnWTCzI20xC78FTcuFHHrb7jzb5y2WWjrgQuHc+7l3nv8mDMFtv1t5JaWV1bX8uuFjc2t7R1zd6+hRCIJrRPBhWz5WFHOIloHBpy2Yklx6HPa9AfVid98oFIxEd3DKKZeiHsRCxjBoKWOedAGOgQVpFURxuOSO/ROXemddMyiXbansBaJk5EiylDrmF/triBJSCMgHCvlOnYMXoolMMLpuNBOFI0xGeAedTWNcEiVl07vH1vHWulagZC6IrCm6u+JFIdKjUJfd4YY+mrem4j/eW4CwbWXsihOgEZktihIuAXCmoRhdZmkBPhIE0wk07dapI8lJqAjK+gQnPmXF0njrOxcli/uzouVmyyOPDpER6iEHHSFKugW1VAdEfSIntErejOejBfj3fiYteaMbGYf/YHx+QO4YZXp</latexit>

Comp([x], [r])

Without 
wraparoundDecor protocol steps Observed 

output

Actual outputs/values

<latexit sha1_base64="Gg12D8dgo/5i7VRw1bXizOcgHG8=">AAACD3icbVDLSsNAFJ3UV62vqEs3g0VtkZZEfC1cFN24rGAfkIYymUzaoZMHMxNpCf0DN/6KGxeKuHXrzr9xmmahrQcuHM65l3vvcSJGhTSMby23sLi0vJJfLaytb2xu6ds7TRHGHJMGDlnI2w4ShNGANCSVjLQjTpDvMNJyBjcTv/VAuKBhcC9HEbF91AuoRzGSSurqh5ZXGh6V7WNreMXtDnZDCUupVmFlu5K55a5eNKpGCjhPzIwUQYZ6V//quCGOfRJIzJAQlmlE0k4QlxQzMi50YkEihAeoRyxFA+QTYSfpP2N4oBQXeiFXFUiYqr8nEuQLMfId1ekj2Rez3kT8z7Ni6V3aCQ2iWJIATxd5MYMyhJNwoEs5wZKNFEGYU3UrxH3EEZYqwoIKwZx9eZ40T6rmefXs7rRYu87iyIM9sA9KwAQXoAZuQR00AAaP4Bm8gjftSXvR3rWPaWtOy2Z2wR9onz87qJmh</latexit>

[f(x→)] + [x < r] · ([f(x→ → l)]→ [f(x→)])

<latexit sha1_base64="0Jh4CcUhuJsoMvcLPYCUhanl/0w=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoMQL2FXfB2DXjxGMA/YLGF2MpuMmZ1ZZmbFsOQfvHhQxKv/482/cZLsQaMFDUVVN91dYcKZNq775RSWlldW14rrpY3Nre2d8u5eS8tUEdokkkvVCbGmnAnaNMxw2kkUxXHIaTscXU/99gNVmklxZ8YJDWI8ECxiBBsrtfyo+ngc9MoVt+bOgP4SLycVyNHolT+7fUnSmApDONba99zEBBlWhhFOJ6VuqmmCyQgPqG+pwDHVQTa7doKOrNJHkVS2hEEz9edEhmOtx3FoO2NshnrRm4r/eX5qossgYyJJDRVkvihKOTISTV9HfaYoMXxsCSaK2VsRGWKFibEBlWwI3uLLf0nrpOad185uTyv1qzyOIhzAIVTBgwuoww00oAkE7uEJXuDVkc6z8+a8z1sLTj6zD7/gfHwD01qOpw==</latexit>

[f(x)]
<latexit sha1_base64="0Jh4CcUhuJsoMvcLPYCUhanl/0w=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoMQL2FXfB2DXjxGMA/YLGF2MpuMmZ1ZZmbFsOQfvHhQxKv/482/cZLsQaMFDUVVN91dYcKZNq775RSWlldW14rrpY3Nre2d8u5eS8tUEdokkkvVCbGmnAnaNMxw2kkUxXHIaTscXU/99gNVmklxZ8YJDWI8ECxiBBsrtfyo+ngc9MoVt+bOgP4SLycVyNHolT+7fUnSmApDONba99zEBBlWhhFOJ6VuqmmCyQgPqG+pwDHVQTa7doKOrNJHkVS2hEEz9edEhmOtx3FoO2NshnrRm4r/eX5qossgYyJJDRVkvihKOTISTV9HfaYoMXxsCSaK2VsRGWKFibEBlWwI3uLLf0nrpOad185uTyv1qzyOIhzAIVTBgwuoww00oAkE7uEJXuDVkc6z8+a8z1sLTj6zD7/gfHwD01qOpw==</latexit>

[f(x)]

<latexit sha1_base64="dQTW/0pR5YFjIws8Q9Ru/h1wXLM=">AAAB+nicbVDJSgNBEO1xjXGb6NFLYxA8hRlxOwZF8BjBLJCE0NOpSZr0LHTXRMOYT/HiQRGvfok3/8ZOMgdNfFDweK+KqnpeLIVGx/m2lpZXVtfWcxv5za3tnV27sFfTUaI4VHkkI9XwmAYpQqiiQAmNWAELPAl1b3A98etDUFpE4T2OYmgHrBcKX3CGRurYhRbCI2o/vRkymTCEcccuOiVnCrpI3IwUSYZKx/5qdSOeBBAil0zrpuvE2E6ZQsEljPOtREPM+ID1oGloyALQ7XR6+pgeGaVL/UiZCpFO1d8TKQu0HgWe6QwY9vW8NxH/85oJ+pftVIRxghDy2SI/kRQjOsmBdoUCjnJkCONKmFsp7zPFOJq08iYEd/7lRVI7KbnnpbO702L5KosjRw7IITkmLrkgZXJLKqRKOHkgz+SVvFlP1ov1bn3MWpesbGaf/IH1+QMOlJSI</latexit>

Evaluate
<latexit sha1_base64="J5AJRfOy6Aragh/yW9e7FZPq8l4=">AAAB9HicbVDJSgNBEK1xjXGLevTSGARPYUbcjkEvHiOYBZIh9HR6kiY9PWN3TTQM+Q4vHhTx6sd482/sLAdNfFDweK+KqnpBIoVB1/12lpZXVtfWcxv5za3tnd3C3n7NxKlmvMpiGetGQA2XQvEqCpS8kWhOo0DyetC/Gfv1AddGxOoehwn3I9pVIhSMopX8FvInNGH2KLA3aheKbsmdgCwSb0aKMEOlXfhqdWKWRlwhk9SYpucm6GdUo2CSj/Kt1PCEsj7t8qalikbc+Nnk6BE5tkqHhLG2pZBM1N8TGY2MGUaB7Ywo9sy8Nxb/85ophld+JlSSIldsuihMJcGYjBMgHaE5Qzm0hDIt7K2E9aimDG1OeRuCN//yIqmdlryL0vndWbF8PYsjB4dwBCfgwSWU4RYqUAUGD/AMr/DmDJwX5935mLYuObOZA/gD5/MHrIiStA==</latexit>

with

<latexit sha1_base64="dQTW/0pR5YFjIws8Q9Ru/h1wXLM=">AAAB+nicbVDJSgNBEO1xjXGb6NFLYxA8hRlxOwZF8BjBLJCE0NOpSZr0LHTXRMOYT/HiQRGvfok3/8ZOMgdNfFDweK+KqnpeLIVGx/m2lpZXVtfWcxv5za3tnV27sFfTUaI4VHkkI9XwmAYpQqiiQAmNWAELPAl1b3A98etDUFpE4T2OYmgHrBcKX3CGRurYhRbCI2o/vRkymTCEcccuOiVnCrpI3IwUSYZKx/5qdSOeBBAil0zrpuvE2E6ZQsEljPOtREPM+ID1oGloyALQ7XR6+pgeGaVL/UiZCpFO1d8TKQu0HgWe6QwY9vW8NxH/85oJ+pftVIRxghDy2SI/kRQjOsmBdoUCjnJkCONKmFsp7zPFOJq08iYEd/7lRVI7KbnnpbO702L5KosjRw7IITkmLrkgZXJLKqRKOHkgz+SVvFlP1ov1bn3MWpesbGaf/IH1+QMOlJSI</latexit>

Evaluate
<latexit sha1_base64="J5AJRfOy6Aragh/yW9e7FZPq8l4=">AAAB9HicbVDJSgNBEK1xjXGLevTSGARPYUbcjkEvHiOYBZIh9HR6kiY9PWN3TTQM+Q4vHhTx6sd482/sLAdNfFDweK+KqnpBIoVB1/12lpZXVtfWcxv5za3tnd3C3n7NxKlmvMpiGetGQA2XQvEqCpS8kWhOo0DyetC/Gfv1AddGxOoehwn3I9pVIhSMopX8FvInNGH2KLA3aheKbsmdgCwSb0aKMEOlXfhqdWKWRlwhk9SYpucm6GdUo2CSj/Kt1PCEsj7t8qalikbc+Nnk6BE5tkqHhLG2pZBM1N8TGY2MGUaB7Ywo9sy8Nxb/85ophld+JlSSIldsuihMJcGYjBMgHaE5Qzm0hDIt7K2E9aimDG1OeRuCN//yIqmdlryL0vndWbF8PYsjB4dwBCfgwSWU4RYqUAUGD/AMr/DmDJwX5935mLYuObOZA/gD5/MHrIiStA==</latexit>

with

<latexit sha1_base64="zApganjJqbPacFjzNIM07suiYzM=">AAAB+XicbVDJSgNBEO2JW4zbqEcvg0HwFGbE7RjMxWMEs0AyhJ5OT9Kkl6G7JhiG/IkXD4p49U+8+Td2kjlo4oOCx3tVVNWLEs4M+P63U1hb39jcKm6Xdnb39g/cw6OmUakmtEEUV7odYUM5k7QBDDhtJ5piEXHaika1md8aU22Yko8wSWgo8ECymBEMVuq5bhfoE5g4qymRpECnPbfsV/w5vFUS5KSMctR77le3r0gqqATCsTGdwE8gzLAGRjidlrqpoQkmIzygHUslFtSE2fzyqXdmlb4XK21LgjdXf09kWBgzEZHtFBiGZtmbif95nRTi2zBjcvaTJItFcco9UN4sBq/PNCXAJ5Zgopm91SNDrDEBG1bJhhAsv7xKmheV4Lpy9XBZrt7lcRTRCTpF5yhAN6iK7lEdNRBBY/SMXtGbkzkvzrvzsWgtOPnMMfoD5/MHWnuUJA==</latexit>

Compute

Table 7: Summary of Decor’s secure wraparound correction,
as described in Section 3.3.
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Figure 6: Scaling of runtime and communication with
respect to the number of parties. Decor’s total network
communication grows linearly in the number of parties as
expected, mirroring the behavior of Chebyshev. Note that the
network measurements doubled going from 5 to 10 parties
for both methods. The runtime stays nearly identical as
each party mostly performs the same amount of computation
unaffected by the number of parties with minimal overhead
from the increased communication.

Approach (Degree) Interval Mean AE Max AE

Sq
ua

re

Decor-Fourier (50)

(−3π, 3π)

0.132 1.059
Decor-Fourier (20) 0.218 1.018
Chebyshev (50) 0.332 1.938
Chebyshev (20) 0.420 1.500

Sa
w

to
ot

h Decor-Fourier (50)

(−3π, 3π)

0.036 0.506
Decor-Fourier (20) 0.072 0.501
Chebyshev (50) 0.100 0.961
Chebyshev (20) 0.162 0.834

Table 8: Accuracy of approximating wave functions (square
and sawtooth) of period π, related to Figure 3. Best perfor-
mance highlighted in bold. AE: absolute error.

Appendix B.
Comparison with Additional Related Methods

Beyond standard polynomial approximation techniques
(e.g., Chebyshev and Fourier), piecewise linear (PWL)
methods are also widely used to approximate arbitrary func-
tions.

A recent work [45] proposes new methods for evaluating
a class of functions—covering a strict subset of those sup-
ported by Decor—including trigonometric and exponential
functions. These methods operate in two-party settings with-
out a trusted dealer and rely on specialized MPC protocols
for efficiently computing the sum of the most significant bit
and the wraparound of secret shares (MW) [46].

16

https://doi.org/10.1093/jamia/ocv038
https://doi.org/10.1093/jamia/ocv038
https://doi.org/10.1186/s13059-022-02841-5
https://doi.org/10.1145/2976749.2978357


Approach Runtime Network MAE Frac. Ring
(ms) (Online; KB) bits size

Si
n/

C
os

Decor 4 64 5.0 · 10−16 64 256
MW 51 778 1.2 · 10−04 12 21

Decor 0.8 32 1.4 · 10−05 16 128
MW 51 778 2.1 · 10−05 16 63

E
xp

Decor 7 464 2.8 · 10−13 64 256
MW 27 607 4.6 · 10−05 12 37

Decor 4 200 5.2 · 10−05 16 128
MW 31 869 4.6 · 10−05 16 64

Si
gm

oi
d Decor 19 1, 794 1.0 · 10−10 64 256

Squirrel 183 6, 955 5.0 · 10−01 40 128
Decor 16 850 6.7 · 10−08 32 128

Squirrel 152 6, 951 1.3 · 10−03 25 128

Table 9: Comparison of runtime, communication, and accu-
racy for elementary nonlinear functions between Decor and
recent relevant techniques (MW [45] and Squirrel [36]), as
discussed in Appendix B. MAE: mean absolute error.

Algorithm 4 Sign([[x]]f) (1 + log2 k rnd)

Require: Secret shared [[x]]f
Ensure: Output [1] if x > 0, [0] otherwise

1: Dealer: Sample r ∈ Z2k

2: Dealer: Decompose r into bits (rbits ∈ Zk
2)

3: Dealer: Secret share [[r]]f and [rbits] ∈ Zk
2

4: a← Reveal([[x]]f + [[r]]f + Tf(1)) ▷ 1 rnd
5: Decompose a into bits (abits ∈ Zk

2)
6: [rneg]← [rbits] + 1 ∈ Zk

2 ▷ Flip bits to get −(r + 1)
7: [m]← Carry-Out(abits, [rneg]) ▷ log2 k rnd
8: return [m] + 1 ∈ Z2

We compare Decor against both MW-based protocols
and an optimized PWL-based sigmoid implementation from
Squirrel [36], which is likewise restricted to two-party set-
tings. The results are summarized in Table 9. Our evaluation
considers only the functions supported by each method,
across different bit-width configurations, and excludes net-
work latency. The evaluation settings reflect various con-
straints of the software accompanying the original pub-
lications. We evaluated the MW-based protocols for sine
and exponential functions over the interval (−0.785, 0.785),
with at most 16 fractional bits and ring sizes up to 64 bits.
Similarly, we used the Squirrel implementation with up to
40 fractional bits, beyond which we observed a significant
degradation in accuracy.

Despite differences in bid-width configurations, Decor
clearly outperformed the alternatives, achieving up to 1012×
lower mean absolute error while maintaining up to 10×
faster runtime and up to 11× lower communication. Al-
though Decor requires a trusted dealer, it is more general
in supporting multi-party settings, whereas the compared
approaches are limited to two-party scenarios.

Appendix C.
Secure Comparison and Division

To implement secure comparison, we adapted the se-
cure sign check algorithm based on the bit-decomposition

Algorithm 5 BoolRingSwitch([x],k) (1 rnd)

Require: Secret shared in Boolean domain [x] ∈ Z2

Ensure: Output [x] in Z2k

1: Dealer: Sample r ∈ {0, 1}
2: Dealer: Secret share [r] ∈ Z2k

3: Dealer: Boolean secret share [r]b ∈ Z2

4: a← Reveal([x] + [r]b) ▷ 1 rnd
5: [m]← [r]− (2a · [r]) ∈ Z2k

6: return [m] + a

Algorithm 6 Comp([[x]]f , [[y]]f) (2 + log2 k rnd)

Require: Secret shared [[x]]f and [[y]]f
Ensure: Output [1] if x < y, [0] otherwise

1: [[y − x]]f ← [[y]]f − [[x]]f
2: [m]← Sign([[y − x]]f) ∈ Z2 ▷ 1 + log2 k rnd
3: return BoolRingSwitch([m],k) ∈ Z2k ▷ 1 rnd

Algorithm 7 Divf([[x]]f , [[y]]f , δ) (3 log2 f+ 4δ + 7 rnd)

Require: Secret shared [[x]]f , [[y]]f and iterations count n
Ensure: Outputs

[[
x
y

]]
f

1: [s]← Normalizerf([[y]]f) ∈ Z2k ▷ 5 + 3 log2 f rnd
2: [[ys]]f ← [[y]]f · [s] ▷ (ys ∈ [0.25, 1]) 1 rnd
3: [[e]]f ← Tf(2)− [[ys]]f
4: for i = 1 to δ do
5: [[t]]f ← [[ys]]f · [[e]]f ▷ 2 rnd
6: [[e]]f ← [[e]]f · (Tf(2)− [[t]]f) ▷ 2 rnd
7: end for
8: return [[e]]f · [s] ▷ 1 rnd

and prefix operations from [20], [21] using Boolean secret
shares. The algorithm accepts two secret-shared numbers,
[[x]]f, [[y]]f ∈ Z2k , and computes a secret share of their
comparison [x < y] ∈ Z2k by computing the secure sign
check of their difference (i.e. [(y − x) > 0] ∈ Z2k). The
sign check algorithm accepts the secret shared [[x]]f ∈ Z2k

as input and returns a Boolean secret share of [x > 0] ∈ Z2,
representing either [1] if x > 0 or [0] otherwise. Finally,
the output of the sign check is converted back to the Z2k

ring for subsequent downstream computations. The secure
comparison algorithm runs in 2+log2 k rounds, mainly due
to the sign check algorithm, whose complexity is 1+log2 k.
The sign check leverages a secure computation of the most
significant carry-over bit (Carry-Out(·)) of logarithmic
complexity based on prefix operations from [20], [21].

To compute division, we used the iterative Newton-
Raphson method for approximating the multiplicative in-
verse (1/y). This method requires an initial estimate y0
that satisfies 0 < y0 < 2/y, for any y. To ensure this,
we adapted the secure normalizer of 5 + 3 log2 f rounds
complexity from prior work [55], which scales the input
[[y]]f to ˜[[y]]f = [[y]]f · [s] ∈ [0.25, 1], where s is the scaling
factor. In other words, the division [[x]]f / [[y]]f is reduced to
the normalized equivalent ([[x]]f · [s])/([[y]]f · [s]), such that
[[y]]f · [s] ∈ [0.25, 1]. The division requires 3 log2 f+4δ+7
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interactive rounds, where f is the number of fixed-point
fractional bits and δ is the number of iterations of the
Newton-Rhapson algorithm.

Appendix D.
Proof of Exponential-Based Decomposition

Claim. Let α, β, γ, δ, λ ∈ R and define f∆ : R→ R by

f∆(x) =
αeλx + β

γeλx + δ
,

such that the denominator does not vanish. Then for all x, y,

f∆(x+ y) =
Af∆(x)f∆(y) +Bf∆(x) + Cf∆(y) +D

Ef∆(x)f∆(y) + Ff∆(x) +Gf∆(y) +H
,

where

A = αδ2 + βγ2, B = C = −αβ(δ + γ),

D = αβ(α+ β), E = γδ(δ + γ),

F = G = −γδ(α+ β), H = γβ2 + α2δ.

Proof. Write

f∆(x) =
αeλx + β

γeλx + δ
, f∆(y) =

αeλy + β

γeλy + δ
,

and set
z := f∆(x), w := f∆(y).

From the first identity we solve for eλx:

z(γeλx + δ) = αeλx + β,

hence

(γz − α)eλx = β − δz, eλx =
β − δz

γz − α
=

δz − β

α− γz
.

Similarly,

eλy =
δw − β

α− γw
.

Therefore

eλ(x+y) = eλxeλy =
(δz − β)(δw − β)

(α− γz)(α− γw)
.

Set

N := (δz − β)(δw − β), D0 := (α− γz)(α− γw),

so that eλ(x+y) = N/D0. By definition,

f∆(x+ y) =
αeλ(x+y) + β

γeλ(x+y) + δ
=

α N
D0

+ β

γ N
D0

+ δ
=

αN + βD0

γN + δD0
.

We now expand N and D0:

N = (δz − β)(δw − β) = δ2zw − δβz − δβw + β2,

D0 = (α− γz)(α− γw) = α2 − αγz − αγw + γ2zw.

For the numerator,

αN + βD0 = α
(
δ2zw − δβz − δβw + β2

)
+ β

(
α2 − αγz − αγw + γ2zw

)
= (αδ2 + βγ2)zw − αβ(δ + γ)z − αβ(δ + γ)w

+ αβ(α+ β).

Thus
αN + βD0 = Azw +Bz + Cw +D,

with

A = αδ2+βγ2, B = C = −αβ(δ+γ), D = αβ(α+β).

Similarly, for the denominator,

γN + δD0 = γ
(
δ2zw − δβz − δβw + β2

)
+ δ
(
α2 − αγz − αγw + γ2zw

)
= γδ(δ + γ)zw − γδ(α+ β)z − γδ(α+ β)w

+ γβ2 + α2δ.

Hence

γN + δD0 = Ezw + Fz +Gw +H,

with

E = γδ(δ+γ), F = G = −γδ(α+β), H = γβ2+α2δ.

Substituting back z = f∆(x) and w = f∆(y), we obtain

f∆(x+ y) =
Af∆(x)f∆(y) +Bf∆(x) + Cf∆(y) +D

Ef∆(x)f∆(y) + Ff∆(x) +Gf∆(y) +H
,

with A,B,C,D,E, F,G,H as above. Since both sides are
rational functions of eλx and eλy and agree wherever they
are defined, the identity holds for all x, y in the common
domain of definition of the two sides.
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Appendix E.
Meta-Review

The following meta-review was prepared by the program
committee for the 2026 IEEE Symposium on Security and
Privacy (S&P) as part of the review process as detailed in
the call for papers.

E.1. Summary

This paper presents Decor, an MPC framework for ef-
ficiently evaluating nonlinear functions, including trigono-
metric, hyperbolic, exponential, and sigmoid functions, with
high precision. Inspired by Beaver multiplication triples, the
key idea is to delegate expensive nonlinear computations to a
trusted dealer that operates only on random values, allowing
parties to mask their inputs at runtime and perform only
lightweight MPC operations online. The framework further
introduces a Fourier series-based approximation method as
a general-purpose alternative to polynomial approximation.

E.2. Scientific Contributions

• Provides a Valuable Step Forward in an Established
Field

E.3. Reasons for Acceptance

1) The generalization of Beaver triples to nonlinear func-
tions is a conceptually clean and potentially influential
contribution to the MPC community.

2) The paper achieves strong accuracy and runtime im-
provements, validated across concrete downstream ap-
plications.

3) All four reviewers found no apparent technical flaws,
and the rebuttal satisfactorily addressed the primary
concern around comparison with related work, includ-
ing new benchmark results against MW-based and
PWL approaches.
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