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a b s t r a c t

In this article we report on our experience in computing resultants of bivariate polynomials on Graphics
Processing Units (GPU). Following the outline of Collins’ modular approach [6], our algorithm starts by
mapping the input polynomials to a finite field for sufficiently many primes m. Next, the GPU algorithm
evaluates the polynomials at a number of fixed points x ∈ Zm, and computes a set of univariate resultants
for each modular image. Afterwards, the resultant is reconstructed using polynomial interpolation and
Chinese remaindering. The GPU returns resultant coefficients in the form of Mixed Radix (MR) digits.
Finally, large integer coefficients are recovered from the MR representation on the CPU. All computations
performed by the algorithm (except for, partly, Chinese remaindering) are outsourced to the graphics
processor thereby minimizing the amount of work to be done on the host machine. The main theoretical
contribution of this work is the modification of Collins’ modular algorithm using the methods of matrix
algebra to make an efficient realization on the GPU feasible. According to the benchmarks, our algorithm
outperforms a CPU-based resultant algorithm from 64-bit Maple 14 by a factor of 100.

© 2012 Elsevier Inc. All rights reserved.

1. Introduction

Resultants is a fundamental algebraic tool in computer algebra
systems, and has found many applications in various areas of
science and engineering. For instance, they play an important role
in the topological study of algebraic curves and computer graphics.
Despite the fact that this problem has been extensively studied
both from a theoretical and practical perspective, many scientific
applications still suffer from a high computational complexity of
resultants. The reason for this is because the degree and bitlength
of a resultant polynomial grow wildly with respect to those of
original polynomials. In the past years, Graphics Processing Units
(GPUs) have evolved to programmable general-purpose processors
with outstanding computational horsepower. As of now, they
are becoming the new standard platform for high-performance
scientific computing. The aim of this work is to accelerate the
computation of resultants of bivariate polynomials with integer
coefficients on the GPU.

A classical approach to computing resultants is the one
proposed by Collins [6]. This algorithm employsmodular and eval-
uation homomorphisms to deal with expression swell – the prob-
lem shared by all symbolic algorithms – during the computation
of resultants. Using a ‘‘divide–conquer–combine’’ strategy, it first
reduces the coefficients of input polynomials modulo sufficiently
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many primes. Then, several evaluation homomorphisms are ap-
plied recursively further reducing the problem to the univariate
case. Finally, a set of univariate resultants are computed using
polynomial remainder sequences (PRS), see [14]. The final result
is recovered via polynomial interpolation and Chinese remain-
dering. This idea was exploited by the number of modular algo-
rithms, including sequential [25,20], and parallel ones specialized
for workstation networks [4] or shared memory machines [26,17].
Unfortunately, the modular approach in its original form is not
suitable for realization on the GPU due to the lack of fine-grained
parallelism since the PRS algorithm, used in its core to compute
univariate resultants, is resistant to parallelization. To overcome
this difficulty, we have adopted an algorithm based on structured
matrices [18] to solve the problem in the univariate case. Here
the main idea is that matrix computations inherently bear some
data-level parallelismwhich can be readily used on the GPU. In the
essence, this method computes the resultant by direct factoriza-
tion of Sylvester’s matrix (see Section 2.1 for definitions). In ad-
dition, we have augmented the factorization algorithm itself with
division-free computations [13] to make it suitable for realization
in a finite field. We should emphasize that, even though the PRS
algorithm can also be made division-free (which is probably the
method of choice for the modular algorithm), this fact alone does
not facilitate its the realization on the GPU due to the reasonsmen-
tioned above.

Wehave successfully evaluated our algorithmon real problems:
for example, to dramatically speed-up the solution of a system
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of bivariate polynomial equations [2] and the computation of
topology of an algebraic curve [1]. This paper serves as a summary
in which, besides presenting the algorithm itself, we also report
on details and improvements gathered in the course of practical
application of the algorithm which were not covered in the
original works [12,10,11]. At the highest level, our approach is
based the same ‘‘divide–conquer–combine’’ principle as the one
introduced in the work of Collins. In the implementation we
have strived to minimize the amount of work to be done on the
host machine: at the current state of development, all algorithm
steps, excluding (partly) Chinese remaindering, are outsourced
to the GPU. In order to interpolate the resultant polynomial
over a prime field, by analogy to the resultant computations,
we again rely on matrix algebra based methods. Additionally,
we use an efficient stream compaction approach to eliminate
‘‘bad’’ evaluation points right on the GPU, see Section 5.5. To
eventually ‘‘combine’’ all modular images, we compute a Mixed-
Radix (MR) representation of the resultant coefficients on the GPU
without resorting to multi-precision arithmetic. For this, we have
developed a block-structured Mixed-Radix conversion algorithm
suitable for realization on the GPU. Potentially, this approach can
handle any number of modular residues, loaded and processed in
chunks. Finally, large integer coefficients are recovered from the
MR representation on the CPU by evaluating a Horner scheme.

From the realization point of view, our algorithm takes
advantage of NVIDIA’s Fermi GPU architecture [21]. Particularly,
this relates to the extensive use of double-precision arithmetic in
modular computations, and the need for new voting intrinsics to
speed-up the stream compaction subalgorithm. Yet, our algorithm
is also backward compatible with previous generation Tesla
cards [19] by enabling reduced-precision modular arithmetic. For
the sake of completeness, we consider both realizations here.

The remaining part of the paper is structured as follows. In
Section 2 we formulate the problem in a mathematically concise
way and give an introduction to the theory of structured matrices.
Section 3 is devoted to the GPU architecture and CUDA framework.
Section 4 presents the structure of the algorithm at a high-
level and discusses some practical ways to deal with unlucky
homomorphisms, such as ‘‘bad’’ primes and ‘‘bad’’ evaluation
points. In Section 5 we focus on the main aspects of the GPU
realization. Finally, in Section 6 we evaluate the performance of
our algorithm and draw conclusions.

2. Theoretical background

In this section, we briefly introduce the theory of structured
matrices and the generalized Schur algorithm. Next, using the
methods of matrix algebra we derive the algorithms to compute
univariate resultants and polynomial interpolation which are the
key ingredients of the modular approach.

Throughout this section, we shall also agree that matrix
elements are indexed starting from (0, 0) to be consistent with
the indexing of polynomial coefficients.1 In other words, the first
diagonal element of an n×nmatrixM will be denoted byM0,0 and
the last one—byMn−1,n−1.

2.1. Resultant of bivariate polynomials

Let f , g ∈ Z[x, y] be two bivariate polynomials with integer
coefficients of y-degrees p and q, respectively:

f (x, y) =
p

i=0

fi(x)yi and g(x, y) =
q

i=0

gi(x)yi, (1)

1 In standard notation, for a polynomial f of degree n, f0 denotes a trailing
coefficient while fn is a leading coefficient of f .

where fi ∈ Z[x] and gi ∈ Z[x]. Then, Sylvester’s matrix S(y)
∈

Z[x]n×n, n = p+ q, associated with f and g is defined as follows:

S(y)
=



fp fp−1 · · · f0 0 . . . 0
...

. . .
. . .

. . .
...

0 · · · 0 fp fp−1 · · · f0
gq gq−1 · · · g0 0 . . . 0
...

. . .
. . .

. . .
...

0 · · · 0 gq gq−1 · · · g0


.

Accordingly, the resultant of f and g with respect to the variable
y, R(x)

:= resy(f , g), is the determinant of S(y). It follows that R(x)

is a univariate polynomial in x. In a completely analogous manner,
we canwrite the resultant R(y)

:= resx(f , g) of f and g with respect
to the variable x if, instead of (1), we write f and g as univariate
polynomials in the outermost variable x.

The goal of Collins’ modular approach is to reduce the
computation of R(x) (or R(y)) to the operations over the integer
domain since the latter ones can be easily carried out on the
computer. In the next section, we discuss the computation of
univariate resultants in a prime field.

2.2. Resultants and factorization of structured matrices

Suppose we are given Sylvester’s matrix S ∈ Zn×n (n = p + q)
associated with two univariate polynomials f , g ∈ Z[x] of degrees
p and q, respectively. For the time being, we assume that S is
a strongly regular matrix.2 The matrix S has a special structure
(known as quasi-Toeplitz) which is formalized via the following
displacement equation [18]:

S − FSAT
= GBT where F = Zn and A = Zq ⊕ Zp, (2)

where Zn ∈ Zn×n denotes a down-shift matrix zeroed everywhere
except for 1’s on the first subdiagonal; and ⊕ is a Kronecker sum.
G, B ∈ Zn×2 are the so-called generator matrices such that the
product GBT has a constant rank 2 called a displacement rank of S.
The generators provide us a compact representation of a matrix
using O(n) parameters. Moreover, G and B can be easily expressed
in terms of the coefficients of f and g , hence we do not need to
construct S explicitly:

GT
=


fp fp−1 . . . f0 0 . . . 0
gq qq−1 . . . g0 0 . . . 0


  

n=p+q

B ≡ 0 except
B0,0 = Bq,1 = 1.

Our goal is to obtain a triangular factorization of S. It then
follows from the elementary properties of determinants that
the resultant will be equal to the product of diagonal elements
obtained in matrix factorization. To achieve this, we shall
use the generalized Schur algorithm [18,5] which yields matrix
factorization by iteratively computing the Schur complements
of leading submatrices.3 Owing to the low-rank displacement
representation of amatrix, the factorization can be computedusing
O(n2) arithmetic operations, see [18, p. 323].

One step of the Schur algorithm can be written in terms of the
generator recursions. Let Gi, Bi be the generator matrices of size
(n− i)×2 in step i of the algorithm (0 ≤ i < n). Formally speaking,
(Gi, Bi) is a compact representation of the Schur complement of an
i × i leading block of S. Then, the next generator pair (Gi+1, Bi+1)

2 Meaning that its leading principal minors are non-singular.
3 For a submatrix H00 in H = [Hij], (i, j = {0, 1}), the Schur complement Y is

defined as: Y = H11 − H10H−100 H01 .
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obeys the following recursive relation [18, p. 356]:
0

Gi+1


=


Gi + (Fi − In−i)Gi

bTi gi
gibTi


Θi,

0
Bi+1


=


Bi + (Ai − In−i)Bi

gT
i bi

bigT
i


Γi,

(3)

where Ir is an r × r identity matrix; Fi (and Ai) is a matrix obtained
from F (and A) after deleting the first i rows and columns; gi and bi
are the top rows of Gi and Bi, respectively; and Θi, Γi are arbitrary
2 × 2 matrices satisfying: ΘiΓ

T
i = I . Observe that, the size of the

generators (the number of rows) reduces by one in each step of the
Schur algorithm.

Here, the usual choice of Θi and Γi is to reduce the generators
Gi and Bi to the so-called proper form in which the corresponding
matrices have a single non-zero entry in their top rows. In other
words, the transformations Gi = (GiΘi) and Bi = (BiΓi) can be
written as follows:

G
T
i =


δi ai1 ai2 · · ·
0 bi1 bi2 · · ·


, B

T
i =


ζ i c i1 c i2 · · ·

0 di1 di2 · · ·


.

For proper form generators (Gi, Bi), the relation (3) can be largely
simplified. Namely, to compute Gi+1 (and Bi+1) we multiply the
first column of Gi (and Bi) by the corresponding down-shift matrix
Fi (and Ai) while keeping the other column intact. Moreover, from
(2) we deduce that diagonal elements dii in the factorization of S
are obtained as: dii = δiζ i.

2.3. Division-free matrix transformations

To bring the generators to a proper form in each step of the
algorithm, we need to find matrices Θ and Γ satisfying:
a0 b0


Θ =


δ 0


and


c0 d0


Γ =


ζ 0


,

in addition with ΘΓ T
= I . It is easy to check that it holds for the

following matrices:

Θ =


c0 b0
d0 −a0


, Γ =

1
D


a0 d0
b0 −c0


, (4)

with D = a0c0+ b0d0. Next, recall that, our algorithm is to be used
in a finite field. Therefore, for reasons of efficiency, it is desirable
tominimize the number of finite field divisions. Following the idea
of [13], we introduce a common denominator for each generator
column in order to collect all the division factors. Thereby, we can
defer the actual division until the end of the algorithm. In other
words, if we express the generators as follows:

GT
=


(a0 a1 · · · )/la
(b0 b1 · · · )/lb


, BT

=


(c0 c1 · · · )/lc
(d0 d1 · · · )/ld


,

the proper form generators (G, B) = (GΘ, BΓ ) can be written in a
division-free form:

G
T
i =


la(aic0 + bid0)
lb(aib0 − bia0)


B
T
i =


lc(cia0 + dib0)
ld(cid0 − dic0)


. (5)

Besides, we need to update the column denominators, which are
shown to be pairwise equal:

la = ld = a0 and lc = lb = lal2c . (6)

Now, we are ready to devise a univariate resultant algorithm.

2.4. Univariate resultant algorithm

Let G, B be the generator matrices associated with two
polynomials f and g as defined in Section 2.2. For convenience, we
write them as a pair of column vectors: G = (a, b) and B = (c, d).

Algorithm 1 Univariate resultant algorithm
1: procedure RESULTANT_UNIVARIATE(f : Polynomial, g : Polynomial)
2: p = degree(f), q = degree(g), n = p+ q
3: f← f/fp ◃ convert f to monic polynomial
4: let G = (a, b), B = (c, d) ◃ set up the generators
5: for j = 0 to q− 1 do ◃ first q ‘‘lite" iterations
6: for i = j+ 1 to p+ j do ◃multiply by rotation matrix
7: bi = bi − aibj

8: od
9: c2q−j = bj ◃ update a single entry of c
10: ai+1 ← ai for ∀i = j . . . n− 2 ◃ shift down the first column
11: od ◃ set the common denominators and resultant to one:
12: la = 1, lc = 1, res = 1, lres = 1
13: for j = q to n− 1 do ◃ the remaining p ‘‘full" iterations
14: for i = j to n− 1 do ◃multiply with the rotation matrix
15: ai = la(aicj + bidj), bi = lc(aibj − biaj),
16: ci = lc(ciaj + dibj), di = la(cidj − dicj)
17: od ◃ update the denominators and the resultant:
18: lc = lal2c, la = aj, res = res · cj, lres = lres · lc
19: ◃ shift down the first columns of G and B
20: ai+1 ← ai, ci+1 ← ci for ∀i = j . . . n− 2
21: od
22: return res · (fp)q/lres ◃ compensate for monic form of f
23: end procedure

In each iteration of the algorithm we update these matrices
according to (5) and collect one factor of the resultant. After n
iterations (n = p + q) the generators vanish completely, and the
product of all factors yields the resultant. The pseudocode is given
in Algorithm 1.

The algorithm is split in two parts: lines 5–11 where only a
single column b of G is updated; and lines 13–21 where all four
columns participate. In what follows, we will refer to these parts
as ‘‘lite’’ and ‘‘full’’ iterations, respectively. The reason for this lies
in a particular structure ofBhaving only twonon-zero entries: c0 =
dq = 1. Furthermore, if we ensure that the polynomial f is monic
(that is, a0 = fp ≡ 1), it follows that D = a0c0 + b0d0 = a0 ≡ 1,
see (4). As a result, the denominators are identically 1 throughout
‘‘lite’’ iterations. Substituting this into (5) leads to rather simplified
generator recursions. By the same token, the resultant factors a0c0
are unit during ‘‘lite’’ iterations, and hence not need to be collected.
In line 22 we multiply the resultant by (fp)q to compensate for
monic f . To realize finite field division in lines 3 and 22 we use
Montgomery modular inverse algorithm, see Section 5.1.2.

Observe that, strong regularity assumption, introduced in the
beginning of Section 2.2, guarantees that denominators la and lc
do not vanish in the course of the algorithm. Yet, this is not always
true for Sylvester’s matrix. In Section 4.2 we elaborate on how to
deal with this problem.

2.5. Polynomial interpolation in a finite field

The task of polynomial interpolation is to find a polynomial f (x)
of degree less than n, satisfying a set of equations: f (xi) = yi,
for 0 ≤ i < n. The coefficients {ai} of f are the solutions of the
following system:

Va = y, with Vij = xji for 0 ≤ i, j < n− 1, (7)

where V ∈ Zn×n is called a Vandermondematrix.We can apply the
Schur algorithm to the matrix M ∈ Z2n×(n+1) which is embedding
of V :

M =

V −y
In 0


, where In is n× n identity matrix.

After n steps we obtain a Schur complement R of submatrix V in
M , such that: R = 0 − InV−1(−y) = V−1y which is precisely
the solution of (7). The matrix M has a displacement rank 2 and
satisfies the displacement equation:

M − FMAT
= GBT , (8)
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where A = Zn ⊕ 0 ∈ Z(n+1)×(n+1), F = diag(x0 · · · xn−1) ⊕
Zn ∈ Z2n×2n, Zn ∈ Zn×n is a down-shift matrix, and ⊕ denotes
a Kronecker sum. Since M has a rectangular form, the generators
G ∈ Z2n×2 and B ∈ Z(n+1)×2 are of different dimensions. They can
be expressed as follows:

GT
=


1 · · · 1 1 0 · · · 0
y0 · · · yn−1 0 0 · · · 0


B ≡ 0 except for B0,0 = 1, Bn,1 = −1. (9)

Again, in each step of the algorithm we update the matrices as
in (5). Having the proper form generators (Gi, Bi) in step i, the
recursion in matrix form can be written as follows (for 0 ≤ i < n):

0
Gi+1


= ΦiGi


1 0
0 0


+ Gi


0 0
0 1


,

0
Bi+1


= ΨiBi


1 0
0 0


+ Bi


0 0
0 1


,

(10)

which should read as: ‘‘take the first column of Gi (or Bi) and
multiply itwithΦi (orΨi), keeping the second columnunchanged’’.
Here, Φi = Fi − fiIi, Ψi = Ai(Ii − fiAi)

−1, where Fi, Ai and Ii are
obtained by deleting the first i rows and columns from matrices
F , A and In, respectively; and fi is an i-th diagonal element of F . After
n steps of the algorithm, the product GBT yields the solution of (7).

Although, the equations look complicated at first glance, in the
next section we see that the matrix B is obsolete due to its trivial
structure, leaving us with a single generator G.

2.6. Polynomial interpolation

Let G = (a, b), B = (c, d) be the generators as defined in
(9), where we again associate the matrices with column vectors.
We will show that it suffices to work with a single generator G
which leads to an efficient interpolation algorithm. The key to
understanding is the fact that, in contrast to univariate resultants,
we are not interested in intermediate results (i.e., diagonal
elements) of matrix factorization. Instead, our goal is to obtain the
final Schur complement R of M as defined in Section 2.5. Such R
is given by the product GBT of the generators after n steps of the
Schur algorithm.4

Observe that, at the beginning B := B0 has only two non-zero
entries (c0 = 1 and dn = −1) and is already in a proper form (since
d0 = 0). Now, using (10), straightforward computations show that:

BT
1 =


1 x0 x20 · · · xn−10 0
0 0 · · · 0 1


,

BT
2 =


1 x1 + x0 x21 + x0x1 + x20 ∗ 0
0 0 · · · 0 ∗


,

where B1 ∈ Zn×2, B2 ∈ Z(n−1)×2, and by (∗) we denote unimpor-
tant entries. A crucial observation here is that the leading rows of
matrices Bi (0 ≤ i < n) equal identically to


1 0


which can be

verified by expanding the respective formulae. Next, provided that
only the leading rows of G and B are needed to set up the rotation
matrices in (4), we conclude that the matrix B does not affect the
update of the matrix G. After n steps of the Schur algorithm, it fol-
lows that the last generator Bn has the form: Bn =


0 1


,5 which

implies that the desired productGnBT
n is simply given by the second

column of Gn.
Now, we try to simplify the recursion for the generator G. By

the above observations, we have (c0, d0) = (1, 0) throughout the

4 Here n stands for the number of interpolation points.
5 To be precise, Bn =


0 1/K


, for some K ∈ Z, but in a division-free algorithm

K is part of a common denominator.

Algorithm 2 Polynomial interpolation
1: procedure INTERPOLATE(x : Vector, y : Vector, n : Integer)
2: ◃ returns the coefficients of f(x), s.t., f(xi) = yi, 0 ≤ i < n
3: let G = (a, b), lint = 1 ◃ set up the generator G and denominator
4: for j = 0 to n− 1 do
5: for i = j+ 1 to j+ n− 1 do ◃multiply b by rotation matrix
6: bi = biaj − aibj

7: od
8: lint = lint · aj, s = 0, t = 0 ◃ update the denominator
9: for i = j+ 1 to j+ n do ◃multiply the matrix Φj with a
10: if (i < n) then s = ai, t = xi ◃ consider different cases
11: elif (i > n and i ≤ j+ n) then s = ai−1, t = 1 fi
12: ai = s · t− ai · xj

13: od ◃ update the last non-zero entries of a and b:
14: bj+n = −bj, an+j+1 = 1
15: od ◃ divide the coefficients by the denominator:
16: bi ←−bi/lint for ∀i = n . . . 2n− 1
17: return (bn . . . b2n−1) ◃ return the coefficients of f
18: end procedure

whole algorithm. Then, (5) implies that: ãj = la(ajc0+bjd0) ≡ laaj.
Hence, only the column vector b needs to be multiplied by the
rotationmatrix, andwe can omit the denominator la for the column
a. Besides, observe that only n entries of the generator G are non-
zero at a time. Thus,we can use a sort of ‘‘slidingwindow’’ approach
where only n relevant entries of G get updated in each iteration of
the Schur algorithm. The pseudocode is given in Algorithm 2. Here,
lines 10–12 are the effect ofmultiplyingΦj from (10) by the column
vector a. Note that, we use auxiliary variables s and t to write the
update of a in a ‘‘uniform’’ way. This is done with the intention to
later avoid excessive branching in the GPU code.6

As a last remark, observe that, the Vandermonde matrix is
strongly regular by definition, provided that interpolation points xi
are pairwise distinct. Hence, there is no need for special treatment
as in the case of Sylvester’s matrix.

3. General purpose computing on GPUs

In this overview, we particularly focus on the GPUs supporting
CUDA framework, nevertheless the main ideas and principles are
common to other architectures as well. With the release of Tesla
architecture [19], NVIDIA GPUs no longer have separated fragment
and vertex processors. Instead, they are unified in Multiprocessors
(MPs) capable of running shader programs as well as general
purpose parallel programs. The number of MPs per GPU can vary
in a broad range. In its turn, each multiprocessor comprises a set
of scalar in-order processors which execute the same instruction
at a time in parallel using threads. A minimal scheduling entity
on the GPU is a warp consisting of 32 threads. Threads of a warp
are assigned to the processor cores of an MP and always execute
synchronously. When a data-dependent branch causes a warp to
diverge (follow different execution paths), all taken branch paths
are processed serially. Such a model of execution is known as
SIMT (Single Instruction Multiple Thread) which is similar to SIMD
with an exception that the vector organization is not exposed to
the software allowing a programmer to write thread-level parallel
code. On the other hand, should performance become a critical
factor, one can always consider a physical organization of threads
into warps.

CUDA [8] is a heterogeneous serial–parallel programming
model which means that the serial execution on the host machine
is interleaved with parallel execution on the GPU. A program
running on the GPU is referred to as kernel. Kernel is launched
on a large number of parallel threads organized in a grid of

6 Short conditional statements are likely to be replacedbypredicated instructions
to avoid branching in the GPU code.
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thread blocks. A thread block contains up to 512 threads that can
communicate via sharedmemory and synchronize memory access
with barriers. The more recent Fermi architecture [21] increases
a block size to 1024 threads. Different thread blocks run without
synchronization and cannot communicate within one kernel call.
Therefore, sequentially dependent algorithms must be split in two
or more kernels to provide data flow. Block independence is one of
the cornerstones of the GPU programming model which enables
a binary program to run unchanged on devices with a different
number of multiprocessors.

Each MP has a large set of physical registers (8–16 kb per
MP) which are statically allocated to threads of a block when
it is scheduled for execution on a multiprocessor. Static register
allocation has an advantage that context switching induces no
overhead since each thread has its own private copy of registers.

To allow interthread communication within a block, each
multiprocessor has a 16–48 kb block of fast sharedmemory serviced
via 16 banks (32 banks on Fermi) to speed-up concurrent access by
threads of a block. Another three memory spaces, including read-
only texture and constant memory as well as read–write global
memory, are simultaneously accessible by the entire grid of thread
blocks and have a lifetime of an application. Texture and constant
memory are cached on the device and optimized for different data
locality. Global memory resides in external DRAM and is of much
higher latency than on-chip sharedmemory. It is, therefore, highly
recommended to use coalescing access optimizations to utilize
memory bandwidth more efficiently (even though it is cached on
the devices with Fermi architecture).

Overall GPU optimization strategies are: 1. maximize parallel
execution; 2. minimize global memory access by storing interme-
diate results in shared/register memory; 3. keep high arithmetic
intensity of computations to hidememory access latencies; 4. con-
trol register and shared memory allocation to improve thread oc-
cupancy,7 which also includes favoring small thread blocks over
large ones.

4. Structure of the algorithm

We start with a high-level description of the algorithm. Next,
we discuss some practical methods on how to deal with a non-
strong regularity issue raised in Section 2.4.

4.1. High-level structure

At the highest our approach follows the ideas of the classical
modular algorithm by Collins. Given two bivariate polynomials
f , g ∈ Z[x, y], the algorithm consists of five steps:
(a) apply modular homomorphism reducing the coefficients of f

and g modulo sufficiently many primes: Z[x, y] → Zm[x, y];
(b) for each modular image, choose a set of points α

(i)
m ∈ Zm and

evaluate the polynomials at x = α
(i)
m (evaluation homomor-

phism): Zm[x, y] → Zm[x, y]/(x− α
(i)
m );

(c) compute a set of univariate resultants in Zm[x] using a matrix-
based approach:
resy(f , g)|α(i)

m
: Zm[x, y]/(x− α

(i)
m )→ Zm[x]/(x− α

(i)
m );

(d) interpolate the resultant polynomial for each prime m using a
matrix-based approach:
Zm[x]/(x− α

(i)
m )→ Zm[x];

(e) lift the resultant coefficients by means of Chinese remainder-
ing: Zm[x] → Z[x].

Steps (a)–(d) and partly (e) are implemented on the graphics
processor. In essence,what remains to bedoneon thehostmachine

7 Occupancy is one of the main GPU performance indicators, it is the ratio of the
number of resident threads to the maximum number of resident threads per MP.

is to filter out ‘‘bad’’ primes (to be discussed below) and, at the end
of the algorithm, convert the resultant coefficients from themixed-
radix representation to positional number system.

The number of primes and evaluation points needed by
the algorithm is usually estimated using Hadamard’s bound on
resultant’s height and degree, respectively. We refer to [20] where
some practicalmethods are outlined: for instance, we can compute
the bounds over columns and rows of Sylvester’s matrix, and then
pick up a minimal one. It might be possible to obtain sharper
estimates by investigating the theory of sparse resultants. It can be
shown that the resultant degree equals mixed volume of Newton
polytopes of two polynomials: see [7] for some basic facts, and [27]
for the height of a sparse resultant.

To recover the resultant from its homomorphic images,weneed
to deal ‘‘unlucky homomorphisms’’. Using terminology from [20]:
a prime m is said to be bad if fp ≡ 0 mod m or gq ≡ 0 mod m.
Similarly, an evaluation point α ∈ Zm is bad if fp(α) ≡ 0 mod m or
gq(α) ≡ 0 mod m. Dealingwith ‘‘bad’’ primes is relatively easy:we
candiscard them in advance during the initialmodular reduction of
polynomials. To account for ‘‘bad’’ evaluation points, we propose to
run the algorithmwith an excess amount of points (typically 1%–2%
more than required). Then, in case the computation fails for some
αi
m ∈ Zm, we simply ignore the result and take another evaluation

point. This situation is easy to detect since ‘‘bad’’ evaluation points
result in a zero denominator lres in Algorithm 1. In a very ‘‘unlucky’’
case when we cannot reconstruct the resultant due to the lack of
points, we restart the algorithm to compute extra information. Yet,
this is not the whole story because the algorithm can also fail due
to non-strongly regular Sylvester’s matrix, which we consider in
the next section.

Schematic view of the algorithm running on the graphics
processor is depicted in Fig. 1. The computations begin on the host
machine, where we search and remove ‘‘bad’’ primes from the
moduli set, that is, the primes dividing the leading coefficients of
either input polynomial. Then, the control is transferred to the GPU
executing six CUDA kernels corresponding to the steps of Collins’
modular algorithm. The kernels are listed with the respective grid
and block configurations in the figure, we consider each one of
them in detail in Section 5. Yet, prior to this, we need to take care
of some unfinished business with non-strongly regular Sylvester’s
matrices.

4.2. Dealing with non-strong regularity

In this section we outline some practical ways how to prevent
the algorithm’s failure. First, remark that, non-strong regularity
indicates a presence of some non-trivial relation between poly-
nomial coefficients which occurs quite rarely in practice. Further-
more, the majority of such situations can be handled in exact same
way as ‘‘bad’’ evaluation points.8 Indeed, if the computation fails
for some evaluation point, there is, in general, a large selection of
other points to choose from. That is, suppose we are given the fol-
lowing polynomials:

f = y8 + y6 − 3y4 − 3y3 + (x+ 6)y2 + 2y− 5x,
g = (2x3 − 13)y6 + 5y4 − 4y2 − 9y+ 10x+ 1.

Then, for α = {0, . . . , 100 000}, Sylvester’s matrix of f (α, y) and
g(α, y) is non-strongly regular only for a single point α = 2. How-
ever, the problem occurs if, for polynomials f , g ∈ Z[x, y], some
minors of Sylvester’s matrix S(y) (defined in Section 2.1) vanish

8 In fact, both non-strong regularity of Sylvester’s matrix and ‘‘bad’’ evaluation
points yield a zero denominator lres in Algorithm 1, and therefore are not
distinguishable from the algorithm’s perspective.
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Fig. 1. Structure of the modular algorithm running on the GPU. Abbrev.: S: total number of scalar coefficients of both polynomials; N: number of moduli; M: number of
evaluation points.

identically. According to large empirical evidence, it mostly hap-
pens when one of the polynomials has a zero trailing coefficient.
This can be exemplified as follows. Let
f = y8 + (4x2 − 12)y6 + (12x3 + 2)y4 + (20x4 − 28x2

+ 12)y2 − 18x4 − 3, and g = f ′y,

hence, we have g0 ≡ 0, and every second principal minor of S(y)

(skipping the first seven) vanishes identically. One simple way
to fix this is consider the resultant of swapped polynomials, i.e.,
resy(f , g) = −resy(g, f ). Indeed, in the example above, the ma-
trix S(y) for g and f (swapped) is strongly-regular. Although, this
sometimes does notwork. Amore general approach is to divide out
a factor y of g (which causes the algorithm to break down), com-
pute a ‘‘reduced’’ resultant, and then compensate for the factor y.
In other words, suppose f0 ≠ 0 and g = h · yk, then it holds that9:
resy(f , g) = resy(f , h) · f k0 .

Our long-termpractical experiences show that the above two cases
cover 99% of all ‘‘bad’’ situations. However, in extremely pathologi-
cal cases (when neither of the aboveworks), we can further exploit
resultant properties in the attempt to ‘‘randomize’’ Sylvester’s ma-
trix. For example, consider the following:
resy(f , g) = resy(h, g)

if h = f + g · q, and degy h = degy f ,

resy(f , g)2 = resy(f 2, g) = resy(f , g2).

In the latter case, we also need to compute a polynomial square
root to extract the actual resultant which can be achieved by a
linear-time algorithm.

5. Realization

In this section we outline the main aspects of the GPU
implementation. We begin with the realization of modular
arithmetic, and then proceed with an in-depth discussion of the
GPU kernels corresponding to the steps of the modular algorithm.

5.1. Modular arithmetic

The efficiency of our algorithm largely depends on how good
the realization of modular operations is. Performing fast modular
computations on the GPU is not an easy task to accomplish

9 We assume that the polynomials are coprime, that is why f0 ≠ 0.

Listing 1 24-bit modular arithmetic for Tesla GPUs
1: procedure MUL_MOD(a, b, m, invm) ◃ computes a · b mod m
2: hf = uint2float_rz(umul24hi(a, b)) ◃ 32 MSB of the product
3: prodf = fmul_rn(hf, invm) ◃ invm = (float)(1≪ 16)/m
4: l = float2uint_rz(prodf) ◃ truncate towards zero
5: r = umul24(a, b)− umul24(l,m) ◃ r ∈ [−2m+ ε;m+ ε]

6: if r < 0 then ◃ adjust the result if negative sign
7: r = r+ umul24(m, 0x1000002) ◃ r = r+m · 2
8: fi
9: return umin(r, r−m) ◃ return r = a · b mod m
10: end procedure
11: ◃ computes (x1y1 − x2y2) mod m
12: procedure SUB_MUL_MOD(x1, y1, x2, y2, m, inv1, inv2)
13: h1 = uint2float_rz(umul24hi(x1, y1)) ◃ two inlined mul_mod’s
14: h2 = uint2float_rz(umul24hi(x2, y2))
15: l1 = float2uint_rz(fmul_rn(h1, inv1)) ◃ inv1 = 65536.0f/m
16: l2 = float2uint_rz(fmul_rn(h2, inv1)) ◃mul. and truncate
17: r = mc+ umul24(x1, y1)− umul24(l1,m) ◃mc = m · 100
18: r = r− umul24(x2, y2)+ umul24(l2,m) ◃ diff. of mul_mod’s
19: ◃ inv2 = 1.0f/m, e23 = (float)(1≪ 23)
20: rf = uint2float_rn(r) ∗ inv2+ e23 ◃ rf = ⌊r/m⌋
21: r = r− umul24(float_as_int(rf),m)

22: return (r < 0 ? r+m : r)
23: end procedure

because the graphics hardware is heavily optimized for floating-
point performancewhile, for example, integer division andmodulo
(‘%’) operations are particularly slow and should be avoided.
Furthermore, GPUs with Tesla architecture [19] support natively
only 24-bit integer multiplication while 32-bit multiplication
is demoted in a more primitive operations. Luckily, the next
generation Fermi GPUs support 32-bit integer arithmetic fully in
hardware. Below, we consider the realization of relevant modular
operations for both architectures.

5.1.1. Tesla architecture
For Tesla GPUs, we restrict ourselves to 24-bit modular

arithmeticwhich reflects the hardware capabilities. Besides, 24-bit
residue fits in the mantissa of a single-precision floating-point
number, and therefore we can replace expensive integer division
with operations in floating-point.

GPU provides two instructions, mul24.lo and mul24.hi, for in-
teger multiplication,10 which can be accessed directly from CUDA

10 They compute 32 least and most significant bits of 48-bit product of 24-bit
integer operands, respectively.
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Listing 2 31-bit modular multiplication on Fermi cards
1: procedure MUL_MOD(a, b,m, inv) ◃ computes a · b mod m
2: hi = umulhi(a ∗ 2, b ∗ 2) ◃ compute 32 MSB of the product
3: ◃mul. and truncate, inv = (double)(1≪ 30)/m
4: rf = uint2double_rn(hi) ∗ inv+ (double)(3≪ 51) ◃ rf = ⌊r/m⌋
5: r = a ∗ b− double2loint(rf) ∗m ◃ partial residue
6: return (r < 0 ? r+m : r) ◃ adjust by m if negative sign
7: end procedure

using inline PTX assembly [22]. We denote the corresponding
intrinsics by umul24 and umul24hi. The algorithm computing
a ·b mod m for two residues a and b is given bymul_mod in Listing
1. The algorithm works as follows. First, we split the product a · b
in 32- and 16-bit parts, and apply a congruence:

a · b = 216hi+ lo = (m · l+ λ)+ lo≡m λ+ lo
= (216hi−m · l)+ lo = a · b−m · l = r,

where 0 ≤ λ < m. It holds that r ∈ [−2m + ε;m + ε] for
0 ≤ ε < m. Hence, r fits in 32 bits and we can compute it by
considering only 32 least significant bits of the products a · b and
m · l, see line 5 in Listing 1. Finally, in lines 6–9 we further reduce r
to a valid residue range.

The subroutine sub_mul_mod in Listing 1 evaluates an
expression: (x1y1 − x2y2) mod m which is frequently used in
rotation formulas, see Section 2.3. The procedure consists of two
inlined mul_mod operations with the difference that we subtract
partial residues in lines 17–18 before to the final reduction. The
advantage is that the compilermerges subsequentmultiply and add
instructions producing more efficient code. The remaining lines
20–23 are needed to bring r to the valid residue range. In line 20
we also use a mantissa trick [15] to multiply by 1/m and truncate
the result using one multiply–add instruction.

5.1.2. Fermi architecture
On Fermi cards, integer multiplication is no longer a problem,

and we can enjoy full-precision 31-bit modular arithmetic.
Additionally, we can benefit from the performance of double-
precision arithmetic which is now only two times slower than
single-precision. The algorithm mul_mod in Listing 2 is analogous
to its 24-bit counterpart. Themain difference is that we use umulhi
intrinsic returning 32MSB of 64-bit integer product. For two 31-bit
residues a and b, we again partition the product a · b in 32- and
30-bit parts, and use the following:

a · b = 230hi+ lo = (m · l+ λ)+ lo≡m λ+ lo
= (230hi−m · l)+ lo = a · b−m · l = r,

where 0 ≤ λ < m. Here, r ∈ [−m + ε; ε] for 0 ≤ ε < m.
Hence, it remains to adjust r bym in case of negative sign. In line 4
of Listing 2, we also use ‘‘magic number’’ 351 to truncate a floating-
point value to the nearest integer [15]. Note that, in the 31-bit case,
we do provide a special realization of the sub_mul_mod routine.

Lastly, we consider a modular inverse operation which is used
by resultant and interpolation algorithms (see lines 3 and 22
in Algorithm 1, and line 16 in Algorithm 2). The realization is
similar on both architectures, that is why we discuss Fermi’s
algorithm only. Listing 3 gives the pseudocode of the Montgomery
modular inverse algorithm which is a combination of the ideas
from [9,24]. The algorithm consists of two stages. In the first stage,
lines 3–12, we compute iteratively x−12k mod m, where x is a
residue modulo m, and 31 ≤ k ≤ 62. The number of iterations
is bounded by the moduli bit-length (31 bits). Next, in lines 13–26,
we divide out the factor 2k using twoMontgomery multiplications
by the powers of two. Comments in the code should help further
understanding of the algorithm.

Listing 3 31-bit Montgomery modular inverse
1: procedure MONTGOMERY_INVERSE(x, m, mu) ◃ res.: x−1 mod m
2: v = x, u = m, s = 1, r = 0, k = 0
3: while (v! = 0) { ◃ first stage: compute r = x−12k mod m
4: rs = r
5: if (v & 1) {
6: uv = v
7: if ((v xor u) < 0) { v = v+ u } else { v = v− u }
8: if ((v xor uv) < 0) { u = uv, rs = s }
9: s = s+ r
10: }

11: v = v/2, r = rs ∗ 2, k = k+ 1
12: }

13: r = m− r ◃ second stage: get rid of 2k factor
14: if (r < 0) { r = r+m } ◃ r = x−12k mod m, 31 ≤ k ≤ 62
15: ◃Montgomery mul.: r = r · (2−m) = x−12k−m (mod m)

16: if (k >= 32) {
17: s = r ∗mu ◃mu = −m−1 mod 232

18: u = s ∗m, v = umulhi(s,m) ◃ (v, u) = s ·m (63 bits)
19: u = u+ r, r = v+ (u < r), k = k− 32 ◃ r = ((v, u)+ r)/232

20: }

21: if (k == 0) return r
22: ◃Montgomery mul.: r = r · (2m−k)(2−m) = x−1 (mod m)

23: s = r≪ (32− k), d = s ∗mu ◃mu = −m−1 mod 232

24: u = d ∗m, v = umulhi(d,m) ◃ (v, u) = d ·m (63 bits)
25: d = r≫ k, u = u+ s
26: r = v+ d+ (u < s) ◃ r = ((v, u)+ s)/232 + d
27: return r
28: end procedure

5.2. Realization: general remarks

In what follows, we will consider implementation of each GPU
kernel as shown in Fig. 1. Yet, before going through the realization
details, we give an overview of some common optimization
techniques we have applied to improve the performance.

Among standard tools, we use constant propagation via
templates, loop unrolling, exploiting warp-level parallelism (to
compute a parallel prefix sum), and favoring small thread blocks
over large ones. To decrease register pressure, we also declare
frequently used variables with volatile keyword. This qualifier
forces the compiler to keep these variables in physical registers
and reuse them, instead of inlining the corresponding expressions.
Besides, we provide launch bounds for each GPU kernel. These
parameters, first available in CUDA version 3.0, provide a hint
to the compiler to optimize register allocation. Alone, the latter
technique gave us about 30% of additional speed-up.

As a last remark, we keep a moduli set and corresponding
reciprocals (inv) needed for modular reduction in constant
memory space. This is because one thread block (except the
MRC kernel) uses a single modulus throughout all computations.
Therefore, all threads of a block read the same value and the data
is loaded via constant memory cache. Also, direct reference to the
data in constant memory has a positive effect on reducing register
pressure.

5.3. Modular reduce kernel

The first ‘mod.reduce’ kernel in Fig. 1 performs modular
reduction of polynomial coefficients. According to some empirical
evidence, the cost of this operation might become very high, if not
dominating,when themodular algorithm is applied to polynomials
with large coefficients but moderate degrees. Therefore, we have
decided to perform these computations on the GPU as well.

Here, the grid configuration is chosen to be S × N/64, where S
is a total number of scalar coefficients of both polynomials and N
is the size of moduli set. In other words, we partition the moduli
set in chunks of size 64 primes each and assign one CUDA block to
compute 64 residues of some polynomial coefficient. We dedicate
one thread to compute a residue modulo some prime mi using a
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Fig. 2. The workflow of univariate resultant algorithm running with 6 threads
indexed by TID.

simple iterative algorithm, known as single-word division, which
can be found in many textbooks; see, e.g., [3]. Thread workload is
perfectly balanced because each thread does the same job. Here,
only one complication arises: namely, how to access the input
data in an optimal way since polynomial coefficients might be too
large (several thousand bits) for allocating them entirely in shared
memory. We deal with this problem by ‘‘streaming’’ data through
the kernel: i.e., the large integers are processed in chunks of size
just enough to fit the GPU’s shared memory.

5.4. Resultant kernel

Resultant kernel constitutes the core of the algorithm. We des-
ignate one thread block to compute a univariate resultant mod-
ulo a prime mi for some evaluation point αj ∈ Zmi . Accordingly,
a grid configuration for this kernel is N ×M , see Fig. 1. We provide
four kernel specializations for 32 × 2, 64, 96 and 128 threads per
per block. The number of threads depends on the degree of input
polynomials. A kernelwith P threads handles polynomialswith de-
grees P/2 ≤ d < P .11

First, polynomials are evaluated at x = αj. We use a simple
Horner scheme where each thread iteratively computes one
coefficient of f (αj, y) and g(αj, y). Next, we run univariate
resultant algorithm from Section 2.4 The algorithm maps quite
straightforward to the GPU: the outer loop is split up in ‘‘lite’’ and
‘‘full’’ iterations while the inner loop is vectorized. In other words,
we associate one thread with four data elements: (ai, bi) and
(ci, di) which correspond to one row of each of the matrices G =
(a, b) and B = (c, d). In each iteration, the current top generator
rows are shared between all threads. Then, each thread applies
rotation formulas from Section 2.3 (or sub_mul_mod operations)
to its data elements. At the end, the first columns a and c are
‘‘shifted down’’ preparing for the next iteration, and the resultant
factors are saved in shared memory. One step of the algorithm
during ‘‘full’’ iterations is depicted in Fig. 2.

For ‘‘lite’’ iterations, we also unroll the outer loop by the factor
of two for higher arithmetic intensity, such that one thread now
processes two rows of each of the matrices G and B at a time. In
this way, we double the maximal degree of polynomials that can
be handled, and ensure that all threads are occupied. Besides, at
the beginning of ‘‘full’’ iterations, we can guarantee that at least
half of threads are busy in the corner case (d = P/2). Observe
that, the number of working threads decreases with the length of
generators in the outer loop. Therefore, we use a load balancing
strategy to improve thread occupancy: when at least half the
threads enter the idle state, we switch to another code subroutine
where computations are organized in a way that threads only do
half a job. Eventually, once the generator size descends below the
warp boundary, the remaining algorithm steps are run without

11 The first kernel with 32× 2 threads computes two resultants at a time.

Fig. 3. ‘‘Warp-sized’’ parallel reduction (prefix sum).

thread synchronization because warp, as a minimal scheduling
entity, always executes synchronously on the GPU.

Finally, the product of the collected factors (as well as the
product of respective denominators lres) is computed using ‘‘warp-
sized’’ parallel reduction based on a ‘‘Hillis-and-Steele’’ style
algorithm [16]. The idea of this algorithm is to run prefix sums
independently for several warps without synchronization, and
then combine the results in a final reduction step, see Fig. 3.

To sum up, since the inner loop of Algorithm 1 is now vector-
ized, the parallel complexity of computing univariate resultants be-
comes linear in the polynomial degrees.

5.5. Modular inverse 1 and stream compaction kernel

The purpose of this kernel is to divide the univariate resultants
computed in the previous step by respective denominators lres
(see Algorithm 1), and eliminate ‘‘bad’’ evaluation points.12 For
each modulus mi, we partition the set of computed resultants in
128-element chunks and assign one chunk to a block with 128
threads. This is why, the kernel is launched on a grid of size N ×
M/128, see ‘mod.inverse1’ in Fig. 1. Division is performed using the
Montgomery modular inverse algorithm, see Listing 3.

‘‘Bad’’ evaluation points are discarded using a stream com-
paction algorithm. Our realization is based on the following re-
marks. 1. The number of evaluation points M per modulus can
be quite large (generally about 1–2 thousand), hence it is ineffi-
cient/infeasible to process all points by one thread block. 2. Run-
ning hierarchical stream compaction in global memory (several
kernel launches) does not pay off because ‘‘bad’’ evaluation points
occur quite rarely on the average.13 3. The actual order of evalua-
tion points does not matter for interpolation. As a result, we found
the following solution optimal: Each block runs the stream com-
paction on its 128-element chunk using warp-sized reduction in
shared memory. The reduction computes an exclusive prefix sum
of a sequence of 0’s and 1’s where 0’s correspond to elements be-
ing eliminated. Remark that, on Fermi we can use ballot voting
primitive and popc intrinsic to efficiently compute the prefix sum,
see [8,11].

Finally, a compacted sequence is written back to global
memory. The current writing position is controlled by a global
variablewhich gets updated (atomically) each time a block outputs
its results to global memory, see Fig. 4.

5.6. Interpolation kernel

Interpolation kernel realizes the algorithm from Section 2.6.
Here, one thread block is dedicated to interpolating a polynomial
for some modulus mi. Similarly to the resultant kernel, the

12 The points for which denominators vanish, see Section 4.1.
13 Our experiments show that for random polynomials typically 3–4 evaluation
points are ‘‘bad’’ out of 10–50 thousand.
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Fig. 4. Stream compaction across several thread blocks, ‘x’ marks elements being
eliminated. Results for each block are written back to global memory in unspecified
order.

inner loop of the algorithm is vectorized. However, since the
interpolation algorithm is simpler than that of resultants, one
thread is used assigned to process two or four rows (depending on
the number of evaluation points M) of the generator matrix G =
(a, b) (see Algorithm 2). This enables us to keep high arithmetic
intensity of computations. One important remark is that, the size of
the matrix G does not decrease throughout the algorithm: instead,
in each iteration we update only M relevant entries of G in a
‘‘sliding window’’ fashion (see discussion in Section 2.6).

The number of threads per block is selected according to
the number of evaluation points M . Meaning that, the maximal
resultant degree is limited to 2048 on Tesla and 4096 on Fermi
(chosen according to the maximal number of threads per block
on respective architectures). According to our experiences, these
limitations would satisfy the demands of the most practical
applications.

For reasons of efficiency, we also found it advantageous to
parameterize the kernel by data parity (in otherwords, byM mod 2
or M mod 4 depending on the loop unrolling factor) instead
of the data size itself. By parameterizing the kernel in such a
way, we can substantially reduce branching because most of the
branch decisions are resolved at compile time. Besides, kernel
parameterization also lowers register usage and has a positive
effect on performance. At the end of the algorithm, the product of
denominators lint is evaluated using parallel prefix sum.

Again, our interpolation algorithm executes in linear parallel
time on the GPU since the inner loop of the algorithm is vectorized.

5.7. Modular inverse kernel 2

In this kernel, ‘mod.inverse2’ in Fig. 1, we precompute themod-
ular inverses for subsequent division of polynomial coefficients by
respective denominators lint produced in the course of the interpo-
lation. Its realization is rather straightforward and closely resem-
bles that of the ‘mod.inverse1’ kernel considered above (with the
exception that stream compaction is no longer used). Thereforewe
omit further discussion.

5.8. MRC (Mixed-Radix conversion) kernel

The remaining MRC kernel reconstructs integer coefficients of
a resultant in the form of Mixed-Radix (MR) digits. The main
property of the Mixed-Radix conversion (MRC) algorithm [28]
is that MR digits can be computed without resorting to multi-
precision arithmetic (unlike conventional Chinese remainder
algorithm). This fact becomes decisive for choosing this algorithm
for realization on the GPU.

Speaking precisely, for a given set of primes (m1,m2, . . . ,mN)
and respective residues (x1, x2, . . . , xN), the MRC algorithm
associates a large integer X with mixed-radix digits {αi} in the
following way:

X = α1M1 + α2M2 + · · · + αNMN ,

where M1 = 1,Mj = m1m2 · · ·mj−1 (j = 2, . . . ,N). Having the
set of MR digits, it is clear that, we can obtain a large integer X by

Fig. 5. SimpleMRC algorithm runningwith 5 threads indexed by TID. Besides digits
αj , in step i, each thread computesMi+1 = Mimi mod mj .

Fig. 6. Improved MRC algorithm based on two subalgorithms running with
m_chunk := 4 threads. Numbers inside the triangle indicate the order in which
the subalgorithms are applied.

simply evaluating a Horner scheme:

X = α1 +m1(α2 +m2(α3 +m3(· · · + αN) · · ·)).

MR digits can be evaluated as follows (i = 1, . . . ,N):

α1 = x1, α2 = (x2 − α1)c2 mod m2,

α3 = ((x3 − α1)c3 − (α2M2c3 mod m3)) mod m3, . . .

αi = ((xi − α1)ci − (α2M2ci mod mi)− · · ·
− (αi−1Mi−1ci mod mi)) mod mi,

where ci = (m1m2 · · ·mi−1)
−1 mod mi are precomputed in ad-

vance, and Mi are evaluated ‘‘on-the-fly’’. To further simplify the
computations, we can arrange the moduli in increasing order, that
is: m1 < m2 < · · · < mN . Then, the expressions of the form
αjMjci mod mi for j < i can be evaluated without preceding mod-
ular reduction of αj since αj < mi. The same argument applies to
updating Mi’s. With this observation, one can conceive of a sim-
ple parallel algorithm computingMR digits, see Fig. 5. Here, in step
i (i = 1, . . . ,N − 1), we use a previously computed digit αi to up-
date all the remaining digits αi+1 through αN . Beside the assigned
digit αj, in step i, each thread also computesMi+1 = Mimi mod mj.
Certainly, the parallel complexity of this algorithm is again linear
in the number of residues xi. Sadly, this solution does not work
when the ‘‘capacities’’ of a CUDA thread block are exceeded be-
cause threads need to work cooperatively. We could still process
several digits by one thread. However, this solution would show
very bad occupancy because now the number of working threads
decreases in each iteration.

To figure out an optimal solution, we have observed that,
2–3 thousand 31-bit moduli (60–90 thousand bits per resultant
coefficient) is more than enough for the majority applications.
Hence, we propose to compute MR digits in a single thread
block by processing them in chunks of size m_chunk. This is a
good compromise between a more general approach consisting
of several kernel calls (since we save on memory transfers) and a
simple parallel one (which is limited by the maximal block size).

Geometrically, our approach is illustrated in Fig. 6 where we
fill in a triangle using two ‘‘shapes’’ (subalgorithms): MRC_stairs
and MRC_block. The procedure MRC_stairs closely resembles the
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Table 1
Timing the resultants of f and g w.r.t. variable y. 1st column: instance number; 2nd column: degy/degx: degree of polynomials w.r.t. y- and x-variables, resp.; bits: coefficient
bit-length; sparse/dense: varying density of polynomials; 3rd column: resultant degree; 6th column: grid configuration of the resultant kernel (N ×M), see Section 5.4.

# Configuration Degree GPU Maple Blocks executed

1–2. degy(f ): 20, degy(g): 16 (sparse)
degx(f ): 7, degx(g): 11, bits: 32/300 548/548 16 ms/174 ms 1.16 s/11.9 s 353× 628

3–4. degy(f ): 19, degy(g): 17 (dense)
degx(f ): 40, degx(g): 39, bits: 32/100 1664/1664 66 ms/189 ms 6.9 s/16.6 s 122× 1519

5–6. degy(f ): 62, degy(g): 40, bits: 24
degx(f ): 12, degx(g): 10 (sparse/dense) 1107/2777 146 ms/498 ms 11.9 s/45.7 s 96× 2902

7–8. degy(f ): 31, degy(g): 20, bits: 100
degx(f ): 40, degx(g): 30 (sparse/dense) 1689/2432 294 ms/486 ms 28.3 s/57.5 s 174× 2491

9–10. degy(f ): 80, degy(g): 90, bits: 32
degx(f ): 10, degx(g): 10 (sparse/dense) 1736/3210 854 ms/1.94 s 78 s/189 s 187× 1784

11–12. degy(f ): 60, degy(g): 75 (sparse)
degx(f ): 20, degx(g): 23, bits: 32/200 2981/2981 1.11 s/7.01 s 114 s/663 s 888× 3032

13–14. degy(f ): 31, degy(g): 23 (dense)
degx(f ): 42, degx(g): 33, bits: 24/400 2027/2027 96 ms/1.93 s 12.7 s/201 s 705× 2109

15–16. degy(f ): 41, degy(g): 29, bits: 900
degx(f ): 20, degx(g): 11 (sparse/dense) 1011/2910 3.9 s/14.3 s 247 s/? (>15 min) 2045× 2854

algorithm in Fig. 5, with the exception that now we process
twice as many digits per thread (which also justifies the shape
of MRC_stairs in the figure). By assigning threads as shown in
Fig. 6, we ensure that all threads are occupied in each step of the
procedure. The purpose ofMRC_block is to (optionally) preload and
update a set of m_chunk digits using the ones computed in the
preceding MRC_stairs call(s). By applying these subroutines in a
specified order, one obtains an MRC algorithmwhich runs across a
single block with m_chunk threads.

Since the number of processed chunks needed for MRC_block
calls increases in each step, the main challenge of the algorithm is
where to store the computed data. We solve this by parameterizing
the kernelwith thenumber of chunks (which is usually quite small)
while keeping the parameter m_chunk flexible. When the number
of chunks is small, all data is stored in register space and shared
memory. By reaching a certain threshold, the data is to be placed
in GPU’s localmemory.14 Selection of a concrete kernel depends on
the number of moduli N , and is based on heuristics favoring small
blocks to large ones by adjusting the parameter m_chunk.

For a short summary, we would like to add that all steps of
the modular algorithm discussed above execute in O(n) parallel time
on the GPU with n threads, thereby making the final complexity
also linear in the input parameters. In the next final section,
we provide detailed benchmarks showing the efficiency of the
proposed approach. This will also justify the correctness of our
complexity analysis.

6. Performance evaluation and conclusions

For experiments we have used a desktopmachine with 2.8 GHz
8-Core Intel Xeon W3530 (8 MB L2 cache) CPU and GeForce
GTX580 graphics card (Fermi core). To reconstruct resultant
coefficients from mixed-radix digits on the host machine, we
have employed the GMP 5.0.1 library.15 As a main contestant
we have taken a host-based modular resultant algorithm from
64-bit Maple 14.16 For polynomials with integral coefficients,
Maple provides a very efficient builtin implementation of Collins’
modular approach. In other words, for integer polynomials, this

14 Observe that, on Fermi accesses to local memory are cached.
15 http://gmplib.org.
16 modp1(Prime(1)) is 3 037000453 which verifies 64-bit Maple.

implementation is available in a precompiled binary form. For large
integer arithmetic Maple also uses the GMP library. We further
note that, Maple’s internal precision parameter (Digits) has no
influence on the resultant algorithm since the latter one is based
onmodular computationswhere the integer precision (the number
of primes) is chosen according to Hadamard’s bounds to deliver
the exact result. Maple’s approach further relies on probabilistic
techniques to minimize the number of prime moduli in use [20].

The timings are reported in Table 1. In the GPU column we
account for all stages of the algorithm including recovering the
large integer coefficients on the CPU. We have varied different
parameters such as polynomials’ x- and y-degrees, coefficient bit-
length and density (the number of non-zero scalar coefficients).
Each row in the table presents two experiments where a varying
parameter is written with slash ‘/’. The last column ‘blocks
executed’ specifies a grid configuration for the resultant kernel.

Observe that, Maple’s algorithm performs better for sparse
polynomials which indicates that, internally, Maple uses the PRS
algorithm to compute univariate resultants while our matrix-
based approach is less sensitive to the density parameter. On the
other hand, our algorithm is faster for polynomials with high
x-degree. This behavior is expected since, with increasing the
x-degree, the number of thread blocks increases (thereby, leading
to better hardware utilization) while the size of Sylvester’s matrix
stays the same. On the contrary, increasing the y-degree penalizes
performance as it causes the number of threads per block to
increase. Similarly, for larger bit-lengths, the attained performance
is typically better again because of increased degree of parallelism.
However, for moderate-degree polynomials with very large
coefficients the time for the CPU routines (reconstructing large
integers from MR digits) becomes noticeably large, see last row in
Table 1.

A histogram in Fig. 7 shows relative contribution of different
algorithm stages to the overall time. The numbers along x-axis
correspond to configurations in Table 1. Clearly, the time for
computing resultants is dominating since this is a key part of
the algorithm. The second largest time is either reconstructing
large integers on the host ‘MR recover’ (in case of large coefficient
bitlength), or polynomial interpolation (in case of high degrees).
The remaining two graphs in Fig. 7 examine the running time as a
function of coefficients’ bit-length and polynomial degree. The bit-
length only causes the number of moduli to increase resulting in
a linear dependency. While increasing the polynomials’ y-degree
affects both the number of moduli and evaluation points and, as a

http://gmplib.org
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Fig. 7. Top: running time versus coefficient bitlength (left); and polynomial y-degree (right). Bottom: relative contribution of different algorithm stages to the overall time.
Source: Various configurations are taken from Table 1.

result, performance degrades quadratically. Also, notice a jump of
the running timebetween the y-degrees 90 and100: this is because
the algorithm switches to ‘‘larger’’ resultant kernel (the one with
128 threads per block) when all thread resources are occupied, see
Section 5.4.

As a general remark, we have observed that even for moderate
degree polynomials, our algorithm reaches hardware saturation
very fast since the complexity of computing resultants increases
rapidly with input parameters. Besides, due to high arithmetic
intensity of computations, the time for GPU–host memory transfer
was negligibly small for all instances we have tried. Altogether, this
indicates that our approach should scalewell on (future) GPUswith
larger number of CUDA cores.
We have proposed an algorithm to computing resultants on the
GPU. Our results indicate a significant performance improvement
over a host-based implementation. Furthermore, our algorithmhas
a great scalability potential because of the large degree of (coarse-
grained) parallelism inherent to the modular approach. Besides,
we have shown that the matrix-based approach is well-suited for
realization on massively-threaded architectures.

As future research directions, we would like to revisit our im-
plementation in order to exploit block-level parallelism because,
at the current state of development, our algorithm relies only on
thread-level parallelism in that way limiting the size of polynomi-
als that can be processed. One option would be to adapt the re-
cursive Schur-type algorithm based on the block matrix inversion
formula, see [23]. We would also like to move the remaining algo-
rithm stage (MR recover) to the GPU since it can become relatively
expensive for high degree polynomials. A final goal would be to ex-
tend this approach to other computationally-intensive tasks from
computer algebra that can be reformulated inmatrix form, thereby
making a transition towards the fully GPU-accelerated computer
algebra. Here, good candidates could be GCDs of multivariate poly-
nomials or subresultants.
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