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Abstract—Differential Evolution (DE) is a well-established
evolutionary algorithm widely used for global optimization over
continuous search spaces. However, it can become computa-
tionally demanding when applied to large-scale optimization
problems. Modern GPUs offer massive parallelism, high memory
bandwidth, and high floating-point throughput, making them
well-suited to accelerating population-based algorithms. This
paper presents GPU-accelerated implementations of the standard
DE algorithm and three well-known variants: SHADE, jDE,
and CoDE. Their computational performance and scalability are
evaluated using ten large-scale systems of nonlinear equations,
reformulated as nonlinear optimization problems, with dimen-
sionalities ranging from 500 to 2,000 variables. Execution times
obtained on the NVIDIA A100 and V100S GPUs are compared
with those of the corresponding sequential implementation run-
ning on an AMD EPYC 7643 CPU. The results show substantial
reductions in execution time for all four algorithms and across
all tested problem dimensions, with mean speedups reaching
approximately 69× on the A100 and 42× on the V100S. The A100
also exhibits better scalability at the largest problem dimensions.

Index Terms—metaheuristic optimization, differential evolu-
tion, parallel evolutionary algorithms, GPU acceleration, large-
scale optimization, nonlinear equation systems

I. INTRODUCTION

Evolutionary Algorithms (EAs) are stochastic, population-
based algorithms inspired by the principles of Darwin’s theory
of evolution. They explore different regions of the search space
to efficiently guide convergence, making them particularly
effective for solving complex optimization problems [1].

Differential Evolution (DE), proposed in 1997 by Storn
and Price [2], is one such EA, well-established for its sim-
plicity and competitive performance across a broad range
of optimization tasks. However, as problem dimensionality
and complexity increase, DE can become computationally
demanding.

GPU computing provides powerful parallel computational
capabilities, enabling the concurrent execution of thousands of
threads. In addition, GPUs offer significantly higher memory
bandwidth and floating-point computational throughput than

CPUs [3], making them an ideal platform for accelerating
large-scale optimization algorithms.

This paper investigates GPU-accelerated implementations of
the standard DE algorithm and three of its variants, namely
SHADE, jDE, and CoDE, by parallelizing all evolutionary
operators, thereby exploiting the massive parallel architecture
of modern GPUs. The resulting GPU-based implementations
are assessed in terms of the speedup achieved relative to their
sequential counterparts.

To evaluate the proposed implementations under demand-
ing and realistic conditions, a set of large-scale Systems of
Nonlinear Equations (SNLEs) is employed as a benchmark
application. It should be noted that DE is a general-purpose
metaheuristic optimization algorithm, not one designed specif-
ically for solving SNLEs; these systems are used here solely
as a challenging test domain, since, due to their nonlinear
nature, they can be computationally expensive to solve when
reformulated as nonlinear optimization problems, and they rep-
resent real-world scenarios widely encountered across several
scientific fields.

This work focuses on evaluating the computational per-
formance and high-dimensional scalability of DE variants
on massively parallel GPU architectures for solving SNLEs,
rather than on a systematic cross-hardware comparison with
optimized multicore CPU implementations.

II. DIFFERENTIAL EVOLUTION ALGORITHM AND
VARIANTS

Although having vector-based operators rather than being
fully inspired by biological evolution, DE is still classified as
an EA, evolving a population of candidates through mutation,
crossover, and selection. Initially, DE randomly generates
a population of NP candidates within the initially defined
bounds, where each candidate is a D-dimensional vector.

DE perturbs the population to generate new candidates,
iteratively evolving the population toward increasingly com-
petitive solutions until a stopping criterion is met. To create
a new candidate, the mutation operator is applied first. For



each target vector, xi, a mutant vector, vi, is generated by
applying weighted differences between selected population
vectors, scaled by the scale factor (F ). The scale factor F
controls the magnitude of the differential mutation [4].

The mutation operator follows a predefined mutation strat-
egy that determines how vi is calculated. Every strategy
follows the convention DE/x/y/z; where x specifies the base
vector, y stands for the number of difference vectors, and z
indicates the crossover scheme used [1].

Then, the trial vector, ui, is generated by combining vi
with xi, using the binomial crossover. For each dimension
j ∈ {1, . . . , D}, the j-th component of ui has probability CR
of being inherited from vi; otherwise, it is inherited from xi:

uij =

{
vij , if randj(0, 1) < CR or j = jrand

xij , otherwise.
(1)

The jrand component is added to ensure that at least one
component is copied from the mutant, so that ui is not equal
to xi.

Once ui is created, a greedy selection method is applied.
The objective function values of ui and xi are compared, and
the vector with the lower value is retained:

x
(g+1)
i =

{
ui, if f(ui) ≤ f(xi)

xi, otherwise.
(2)

A. SHADE

SHADE [5] is a self-adaptive parameter control variant of
the DE algorithm, proposed to address the parameter setting
problem. Control parameter tuning is problem-dependent and
highly influences performance.

SHADE follows the mutation strategy DE/current-to-
pbest/1. This strategy was presented in [6] to improve the
mutation scheme DE/current-to-best/1, by adding an external
archive, A, and a parameter p to adjust the greediness. The
resulting mutant vector is given by

vi = xi + Fi · (xpbest − xi) + Fi · (xr1 − xr2). (3)

SHADE maintains memory arrays for the control parame-
ters F and CR, MF ,MCR, each of size H . Both arrays are
initialized to 0.5 for all entries:

MFi = MCRi = 0.5, ∀i ∈ {1, . . . , H}. (4)

During the optimization process, each candidate evaluation
starts by generating the control parameters. An entry from
MF and MCR is chosen randomly, and then the F and
CR parameters are calculated by sampling from Cauchy and
normal distributions, respectively.

If the candidate evaluation results in an improvement, the
corresponding control parameters are stored in the temporary
sets SF and SCR. At the end of each generation, MF and
MCR are updated using the weighted Lehmer mean, WL, and
the weighted arithmetic mean, WA, respectively, as shown in
(5) and (6), respectively [7].

MF,k,G+1 =

{
meanWL

(SF ) if SF ̸= ∅
MF,k,G otherwise

(5)

MCR,k,G+1 =

{
meanWA

(SCR) if SCR ̸= ∅
MCR,k,G otherwise

(6)

The position to be updated is set by index k; at each
generation this value is incremented by 1 until it reaches H ,
after which it is reset to 1.

B. jDE

Self-adaptive DE, jDE, was presented in [8] to address the
parameter tuning problem, noting that this process may involve
a trial-and-error approach. The control parameters are encoded
within the population by extending each individual with its
own F and CR values.

Before generating the trial vector for each individual, the
associated control parameters are updated as follows:

Fi,G+1 =

{
Fl + rand1Fu, if rand2 < τ1,

Fi,G, otherwise,

CRi,G+1 =

{
rand3, if rand4 < τ2,

CRi,G, otherwise.

The variables τ1 and τ2 define the probabilities of updating
F and CR, respectively. The constants Fl = 0.1 and Fu = 0.9
result in newly generated values of F in the interval [0.1, 1.0].

C. CoDE

Rather than being a self-adaptive parameter control variant
like the previous ones, the CoDE variant [9] employs several
predefined combinations of control parameters and trial gen-
eration strategies.

Before each candidate evaluation, a parameter control com-
bination is randomly selected in order to proceed with the
trials generation. The parameter combinations adopted are the
following:

1) [F = 1.0,CR = 0.1]

2) [F = 1.0,CR = 0.9]

3) [F = 0.8,CR = 0.2]

CoDE employs different trial generation strategies, each
expected to offer distinct advantages during different phases
of convergence. These strategies are based on the existing
literature and are the following:

1) DE/rand/1/bin:

vi = xr1 + F · (xr2 − xr3) (7)

2) DE/rand/2/bin:

vi = xr1 + F · (xr2 − xr3 + xr4 − xr5) (8)

3) current-to-rand/1:

vi = xi + rand · (xr1 − xi) + F · (xr2 − xr3) (9)

Note that (9) does not specify the type of crossover used.
The reason is that the trial generated by this strategy does not
go through a crossover phase.



III. GPU PARALLELIZATION OF DIFFERENTIAL
EVOLUTION AND VARIANTS

A. CUDA programming

CUDA (Compute Unified Device Architecture) is a platform
developed by NVIDIA that extends the C/C++ programming
languages with abstractions for parallel execution. It enables
full exploitation of GPU capabilities for general-purpose paral-
lel computing. However, achieving high performance requires
a full understanding of the GPU architecture, as well as a
careful analysis of data structures [10].

In CUDA, each block inside the grid has a unique block
index, and all threads within a block are identified by a unique
thread index. Depending on the characteristics of the algorithm
and the data layout, thread blocks can be organized in one, two,
or three dimensions. This provides flexibility to efficiently map
the data onto threads and optimize memory access patterns in
order to maximize parallelism [10].

CUDA provides several memory spaces organized in a
hierarchical structure, as shown in Fig. 1. Efficient use of
these memories is essential for reducing memory latency and,
therefore, improving kernel performance.

Fig. 1: CUDA device memory model.

B. CUDA Implementation of DE and Variants

The population is organized as a NPxD CUDA array
in column-major order. The CUDA kernels were designed
to assign each thread to one individual and iterate over all
dimensions. This choice promotes coalesced global memory
accesses, since accesses to the same dimension by consecu-
tive threads are adjacent in memory. However, the mutation
operator requires access to randomly selected individuals for
the trial vector generation, resulting in non-coalesced memory
accesses during this phase.

The generation of the trial vector requires consistency in the
values used throughout the process, particularly the randomly
generated indices for the mutation operator and the jrand value
used during the crossover phase. These values must remain

consistent for each candidate, which justifies mapping one
thread to each individual.

In the selection phase, in case of improvement, the trial
vector needs to be copied to the corresponding position in the
population dimension by dimension, since array slicing is not
supported within CUDA kernels. In this case, the one-thread-
per-individual mapping was retained, allowing each thread to
evaluate its trial vector, and, if an improvement occurs, update
the population. The fitness evaluation and selection phases are
combined into one kernel, avoiding extra kernel launches.

Efficiently managing hardware resources depends on the
GPU architecture. For this reason, the number of threads per
block is dynamically determined according to the maximum
number of threads per block supported by the current GPU,
denoted by NT . This value is then used to determine the
number of blocks required to process the population, according
to:

Nblocks =

⌈
NP

NT

⌉
(10)

The data structures were designed to remain persistent on
the device. The population, the trial vectors and the objective
values were allocated directly on the GPU using CuArrays.
This avoids unnecessary data transfers between host and
device during the evolutionary process, reducing the associated
data transfer overhead.

Algorithm 1 GPU-based DE

1: Initialize population D, NP , Gmax

2: P ← kernel init pop fit eval()
3: i← 0
4: while i < Gmax do
5: trials← kernel trial generator(P )
6: Pi ← kernel selection(P, trials, fx())
7: i← i+ 1
8: end while
9: Return best solution

The main cycle of the DE is divided into two stages:
in the first stage, a kernel generates the trial vectors by
performing the mutation and crossover operators for each
candidate solution. In the second stage, a kernel is responsible
for performing the selection phase.

Grouping different operators within the same kernel can
reduce launch overhead and decrease the number of global
memory accesses. However, this approach may increase reg-
ister pressure. On the other hand, separating operators into
different kernels facilitates the management of thread synchro-
nization and dependencies. Therefore, this approach reflects a
trade-off between maintaining efficient thread synchronization
and reducing kernel launch overhead.

In the SHADE algorithm, the parameter calculation is
particularly challenging. This variant stores the parameters that
resulted in improvements and recalculates them at the end of
each generation. This mechanism introduces dependencies that



limit the number of threads and blocks needed to calculate the
new parameters.

Algorithm 2 SHADE selection kernel

1: function kernel selection(P, trials, fx())
2: row = (blockIdx.x−1) ·blockDim.x+threadIdx.x
3: if row ≤ NP then
4: fit← fx(trials[row])
5: if fit < fitness[row] then
6: fits[row]← fit
7: for col← 1 to D do
8: P [row, col]← trials[col, row]
9: end for

10: map[row] = 1
11: else
12: map[row] = 0
13: end if
14: end if
15: end function

The kernel responsible for the selection operator, illustrated
in Algorithm 2, records, in a map array, which individuals in
the population improved. Subsequently, a separate kernel uses
this map to store the parameters associated with the successful
evaluations. The number of threads launched by this kernel
corresponds to the total number of improvements, calculated
by summing the entries in the map array.

At the end of each generation, the adopted approach cal-
culates the new parameters on the host using the weighted
Lehmer and weighted arithmetic means described in Sec-
tion II-A; the updated parameters are then copied to global
memory. The computational workload associated with this
phase is insufficient to justify launching an additional kernel,
as it would result in performance degradation.

The jDE variant, unlike SHADE, does not require main-
taining historical memory arrays for adapting the control
parameters. The GPU-based jDE implementation follows a
structure similar to Algorithm 1. Each individual maintains its
own control parameters, and the kernel responsible for trial
generation also updates the corresponding control parameters
for each candidate as described in Section II-B.

In the CoDE variant, the three trial vectors are generated
in the same kernel. However, this design results in more
work performed per thread. To compensate for the increased
computational workload and increased register usage, the
number of threads per block was reduced. A design where
the trial vectors were generated in separate kernels was also
tested and resulted in longer execution times. In this case,
reducing the number of threads per block to compensate for
the increased computational workload per thread resulted in
better performance than a more balanced workload distributed
across multiple thread executions.

IV. EXPERIMENTAL SETUP

To evaluate the efficiency of the proposed GPU-based
implementations in real-world scenarios, the experiments were

TABLE I: Benchmark problems.

ID Benchmark problem Domain and parameters
P1 Broyden tridiagonal function [12] [−1, 1]D

P2 Discrete boundary value function [12] [0, 5]D, ti = ih
P3 Modified Rosenbrock function [13] [−10, 10]D

P4 Powell badly scaled function [13] [0, 100]D

P5 Beam problem [14] [−100, 100]D, α = 11
P6 Bratu’s problem [14] [−100, 100]D, α = 3.5
P7 Extended Rosenbrock function [12] [−100, 100]D

P8 Schubert–Broyden function [15] [−100, 100]D

P9 Extended Powell singular function [12] [−5, 5]D

P10 Martı́nez function [16] [−100, 100]D

[a, b]D denotes the D-dimensional box [a, b]× · · · × [a, b].
For P2, P5, and P6, h = (n+ 1)−1.

carried out on high-dimensional SNLEs. Specifically, the
evaluations scale across a high-dimensional problem space
where D ∈ {500, 1000, 1500, 2000}, with a population size
set to 10D. The results will be compared with a sequential
implementation.

The set of SNLEs selected to evaluate the accelerated
implementations is representative of several scientific domains
[11]. Specifically, ten benchmark problems were chosen for
their scalability and the distinct computational challenges they
present. These problems are summarized in Table I.

The sequential and GPU-based implementations use differ-
ent random number generation (RNG) mechanisms. The CPU
implementation uses Julia’s standard pseudorandom number
generator, whereas random numbers within the GPU ker-
nels are generated using CUDA.jl’s device-side RNG. Con-
sequently, even when initialized with the same seed, the two
implementations are not expected to generate identical random
sequences or bitwise-identical optimization trajectories. Each
experiment consisted of 31 independent runs to reduce sensi-
tivity to stochastic variability and provide statistically robust
performance estimates.

Both sequential and GPU-based implementations use double
precision arithmetic. The population, trial vectors and ob-
jective values are explicitly allocated as Float64 arrays in
the CPU implementation and as Float64 CUDA arrays in
the GPU implementation. Additionally, the random floating
point numbers generated using julia.rand() are Float64 values,
while random numbers generated within CUDA kernels are
explicitly specified as rand(Float64) to ensure double precision
arithmetic.

End-to-end execution time was used as the primary per-
formance metric, and speedup was computed relative to the
sequential CPU implementation using mean execution times.
Different thread-block configurations and kernel organizations
were also explored during implementation to determine suit-
able configurations for the evaluated workloads.

All experiments were implemented in Julia [17], version
1.11.4, using CUDA.jl for GPU kernel programming [18].
The sequential execution was performed on an AMD EPYC
7643 CPU running at 2.3 GHz with a boost of 3.6 GHz, featur-
ing 48 cores and 96 threads. The GPU parallel implementation



was executed on an NVIDIA A100 PCIe GPU with 6,912
CUDA cores and 80 GB of VRAM, and on an NVIDIA Tesla
V100S PCIe with 5,120 CUDA cores and 32 GB of VRAM.

V. RESULTS AND DISCUSSION

The results show a substantial reduction in execution times
for both GPUs compared with the CPU across all algorithms
and problem dimensionalities, indicating that GPU-based im-
plementations outperform the corresponding sequential imple-
mentations for this class of metaheuristic optimization algo-
rithms. Table II presents the average execution times obtained
on the CPU and GPUs, together with the corresponding
speedup factors.

Across all experiments, the DE algorithm and the CoDE
variant showed the highest speedup values. However, the
CoDE and SHADE variants presented the highest execution
times on the GPUs. This behavior is associated with the greater
computational complexity of both variants. CoDE requires the
generation of multiple trial vectors per generation, thereby
increasing the computational workload, whereas SHADE re-
quires the storage and adaptation of control parameters, which
introduce additional dependencies and data transfers between
the host and device.

Problems 9 and 10 exhibited higher execution times in
the sequential implementations than the remaining problems,
indicating that they impose an additional computational cost
on the CPU. However, in the GPU-based implementations, the
execution times across the benchmark problems were more
balanced, and this behavior was not observed. This suggests
that the GPU is more efficient than the CPU at handling
the additional computational workload associated with more
complex problems.

Figures 2 and 3 show the evolution of the mean speedup
obtained on the NVIDIA A100 and NVIDIA V100S, respec-
tively, across the tested problem dimensionalities. The plotted
values were calculated by averaging the speedup obtained
for all benchmark problems. Although speedup is problem-
dependent, these figures illustrate the overall evolution of the
speedup achieved on both GPUs.

Fig. 2: Mean speedup by dimension on the NVIDIA A100

The results demonstrate the superior performance of the
NVIDIA A100 compared with the NVIDIA V100S. For the

Fig. 3: Mean speedup by dimension on the NVIDIA V100S

smaller problem dimensionalities, the execution times did not
show a clear performance advantage for either GPU, as both
achieved similar results. However, at D = 1500, the speedup
obtained on the NVIDIA V100S showed little improvement
compared with that obtained at D = 1000. At D = 2000,
the speedup on the NVIDIA V100S decreased compared with
that obtained at D = 1500. In contrast, the NVIDIA A100
continued to achieve increasing speedups across all tested
problem dimensionalities, showing that it handles the increase
in computational workload more effectively and provides
better scalability than the NVIDIA V100S.

The CoDE variant proved to be more computationally
demanding than the remaining algorithms, particularly as the
problem dimensionality rises. When executed on the NVIDIA
V100S, its speedup decreased sharply, indicating that the
additional computational workload imposed by this algorithm
limited its scalability on this GPU.

VI. CONCLUSION

This study proposed GPU-based parallel implementations
of the standard DE algorithm and the SHADE, jDE, and
CoDE variants, analyzing their performance improvements
and scalability. The experimental results demonstrate that
these GPU-based implementations can significantly reduce
execution times compared with their sequential counterparts,
demonstrating the potential of GPU parallelization for accel-
erating this class of optimization algorithms.

Specifically, this work demonstrates that GPU paralleliza-
tion yields substantial performance gains, achieving speedups
of up to 108× over the sequential CPU implementation. To
build upon these findings, this work can be extended to include
a deeper investigation into alternative parallelization strategies,
specialized kernel architectures, and memory access patterns
to further optimize execution throughput and scalability.
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