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Abstract
Sunway TaihuLight, comprised of Sunway many-core processors, is currently
China’s highest-performance supercomputer, providing a hardware platform for
large-scale NSGA-II computations. Based on the hardware architecture char-
acteristics, we design a hybrid parallel NSGA-II with an “island-master-slave-
enhanced”approach. Building upon the master-slave model, inter-slave-core reg-
ister communication is leveraged to enable sharing of local data storage among
slave cores within a core group. By optimizing the workflow, parallelization of
additional algorithmic modules on slave cores is achieved. Techniques includ-
ing DMA transfer, vectorization, double buffering, and memory optimization
are employed to significantly enhance the speedup ratio. Experimental results
demonstrate that the optimized parallel NSGA-II exhibits favorable speedup
and scalability on Sunway many-core processors.
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Abstract: The Sunway TaihuLight supercomputer, composed of Sunway many-
core processors, represents China’s highest-performance computing platform
and provides a hardware foundation for large-scale NSGA-II problem solving.
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Leveraging the architectural characteristics of the processor, this paper designs
a hybrid parallel NSGA-II algorithm combining an“island model with enhanced
master-slave”approach. Building upon the master-slave paradigm, register com-
munication between slave cores enables shared access to local data memory
within a core group. The algorithm workflow is optimized to parallelize addi-
tional modules on slave cores. DMA transmission, vectorization, double buffer-
ing, and storage optimization techniques are employed to significantly improve
speedup. Experimental results demonstrate that the optimized parallel NSGA-
II achieves excellent speedup and scalability on Sunway many-core processors.

Keywords: Sunway many-core processor; NSGA-II; parallel genetic algorithm;
multi-objective; parallel optimization

0 Introduction
The Sunway TaihuLight supercomputer, the world’s first system to exceed
100 petaflops with a peak performance of 125.4 PFlops, is built upon China’
s independently developed Sunway many-core processors. Recent years have
witnessed growing research on Sunway processors and increasing parallelization
efforts across various applications. Hong et al. parallelized the PETSc mathe-
matical library, achieving a 16.4× speedup on slave cores. Meng et al. ported
the OpenFOAM computational fluid dynamics package, addressing compatibil-
ity issues and sparse matrix computation overhead to attain 8.03× speedup per
core group. Zhao et al. accelerated the HOG feature extraction algorithm for
pedestrian detection, reaching 83× speedup on high-resolution images. Yao et
al. ported the NAMD molecular dynamics software, achieving 20× performance
improvement. However, research on parallelizing genetic algorithms on Sunway
processors remains limited.

Genetic algorithms simulate natural evolution to search for optimal solutions
and can be categorized as single-objective or multi-objective variants. For single-
objective problems, Zhao et al. proposed a two-level parallelization that parti-
tions populations across core groups (islands) while parallelizing fitness evalua-
tion on slave cores, achieving up to 31.85× speedup under heavy computational
load but suffering poor acceleration under light load. For multi-objective opti-
mization, common algorithms include VEGA, MOGA, NPGA-II, and NSGA-
II. NSGA-II employs non-dominated sorting to approximate the Pareto front
and uses crowding distance to ensure good solution distribution. However, as
problem scale and complexity grow, demands on solution quality and runtime
increase substantially. Shen implemented NSGA-II parallelization on Sunway
processors but only parallelized objective function computation, resulting in
slave-core speedup barely exceeding 1 under light load. While these efforts
demonstrate basic parallel genetic algorithms on Sunway processors, they lack
systematic parallel optimization methodologies.

This paper designs a hybrid “island-enhanced master-slave”parallel NSGA-II
algorithm tailored to Sunway’s architecture. MPI enables island-based par-
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allelism across core groups, while Athread facilitates master-slave parallelism
within groups. Register communication between slave cores enables shared lo-
cal memory access. Workflow optimization parallelizes additional modules on
slave cores, improving utilization. DMA, vectorization, double buffering, and
storage optimization significantly boost parallel efficiency. The island model
with migration strategy extends the algorithm to large-scale Sunway clusters,
demonstrating excellent scalability and addressing the poor acceleration under
light load.

1 Sunway TaihuLight System
The Sunway TaihuLight system employs a high-density elastic supernode ar-
chitecture with high-throughput composite networking and a multi-objective
optimization-oriented efficient system design. The system comprises 40,960
SW26010 heterogeneous many-core processors, scaled through computer plugin
boards, supernodes, and cabinets to form a high-speed computing system.

The SW26010 processor combines on-chip computing arrays with distributed
shared memory in a heterogeneous many-core architecture. Each chip integrates
four core groups totaling 260 computing cores. Each core group contains one
Management Processing Element (MPE, master core) and one Computing Pro-
cessing Element (CPE) array. Register-level data communication, multi-mode
asynchronous data streaming, and fast synchronization mechanisms enhance
collaborative efficiency. Each processor has 32 GB of memory (8 GB per core
group). CPEs can directly access main memory or use DMA for batch transfers.
CPEs in the same row or column can communicate via registers, with each CPE
having 64 KB Local Data Memory (LDM) and 16 KB instruction memory.

2 Parallel NSGA-II Design
2.1 Parallel Architecture

Based on the Sunway architecture, we designed a hybrid “island-enhanced
master-slave”parallel NSGA-II algorithm. As shown in [Figure 2: see original
paper], subpopulations p1, p2, p3, and p4 represent four islands that evolve in
parallel with periodic migration. Each subpopulation is further divided among
slave cores within a core group, following a master-slave model. During computa-
tion, slave cores exchange data according to specific rules, forming an enhanced
master-slave pattern. Within each island, initialization, selection, crossover, and
mutation execute on the master core, while slave cores handle objective function
evaluation, non-dominated sorting, and crowding distance calculation, fully ex-
ploiting their computational power. This achieves two-level hybrid parallelism
for NSGA-II.
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2.2 Single Core Group Parallelization

A single core group corresponds to one island using the “enhanced master-
slave”model. Since objective function parallelization performance depends on
computational workload and data volume, light loads with small data sizes often
yield low acceleration. Therefore, we parallelize additional NSGA-II modules.
Non-dominated sorting and crowding distance calculation constitute significant
portions of total runtime, making them prime targets for parallel acceleration.

The Athread library facilitates master-slave acceleration programming by en-
abling convenient control and scheduling of threads within core groups to maxi-
mize computational performance. The parallel NSGA-II workflow is illustrated
in [Figure 3: see original paper]. NSGA-II differs from single-objective genetic
algorithms primarily through its non-dominated sorting before selection, fol-
lowed by crowding distance calculation. The selection, crossover, and mutation
operators remain similar to single-objective variants.

During objective function parallelization, individuals are independent and can
be evenly distributed across slave cores. The process initializes and creates a
thread group activating 64 slave cores, then loads individual data via DMA.
While slaves compute, the master core waits; results are written back via DMA
upon completion.

For non-dominated sorting, each individual must compare against all unassigned
individuals, requiring global population information. With only 64 KB LDM per
slave, storing all individuals is impossible. Direct main memory access incurs
high communication overhead and poor parallel efficiency, necessitating further
optimization.

Crowding distance calculation builds upon sorting results. Traditionally, the
master sorts objective values per layer, sends them to slaves for distance com-
putation, then aggregates results. This low parallelization degree requires im-
provement.

2.3 Parallel Optimization

Parallelization faces several challenges: (a) minimizing communication overhead
for fixed-complexity objective functions; (b) non-dominated sorting and crowd-
ing distance calculation have high inter-individual dependency, requiring global
data access despite slow main memory and limited LDM; (c) register communica-
tion has strict rules—send/receive counts must match, excessive communication
fills buffers causing stalls, and simultaneous bidirectional sends create deadlocks;
(d) while fast, register communication supports only 256-bit vectors per transfer,
and excessive communication overhead degrades parallel efficiency. We address
these through register communication, double buffering, vectorization, and stor-
age optimization.
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2.3.1 Register Communication As shown in [Figure 4: see original pa-
per], SW26010’s CPE array supports row/column register communication with
strict rules: (a) receive count must equal send count—excess receives cause stalls;
(b) sends are non-blocking within buffer limits, but full buffers block further
sends; (c) simultaneous bidirectional sends cause deadlock. We optimize non-
dominated sorting and crowding distance accordingly.

For non-dominated sorting, we designed a Hamiltonian loop [Figure 5: see orig-
inal paper] where each individual visits every other slave core exactly once per
sorting layer. Adjacent cores communicate in fixed directions, forming a ring.
This ensures deterministic communication patterns, avoiding unnecessary over-
head and exceptions. During comparison, an individual compares with local
individuals before passing to the next core. To determine completion, each
core counts its unassigned individuals, propagating and accumulating the count
around the loop. If sorting completes, a stop broadcast is issued; otherwise, the
process continues.

For crowding distance, after sorting, each slave stores partial individuals. In-
stead of master-based sorting, we use the Hamiltonian loop to sort objective
values directly on slaves. During the first pass, individuals compare with all
others to count larger individuals in their layer, determining their rank upon
returning. The second pass computes distances between adjacent individuals.
Finally, all individuals return to their origin cores for normalization and accu-
mulation.

2.3.2 Double Buffering For objective function evaluation, double buffering
maximizes communication/computation overlap. We allocate twice the required
data space in LDM to hold two data blocks simultaneously. While computing
one block, the next block is transferred via DMA, and the previous block is
written back. This hides latency effectively.

Double buffering performance depends on the communication/computation ra-
tio. Multiple DMA calls incur overhead, and data must be 32 KB-aligned con-
tiguous blocks. Therefore, each transfer should be as large as possible while
maintaining alignment. Optimal transfer sizes must be determined experimen-
tally for each task.

2.3.3 Vectorization SW26010’s cores support 256-bit vector operations (e.g.,
four double-precision values simultaneously). Non-dominated sorting involves
extensive fitness comparisons—vectorizing four double comparisons theoretically
yields 4× speedup. Objective function evaluation benefits similarly from vector-
ized accumulation.

Alignment is critical: unaligned loads/stores trigger exceptions that the OS
handles by splitting operations, severely degrading performance. For unaligned
objective values, padding or careful partitioning is necessary.
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2.3.4 Storage Optimization Individuals are typically stored as structures.
Transferring entire structures wastes LDM and communication bandwidth on
irrelevant data. Extracting only required fields creates non-contiguous storage,
reducing cache efficiency and DMA performance. We reorganize data by storing
decoded information contiguously before computation, then store fitness values
contiguously for transfer back, minimizing overhead.

2.4 Multi-Core Group Parallelization

As problem scale increases, single core groups cannot accommodate large popu-
lations. We extend the algorithm to large clusters using MPI.

2.4.1 Island Model The island model partitions the initial population across
core groups (one MPE + 64 CPEs per island). Each subpopulation evolves in-
dependently on its island [Figure 6: see original paper], with periodic migration
to maintain diversity and prevent premature convergence. This model incurs
minimal communication overhead, theoretically achieving near-linear speedup.

2.4.2 Migration Strategy To avoid local optima, islands exchange individu-
als every few generations. Each process sends individuals to n-1 other processes.
Process m receives individuals based on its ID and current generation. Mi-
grants are selected from the outermost non-dominated layers (best individuals),
replacing lower-ranked individuals in the receiving island.

3 Experimental Results and Analysis
Experiments were conducted on SW26010 using ZDT1 and BinhKorn test func-
tions with population size 64,000, 10 generations, crossover probability 0.8, mu-
tation probability 0.1, and 64 slave cores by default.

ZDT1 function:
𝑓1(𝑥) = 𝑥1
𝑓2(𝑥) = 𝑔(𝑥) ⋅ [1 − √𝑥1/𝑔(𝑥)]
𝑔(𝑥) = 1 + 9

𝑛−1 ∑𝑛
𝑖=2 𝑥𝑖, where 𝑥𝑖 ∈ [0, 1], 𝑖 = 1, 2, … , 𝑛, 𝑛 = 30

BinhKorn function:
𝑓1(𝑥, 𝑦) = 4𝑥2 + 4𝑦2, 0 ≤ 𝑥 ≤ 5, 0 ≤ 𝑦 ≤ 3
𝑓2(𝑥, 𝑦) = (𝑥 − 5)2 + (𝑦 − 5)2

Constraints:
𝑔1(𝑥, 𝑦) = (𝑥 − 5)2 + 𝑦2 ≤ 25
𝑔2(𝑥, 𝑦) = (𝑥 − 8)2 + (𝑦 − 3)2 ≥ 7.7

3.1 Solution Correctness

[Figure 7: see original paper] and [Figure 8: see original paper] compare Pareto
fronts from serial and parallel NSGA-II for ZDT1 and BinhKorn. The solution
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sets nearly coincide, verifying correctness, with parallel NSGA-II showing more
uniform distribution.

3.2 Speedup and Scalability

[Figure 9: see original paper] shows slave-core speedup versus core group count
(fixed total population). Both test functions exhibit similar trends: speedup
increases then decreases, peaking at 2 core groups with 13.95× and 16.28×
speedup respectively. and break down runtime and speedup for three modules:
objective evaluation, non-dominated sorting, and crowding distance calculation.
Non-dominated sorting achieves the highest speedup (exceeding 25×), while
objective evaluation shows the lowest. Since sorting dominates total runtime,
overall speedup follows its trend. BinhKorn’s constraints increase sorting’s
runtime proportion, yielding higher overall speedup.

The limited LDM capacity restricts per-core workload. Small test functions
have low computation relative to communication overhead, causing objective
evaluation speedup below 1. This underscores the necessity of parallelizing
sorting and crowding distance under light load. However, omitting objective
parallelization would increase sorting communication overhead, so balancing
both components remains necessary.

[Figure 10: see original paper] shows total speedup across multiple core groups.
Speedup grows superlinearly, exceeding 40,000× on 64 core groups. This occurs
because non-dominated sorting’s O(N²) complexity dominates runtime (2-3
orders of magnitude larger than other components). With fixed total population,
increasing islands reduces per-island individuals, decreasing time superlinearly.
This demonstrates excellent scalability for large-scale problems on Sunway.

3.3 Optimization Method Comparison

Using two core groups, [Figure 11: see original paper] quantifies optimization
contributions. Register communication provides the most significant improve-
ment (190.8% and 171.4% speedup increase over baseline parallel NSGA-II).
Vectorization also proves effective (31.1% and 35.9% improvement). Double
buffering and storage optimization contribute additional gains.

4 Conclusion
This paper designs and implements a hybrid“island-enhanced master-slave”par-
allel NSGA-II algorithm for Sunway many-core processors, integrating multiple
optimization techniques. These design principles and methods can guide paral-
lelization of other algorithms on Sunway systems. Key contributions include:

a) Enhanced master-slave parallelism using inter-core register communica-
tion to share local memory within core groups.
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b) Workflow optimization enabling parallel execution of additional modules
on slave cores, improving parallelization degree.

c) Comprehensive application of DMA, vectorization, double buffering, and
storage optimization to significantly boost speedup, addressing poor
acceleration under light load and ensuring efficiency across workloads.

d) Extension to large-scale clusters via island model and migration strategy,
demonstrating excellent scalability.

Experiments verify correctness, achieving 13.95× and 16.28× slave-core speedup
on ZDT1 and BinhKorn, with total speedup exceeding 40,000× on 64 core
groups. However, limited LDM capacity remains challenging. Future work will
focus on further memory access optimization to improve efficiency and cache hit
rates.
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