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Abstract With the popularization of high-throughput sequencing (NGS) technology, genomic sequencing data have grown
exponentially, posing severe computational challenges for variant detection. Traditional mutation detection processes (such as
GATK-based pipelines) are prone to computational bottlenecks and I/O bottlenecks when dealing with large-scale data. This paper
reviews the high-performance computing (HPC) processes for NGS mutation detection, introduces the typical workflows and
commonly used algorithms of NGS mutation detection, and analyzes the performance bottlenecks of traditional processes.
Subsequently, the application of the architecture of HPC and the parallel computing model in bioinformatics was expounded. On this
basis, the HPC optimization strategies for the mutation detection process were mainly discussed, including task parallelization, I/O
optimization, data locality management, and the methods of workflow orchestration using middleware such as SLURM, Nextflow,
and Cromwell. This paper introduces the application of emerging hardware acceleration technologies such as GPU and FPGA in
mutation detection, discusses performance evaluation metrics and benchmark testing frameworks, as well as a comparative study of
HPC-driven processes and traditional methods.
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1 Introduction

With the decline in sequencing costs, NGS has become the main tool for studying genetic differences, and it is
used in humans, animals and plants. It no longer relies on a small number of samples or lengthy experimental
steps as it did in the past. Now, it can generate massive amounts of genomic data in a very short time. In this way,
various changes - such as SNPS and indels - can be quickly captured. These changes are often related to disease
risks or drug responses, which is precisely the key to precision medicine. The general process is actually quite
fixed: first, quality control is carried out; then, sequencing data is aligned to the reference genome; next, variations
are called up; and finally, annotations are made. Names like GATK, DeepVariant, and FreeBayes often appear in
such processes. Although everyone is doing the same thing, their methods vary greatly - some are still using
statistical models, while others have shifted to deep learning. The results are also quite interesting. For example,
tools based on neural networks like DeepVariant tend to be more accurate than old-fashioned methods when
detecting SNPS and indels (Pei et al., 2021).

However, problems also arise: the volume of data is simply too large. The growth rate of NGS data is almost
beyond imagination. Once it rises to the scale of tens of thousands of whole genomes, the computing demand
snowballes. Ahmedet al. Even compared genomics with astronomy and physics, saying that current research has
had to migrate from traditional HPC systems to the cloud in order to survive. After all, using GATK to handle
SNP detection for 3,000 crop genomes might take half a year, which clearly no one can afford to wait. Zhou et al.
(2023) also noticed this. They developed a new system called HPC-GVCW, which runs on the cluster and is much
faster than the traditional process.

So, it actually makes little sense to talk about whether high-performance computing is "needed" now - it is

necessary. Distributing tasks across multiple nodes, processing them in parallel, or even leveraging hardware

acceleration are all ways to make analysis faster. HPC is designed for speed and scale: as the number of nodes

increases, performance can almost grow linearly. Although the cloud platform has different ideas, its purpose is

similar - you don't need to worry about the hardware, and resources can be expanded as needed. No matter which
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approach is adopted, HPC remains the core pillar of large-scale genomic analysis and the underlying driving force
for the true implementation of NGS variant detection (Ahmadet al., 2021).

2 Overview of the NGS Mutation Detection Workflow

2.1 Overall architecture of the mutation detection process

In the matter of NGS mutation detection, each step is not actually independent; they are interlinked. Usually,
researchers only obtain the original sequencing fragments. The first step is to conduct quality control. For example,
use FastQC to check the data and remove those sequences of poor quality or contamination. Next, alignment
software like BWA-MEM will be used to align these clean reads onto the reference genome and generate sorted
BAM files. True mutation detection comes after this, using GATK HaplotypeCaller or Deep Variant (Poplin et al.,
2018) to look for variations such as SNPS and indels. The detection is not over yet. The results still need to be
screened, labeled, and finally the variations are displayed through visualization tools. The entire process seems
linear, but in fact, each step may in turn affect the quality of the previous ones.

2.2 Common tools and algorithms

When it comes to mutation detection software, GATK is a familiar face. It uses statistical models, such as logistic
regression or hidden Markov models, to determine the differences in the sequence. However, Al has now stirred
up this field. DeepVariant directly uses deep neural networks to view "stacked images" and identify variations,
which is often more accurate than traditional algorithms. Tools such as FreeBayes, Strelka, and Platypus are also
frequently used to detect different types of variations. In pursuit of speed, many commercial platforms have begun
to implement multi-threading, GPU, and even FPGA acceleration. However, such optimizations are often costly,
especially when dealing with big data.

2.3 Performance bottlenecks of traditional processes

Performance issues are almost a persistent problem in all traditional processes. The computational burden is the
heaviest during the alignment and mutation invocation phases. For example, when running GATK with a CPU, it
may take several hours or even days for one sample. When there are more samples, the time doubles. Moreover,
just the I/O operations are troublesome enough - frequent reads and writes during BAM file sorting and VCF
generation will seriously slow down the speed (Costa et al., 2018). Although DeepVariant has a high accuracy rate,
if it is not processed in parallel, the computing power consumption is also quite astonishing (Yang et al., 2020). To
break the deadlock, relying solely on optimizing algorithms is not enough; support at the hardware level must also
keep up. Only distributed computing based on Apache Spark, or directly on HPC clusters (Alganmi and Abusamra,
2023), is possible to truly alleviate these performance bottlenecks.

3 Fundamentals of High-Performance Computing in Bioinformatics

3.1 HPC architecture: clusters, grids, and cloud systems

When it comes to high-performance computing, many people's first reaction is "clusters". But in fact, that's just
one form. An HPC cluster is composed of many computing nodes connected through a high-speed network and is
suitable for tasks that can be split into multiple parts and run simultaneously. Grid computing, on the other hand,
takes a different path-it does not rely on a single institution or location, but connects computing resources
scattered in different places for use. Then comes cloud computing, which is more flexible. Users don't have to
worry about the underlying machines, and resources can be increased or decreased at any time. The overall goal is
actually the same: to fully exploit the potential of computing power. For example, Munhoz et al. (2023) compared
local HPC clusters and cloud clusters and found that CPU-intensive tasks performed similarly, but applications
with frequent communication were still limited by network speed on the cloud. However, the idea of the cloud is
quite different - it is more like providing a kind of "service", hiding the hardware behind the scenes and offering
users an environment that can be extended and retracted at any time. In reality, these architectures are not clearly
distinct. Many systems mix local clusters and cloud resources to strike a balance between cost and performance.

3.2 Parallel computing models: shared memory, distributed memory, and hybrid methods
In parallel computing, no single model can solve all problems. The shared memory model is the most intuitive.

Multiple threads share data on the same node, which has low overhead and high speed. However, once the task is
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too large, the memory of a single node cannot handle it. Thus, distributed memory models emerged, such as MPI
or Spark, which distribute tasks and data to run on multiple nodes. This model is particularly suitable for those
extremely large problems that require extensive machine collaboration. There is also a compromise solution - a
hybrid model, such as MPI+OpenMP, which combines the parallelism within and between nodes. Gpus and other
accelerators are also playing an increasingly important role in this system. They can break tasks down into tens of
thousands of small pieces for simultaneous processing. Take NGS analysis as an example. Chromosomes or
samples can be allocated to different nodes, and each node can then accelerate internal computing through
multi-threading or GPU. This hierarchical parallel approach not only leads to higher throughput, but also enables
smoother scaling when the data scale expands.

3.3 High-performance computing environment

In an HPC environment, who decides when and where jobs run? This depends on the resource management
system and the workflow management system. WfMS such as Nextflow, Snakemake, and Cromwell (in
conjunction with WDL) can break down complex tasks, automatically handle dependencies, and then hand them
over to the scheduler for scheduling (Jha et al., 2022). In large-scale genomic projects, these systems can operate
across clusters, grids, and the cloud, keeping cumbersome processes efficient and consistent. Nowadays,
containerization and version control are also often integrated into WfMS, making it easier to reproduce scientific
research work and facilitating migration to different computing platforms.

4 Optimization Strategies for the HPC Mutation Detection Process

4.1 Parallelization of workflow components and task decomposition

When conducting mutation detection on an HPC system, if the task is not broken down first, it often leads to the
predicament of "slow calculation and long waiting time". The HPC-GVCW pipeline is a typical example - instead
of processing the entire genome as usual, they first used the "genome index splitter" to slice the reference genome
into several large blocks, and each block was handed over to an independent GATK instance to run. In this way,
different genomic regions and even different chromosomes can be analyzed simultaneously, and the speed
increases immediately. Later, many studies also verified the effectiveness of this train of thought. The Humming
Bird pipeline designed by Liu et al. (2020) adopts this decomposition strategy. The result is much faster than the
traditional BWA-GATK without losing accuracy. Mulone et al. (2023) used Stream Flow to divide NGS tasks in
hybrid cloud and HPC environments and also achieved nearly linear scaling effects. In fact, the principle is
straightforward: those time-consuming stages such as alignment, marking repetition, and variant invocation, as
long as they can be broken down into small tasks that can be executed independently, can be done in parallel, and
the efficiency will naturally be high. Modern workflow management systems like Nextflow and Snakemake
inherently support sample-level and chromosomal task parallelism. As long as data dependencies are sorted out, a
considerable amount of overall time can be saved and the consistency of results can also be guaranteed.

4.2 1/0 optimization and data locality management

No matter how strong the computing power is, if I/O cannot keep up, the process still cannot run smoothly. The
bottleneck often does not lie in the CPU, but in storage and network. When data traffic exceeds the limit of the
shared file system, alignment and mutation calls are most likely to encounter problems. So the researchers began
to think of ways to optimize from the file system and cache. Parallel file systems like Lustre and GPFS have
begun to be widely adopted. Some people even directly use local SSDS of nodes for caching to minimize data
transmission latency. The CloudGT framework (Xiao et al., 2018) is an example. It implements parallel
multi-node execution with Apache Spark and stores data in parquet format. The I/O overhead is reduced by more
than half and the speed is increased by 74.9%. Another study found that using local caching or in-memory transfer
can significantly reduce intermediate file writes, alleviate disk contention, and make the cluster as a whole more
efficient. Moreover, the old principle of "computing data nearby" still works well - task scheduling should be as
close as possible to the data source, so that the network burden is much lighter. The Hadoop and Spark systems
have long proved this point. Overall, only by integrating the file system, memory buffering and scheduling
strategies can the HPC cluster maintain stable I/O performance in the parallel processing of tens of thousands of
samples.
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4.3 Use HPC middleware (such as SLURM, nextflow, cromwell) for workflow orchestration

To run thousands of tasks simultaneously and still finish them in an orderly manner, coordination is no simpler
than calculation. Workflow middleware comes in handy precisely in this regard. Systems like Nextflow and
Cromwell (with WDL) enable researchers to write the script for each step first and then hand over the scheduling
to the underlying system, such as SLURM or PBS. Users don't have to keep an eye on the job themselves,
manually retry or log. The workflow engine will automatically handle these cumbersome tasks. Cullen et al. once
reported that WAGS pipelines combined with SLURM can efficiently manage thousands of NGS samples;
Mulone et al. (2023) found that StreamFlow performs more flexibly in a hybrid HPC and cloud environment, and
its performance is no worse than that of Snakemake. Recently, automated assessment tools such as RecallME and
Benchmarker have also been added to continuously monitor pipeline performance, making the process more
stable and reproducible. What is more valuable is that this type of middleware has high versatility. The workflow
defined declaratively can be directly run regardless of whether it is placed in a local cluster, a national HPC center,
or the cloud. With the containerization support of Docker or Singularity, the environment is unified and the
versions are consistent, making the analysis results more reliable. It can be said that with the help of these tools,
NGS analysis can finally be smoothly expanded from small laboratories to large-scale, cross-institutional genomic
projects.

5 Emerging Technologies for Enhancing Performance

5.1 Accelerated application of GPU and FPGA in mutation detection

Hardware acceleration has become a hot topic in NGS analysis in recent years. [llumina's DRAGEN platform is a
typical example, which uses FPGA chips to run genome alignment and variant invocation. The test results show
that its speed is ten to thirty times faster than that of traditional CPU tools (Arram et al., 2017). NVIDIA took a
different route - Clara Parabricks directly moved the GATK workflow onto the GPU cluster. Early tests showed
that it could increase the speed by about 35 times. Later, with the release of more powerful Gpus, this figure rose
to 65 times. Some studies have also found that GPU-accelerated mutation detection can achieve an overall speed
increase of 10 to 66 times, and the accuracy rate can still remain above 99% (Vats et al., 2022). The performance
of the FPGA platform is also not weak. It can be about 28 times faster than the CPU in comparison and mutation
analysis (Guo et al., 2019). Of course, hardware is not omnipotent. Costs, compatibility and development
difficulties still exist, but it has indeed brought about a qualitative leap in the running speed of traditional
processes.

5.2 Containerization and repeatability: docker, singularity and CWL

Installing bioinformatics tools on different HPC systems is a headache-inducing task. The emergence of
containerization technology has somewhat alleviated this chaos. Docker, Singularity, and standardized description
methods like the Common Workflow Language (CWL) have made environment configuration and tool
deployment much simpler. For large-scale projects like WARP and Terra, directly binding WDL workflows with
Docker images results in smooth switching between local clusters and cloud platforms. Singularity has become
the "default choice" in HPC because it does not require administrator privileges and can ensure consistent
operation across nodes. Research shows that whether using Nextflow + Docker or CWL + Singularity, portability
and repeatability can be enhanced without sacrificing performance - even in large-scale tasks involving exome or
whole genome. These standardized approaches make cross-platform workflows less prone to "errors", which is
particularly important for clinical-level process validation.

5.3 Integration with cloud high-performance computing and hybrid computing models

Cloud computing has completely rewritten the concept of scalability. In the past, when people talked about HPC,
they always thought that they had to rely on expensive local clusters. Nowadays, many research teams tend to
"combine" - using local HPC and cloud resources together rather than completely replacing them. Mulone et al.
(2023) presented an example where they used StreamFlow to integrate local clusters with the cloud, optimizing
both cost and flexibility while maintaining performance. The same team also proposed a heterogeneous cloud
model integrating GPU, TPU and FPGA to dynamically allocate tasks through performance prediction. Today's
cloud service providers - AWS, GCP, Azure - all offer accelerated instances of Gpus and FPgas, often equipped
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with parallel file systems or object storage to facilitate data transmission. In addition to features such as automatic
scaling and serverless orchestration, bioinformatics pipelines can freely switch between the cloud and HPC. It can
be said that hybrid high-performance computing is no longer just an experimental attempt, but is gradually
becoming the norm in large-scale genomic research.

6 Performance Evaluation and Benchmarking

6.1 HPC process evaluation indicators

When evaluating high-performance computing pipelines, what people care about is not just "whether they run fast
or not". Speed is of course important, but metrics such as throughput, scalability and cost often need to be
considered together. Throughput refers to the number of samples that can be processed within a certain period of
time, while scalability reflects the extent of performance improvement after adding resources. The problem is that
resources double but the speed does not necessarily double accordingly. This situation is quite common in tests
(Carrier et al., 2015). Ahmed et al. Compared the performance of different workflow management systems in the
mutation detection task, and the results showed that there were significant differences among the systems in terms
of scalability and stability. When it comes to cost, sometimes a lot of computing power and time are spent, but the
performance improvement is not proportional. At this point, it is necessary to consider whether it is cost-effective.
In an HPC environment, people will also look at detailed indicators such as scheduling efficiency, resource
occupancy rate, and I/O bandwidth. When it comes to the cloud, the accounts become even more complicated -
apart from computing power, the rental duration, data transmission and storage costs also need to be taken into
account. Only by comparing all these dimensions together can we truly see which solution is "more worthwhile",
rather than simply focusing on the speed.

6.2 Benchmark datasets and standard test frameworks

When it comes to testing, the approaches of different teams vary greatly, but the most commonly used ones are
still those reference samples with "true value". The "Genome in a Bottle" (GIAB) project is a recognized standard
that is most suitable for evaluating the accuracy of SNP and Indel detection. NA12878 is one of the most beloved
samples and has almost become a "touchstone" for detection accuracy. In addition, the data from the Illumina
Platinum Genome and 1000 Genome projects are also often used as controls. Some researchers also use simulated
data or manually sliced datasets to test the performance of the algorithm at different scales. The key is not where
the data comes from, but whether the output results can be compared with the standard true value to calculate the
missed detection rate and false detection rate. Only in this way can we clearly see where the shortcomings of the
algorithm lie.

6.3 Comparative research process of HPC empowerment and traditional methods

When it comes to the advantages of HPC, many comparative experimental results are actually quite intuitive. For
instance, in the HPC-GVCW experiment by Zhou et al. (2021) (Figure 1), they conducted SNP detection on 25
rice genomes simultaneously in just 120 hours, while the traditional process would take half a year. The
GPU-accelerated NGS pipeline has also undergone similar benchmark tests, and its speed is 65 times faster than
that of CPU tools. The research results further indicate that both FPGA and GPU far exceed traditional CPU in
terms of speed and scalability. Although hardware investment is indeed not cheap, the trend is already quite clear -
high-performance computing is turning mutation detection from a "months-long project" into a "hours-long task".
This performance gap has also made HPC an almost indispensable core technology in large-scale genomic
research.

7 Case Study

7.1 Description of computing infrastructure and datasets

In this case, we did not build the computing environment from scratch but directly used two mature HPC
platforms. The data was selected from the high-coverage samples of the "Thousand Genomes Project", totaling 98
individuals. The depth of the whole genome sequencing was approximately 30%, and after compression, it was
about 632GB. The CloudLab cluster configuration is relatively higher, with 8 nodes. Each node is equipped with
40-core CPU, 192GB memory and NVIDIA Tesla P100 GPU. Although the Fabric environment also has 8 nodes,
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each node only has a 24-core CPU and 128GB of memory, but it has two additional NVIDIA T4 Gpus. Both are
equipped with parallel file systems and SSD storage to cope with frequent read and write operations (Dongarra et
al., 2020). Although the GPU models and storage performance are different, both systems can run multiple
mutation detection tasks simultaneously. The addition of GPU also enables us to embed deep learning modules
into the analysis process, which is not common in traditional HPC environments.
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7.2 Process design and optimization technology

The construction of the workflow is based on the avah framework, which is a heterogeneous parallel
architecture where both the CPU and GPU are involved in the computing. Instead of stringing all the steps into a
straight line, we designed it as an asynchronous scheduling mode, allowing tasks such as comparison, sorting, and
mutation calls to run separately. Tasks are allocated through queues to avoid wasting resources due to waiting.
When executed concurrently, mutual exclusion control is also added to prevent I/O conflicts caused by multiple
nodes accessing the same file simultaneously. Before entering the process, data is split into chromosome or
specific region levels, with each node responsible for a part of it. This sharding strategy significantly improves the
utilization rate of the cluster. The GPU is mainly responsible for computationally intensive tasks such as GVCF
compression and deep learning prediction. The Slurm scheduler is responsible for resource allocation. It
automatically detects idle nodes and assigns tasks. Although the entire system seems complex, it is much
smoother than the traditional serial process, with significantly reduced waiting time and I/O contention.

7.3 Performance results, lessons learned and future improvement directions

Judging from the results, the acceleration effect brought by the GPU version is quite obvious: the speed is
increased by approximately 3.67 times in the CloudLab environment, and even reaches 5.05 times in the Fabric
environment. The most obvious improvement is in the comparison and initial mutation invocation stages, but not
all parts can benefit equally. In CloudLab, the read and write speeds of storage are relatively slow, and the /0O
bottleneck still exists; But after Fabric was replaced with a faster NVMe SSD, this problem almost disappeared.
The simultaneous operation of multiple Gpus can maintain a high utilization rate, which further verifies the
effectiveness of the parallel pipeline design. Overall experience shows that while computing speed is important,
the balance between computing and /O is even more crucial. Asynchronous scheduling can make resource
allocation more reasonable, while GPU hybrid acceleration significantly improves the processing efficiency of the
deep learning process. Next, we are considering trying Al-driven automatic scheduling to make task allocation
smarter. Meanwhile, explore the dynamic expansion of the cluster to enable the number of nodes to adjust
according to the load changes. With the gradual popularization of long-read sequencing technology, how to further
optimize its performance on heterogeneous clusters will also be the problem to be solved in the next step.

8 Future Development Directions and Conclusions

Artificial intelligence is gradually changing the role of high-performance computing in bioinformatics. In the past,
people paid more attention to improvements at the algorithmic level, such as how to make comparisons faster and
models more stable. Now, the situation is somewhat different - deep learning is beginning to enter the mutation
detection process. Tools like DeepVariant have proven that neural networks, after training, can indeed
significantly improve detection accuracy. Next, Al may not remain confined to a single model but permeate the
entire analysis process, adopting an end-to-end approach from input to output, and leveraging GPU clusters to
achieve faster inference. In fact, Al is not only capable of "detection", but is also gradually "managing systems".
Some teams have already used reinforcement learning to dynamically adjust task scheduling and cloud resource
allocation, enabling the cluster to remain efficient under different loads. Although these practices are not yet
mature, the trend is already quite clear - the combination of Al and HPC is making NGS analysis more automatic,
smarter and less troublesome. However, new problems brought about by the improvement of computing power
have also emerged. Scalability and energy consumption have become realities that cannot be ignored.

The scale of sequencing is constantly expanding, and the petabyt-level data is too much for many systems to
handle. The problem is not only in computing power; storage, networking, and heat dissipation have all become
new bottlenecks. As clusters grow larger and larger, energy consumption is soaring, and energy conservation and
heat dissipation have become unavoidable issues. How to complete more computations without increasing power
consumption is one of the current research focuses. On the other hand, data management remains an old problem
that slows down progress - compression, transmission and access may all become bottlenecks. In a cloud HPC
environment, the situation is more complex. Considerations of security and privacy make system design more
challenging. To address these issues, researchers are exploring new directions: using scalable file systems,
hardware heterogeneous integration (such as FPgas, ASics), and low-power architectures to balance performance
and energy efficiency. But to achieve a truly "green HPC", it may still take more time.
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Looking back, the value of high-performance computing in NGS mutation detection is already quite clear.
Traditional pipelines are constrained by computing and I/O bottlenecks. Once the volume of data increases, their
efficiency drops significantly. The introduction of parallel computing, hardware acceleration and intelligent
scheduling has brought about a qualitative change to the entire situation. Strategies such as task decomposition,
asynchronous scheduling, and I/O optimization have significantly increased processing speed. The use of
Nextflow and SLURM makes the management and migration of processes simpler. GPU, FPGA acceleration,
containerized deployment, and cloud integration further enhance the repeatability and scalability of the process.
The existence of standard datasets such as GIAB also makes performance comparisons among different studies
more grounded. Our practical experience also demonstrates this point - processes that used to take several days to
complete can now be finished in just a few hours. Looking ahead, the emergence of Al-driven automatic
scheduling and new hardware architectures will make the role of high-performance computing in the field of
genomics even more prominent. Perhaps it won't be long before a more efficient and automated NGS analysis
system truly becomes the norm.
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