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Abstract

Modern bioinformatics processes biological data at an ever-increasing scale, demanding software
that is both computationally efficient and reliable under real workloads. The ecosystem has
historically been divided between accessible high-level languages such as Python and R,
and performant low-level languages such as C and C++4. More recently, dedicated Rust
bioinformatics libraries such as rust-bio and phylo-rs have emerged, though it remained
unclear how Rust compares in practice to the established C+4 and R ecosystems. This
thesis evaluated the practical viability of Rust by benchmarking four representative tasks
through each language’s idiomatic harness, using real genomic and phylogenetic data. In most
cases, the Rust implementations performed similarly or slightly worse than their counterparts,
mostly due to immature library design. The only large exception was tree traversal, where the
Rust implementation ran three orders of magnitude slower than C++ on the largest tree size
because of a flaw in the upstream crate’s parser. Its ecosystem also offers statistical capabilities,
though less tightly integrated than R’s toolkit. As such, the results were mostly driven by
ecosystem maturity instead of inherent language performance. When taking heavily optimised
C++ kernels or R’s integrated statistical environment into consideration, that same ecosystem
maturity currently stands as Rust’s primary limitation in bioinformatics. Nevertheless, once its
ecosystem matures, Rust has the potential to close the remaining performance and ecosystem
gaps while eliminating an entire class of memory- and thread-safety errors.
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1 Introduction

1.1 Background and related work

Modern bioinformatics has evolved into an ecosystem where biological data is processed at an
ever-increasing scale. New technologies such as high-throughput sequencing, large public reference
databases and phylogenetic resources have made computational analysis a centrepiece of the field.
This has created the need for software that is both efficient enough to handle these massive inputs,
and reliable enough to be used by researchers who may not have a specific expertise in software
engineering | , ].

When it comes to programming languages, the existing bioinformatics ecosystem has a clear divide
between ease of use and low-level control. Languages such as R and Python are most commonly
used, as illustrated by tools such as Bioconductor and Biopython | , ]. These
tools abstract complex operations behind high-level interfaces, which generally allows for a more
interactive and accessible development experience. For instance, the R package ape has become
a mature and widely used tool in phylogenetics for evolutionary analysis, wrapping complex tree
operations in its high-level interface | ]. This is in contrast to compiled languages such as C and
C++, which are important for performance-critical operations because they allow manual low-level
optimisations, such as fine-grained control over memory. CompactTree is a significant example of
this, showcasing the ability to traverse large phylogenetic trees with relatively low resource usage
[ ]. For this reason, many of these high-level interfaces defer their expensive computations to
these low-level implementations, functioning as a thin wrapper.

However, this level of performance-oriented control comes with a cost. In C and C++, the task
of avoiding memory-safety errors such as buffer overflows, use-after-free bugs and data races
is mostly left up to the programmer. Historically, this has been a persistent class of software
vulnerabilities that continues to plague even today’s software | |. In scientific software
used by bioinformatics specifically, such errors may be difficult to detect due to the sheer size
and complexity of the datasets involved, posing a need for software that is not only fast, but also
reliable under real workload conditions.

Rust, a systems language whose development began in 2006 and which reached its first stable release
in 2015, was designed to address these issues. Its strict ownership and borrowing model enforces
programmers to write code that is inherently memory- and thread-safe, without the use of a garbage
collector. It aims to offer the low-level performance of C and C++, while eliminating an entire class

of bugs that would otherwise fully depend on programmer fluency | , ]. Over the
years, it has seen a striking increase in popularity, which is most evident in its consistent position as
the “most admired programming language” in the StackOverflow survey | |. Furthermore, many

major companies and organisations (including, but not limited to Amazon, Cloudflare, Facebook
and Google) deploy Rust in their infrastructure | ].

Following this widespread adoption, bioinformatics-oriented libraries have started to appear: Koster
introduced rust-bio, a general-purpose library containing Rust implementations of sequence-
analysis algorithms | ]. More recently, phylo-rs has provided a Rust library for phylogenetic
data structures and analysis | |. These libraries suggest that Rust can support bioinformatics
workloads, but they themselves do not yet answer how Rust currently compares to the mature R
and C++ ecosystems that are already widely used in practice.

For clarity, this thesis does not attempt to answer whether Rust is a “theoretical best-fit” for



bioinformatics research. Rather, it evaluates the current state of Rust for selected bioinformatics
algorithms compared to C++ and R, from a practical standpoint. As end-users typically interact
with bioinformatics tooling at the library level (without direct involvement in algorithmic imple-
mentation), runtime performance serves as the main evaluative criterion. However, the broader
theoretical implications of adopting Rust in bioinformatics contexts are considered in discussion.
It should also be noted that comparisons against Python are deliberately excluded. It is indeed highly
prevalent in bioinformatics, albeit as a high-level orchestration layer. Ultimately, its performance-
critical scientific stack (NumPy, SciPy, scikit-bio, pysam, and the C-extension components of
Biopython) dispatches compiled C, C++, or Fortran kernels | , , |. Thus,
including Python as a separate column would effectively duplicate the C++ comparison. Despite
this, R is retained because of its distinctive position: it is currently the de facto environment for
downstream statistical analysis in genomics, transcriptomics, and phylogenetics.

Therefore, the main research question of this thesis is:

What is the viability of Rust in the field of bioinformatics algorithms, and can practical
benefits in runtime performance and/or software reliability be observed?

This can be divided into three sub-questions:

1. How does the runtime performance of Rust implementations compare to established C++ and
R implementations for representative bioinformatics algorithms?

2. How do Rust’s compile-time safety guarantees compare to C++ and R in preventing or
exposing software errors?

3. What practical trade-offs arise when choosing Rust over more established alternatives, especially
in terms of programmer experience, interoperability, and ecosystem maturity?

Throughout, these questions are evaluated at the level of the libraries a researcher would realistically
call, rather than idealised implementations written from scratch. The results therefore reflect the
maturity and design of each language’s available libraries as much as any intrinsic property of the
language itself; this distinction is further developed in Section 4.

1.2 Thesis overview

This bachelor thesis is part of the Bioinformatics bachelor at LIACS, and was supervised by Prof.
dr. ir. F.J. Verbeek and Prof. dr. R.V. van Nieuwpoort.

This section contains the background on the algorithms under study and the existing literature on
Rust bioinformatics tooling; Section 2 describes the benchmark methodology; Section 3 presents the
empirical results; Section 4 interprets these findings, addresses practical trade-offs, and acknowledges
the limitations of the study; Section 5 answers the main research question and outlines directions
for further research; Appendix A documents the full hardware, BIOS, and reproduction setup, and
lastly Appendix B provides the complete runtime and memory measurements together with the
empirical scaling fits.



2 Methods

2.1 Benchmark design

Four representative algorithms have been selected, for which Rust implementations are compared
against established C++ and R alternatives: exact pattern matching using Knuth-Morris-Pratt, local
pairwise alignment using Smith-Waterman, global pairwise alignment using Needleman-Wunsch,
and post-order traversal of phylogenetic trees encoded in Newick format. They were selected because
they collectively represent a range of computational properties that are relevant to bioinformatics:
pattern matching stress-tests raw string-processing throughput, the alignment algorithms implement
dynamic programming over potentially massive matrices, and phylogenetic tree traversal covers
recursive data structure handling. Together, they provide a diverse basis for comparing performance
across the three languages.

Each benchmarked algorithm is exposed as a library-style callable function, and benchmark execution
is coordinated through a Python-based orchestrator. This orchestrator invokes the Rust, C++, and
R benchmark harnesses, passes the prepared benchmark inputs to each implementation, collects all
benchmark outputs, and normalises the results into a shared CSV and Parquet schema. This allows
all the implementations to be executed through a shared workflow. An overview of this pipeline is
shown in Figure 1.

Raw data Preparation Benchmarking Orchestration Results

‘ Criterion (Rust)

NCBI NC_000913.3

prepare _data.py ’

E. coli K-12 MG1655J/v

‘ results.csv ’

results.parquet

Google Benchmark

(C++) >

Python orchestrator /

Prepared files

Open Tree of Life kmp_text.txt

v16.1 grafted solution kmp_pattern.txt
seq_pair a.txt

seq_pair b.txt
tree [...].nwk \
‘ bench (R)

Figure 1: Overview of the benchmark pipeline. The Python orchestrator coordinates execution across
the three language-specific harnesses, supplies them with shared prepared inputs, and normalises
their outputs into a unified result schema.

2.2 Benchmark implementation

For each benchmarked algorithm, an implementation was selected in Rust and one or more
comparison implementations were selected in C++ or R. Rust sequence algorithms use bio
version 3.0.0, the rust-bio crate used for KMP, Smith-Waterman, and Needleman-Wunsch. Rust
tree traversal uses phylo version 2.0.1, the crate published by the phylo-rs project [ ]



(the figures use the project name, “phylo-rs”). The C4++ KMP benchmark uses a handwritten
C++420 KMP implementation over SeqAn3 alphabets. Smith-Waterman in C++ uses SSW, and tree
traversal in C++ uses CompactTree. The R Needleman-Wunsch benchmark uses Biostrings sequence
containers together with pwalign: :pairwiseAlignment, and the R tree traversal benchmark uses
ape. Table 1 contains an overview of this:

Algorithm Rust Comparison implementation(s)

KMP exact matching rust-bio bio 3.0.0 C++20 KMP using SeqAn3 alphabets 3.4.2
Smith-Waterman rust-bio bio 3.0.0 C++ SSW, commit a66636b
Needleman-Wunsch rust-bio bio 3.0.0 R Biostrings 2.78.0 and pwalign 1.6.0

Tree traversal phylo 2.0.1 C++ CompactTree and R ape 5.8_1

Table 1: Implementations used in the benchmark comparison.

For KMP exact matching, the Rust implementation uses bio::pattern_matching: :kmp: :KMP.
The C++ implementation is a handwritten KMP implementation templated over SeqAn3 alphabet
ranges. For both implementations, the timed function includes construction of the failure table and
scanning of the input text.

For Smith-Waterman local alignment, the Rust implementation uses the pairwise alignment API
provided by rust-bio, while the C++ implementation uses SSW. The Rust benchmark uses
match score +1, mismatch score —1, gap-open penalty —5, and gap-extend penalty —1. The SSW
benchmark uses match score 2, mismatch penalty magnitude 2, gap-open penalty magnitude 3,
and gap-extend penalty magnitude 1, which follows the parameter convention of the SSW API.
For Needleman-Wunsch global alignment, the Rust implementation uses rust-bio’s pairwise
alignment API. The R implementation uses Biostrings: :DNAString for sequence representation
and pwalign::pairwiseAlignment for alignment. The Rust benchmark uses match score +1,
mismatch score —1, gap-open penalty —b, and gap-extend penalty —1. The R benchmark constructs
a nucleotide substitution matrix with match score 1 and mismatch score —3, and uses gap-opening
penalty 5 and gap-extension penalty 2.

For phylogenetic tree traversal, all implementations read Newick input and perform a post-order
traversal. The Rust implementation uses the upstream phylo = "2.0.1" crate. The C++ im-
plementation uses CompactTree. The R implementation uses ape’s phylo representation. Each
language reads the same prepared Newick files for the corresponding tree-size benchmarks. For
all three languages, the timed region covers both parsing of the Newick file and the subsequent
post-order traversal.

2.3 Runtime measurement

For runtime measurement, the idiomatic benchmark framework for each language is used; sum-
marised in Table 2. Figure 2 additionally illustrates how each harness wraps the same library-style
callable function and how its output is funnelled into the orchestrator.

Rust benchmarks are handled by Criterion: it performs a warmup phase, collects adaptively sized
samples, and reports the median runtime together with a bootstrapped 95 % confidence interval on
the median. The benchmark values are then parsed from the generated estimates. json file.
C++ benchmarks are handled by Google Benchmark: it executes each case with ten repetitions,
and reports aggregate rows including mean, median, standard deviation, and coefficient of variation.

4



Language Harness Reported point Interval interpretation

Rust Criterion median 95 % bootstrap CI on median

C++ Google Benchmark median 95 % t-interval on mean

R bench median min-to-median range, not a formal CI

—
——
——

Callable function

Table 2: Runtime summary statistics

= __

T ——

o TT——
—

4 ' ~h
Criterion (Rust) Google Benchmark (C++) bench (R)
v v v

Adaptively-sized samples
(default 100)

10 repetitions per case

20 iterations per case

v

v

v

median + 95 % CI
on the median

median (aggregate row)
+ 95% t-interval

median (over 20 iters)
+ minimum-to-median range

(bootstrap) on the mean of 10 reps (not a formal CI)
v v v
result JSON result JSON result CSV

—

Figure 2: Runtime measurement methodology. Each harness benchmarks the respective callable
function under its own idiomatic sampling regime, and reports the respective output file to the

Python orchestrator.

Result aggregation




The median aggregate as the point estimate is reported and used to compute a 95 % confidence
interval on the arithmetic mean computed from the repetitions.

R benchmarks are handled by the bench package: it uses 20 iterations, after which the median
elapsed time is reported. The lower interval value is the minimum observed runtime, so the R
interval is a min-to-median range instead of a formal confidence interval. The raw R timing values
are in seconds, so they are converted to nanoseconds before being written to the shared result file.
It should be noted that the benchmark harnesses expose different statistical summaries. This
asymmetry is simply a limitation of comparing idiomatic benchmarking frameworks across languages.
Therefore, intervals should be treated as indicators of measurement stability; not as perfectly
interchangeable statistics.

2.4 Memory measurement

Memory usage is measured only at the largest input size for each algorithm (10° bytes for KMP,
5000 bp for Smith-Waterman and Needleman-Wunsch, and 10° tips for tree traversal) because
smaller inputs are more likely to be dominated by external overhead such as harness setup. Table 3
summarises the memory management strategy for each algorithm.

Language Metric Interpretation

Rust dhat: :HeapStats::max_bytes peak concurrent Rust heap allocation
C++ custom operator new tracker peak concurrent C++ allocation requests
R bench: :mark () $mem alloc cumulative R-managed allocation only

Table 3: Memory measurement mechanisms

Rust memory usage is measured with dhat, using max_bytes as peak concurrent heap alloca-
tion; C++ memory usage is measured through a custom global operator new override, which
records peak concurrent allocation that was requested; and R memory usage is measured with
bench: :mark () $mem alloc.

These metrics are also not exactly equivalent. mem_alloc reports cumulative memory usage and
does not take memory used by the compiled C extensions into account. Therefore, the values from
R should be interpreted as a lower bound instead of full peak resident memory usage.

2.5 Input data

Input data is derived from real biological data: the sequence benchmarks use the complete F.
coli K-12 MG1655 reference genome, accession NC_000913.3, obtained from the NCBI Nucleotide
database [ |. The phylogenetic benchmark uses the Open Tree of Life synthetic supertree
release OTT v16.1 | |. Using this raw data, a Python script generates plain-text prepared
files, which are reused across all implementations of a given algorithm to ensure consistency. A
summary of the benchmark inputs and their sizes can be found in Table 4:

For KMP, the prepared input data consists of the first 10° base pairs of NC_000913.3. The pattern
is a 20 bp substring starting at position 0.5 Mb of the same region, which guarantees at least one
true match inside the searched text. The benchmark varies the text length over four sizes: 103, 104,
105, and 10° bytes. The pattern length remains fixed at 20 bp.



Algorithm Input sizes Unit

KMP 1k, 10k, 100k, IM text length in bytes
Smith-Waterman 100, 500, 1k, 5k sequence length in bp
Needleman-Wunsch 100, 500, 1k, bk sequence length in bp
Tree traversal 100, 1k, 10k, 100k number of tips

Table 4: Benchmark input sizes.

For Smith-Waterman and Needleman-Wunsch, the two input sequences are non-overlapping 5 kbp
windows from NC_000913.3, starting at positions 1.5 Mb and 3 Mb. Each benchmark slices both
windows to the required length such that the aligned sequences are always equal in length. The
tested sequence lengths are 102, 0.5 - 103, 103, and 0.5 - 10* bp. These sizes are intentionally smaller
than the KMP text sizes, because dynamic-programming alignment has O(n?) time and memory
requirements. A hypothetical 10% x 10® alignment matrix would require 10'? cell evaluations and
several terabytes of memory, which is outside the scope considering the available hardware to the
average consumer.

For tree traversal, the input files are Newick subtrees pruned from the Open Tree of Life v16.1
grafted solution. The prepared tree sizes are 102, 10%, 10*, and 10° tips. Pruning is performed by
deterministic random tip selection with seed 42, followed by a cleanup of single-child internal nodes.

2.6 Execution environment

Benchmarks were executed inside a Debian KVM guest running on an Unraid host using an AMD
Ryzen 7 5800X CPU, with 2 vCPUs pinned to isolated physical host cores. The benchmark process
itself was pinned to one vCPU, while all non-relevant tasks were diverted to the other. Simultaneous
multithreading, boost behaviour, C-states, CPPC, preferred cores, Cool&Quiet, and XMP were all
disabled in BIOS. A full list of all settings and scripts is available in Appendix A.

All Rust crates are built in ——release mode with locked dependencies. C4++ benchmarks are
built with -DCMAKE_BUILD TYPE=Release, corresponding to optimised builds with -03 -DNDEBUG
on GCC. R scripts are interpreted and executed within a pinned environment.



3 Results

This section reports the benchmark results obtained on the execution environment described in
Section 2.

All runtimes are wall-clock medians reported by the respective benchmark harnesses (see Section 2);
the accompanying interval is the harness’s native 95 % confidence interval where available, and
otherwise the min-to-median range. As for the scaling behaviour summary, an empirical scaling
exponent k was estimated for each (algorithm, language) series by ordinary least squares on the
four (logn, logt) pairs, with a 95 % confidence interval obtained by bootstrap resampling of the
four data points.

Figure 3 shows an overview of wall time against input size on log-log axes for all four algorithms.
KMP and Smith-Waterman show the expected linear and quadratic scaling, with a constant
C++/Rust gap. Needleman-Wunsch shows an initial gap between the Rust and R curves, which
converge as n increases. The major outlier is tree traversal: the Rust line bends upward while
the C++ and R lines remain straight, which indicates a super-linear scaling for this specific
implementation.

The following four subsections detail the algorithm runtimes across the four input sizes. Subsequently,
the scaling behaviour and statistical reliability are evaluated, concluding with a cross-algorithm
summary that incorporates peak memory usage.

Wall time vs. n across all four primitives (log-log)

KMP Smith-Waterman
—@— C++ (SegAn3) —@— C++ (SSW)
100 4 —— Rust (rust-bio) 102 { —#= Rust (rust-bio)
m 1 0 10! 4
£ 10° £
£ £
1072 5 10°
10—1 i
1073
103 104 10° 106 107 103
n (bytes) n (bp)
Needleman-Wunsch Tree traversal
—— R (pwalign) 104 { —@— C++ (CompactTree)
102 { - Rust (rust-bio) —&— R (ape) 15.20 s
10° { —m~ Rust (phylo-rs)
a G 1024
£ 107 E
) o 104
£ =
+~ 100 | -~ 100 i
10—1 i
1071 4 1072 5
10? 103 107 103 104 10°
n (bp) n (tips)

Figure 3: Wall time as a function of input size for all four benchmarked algorithms. Both axes are
logarithmic, and markers indicate the median of the harness’s iteration set.



3.1 Knuth-Morris-Pratt exact matching

Both KMP implementations scale similarly to the O(n + m) complexity of the algorithm, but the
C++ implementation is consistently faster across all text lengths (Table 5). The C++/Rust ratio
is not constant either: it shrinks from 3.95 at n = 10® bytes to 1.57 at n = 10° bytes (Figure 4).
The empirical scaling exponents (kcyy = 1.23 and kryss = 1.08) are close to the theoretical k = 1,
with the C++ value slightly inflated, likely caused by overhead from the benchmarking harness.
Nonetheless, the bootstrap Cls (Section 3.5) confirm that neither deviates from linearity.

n (bytes) C++ median Rust median C++/Rust

103 634 ns 2.50 pis 3.95x
10* 7.22ps 24.73 ps 3.43 %
10° 227.22 18 381.151s 1.68x
108 2.45ms 3.86 ms 1.57x%

Table 5: KMP wall-clock medians and the respective speedup ratio.

KMP: ratio narrows as the working set grows
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Figure 4: C++ speedup over Rust for KMP, plotted against text length on a logarithmic axis. Note
that after the first marker, the error bars (derived from the 95 % intervals) are smaller than the
marker size.



3.2 Smith-Waterman local alignment

For Smith-Waterman, the C4++ implementation is faster than the Rust implementation at every
sequence length. The gap peaks at ~16x around n = 500 bp and narrows back to ~6.7x at the
largest size tested (Table 6), which is characteristic of SIMD-vs-scalar comparisons. The empirical
scaling exponents (kg4 = 1.98, kruss = 2.05) are consistent with the theoretical O(n?) complexity
of the algorithm.

n (bp) C++ median Rust median C++/Rust

100 26.62 ps 121.47ps 4.56 %
500 219.39 s 3.50ms 15.97x
1000 1.45ms 13.94 ms 9.59x
5000 56.53 ms 376.19 ms 6.65 %

Table 6: Smith-Waterman wall-clock medians together with the C++/Rust speedup ratio. The 95 %
intervals are narrower than 1% of the median at every entry and are thus omitted. Full intervals
listed in Appendix B.

Shifting attention to Figure 5, the peak-memory measurement n = 5000 shows a much clearer
result than the runtime measurement. The C++ implementation allocates 69.7 KB of peak heap,

while the Rust implementation allocates 50.3 MB: a ratio of ~722x.

Smith-Waterman at n = 5,000 bp

Wall time Peak heap allocation
6.7x gap 722x gap
102 5 50.3 MB
400 ~ 376.2 ms
0
©
b
300 1 E 101 J
’G,\ -
£ s
v >
E i _
£ 200 g 1001
Q
€
v
(o
100 g
56-5 ms 10—1 i 69.7 KB
0 m
C++ Rust C++ Rust
(SSW) (rust-bio) (SSW) (rust-bio)

Figure 5: Smith-Waterman wall time and peak heap allocation at the largest sequence length
(n = 5000bp). Note that the right-hand side features a logarithmic vertical axis.
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3.3 Needleman-Wunsch global alignment

The Needleman-Wunsch results, summarised in Table 7, are the most sensitive to input size of the
four algorithms. The initial Rust/R speedup ratio of 41.96x at n = 100 bp collapses to 0.99x at
n = 5000 bp.

n (bp) Rust median R median Rust speedup

100 102.08 ps 4.28 ms 41.96x
500 2.84ms 7.78 ms 2.74x
1000 11.52ms  17.33ms 1.50x
5000 327.48ms 324.04 ms 0.99x

Table 7: Needleman-Wunsch wall-clock medians and Rust/R speedup ratio.

Needleman-Wunsch: Rust's advantage collapses with sequence length

50 4
42x
| (interpreter overhead)
L 20
©
O
0
o
o
o 10'_
_ |
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3 |
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gl |
Q
)
o
0
4
3
x 27
11

100 500 1,000 5,000
n (base pairs)

Figure 6: Rust speedup over R for Needleman-Wunsch alignment as a function of sequence length
on logarithmic axes. Note that the error bars derived from the per-language intervals are smaller
than the marker size at every point.

3.4 Phylogenetic tree traversal

Tree traversal is the only one of the four comparisons where the Rust implementation does not
match its theoretical complexity. The measured times, summarised in Table 8, show that C++4
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and R both scale near-linearly with the number of tree tips, while the Rust implementation scales
well beyond this: from 37.6 us at n = 100 tips, to 1.37ms at n = 1000, to 151.56 ms at n = 10%, to
15.20s at n = 10° (Figure 7). This run alone lasted over 20 minutes on the benchmarking system,
longer than all other benchmarking runs combined.

n (tips) C++ median R median Rust median Rust/C++ Rust/R
100 9.981ns  311.13ps 37.56pns  3.76x slower 8.28 x faster
1000 141.88 s 2.26 ms 1.37Tms  9.64x slower 1.65x faster
10000 2.18ms  20.34ms 151.56ms 69.67x slower  7.45x slower
100 000 16.67ms  223.56 ms 15.20s  912x slower 68.01x slower

Table 8: Tree traversal wall-clock medians across all three languages.

Tree traversal: Rust scales superlinearly

| =@= C++ (CompactTree)
| = R (ape)
1 == Rust (phylo-rs)

103 5

104

1 223.56 ms
102@

101?

time (ms, log scale)

100?

10_1@

10_2@

102 103 10% 10°
n (tree tips)

Figure 7: Tree traversal wall time against tree size for all three languages, both axes logarithmic.

3.5 Scaling exponents and statistical reliability

Figure 8 consolidates the (algorithm, language) scaling exponents reported throughout the previous
sections. FEach point is the slope of an ordinary least-squares fit of logt against logn over the

12



four input sizes, with a 95 % confidence interval obtained by 5000 bootstrap resamples of the four
data points. Two reference lines mark the expected exponents for O(n) and O(n?) algorithms.
Seven of the nine series sit in their expected complexity class. Two deviate by a full class. The
first is the Rust tree traversal point, whose CI lies between the two reference lines—a super-linear
deviation from the expected linear value. The second is the R Needleman-Wunsch point, whose
fitted exponent of k = 1.11 falls short of its expected quadratic value; this reflects a crossover over
the tested range from interface-overhead-bound runtime at small inputs to compiled-loop-bound
runtime at large inputs (Section 4). In contrast to this, the within-harness measurement variability
is very low across all tests: 30 of the 36 (algorithm, language, n) combinations have a 95 % interval
whose half-width is below 1% of the median, with no combination exceeding 2.5 %.

Empirical scaling vs. theoretical complexity, with 95 % bootstrap Cls
k=1 (expected) k =2 (expected)

—@—— C++:k=1.23

HE— Rust: k = 1.08

KMP -

} O { C++: k=1.98

Smith-Waterman -
HEl Rust: k = 2.05

[ A | R: K=1.11
Needleman-Wunsch A
il Rust: k = 2.06

—@— C++:k=1.09
Tree traversal A &~ R: k=0.95

j—j— Rust: k = 1.89

0.0 0.5 1.0 15 2.0 2.5 3.0 3.5
Empirical scaling exponent k (fit: t=a - n"k)

Figure 8: Empirical scaling exponents per (algorithm, language) series with 95 % bootstrap confidence
intervals. The two dashed reference lines mark the main relevant theoretical complexities k = 1
(linear) and k = 2 (quadratic).

3.6 Peak memory usage

Peak memory at the largest input size is represented in Figure 9, on a logarithmic vertical axis
so that the roughly five orders of magnitude range from KMP (~200B) to Needleman-Wunsch R
(~75MB) fits on the same panel. Note that R bars are shown hatched: as mentioned in Section 2,
the bench: :mark() memory metric reports only cumulative R-managed allocation and excludes
any memory allocated by the C kernels invoked from R. Therefore, the R bars should be read as a
lower bound.
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Overall, the memory comparisons are not aligned with the runtime comparisons: memory usage with
KMP is virtually negligible in both tested languages (< 200 B); the Smith-Waterman memory gap
is almost three orders of magnitude despite the runtime gap being a single order of magnitude; for
Needleman-Wunsch and tree traversal, the Rust footprint is within a small factor of the comparison
implementation.

Peak memory at the largest input size per primitive

1.00GB{ W C++ R (hatched) bars should be seen as a lower bound
I Rust 722x gap
@A R
75.4 MB
100.0 MB 5 >

)
S 10.0 MB
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o
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©
(9]
o
‘© 100.0 KB A
Q
©
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e
~ 10.0 KB 1
©
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Q

1.0 KB 4

168 B 192B
100 B 5
KMP Smith-Waterman Needleman-Wunsch Tree traversal
(n=1MB) (n = 5000 bp) (n = 5000 bp) (n = 100k tips)

Figure 9: Peak heap allocation at the largest input size measured for each algorithm, grouped by
algorithm and coloured by language. The vertical axis is logarithmic. R bars are hatched to flag
the measurement asymmetry.

3.7 Cross-algorithm summary

Taken together, the four benchmarks reveal a complex collection of patterns: for algorithms with
mature reference implementations in both Rust and C++ (KMP and Smith-Waterman), the C++
baseline retains a constant-factor runtime advantage at every input size, and in the Smith-Waterman
case is accompanied by a three-orders-of-magnitude gap in peak memory. For Needleman-Wunsch,
the Rust advantage is large at small input sizes but collapses to practical parity at the largest size
tested. Tree traversal stands as the major exception: the Rust implementation does not exhibit its
expected linear complexity, and at the largest input size it is roughly three orders of magnitude
slower than the C++ baseline despite operating on the same Newick input. These three regimes
form the empirical basis for the trade-offs analysed in Section 4.
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4 Discussion

4.1 Interpreting the performance results as an ecosystem comparison

The benchmark compares the library functions a researcher would realistically call over idealised
implementations written from scratch. This means the results reflect ecosystem maturity as much
as raw language performance, though for a good reason: a researcher likely rarely picks a language
in isolation; they evaluate the available libraries for their use case and conventions, and most will
likely favour something that works as-is over a stronger alternative that demands deep technical
expertise. Therefore, this benchmark captures what each ecosystem currently offers its users, which
is the comparison this thesis cares about most.

This reframes the speed gaps reported in the benchmark results, which will be further explored in
the next subsections: raw throughput was never the language’s central claim; performing in the
same range as mature, heavily optimised C++ libraries, while adding compile-time safety, is the
bar that matters here.

4.2 Knuth-Morris-Pratt: sequence representation

The KMP benchmark is the closest of the four experiments to a direct comparison, because both
implementations use the same asymptotic algorithm and both include construction of the failure
table in the timed call. The C++ implementation is faster at all input sizes, with the speedup
decreasing from approximately 4x at 10 bytes to 1.57x at 10° bytes (Table 5, Figure 4). Both
implementations allocate almost no memory at the largest input size.

Both implementations utilise a one-byte-per-symbol representation: rust-bio scans a byte slice
(&[u8]) directly, while the C++ harness stores the text as a std::vector<seqan3::dna4>, in
which each dna4 symbol also occupies a single byte. Therefore, the two working sets have the same
size, which the peak-memory measurement confirms: both allocate only the failure table and hit list
(around 200 B), as the input text is inserted outside the measured region. Thus, possible contributors
to the performance gap are the bounds-checked slice indexing and the iterator-and-collect layer
of rust-bio’s find all, against the hand-rolled C++ scan over unchecked operator[] accesses.
The narrowing of the performance gap as the text grows is consistent with this fixed per-call
overhead becoming less relevant for longer scans. Therefore, the KMP result should be interpreted
as a comparison between rust-bio’s KMP API and a hand-written SeqAn3-typed scan, with no
evidence that the Rust language is inherently worse at string search.

4.3 Smith-Waterman: SIMD versus scalar implementation

The Smith-Waterman result is another example of the difference in library maturity. The C++
implementation uses SSW, a SIMD-oriented striped Smith-Waterman implementation, while
the Rust implementation uses rust-bio’s scalar pairwise aligner | , |. The C++
implementation is between 4.56x and 15.97x faster across the tested input sizes, with the largest
relative gap at n = 500 bp and a smaller, though still substantial, gap at n = 5000 bp (Table 6).
This pattern is consistent with the expected performance benefits of an SIMD implementation,
whose advantage is largest when vector lanes are well utilised and smaller when the problem
becomes increasingly memory-bound.
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The gap in memory utilisation is even more substantial than the wall time gap: at n = 5000,
the Rust implementation allocates approximately 50.3 MB, while SSW allocates only 69.7 KB
(Figure 5). This follows directly from the algorithmic data structures used by the libraries: rust-bio
materialises an O(n?) dynamic-programming matrix, while SSW uses a striped representation that
keeps only a much smaller amount of state live during the sweep. The Rust figure closely matches
the analytic expectation for a 5000 x 5000 matrix of two-byte scoring cells, with a small remainder
attributable to other external overhead.

4.4 Needleman-Wunsch: interface overhead and compiled kernels

Needleman-Wunsch gives the clearest counterexample to the assumption that R is always slow in
bioinformatics. At n = 100 bp, Rust is approximately 42x faster than R. However, this advantage
collapses as input size increases. At n = 5000 bp, the two implementations are essentially tied
(Table 7, Figure 6). The interpretation of this is that the small-input result mostly measures the
overhead of R’s interface layer, which seemingly becomes negligible in a large-input scenario.
This behaviour follows from the structure of the R implementation: the benchmark does not run a
nested dynamic-programming loop in the R interpreter. Instead, pwalign: :pairwiseAlignment
fully delegates the expensive alignment computation loop to compiled code. At n = 100, the
100 x 100 matrix is so small that overhead such as dispatch, S4 object handling, and data conversion
play a sizeable part in runtime. At n = 5000 however, the 5000 x 5000 dynamic-programming
matrix dominates the runtime instead, and both Rust and R spend most of their time in the
respective compiled loops.

The memory comparison for Needleman-Wunsch is less significant, since the R metric is a lower
bound on true peak memory usage. As stated previously, this is because bench: :mark () $mem_alloc
only captures R-managed allocation, which does not necessarily include all memory allocated by
compiled C code. Therefore, the R memory number should not be interpreted as evidence that R is
more memory-efficient than Rust in this benchmark.

The practical takeaway is that R can be entirely adequate for heavy computations when the
expensive part is implemented below the R layer. Conversely, Rust’s advantage is largest when it
avoids high-level dispatch overhead on small or repeated calls.

4.5 Tree traversal: the upstream parser and ecosystem maturity

Tree traversal stands as the most striking result in the benchmark. At small sizes, Rust performs
reasonably: at n = 100 tips it is slower than C++ but faster than R. Between n = 1000 and
n = 10000, however, Rust becomes slower than R. At n = 100000, the Rust implementation takes
15.20 seconds, compared with 16.67 ms for C++ and 223.56 ms for R (Table 8, Figure 7). This
is the only benchmark in which the Rust implementation significantly deviates from its expected
complexity class.

Examining the underlying Rust implementation, the upstream phylo crate’s tree operation includes
Newick parsing as well as traversal, the former of which is the main bottleneck. In phylo 2.0.1,
node insertion calls a helper that scans the internal node vector to find reusable empty slots. This is
a reasonable design for mutation-heavy tree workloads because it allows deleted node identifiers to
be reused. In this benchmark, however, the tree is only appended during parsing and then traversed.
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The scan therefore repeats work whose result is always the same, producing an O(n?) complexity
class.

A local patch that replaces the scan with append-only allocation would likely close the gap for this
benchmark. However, applying such a patch would disregard the most important ecosystem-maturity
signal in this thesis.

Collectively, the results support the notion that young ecosystems contain more risks than mature
ecosystems. C++ has several mature tree and sequence libraries, and R has decades of phylogenetics
infrastructure around packages such as ape | , |. More recently, credible Rust bioinfor-
matics libraries such as rust-bio and phylo-rs have appeared, but the ecosystem remains in its
infancy | , ]. If the main Rust implementation for a workload is discovered to contain
a hot path that is poorly matched to that use case, a researcher has fewer mature alternatives
to switch to without migrating their pipeline to a different language. Therefore, this result is the
strongest indication that Rust’s bioinformatics ecosystem remains in an exploratory phase.

4.6 Static safety guarantees and compiler-level differences

The performance results alone do not capture the full picture; the remaining research questions
aim to address this gap. Rust’s most distinctive advantage in software development has never been
about performance, but about its static safety guarantees over existing low-level languages that
move entire classes of errors from runtime behaviour into compile-time rejections. Rust’s ownership
and borrowing rules are one of the most fundamental examples of this, designed to provide memory
safety without a garbage collector. Formal work on Rust has examined how guarantees such as
this hold even in the presence of unsafe abstractions | , , |. This directly
addresses the reliability question raised in the second research question, since scientific software is
often run in environments where memory errors may be difficult to diagnose | .

R occupies the least significant position out of the three, since it is an interpreted language by
default. In other words, it does not expose manual memory management to the user in the same
way as the low-level languages. However, much of R’s demonstrated performance in this thesis
comes from pre-compiled extensions (including the Bioconductor packages), and relies on these
extensions to perform reliably. Therefore, many of R’s bioinformatics workloads theoretically inherit
the safety risks of the underlying lower-level implementations, largely dominated by C/C++. In
practice, this inherited risk is lowered by the maturity of the existing kernels.

A closer analysis of C+4 demonstrates that out-of-bounds accesses, use-after-frees, invalid pointer
dereferences, and data races can be undefined behaviour, and programmers are generally not
required to diagnose such behaviour before execution | |. In Rust, many of these issues are
tackled by its fundamental safety guarantees: a use-after-free is rejected by the borrow checker, data
races are constrained through ownership and thread-safety rules, and safe slice indexing prevents
the reading of arbitrary memory.
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|| std: :vector<int> nodes{0, 1, 2};

2| int& first = nodes[0]; // reference into the buffer
3| nodes.push_back(3); // may reallocate, invalidating ‘first’
1| std::cout << first; // undefined behaviour

1| fn main() {

2 let mut nodes = vec![0, 1, 2];

let first = &nodes[0]; // borrows ‘nodes‘

| nodes.push(3); // compile error: cannot mutate while borrowed

println! ("{first}");

Figure 10: The same aliasing implementation in both C++ (top) and Rust (bottom). The Rust
version is rejected at compile time, but the C++ version compiles without error; if push back
triggers a reallocation, then first is left dangling and the subsequent read is undefined behaviour.

Figure 10 illustrates this contrast on an identical aliasing pattern implemented in both languages.
The C++ fragment compiles without issue, and will invoke undefined behaviour if the push_back
call reallocates the underlying buffer. In contrast, the equivalent Rust implementation is rejected at
compile time: the borrow checker detects that push would require a mutable borrow of nodes while
an immutable borrow into the same buffer is still live, and rejects the program with error E0502.
This showcases Rust’s ability to report faults of this class at compile time, instead of relying on
runtime analysis and programmer fluency.

error [E0502] : cannot borrow ‘nodes‘ as mutable because it is also borrowed as immutable
--> main.rs:4:1

|
3 | let first = &nodes[0];
I immutable borrow occurs here
4 | nodes.push(3);
| ~mmmmnnnnnnns mutable borrow occurs here
5 | println! ("{first}");
| e immutable borrow later used here

Guarantees such as this do not make Rust absolutely immune to memory errors, since it exposes
functionality such as unsafe code blocks | , | to bypass its strict static analysis.
Furthermore, it does not contain any fundamental protections against statistics or bioinformatics
domain-specific errors.

Therefore, the main practical advantage is that Rust converts an entire class of memory faults
into compile-time rejections, and explicitly marks boundaries where a programmer must manually
guarantee memory safety themselves.

4.7 Ecosystem maturity, interoperability, and developer experience

The third and final research question concerns practical trade-offs, and here R remains the strongest
of the three ecosystems. This is mainly because R fundamentally contains a statistical environment
with a large collection of domain-specific packages, code conventions, and workflows. For instance,
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CRAN Task Views organise packages by statistical and scientific topic, including but not limited to
machine learning, omics, and phylogenetics | |. Furthermore, Bioconductor adds a specialised
layer for genomics and high-throughput biological data | ]. Currently, R retains its position
as the strongest candidate for workloads that mainly contain exploratory analysis or statistical
modelling/visualisations.
Rust does have useful building blocks, but it does not yet replicate R’s statistical toolkit as an
integrated environment. For numerical arrays, Rust has ndarray; for probability distributions and
statistical functions, it has statrs; 1infa aims to provide a toolkit for machine learning; and for
dataframe-style data manipulation, Polars provides a Rust-based query engine | , , ,
|. These libraries suggest that the infrastructure for statistical work in Rust is still taking
shape. However, these currently exist as scattered infrastructure components, compared to R’s
fully integrated statistical environment. Consequently, a Rust implementation makes the most
sense when the task is purely performance-critical and the input-output contract is well defined. R
remains more attractive when the task involves a more exploratory phase.
Another consideration is language interoperability: how readily an implementation in one language
can be embedded into a pipeline built around another. This is a critical requirement in bioinformatics
specifically, since real pipelines are typically built around multiple languages, pairing performance-
critical kernels with higher-level orchestration and analysis. The benchmark setup of this thesis
itself matches that design: a Python orchestrator invokes the Rust, C++4 and R harnesses and
parses their outputs into a shared CSV and Parquet schema (Section 2). More specifically, this is a
coarse-grained setup, in which each language runs as its own monolithic entity. Finer, in-process

forms of interop also exist: extern "C" and cbindgen | ] represent the same kind of C-level
interfaces that R and Python already use to call compiled C and C++ kernels. Furthermore,
higher-level bindings such as Py03 | | and extendr | ] (for Python and R respectively)

enable Rust functions to be called directly from within those languages.

Rust documentation provided by rustdoc is consistent, type-linked, and generally strong at the API
level. It is useful for understanding function signatures, trait bounds, and module structure. However,
the Rust bioinformatics ecosystem has fewer long-form tutorials, worked biological examples, and
domain-level vignettes than mature R packages. R documentation can occasionally be uneven, but
high-quality Bioconductor packages commonly include vignettes that explain not only how to call
a function, but how the function fits into an analysis. For domain scientists, that difference may
matter the most.

The implementation work in this thesis generally reflected the expected programmer experience,
though these observations reflect the experiences of only a single developer new to Rust: the
ownership model introduced some initial learning overhead, but the strict compiler caught critical
issues and automatically provided a solution in most cases. Additionally, Cargo provided a coherent
build and dependency workflow in contrast to C++’s manual CMake targets, dependency pins and
API details. R was highly flexible at the user-interface level, but several package migrations and
measurement semantics resulted in some friction: for example, Biostrings: :pairwiseAlignment
moved to pwalign, and bench: :mark()$mem_alloc does not measure the same quantity as the
Rust and C++ memory trackers.
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4.8 Limitations and threats to validity

Several limitations constrain the interpretation of the benchmark results:

e Output equivalence is not enforced: The largest caveat of the benchmark is that it
assumes each library is mature enough to be relied upon for accurate results. A dedicated pre-
benchmark equivalence check would strengthen the methodology. This is especially important
for the alignment algorithms, where different scoring conventions can yield different optimal
alignments. The runtime comparison itself is largely unaffected, since both full-matrix dynamic-
programming implementations evaluate the same O(nm) cells regardless of the penalty values;
the asymmetry therefore threatens output equivalence more than the timing results.

e The alignment scoring schemes are not fully identical. The Smith-Waterman and
Needleman-Wunsch implementations use the conventions exposed by their respective libraries.
Therefore, exact alignment-score equivalence cannot be inferred from the benchmark alone.

e The statistical summaries differ by harness. Criterion (Rust) reports a bootstrapped
confidence interval on the median, Google Benchmark (C++) reports a median point estimate
with a confidence interval on the mean, and bench (R) reports a min-to-median range instead
of a formal confidence interval. The intervals are adequate indicators of measurement stability,
but cannot be used as identical statistical objects.

e Memory measurements are not fully comparable across languages. As previously
mentioned, R only reports its own managed allocation and misses some memory allocated by
compiled code. These values should therefore be treated as lower bounds.

e The study is single-machine and single-threaded. The benchmark was run on one
controlled x86-64 environment. The methodology does not consider ARM behaviour, GPU
acceleration, multi-threaded algorithms, which may be present on distributed research systems.

e The safety comparison is qualitative. The safety argument is based on language semantics
and compiler behaviour, not on a large empirical study of bugs in production bioinformatics
tools.

As a consequence, the results cannot be interpreted as a general expectation for all Rust/C++
implementations and R workflows. However, they do provide clues about the current state of the
Rust bioinformatics ecosystem specifically.
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5 Conclusion

5.1 Answers to the research questions
5.1.1 RQ1: performance

The benchmark results show that Rust delivers a solid compiled speed, but every outcome depended
far more on representation choices and library maturity than on the language itself. In KMP, C++
was faster at every input size, with the gap narrowing as the input size grew. The cause is a constant-
factor difference between the two libraries rather than any inherent weakness of Rust at string
search. Smith-Waterman was a similar case: SSW ran faster than rust-bio because the former is
implemented as a SIMD striped aligner, against the latter’s scalar full-matrix one. The resulting
large memory gap is consistent with this difference in data structure. For the Needleman-Wunsch
comparison, the Rust implementation started out faster at very small inputs, but this advantage
collapsed into parity at larger sizes once R’s interface overhead reduced, relative to the computation
by the compiled kernel. Lastly, tree traversal showcased the clearest gap in ecosystem maturity:
Rust’s poor large-n behaviour originated from the parsing path in the upstream phylo crate, not
from any inefficiency inherent to the language’s tree-walking. Therefore, RQ1 can be answered
positively, but with a condition: Rust is fast enough to be viable, yet its real-world performance is
ultimately limited by the maturity and design of whichever crate/library a user chooses to use.

5.1.2 RQ2: static safety guarantees and compiler behaviour

Modern C++ offers strong countermeasures of its own (including RAII, smart pointers, standard
containers, and the sanitizer and static-analysis toolchain), yet its default semantics still offer weaker
protection against undefined behaviour. Notably, Rust does not provide an absolute guarantee of
correctness either; unsafe blocks, FFI boundaries, panics, and ordinary logic errors are all still
possible, and the Rust Reference explicitly states that undefined behaviour can reappear once an
unsafe boundary is violated. In safe Rust, however, ownership, borrowing, and the type system
eliminate an entire class of use-after-free, aliasing, and data-race errors before the program runs,
while safe indexing turns out-of-bounds access into a defined check. R sits somewhere in the middle:
it is memory-managed and safe at the user level, but its bioinformatics speed comes largely from
compiled extensions, and those extensions do not acquire Rust-style static guarantees merely by
being called from R. Therefore, to answer RQ2, Rust provides stronger static safety than compiled
languages such as C or C++, which many user-level pipelines (such as those in R) typically depend
upon.

5.1.3 RQ3: statistical toolkit, ecosystem maturity, and documentation

Rust has recently gained a credible bioinformatics foundation with the appearance of libraries such
as rust-bio and phylo-rs, and its build tooling and API documentation are consistent. However,
it cannot yet be compared to the most established scientific ecosystems. This also applies to its
bioinformatics ecosystem, which is not yet as integrated as R’s. This remains the more mature choice
for workloads such as downstream modelling, visualisations, and domain-specific biological analysis.
Furthermore, its ecosystem is still thin enough that one weak crate can become an unavoidable
practical cost, as the tree-traversal result demonstrated. Interoperability is in a better state: Rust’s
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C ABI and bindings such as Py03 and extendr let a Rust kernel drop into an existing R or Python
pipeline, which theoretically makes incremental adoption currently possible. Therefore, the answer
to RQ3 is that Rust can properly take over the task of an individual computational kernel, but not
a complete exploratory and statistical workflow such as R.

5.2 Practical recommendations

For a researcher or programmer choosing among the three, the practical approach is to match
each language to the part of the pipeline where it fits best. Rust’s stricter compiler and ownership
model carry a learning cost, so its reliability gains are most effective when a team already has Rust
familiarity or is willing to expand into it. In cases such as this, Rust is the right tool for compiled
performance together with strong safety guarantees. C++ is the right tool when the workload
rests on one or more long-established and heavily optimised libraries, or when it must integrate
with existing HPC and systems code. R remains the right tool for a complete package that can
handle downstream analysis, statistical modelling, exploratory work, and established Bioconductor
workflows. In practice, the most realistic architecture for many projects is hybrid: Rust and/or
C++ for the performance-critical kernels, and R for analysis, diagnostics, and interpretation.

5.3 Future work

Several extensions could strengthen the benchmarking pipeline. The first is to add automated
output-equivalence checks before timing, since an output validation step would introduce an extra
reliability metric into the benchmark result. The second is to reduce the impact of library design
choices, by adding a SIMD Rust Smith-Waterman implementation, or a packed-alphabet Rust
KMP. These additions would ensure that the comparison is no longer scalar against SIMD or
byte-slice against packed. The third is to rerun the tree benchmark against an implementation
better suited to append-only, traverse-once workloads. The fourth is to move beyond a single x86-64,
single-threaded setting to cover other architectures and parallel variants utilising a GPU. Finally, a
dedicated study could measure the practical benefits in hybrid workflows, in which a Rust kernel
is dispatched from an R or Python pipeline, and compared against C or C++ kernels. None of
these would likely overturn the present conclusion, but together they can further clarify exactly
which limitations belong to the Rust language itself, and which belong to the current state of its
ecosystem.

The main case for Rust in bioinformatics is the combination of compiled performance with added
static safety guarantees that the established low-level alternatives do not provide by default. When
a mature crate exists, Rust is already a realistic drop-in replacement for a computation-heavy
kernel. This thesis has found, however, that this is not always the case, and suitable alternatives
may not be readily available either. Nevertheless, as the ecosystem continues to grow, that balance
may keep shifting in Rust’s favour in the near future.
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A Environment and Reproducibility

A.1 Hardware and execution environment

Component Configuration

Host CPU AMD Ryzen 7 5800X, Zen 3, AM4, 8 physical cores. SMT was
disabled for benchmarking, leaving 8 active physical cores. The
CPU has a 3.8 GHz base clock and can boost up to 4.7 GHz, but
all boost behaviour was disabled, such that all measurements were
taken at a static 3.8 GHz.

Memory 32 GiB RAM, running at JEDEC DDR4-2133.

Host OS Unraid 7.2.4, acting as the KVM/QEMU hypervisor.

Guest OS Debian minimal installation running inside the KVM guest. No

GUI, no unattended-upgrades, and no irgbalance.

Guest vCPUs

2 vCPUs pinned 1:1 to host physical cores using libvirt vcpupin.
The QEMU emulator process was pinned away from those cores
using emulatorpin.

Guest memory

8 GiB initial / 8 GiB maximum, swap disabled.

Kernel and libe

6.12.74+debl13+1-amd64, Debian GLIBC 2.41-12+debl13u2

Table 9: Host and guest benchmark environment

Setting Value

Simultaneous Multi-Threading | Disabled
Turbo Boost Disabled
Precision Boost Overdrive Disabled
Global C-State Control Disabled
CPPC Disabled
CPPC Preferred Cores Disabled
AMD Cool&Quiet Disabled
Memory XMP profile Disabled

Table 10: Host BIOS settings used during benchmarking.
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A number of extra steps were taken to ensure maximum consistency between benchmark runs.
Firstly, the Unraid host was booted with isolcpus=6-7, which removes these cores from the host
scheduler’s normal balancing domains. Secondly, the guest was configured to minimise scheduler,
kernel-housekeeping, and page-cache noise.

A.2 Code repository & full reproduction recipe

All related code (including the benchmarking harness), scripts, and the full reproduction recipe can
be found in the public GitHub repository: https://github.com/medylme/lu-bachelor-thesis
Table 11 lists the resolved versions of all toolchains and libraries used for the reported measurements.

Component Version

Rust toolchain rustc 1.94.0 (4adef493e 2026-03-02), Cargo 1.94.0
C++ compiler GCC 14.2.0 (Debian 14.2.0-19)
CMake 4.3.2

Python (orchestrator) CPython 3.14.4

R 4.5.3 (2026-03-11)

r-bench 1.1.4

r-ape 5.8.1

bioconductor-biostrings | 2.78.0

bioconductor-pwalign 1.6.0

pandas 3.0.2

pyarrow 24.0.0

Table 11: Resolved software toolchain and library versions used during benchmarking, as produced
by pixi run versions.

B Additional Plots and Raw Data

B.1 Complete runtime and memory measurements

Algorithm Language n  Median 95 % interval Peak memory
KMP C++ 1,000 634 ns 628 ns, 646 ns| —

[
KMP Ct+ 10,000 7.22ps  [7.21ps,7.23 ps] -
KMP Ct 100,000 227.22ps  [226.937s,227.74ps]
KMP C++ 1,000,000 2.45ms [2.45 ms, 2.46 ms| 168 B
KMP Rust 1,000 2.50ps [2.50 ps, 2.50 ps] —
KMP Rust 10,000 24.73ps  [24.73ps,24.T4ps]
KMP Rust 100,000 381.151s  [381.11ps,381.23ps]  —
KMP Rust 1,000,000 3.86 ms [3.86 ms, 3.86 ms] 192B

(continued on next page)
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(continued from previous page)

Algorithm Language n Median 95 % interval Peak memory
Smith-Waterman C++ 100 26.62ps [26.52 s, 26.72 ps] —
Smith-Waterman C++ 500 219.39ps  [219.15ps,219.91ps] —
Smith-Waterman C++ 1,000 1.45ms [1.45ms, 1.45 ms] —
Smith-Waterman C++ 5,000 56.53ms  [56.46 ms, 56.62 ms| 69.7KB
Smith-Waterman Rust 100 121.47ps  [121.30ps,121.73ps] —
Smith-Waterman Rust 500 3.50ms [3.50 ms, 3.51 ms| —
Smith-Waterman Rust 1,000 13.94ms  [13.94ms, 13.95 ms] —
Smith-Waterman Rust 5,000 376.19ms [376.09ms, 376.37ms| 50.3MB
Needleman-Wunsch  Rust 100 102.08ps  [101.55ps,103.00 ps]  —
Needleman-Wunsch Rust 500 2.84ms [2.84 ms, 2.84 ms| —
Needleman-Wunsch  Rust 1,000 11.52ms  [11.51ms, 11.53 ms] —
Needleman-Wunsch  Rust 5,000 327.48ms [327.16ms, 327.69ms] 50.4 MB
Needleman-Wunsch R 100 4.28 ms [4.20 ms, 4.28 ms| —
Needleman-Wunsch R 500 7.78ms [7.57 ms, 7.78 ms| —
Needleman-Wunsch R 1,000 17.33ms  [17.05ms, 17.33 ms] —
Needleman-Wunsch R 5,000 324.04ms [322.23ms,324.04ms| 75.4MB
Tree traversal C++ 100 9.98 s [9.93 pis, 10.01 ps] —

Tree traversal C++ 1,000 141.88ps  [140.83ps, 142.62ps] —

Tree traversal C++ 10,000 2.18ms [2.17ms, 2.18 ms] —

Tree traversal C++ 100,000 16.67ms  [16.08 ms, 16.87 ms] 21.5MB
Tree traversal Rust 100 37.56ps  [37.521s,37.64 ps| —

Tree traversal Rust 1,000 1.37ms [1.37 ms, 1.37 ms] —

Tree traversal Rust 10,000 151.56ms [151.47ms, 151.74ms] —

Tree traversal Rust 100,000 15.20s [15.185,15.20 5] 40.7 MB
Tree traversal R 100 311.13ps  [298.77ps,311.13ps] —

Tree traversal R 1,000 2.26ms [2.19 ms, 2.26 ms| —

Tree traversal R 10,000 20.34ms  [20.08 ms, 20.34 ms] —

Tree traversal R 100,000 223.56ms [215.17ms,223.56ms|] 18.9 MB

Table 12: Complete runtime and memory measurements

at the four input sizes per algorithm.

B.2 Empirical scaling fits

Table 13 extends the scaling-exponent results shown in Figure 8 with the corresponding intercept
terms. Each row is the result of an ordinary least-squares fit of logt against logn over the four input
sizes, where t is the median runtime in milliseconds. The bracketed interval on k is a 95 % bootstrap
CI obtained from 5000 resamples with replacement of the four data points. The intercept column
gives log;y(a), where a is the coefficient in the fit ¢ = a - n*; the implied runtime in milliseconds for
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an input size n can therefore be approximated as t a2 10'°%10(9) . k.

Algorithm Language Expected k& Fitted & [CI] Intercept log;(a)
(t in ms)
KMP C+ 1 1.23 [1.03,1.50] -6.92
KMP Rust 1 1.08 [1.00,1.19] -5.85
Smith-Waterman C++ 2 1.98 [1.31,2.73] -5.73
Smith-Waterman Rust 2 2.05 [1.99,2.09] -5.01
Needleman-Wunsch R 2 1.11 [0.37,1.82] -1.84
Needleman-Wunsch  Rust 2 2.06 [2.02,2.08] -5.12
Tree traversal C++ 1 1.09 [0.88,1.19] -4.12
Tree traversal R 1 0.95 [0.86,1.04] -2.46
Tree traversal Rust 1 1.89 [1.56,2.04] -5.33

Table 13: Scaling fits per (algorithm, language) series.
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