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ABSTRACT

We introduce Pantheon-DNA, an end-to-end processing pipeline for DNA data storage that effectively addresses
scalability challenges while efficiently managing large datasets, maintaining >99.996% retrievability at 10 x
coverage under both LER and HER in our tests. To prevent repetitive patterns in DNA sequences, which
potentially cause chimeras at the molecular level and also hinder clustering algorithms, we propose a data
arrangement scheme and a randomization procedure during encoding. We use block data architecture to enhance
parallel processing and retrieval. The proposed sequencing data preprocessing pipeline utilizes prior knowledge
of the data structure encoded in the DNA sequences to simplify conventional clustering routines and reduce
computational complexity. The system’s robustness and reliability are validated through an actual synthesis
and sequencing experiment, which encodes and decodes 1.59 MB of data containing multiple files. Future
enhancements will focus on refining error correction capabilities, particularly for indel recovery, as well as
optimizing preprocessing efficiency and sensitivity.

1. Introduction

of DNA as a medium for storing digital data. To represent digital data
as DNA molecules, data must be encoded into DNA sequences and then

In the rapidly evolving field of computational biology and bioinfor-
matics, DNA molecules have emerged as a breakthrough solution for
digital data storage media, meeting the increasing demands for higher
data volumes [1-3]. DNA has carried genetic information for billions
of years thanks to its inherent stability and high-density storage capac-
ity [4], offering a unique combination of compactness, durability, and
longevity. Traditional storage media, such as magnetic tapes and hard
drives, have limitations in lifespan, physical space, and energy consump-
tion. In contrast, DNA presents a biosynthetic solution capable of storing
a large amount of data in a small physical space for millennia without
significant degradation [5].

The shift from conventional data storage to DNA-based storage in-
troduces complexity and requires a combination of computational tech-
niques and intricate molecular biology processes [6]. This challenge has
motivated researchers and engineers worldwide to explore the potential
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synthesized as physical molecules. To retrieve the data stored in DNA,
the molecules must be sequenced, preprocessed, and then decoded back
into digital data. Fig. 1 illustrates the complete DNA data storage work-
flow.

Currently, the main bottleneck in DNA writing and reading technol-
ogy is the high cost and limited throughput of synthesis and sequenc-
ing, which is still insufficient to meet the demands of the digital world
[6,7]. The constraints inherent to current technology preclude the syn-
thesis of single DNA molecules with arbitrarily long sequences [12].
Consequently, most DNA data storage protocols employ short DNA se-
quences, generally limited to approximately 200 nucleotides, due to
the limitations of base-by-base synthesis. Cycle-based chemistry im-
poses a per-base reaction time, so the total synthesis time scales linearly
with the target length, which further constrains the practicable strand
lengths on conventional instruments [9]. As a consequence, long data
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Fig. 1. End-to-end workflow of DNA data storage. First, a target file is encoded into DNA sequences. DNA molecules containing these sequences are then synthesized
and stored for future use. When reading the data, the molecules are sequenced, preprocessed, and finally decoded to retrieve the original file.

strings must be partitioned into smaller fragments for storage in DNA.
Accurate organization and retrieval of the stored information require
that such partitioning be accompanied by systematic indexing, typically
achieved through the attachment of unique DNA tags and the use of
primers to initiate replication or sequencing [1-3]. Synthesis paralleliza-
tion introduces challenges in crosstalk and reagent delivery across large
arrays; microfluidic compartmentalization and electrochemical arrays
on complementary metal-oxide-semiconductor (CMOS) chips mitigate
these issues by isolating features and enabling electronic addressing of
reaction sites [8]. Although sequencing already operates as a highly par-
allelized process, downstream computation remains a bottleneck due to
the volume of reads and heterogeneity in library construction strategies,
quality profiles, and error biases [10,11].

The organization of short DNA sequences commonly used in data
storage mirrors amplicon sequencing, which amplifies and sequences
target regions using flanking primers [11]. Both biological amplicons
and DNA storage data fragments feature conserved regions (primers/in-
dexes) flanking variable sequences (payloads in data storage, gene parts
in amplicons), necessitating in silico clustering of reads for data retrieval.
High sequence coverage is a reliable indicator that the sequenced sample
accurately represents the designed target sequence. Obtaining uniform
coverage across all regions can be challenging due to biases in sample
preparation, sequencing technologies, and biological characteristics of
DNA [13].

Finding an optimal coverage level for DNA data storage that bal-
ances data recovery and operational costs is a challenge. High coverage
means high information redundancy and enables data retrieval in high-
error-rate channels; however, it also significantly increases sequencing
costs and the computational complexity of processing sequencing data.
However, working with low coverage in a complex DNA pool contain-
ing millions of different DNA sequences, even in low error-rate channels,
can lead to increased sequence loss (zero coverage) for a fraction of the
DNA pool. Such a condition may result in the complete loss of specific
data segments, necessitating a robust error-correcting code (ECC) to re-
construct missing sequences and fix nucleotide substitution errors. How-
ever, implementing a robust ECC that addresses these gaps increases the
complexity of data recovery. Achieving the appropriate balance requires
careful planning and optimization of sequencing strategies to ensure that
the benefits of growing coverage justify the additional sequencing and
computational costs.

A computational preprocessing stage is required to treat raw se-
quencing data and condense sequence information. The workflow in-
volves clustering similar sequences via local or global alignment be-
tween read pairs. It faces significant computational challenges exacer-
bated by the scalability issues of traditional clustering pipelines [14],
[15], [16], [17]. Other challenges include the formation of molecu-
lar chimeras due to PCR (polymerase chain reaction) artifacts and in
silico chimeras resulting from improper clustering. Molecular chimeras
result from DNA polymerases that mistakenly combine DNA fragments
from different origins during PCR amplification, leading to hybrid se-
quences that misrepresent the original data. In silico chimeras occur
when clustering algorithms inaccurately group sequences or errors arise
in aligning sequences within clusters, creating erroneous consensus se-
quences. These artifacts necessitate the use of bioinformatics tools and
ECC to distinguish and correct such errors, ensuring the accurate recon-
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struction of stored data and maintaining the reliability of DNA-based
data storage systems.

Unlike biological data, the DNA sequences used in data storage
have predictable diversity with known fragments. This predictability en-
ables the simplification of bioinformatics pipelines to meet the demands
of digital data storage and management. In this work, we introduce
Pantheon-DNA, an end-to-end processing algorithm for DNA data storage
that incorporates a codec (including encoding and decoding schemes)
and decoding preprocessing algorithms, aiming to enhance retrievabil-
ity and reduce computational costs. Encoded sequences are organized
into blocks, each identified by unique flanking tags. A unique address tag
also identifies each sequence within a block. The proposed preprocessing
algorithm leverages this known sequence structure to simplify align-
ment and clustering procedures in a multilayered fashion: sequences are
sorted by tags using local alignment rather than global alignment, and
clustering is performed accordingly. Clustering is only performed if data
is still missing. The ECC embedded in the sequences allows a lightweight
parity check to verify whether the sequence needs no further processing.
We also proposed two randomization schemes during encoding to pre-
vent repetitive patterns in digital data from being retained in the DNA
sequences, thereby avoiding the formation of chimeras and clustering
issues during preprocessing. The method is tested under various simu-
lation scenarios and also in an experiment involving DNA synthesis and
sequencing, thereby validating the proposal in actual conditions.

2. Proposed method

In this section, we provide a detailed description of the Pantheon-
DNA workflow, which encompasses encoding and decoding schemes,
as well as a versatile decoding preprocessing pipeline that handles se-
quencing reads from various sequencing platforms and strategies. Fig. 2
shows the Pantheon-DNA workflow, highlighting the possible routes of
the proposed processing scheme. The proposal is divided into modules,
namely Apollo, Chiron, Hermes, Hephaestus, and Artemis.

2.1. Encoding

The encoding process converts the input digital data into a set of DNA
sequences. Each sequence will later be synthesized as a DNA strand. The
module responsible for encoding is Apollo, the god of the sun and music
in Greek mythology. In the same way that a good song is composed
of a structured order of notes and rhymes, allegorically, the encoding
process generates a structured order of nucleotide bases.

It is well known that certain DNA sequence patterns, such as long
homopolymers and unbalanced GC content, introduce error bias in
sequences during synthesis and sequencing [18-20]. However, imple-
menting constrained codes to avoid them, such as those mentioned in
[1,2,23,24], may be inefficient, as suggested by [21]. Instead, we adopt
a simple bit-to-base encoding, utilizing two pattern-breaking methods
(or randomization methods) [45]. By randomizing the binary data that
form DNA sequences, we do not ensure that constraints such as those for
homopolymer and GC content are met; however, we statistically reduce
the occurrence of extreme, problematic cases. Additionally, randomiza-
tion breaks any patterns that may be present in the binary data and
prevents them from persisting in the DNA sequences. Repetitive pat-
terns in DNA sequences are prone to forming chimeras during PCR and
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Fig. 2. Detailed pipeline of Pantheon-DNA. Apollo encodes the input digital file is encoded into DNA sequences; the encoded set of sequences is partitioned into
blocks, each one identified by a unique pair of flanking tags; after synthesized, the sequence blocks may be stored into separate physical containers (I) or be stored
into a single physical container (II); when all blocks are in a single container, they are sequenced together (III) generating a single read file, which can then be
logically separated by Chiron; they can also be molecularly separated via PCR (IV), which produces separate read files; when blocks are stored in separate containers,
each block may be separately sequenced (V); both approaches (IV) and (V) alleviate computational cost of Chiron; Chiron output data may be conducted directly to
Hephaestus clustering (VI) or to Hermes adaptive identification of sequences (VII); Hermes performs multiple rounds of read classification and data summarization
via alignment and consensus; residual unclassified data from Hermes may further be conducted to Hephaestus (IX); output from both Hermes and Hephaestus are

finally merged and sent to Artemis to be decoded.

also hinder clustering algorithms during read preprocessing, making it
difficult to separate distinct sequences effectively.

We define payload as the fragment of a DNA sequence containing en-
coded digital data. We define bitstring as the bit sequence encoded into a
single DNA sequence. In the following, we describe the entire encoding
pipeline. The input data can be a single file or multiple files, presented as
a single stream of bits. This stream is first partitioned into data blocks of
approximately the same number of bits. The number of bits in each data
block must be a multiple of the size of the bitstring. The last block may
be padded with random bits to ensure it fits the block size. As elucidated
in the following subsection, this division into blocks, or hierarchical
addressing, is essential for restricting the computational load during
decoding preprocessing and preventing an increase in computational
time. Each data block is arranged as a two-dimensional array of bits to
form a group of bitstrings. Here we apply our first pattern-breaking ap-
proach: the transversal arrangement. Instead of displaying the sequence
of bits along the bitstrings, it is arranged across the bitstrings in each
data block, scattering possible bit patterns that could repeat in different
bitstrings. Then, for each data block, we generate redundant bitstrings
by applying the Reed-Solomon error-correcting code [22] with bitstrings
(or partitions of these bitstrings) as entire code symbols. This outer code
enables, during decoding, the retrieval of occasional missing bitstrings.

The bitstrings in each block must follow the order in which they were
encoded to preserve the information. We identify this order by associ-
ating each bitstring with a unique sequential integer value. To further
disperse remaining bit patterns across different bitstrings, we apply a
second pattern-breaking approach: randomization by index/address. We
use the unique index of each bitstring as a seed to generate a pseudo-
random sequence of bits to be added (bitwise sum via XOR operation)
to the bitstring itself. Next, each bitstring is mapped into a sequence of
nucleotide bases (A, C, G, and T) to form the payload. As discussed pre-
viously, we opt to use a simple encoding approach, mapping every two
bits to a nucleotide as {00,01,10,11} to {A,C,G,T}.

We must also introduce means to reassemble the data during decod-
ing. Since the physical DNA molecules are commonly mixed and stored
in the same container after synthesis, we must be able to trace back
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their position in the data block. Within each block, we attach an ad-
dress tag to each payload. Each address tag encodes the unique address
of each bitstring via a library of tags. This library of address tags is
designed to maintain a certain edit distance between every two tags, re-
ducing misclassification, especially in high-error-rate channels. Address
tags can be concatenated to expand the total number of addresses per
block. Then, the address and the payload are encoded with the Reed-
Solomon code (inner code), appending a redundant sequence segment
that enables detection and correction of substitution errors. Finally, the
sequences are flanked with forward and reverse primer tags to be am-
plified via PCR, a process commonly necessary before sequencing to
convert DNA molecules into double-stranded DNA and to increase the
amount of DNA present. The content of each sequence is depicted in
Fig. 3.

Suppose the DNA molecules of distinct data blocks are stored in
the same DNA container. The amplification tags can also be used as
block tags to distinguish data blocks. Distinct amplification/block tags
identify sequences from different blocks, allowing them to be separated
at the molecular level by PCR amplification or computationally dur-
ing decoding preprocessing. Fig. 3b illustrates the block organization
scheme. Focusing the computational clustering process on individual
blocks, rather than on the entire data archive, markedly accelerates
processing and constitutes a distinctive advantage of the approach. In
addition to streamlining the workflow, the method enhances the overall
efficiency of the DNA data storage system.

Independent work by Sharma et al. [27] reports comparable results,
demonstrating that fixed-size encoded DNA blocks substantially reduce
processing time. Block-specific primers underscore the high degree of
control Pantheon-DNA affords over the data pool, enabling targeted ac-
cess to designated archive segments — a capability beyond traditional
media such as LTO tapes. The ability to amplify specific sections, in-
cluding metadata and other high-priority blocks, is particularly valuable
for improving coverage in crucial areas of the archive and thereby in-
creasing the probability of successful data recovery. Furthermore, block
structure opens up exciting opportunities for innovative storage strate-
gies, such as developing DNA chips analogous to microarrays, in which
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Fig. 3. Proposed data structure in DNA. (a) Each DNA sequence is composed of a flanking pair of amplification primers, also used to identify the data block the
sequence belongs to; an address tag to identify the position of the sequence within the data block; the payload that encodes a piece of the digital data; and a redundant
segment for inner code (ECC). (b) Digital data is partitioned into blocks before encoding properly; each block is distinguished from one another by a unique pair of
amplification/block tags, enabling logical or molecular separation as depicted in Fig. 2, respectively, by routes (III) and (IV).

blocks are spatially organized. Moreover, the spatial organization fa-
cilitated by block strategies introduces the possibility of searching for
files by encoded DNA patterns. Although direct identification without
sequencing is outside the scope of this work, the block-structured layout
could support probe-guided pre-enrichment and pattern-guided discov-
ery prior to sequencing. These possibilities are prospective and will
require targeted experimental validation; if realized, they may reduce
retrieval time and cost.

By integrating encoding architecture into storage and post-sequencing
processing strategies, this design is compatible with both chip-based
spatially organized storage and pooled storage. Here, we demonstrate
[llumina paired-end compatibility and outline other platforms as future
work. The blocking strategy greatly benefits DNA chip storage through
spatial organization. It is also fully compatible with DNA pooling stor-
age methods, where molecules are stored en masse without any physical
organization. This adaptability ensures that Pantheon-DNA’s innovative
features, designed to enhance data accessibility and interaction, are ac-
cessible across various storage paradigms.

2.2. Preprocessing NGS data

Besides the length limitation, current DNA synthesis technologies
cannot grow a single DNA molecule with a specified sequence of nu-
cleotide bases; instead, they produce a batch of thousands and even
millions of copies (usually measured in nmol) with the same sequence
[28]. Thus, millions of redundant molecules are produced during the
synthesis process.

Depending on the synthesis strategy, a few copies may differ slightly
from others due to errors in synthesis, while other mistakes can be intro-
duced during the PCR amplification cycles. PCR artifacts include base
substitutions, usually recovered by standard ECC methods, insertions
and deletions (also known as indels), and chimeric sequences. Although
base substitution tends to be an approximately stochastic event, the oth-
ers are more related to specific DNA patterns, such as short repetitive
segments and high similarity between different DNA sequences, respec-
tively [28]. Thus, avoiding these patterns in the sequences reduces indel
and chimera rates, consequently improving data recovery.

An NGS platform is needed to read large amounts of DNA sequences.
NGS platforms yield a large volume of digital DNA sequences, also
known as reads [17,3,20]. When reading stored DNA molecules, se-
quencing involves taking a sample of the material, resulting in a large
volume of digital data. DNA molecules are processed and read in par-
allel; thus, a certain degree of redundancy, inherent in the synthesis
process, will be present in the sequencing output. The sequenced out-
put contains copies of each expected population of copies for encoded
DNA sequences. Bioinformatics has long addressed this issue with read
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processing techniques [29-33]. Here, we advocate that preprocessing is
crucial for ensuring data integrity and poses a challenge for scaling the
decoding to the vast amount of data required to implement DNA data
storage as a widespread technology.

Traditional ECC methods cannot correct indels. ECC methods capa-
ble of correcting indels can be found in the literature [34-37], but with
strict limitations. Furthermore, in general, such indel-correcting codes
are known to have low capacity [38] (i.e., they require excessive redun-
dancy). Multiple sequence alignment (MSA) and consensus methods can
utilize coverage to handle indels and reconstruct the original sequence
from the sequenced population. However, MSA is computationally in-
tensive [39,40] and requires prior clustering of NGS reads, which is also
a computationally intensive step [15], to assign reads to a specific se-
quence type.

Pantheon-DNA presents a novel decoding preprocessing approach
specifically designed for DNA data storage. Our proposition is a mul-
tistage processing scheme, which, at each stage, processes reads and
evaluates their integrity via a parity check to decide whether further pro-
cessing is required or not. Early parity checks and address fills spare fur-
ther computation on near-perfect reads and already-resolved sequences,
reserving alignment and clustering for the minority that require heav-
ier processing. With this approach, we are mitigating superlinear growth
and achieving near-linear scaling in our experiments, which also enables
parallelization.

Our preprocessing pipeline is flexible enough to handle sequencing
data from different backgrounds, particularly in terms of how molecules
are grouped when stored or sequenced. After synthesis, molecules from
different data blocks may be stored in separate physical containers
(Fig. 2-I) or be mixed in the same container (Fig. 2-II). When data
blocks are stored separately, sequencing of each container produces sep-
arate read files (Fig. 2-V). When blocks are mixed, sequencing produces
a single read file (Fig. 2-III), and block separation is performed com-
putationally (logically). Additionally, when data is mixed, data from
different blocks can be molecularly separated via PCR (Fig. 2-IV), allow-
ing sequencing to be performed to isolate the blocks. NGS technologies
require sample preparation protocols, including the insertion of foreign
DNA segments into samples, known as sequencing indexes. Some se-
quencing strategies, known as paired-end and mate-pair sequencing,
read the DNA fragment in both orientations. Both cases require prior
processing to ensure that the indexes are entirely removed and that the
pairs of reads are merged.

The preprocessing pipeline in Pantheon-DNA comprises three mod-
ules: Chiron, Hermes, and Hephaestus. Chiron, named after the leg-
endary tutor of heroes and gods in Greek mythology, is the first to
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process raw sequencing reads. Its primary role is to demultiplex' se-
quencing reads to their respective blocks by processing primer regions
(block tags) and trimming them from the sequence. Tags are classified
by semi-global alignment [41]; reorientation is applied when required.
For Illumina paired-end data, PEAR [42] merges reads prior to demulti-
plexing. This processing standardizes reads before downstream prepro-
cessing and decoding; subsequent stages are executed per block.

Hermes, drawing from the role of the divine messenger in Greek
mythology, is responsible for locating the address tag of each read and
associating it with the correct position within a block. This process oc-
curs in two stages. In the first stage, Hermes identifies the address tag
through exact string matching at a fixed position, followed by verifica-
tion of both read length and integrity via error-correcting codes (ECC).
Reads lacking a valid address tag are retained in a buffer for later pro-
cessing by Hephaestus. In contrast, those with a valid tag but failing
length or integrity checks are sent to a separate buffer for Hermes’ sec-
ond stage. Reads that pass this initial screening proceed to decoding, and
their corresponding addresses are flagged as filled, thereby preventing
redundant processing of subsequent reads with identical addresses.

After all reads have been processed in Hermes’ first stage, Hermes’
second stage processes the data accumulated in the buffers of each ad-
dress separately. Reads found for each address are aligned [43] and a
consensus is taken. Then, the length and parity of the resulting consen-
sus are verified. If the sequence passes, it is retained for decoding, and
the corresponding address is marked as filled. If not, all reads from MSA
are kept in the data buffer for the Hephaestus stage.

As a smithing god responsible for forging armor and weapons, Hep-
haestus in Pantheon-DNA performs the last and heaviest processing
stage of preprocessing. The remainder of the reads accumulated in the
Hephaestus buffer are all clustered with abundance-based greedy clus-
tering (AGC) [14,15], based on the sequence alignment scores. Then,
the consensus sequences of each cluster are kept for decoding. This last
stage is skipped if all address positions have already been filled.

Hephaestus does not require a planned address scheme to function;
however, it takes longer to cluster and obtain consensus from sequenced
reads. Additionally, the prior demultiplexing of reads into blocks with
Chiron reduces the complexity of clustering, as it reduces the overall
number of read pairs to be compared. Demultiplexing also opens the
opportunity for parallelization, as the blocks are independent of each
other. This strategy was adapted from common practices of metagenome
and amplicon studies and optimized for high-error channels and higher
coverage compared to Hermes.

2.3. Decoding

Preprocessed sequences are then decoded to retrieve the original dig-
ital data. As encoding and decoding are (reversed) paired processes, we
call the decoding module Artemis, Apollo’s twin sister, and the god-
dess of the moon and the hunt. Just as Apollo encodes data into DNA
sequences, Artemis decodes it back into binary, meticulously hunting
down errors and tracking erasures to reconstruct missing sequences. Her
role in Pantheon-DNA symbolizes the precision and speed of an archer in
the decoding process, aiming to retrieve data with high fidelity under
the evaluated conditions. Decoding consists of the routine below, ap-
plied to every preprocessed read. A read is discarded whenever it fails
any of these steps.

1. Verify sequence length (sequences from Hephaestus might not have
the correct length).

2. Apply Reed-Solomon error detection and correction, and remove
ECC redundancy.

! In computer science and telecommunications, multiplexing combines mul-
tiple signals into a single channel — in this case, the molecular medium —
whereas demultiplexing is the reverse.
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3. Decode the address tag, obtaining the numerical position of the read
data in the block.
4. Map the DNA sequence back to a bitstring.

The decoded bitstrings are sorted by address position; missing seg-
ments are verified and filled with outer code. Outer-coded redundant
bitstrings are filtered out. Finally, the binary data can be reassembled
and retrieved by gathering the data from all blocks.

3. Results

In this section, we evaluate the performance of Pantheon-DNA in two
main aspects: data retrievability and processing time. We perform four
study cases: (i) simulation scenario® to compare the proposed method
with literature methods; (ii) simulation scenario to break down the per-
formance of the proposed method; (iii) simulation scenario with larger
input data; and (iv) experiment with oligo synthesis.

The simulation of DNA synthesis and sequencing procedures is per-
formed under different error rates and synthesis and sequencing con-
ditions. For synthesis, we simulate a population of sequence copies for
each encoded sequence, applying random nucleotide errors (insertions,
deletions, and substitutions) along the sequences. The set of simulated
numbers of copies for each sequence is a sample from a multinomial
distribution, where the number of attempts is the total number of reads
from sequencing. Additionally, in simulation, we test various scenario
conditions, including average coverage (the number of copies of each
DNA sequence) and error rates, using our set of scripts. We use ART
[46] to simulate Illumina NGS sequencing outputs.

3.1. Scenario 1: Comparing with literature methods

This analysis involved four distinct pipelines: DNA Fountain [25],
HEDGES [26], and two versions of the proposed Pantheon-DNA method.
The following methods were implemented, with necessary adaptations
for the testing environment based on available source code:

+ DNA Fountain: Implemented with simple preprocessing (PEAR and
length filtering). It does not handle reverse-complementary reads.
Error detection uses Reed-Solomon (RS) codes, but not error cor-
rection. The code was modified to ensure execution.

HEDGES: Modifications were made to the decoding algorithm to
handle FASTQ files with randomly mixed reads and multiple oligo
copies. A code rate of 0.5 and a strand length of 226 nt were used.
Preprocessing consisted solely of merging R1 and R2 reads with
PEAR.

Pantheon-DNA: Two versions were tested: (i) transversal arrange-
ment only and (ii) transversal arrangement plus address-based ran-
domization.

Pantheon-DNA uses the following encoding settings:

Mapping: A simple direct mapping is used (2 bits to 1nt); this
scheme encodes 228 data bits in a 114nt payload for each DNA
sequence.

Address: library-based address, in which two tags of size 12nt are
concatenated; the library of 12nttags is composed of 235 distinct
tags with a minimum mutual edit distance of 6.

The inner code is applied to the data after bit-to-base mapping; Reed
Solomon code of order 2° = 64 is used so that three consecutive
encoded bases represent one code symbol; error-correcting capacity
is t =4, generating a total of 24nt bases of redundancy.

The outer code is applied to bits before being mapped into bases;
Reed Solomon code with order 2!° = 1024 is used, and the error-

2 In silico simulation of synthesis and sequencing.
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Table 1 Table 2
Results for different DNA coding methods. Retrievability across methods and scenarios.
Scenario Fountain HEDGES Pantheon Pantheon Scenario DNA Fountain HEDGES Pantheon Pantheon
(no rand.) (with rand.) (no rand.) (with rand.)
Zipped files 381,072 (200nt) 652,290 (226nt) 431,273 (222nt) 431,273 (222nt) Zipped LER 100% 100% 100% 100%
Nyanko 380,163 (200nt) 650,760 (226nt) 430,344 (222nt) 430,344 (222nt) Nyanko LER 100% 100% 100% 100%
Zipped HER 0.73% 100% 99.999% 99.996%
Nyanko HER 3.53% 100% 99.998% 99.996%

correcting capacity is t+ = 50 so that up to 100 missing binary
segments can be corrected at every block of 1020 data segments
(redundancy included).

« Block tags (PCR primers) of 30 nucleotides in size are appended to
each end of the sequence.

The methods were evaluated using two test files:

» Nyanko: A 10.5 MB bitmap image file with a high degree of data
repetition.

 Zipped: A 10.5 MB ZIP file containing a mix of file types (JPG,
WAV, CSV), representing a heterogeneous dataset.

We simulate coverage 10 in the sequencing output. We simulate two
scenarios of error rate:

+ a scenario of low error rate (LER), with substitution rate per base
at 0.3%, deletion rate per base at 0.1%;

« and a scenario of high error rate (HER), with a substitution rate per
base at 1.0% and a deletion rate per base at 0.5%.

For all Pantheon-DNA tests, the oligo size was 222 nt, and each block
contained up to 48,000 oligos, resulting in 9 blocks for both files. Table 1
reports, for the two test files, the resulting oligo counts together with the
strand lengths used by each method.

Under the simulated channels, both DNA Fountain [25] and HEDGES
[26] achieve complete file reconstruction once coverage and error
profiles fall within their operating envelopes. In higher-error cases,
Pantheon-DNA maintains recoverability through a division of labor: the
inner code rectifies substitutions at the read level, Hermes/Hephaes-
tus provides alignment-based summarization to manage indels; and the
outer code fills residual erasures. This layered design sustains full recov-
ery at lower coverage than monolithic approaches, particularly when
addressability and block partitioning are exploited.

Let p;,s and pgy, denote insertion and deletion rates per base, and let
¢ denote coverage per address. Under an independence approximation,
the probability that a position is not affected by indels in at least [¢/2]
reads is

c
P ™ D
k=[c/2]
The expression provides a lower bound on the correctness of majority
consensus prior to Reed-Solomon substitution correction. The bound
highlights that consensus reliability increases with coverage and de-
creases with indel rates, complementing the empirical behavior ob-
served in the simulations and the synthesis experiment.

Table 1 presents the total number of oligos generated by each en-
coding method for the “Zipped” and “Nyanko” test files, with the cor-
responding oligo size indicated in parentheses. The results demonstrate
significant differences in encoding efficiency among the evaluated meth-
ods.

The HEDGES method utilized the largest number of oligos to encode
the files, with 652,290 oligos for “Zipped” and 650,760 for “Nyanko,”
both at a size of 226 nt. In contrast, both DNA Fountain and Pantheon-
DNA proved to be more efficient in terms of data density. DNA Foun-
tain generated 381,072 oligos (200nt) for “Zipped” and 380,163 oligos
(200nt) for “Nyanko.” Meanwhile, Pantheon-DNA (in both versions)

c k —k
( )(1 ~ Pins — pdel) (pins + pdcl)c >
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used an intermediate number of oligos, with 431,273 for “Zipped” and
430,344 for “Nyanko,” but with a length of 222nt.

These results indicate that, while HEDGES produces a higher number
of DNA strands per bit of information, DNA Fountain and Pantheon-DNA
achieve a higher data density. This is a crucial factor for the feasibility
and cost of DNA storage. The similarity in the number of oligos be-
tween the two versions of Pantheon-DNA suggests that the inclusion of
randomization methods did not affect the total volume of encoded data.

Table 2 presents the retrievability results for the different DNA en-
coding methods under low and high error rate scenarios. In the low error
rate (LER) scenarios, all tested methods were able to retrieve both the
“Zipped” and “Nyanko” files entirely (100% retrieval), demonstrating
robust performance under ideal conditions.

However, performance varied significantly in the high error rate
(HER) scenario. HEDGES was the only tested method to retrieve the
original digital files integrally. Pantheon-DNA, with or without random-
ization, retrieved more than 99.99% of the files, failing only on a very
small portion of the data (failure in the order of one in hundreds of thou-
sands) due to an inner code failure to detect and correct some errors,
resulting in erroneous corrections. DNA Fountain retrieved only a small
fraction of the data (as usually happens to the LT code when decoding
fails).

The processing times for all methods under the LER and HER sce-
narios are detailed in Tables 3. Regarding encoding time, HEDGES
and Pantheon-DNA, with or without randomization, required a similar
amount of processing time, approximately 1 minute and 30 seconds.
DNA Fountain took at least three times longer, ranging from 5 to 6
minutes, because it exhaustively generates random segments, discarding
those that do not meet a predefined set of DNA sequence constraints.

For preprocessing, DNA Fountain took the shortest time, around 14
minutes, because we performed the simplest pipeline, as suggested in
their paper, which only merges paired-end reads using the PEAR al-
gorithm. For HEDGES, we also only performed the PEAR algorithm
for preprocessing. Still, it took more time than in the DNA Fountain
pipeline, of around 22 minutes, because HEDGES generates more oligos
than DNA Fountain during encoding.

Pantheon-DNA took a long time for preprocessing because it includes
more processing, but, as we will see, it saved time during decoding.
Pantheon-DNA took approximately 27 minutes in the LER scenarios,
excluding Hephaestus clustering, and around 56 minutes in the HER sce-
nario, including Hephaestus clustering. Note the special case of prepro-
cessing the Nyanko image on the HER scenario when using Pantheon-
DNA without randomization. It took more than 4 hours to clusterize
instead of the common 56 minutes in this scenario with Pantheon-DNA.
This highlights the issue of highly repetitive sequences, specifically aris-
ing from the repetitive patterns of the binary data that was not shuffled
during encoding. In such a case, Hephaestus took much longer to clus-
terize because each cluster has many more similar reads to compare
with.

For decoding, Pantheon-DNA is by far “the fastest among the meth-
ods we evaluated under matched conditions because most redundancy
is removed during preprocessing. Pantheon-DNA (with or without ran-
domization) took 1 minute and 50 seconds in LER cases, and approx-
imately 7 minutes in the HER cases. DNA Fountain took more time,
from 70 to 80 minutes in the LER case, because its decoding involves
a recursive approach for each completely decoded segment. When de-
coding failed in the HER case, only a few segments were completely
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Table 3

Processing time by method and scenario (encoding/preprocessing/decoding).
Method & Scenario Encoding Preproc. Decoding
DNA Fountain (Zipped LER) 5m25s 14m21s 70m56s
DNA Fountain (Nyanko LER) 6m13s 13m32s 79m40s
DNA Fountain (Zipped HER) 5m25s 14m37s 6m9s
DNA Fountain (Nyanko HER) 6m5s 13m49s 6m48s
HEDGES (Zipped LER) 1m29s 22m4s 37m53s
HEDGES (Nyanko LER) 1m29s 21m57s 37ml7s
HEDGES (Zipped HER) 1m30s 22m6s 5h26m11s
HEDGES (Nyanko HER) 1m28s 22m3s 5h27m28s
Pantheon (no rand., Zipped LER) 1m24s 27m22s 1m46s
Pantheon (no rand., Nyanko LER) 1m23s 27m13s 1m44s
Pantheon (no rand., Zipped HER) 1m24s 56m26s 7mls
Pantheon (no rand., Nyanko HER) 1m24s 4h6m16s 6m57s
Pantheon (with rand., Zipped LER) 1m31s 26m53s 1m54s
Pantheon (with rand., Nyanko LER) 1m35s 27m20s 1m55s
Pantheon (with rand., Zipped HER) 1m31s 55m58s 6m57s
Pantheon (with rand., Nyanko HER) 1m31s 56m3s 6m58s

Times use compact h/m/s notation without spaces.

decoded, resulting in a time of only 6 to 7 minutes. Although the only
to integrally decodes the original file, HEDGES took the longest time to
decode. It took 37 minutes to decode in the LER and more than 5 hours
in the HER case.

Overall, we can see that Pantheon-DNA features the fastest process-
ing time for each scenario (file and error rate), except in the case where
DNA Fountain could not retrieve the file in the HER scenario.

3.2. Scenario 2: Pantheon-DNA’s modules performances

We break down the performance contribution of each of Pantheon-
DNA’s modules. We encoded eight files in various formats (PNG and JPG
image files, as well as text files), totaling 585 KB in size.

The following settings are used for encoding data:

Mapping: A simple direct mapping is used (2 bits to 1 nt); this
scheme encodes 180 data bits into a 90-nt payload for each DNA
sequence.

Address: library-based address, in which two tags of size 12ntare
concatenated; the library of 12nt tags is composed of 235 distinct
tags with a minimum mutual edit distance of 6.

Inner code is applied to the data after bit-to-base mapping; Reed
Solomon code with order 2° = 64 is used so that three consecutive
encoded bases represent one code symbol; error-correcting capacity
is t =4, generating a total of 24 nt of redundancy.

Outer code is applied to bits before being mapped into bases; Reed
Solomon code with order 2! = 1024 is used, and error-correcting
capacity is t = 50 so that up to 100 missing binary segments can
be corrected at every block of 1020 data segments (redundancy
included).

Block tags (PCR primers) of 30 nucleotides in size are appended to
each end of the sequence.

A total of 29,649 sequences of 198 nt are generated. The sequences
are organized into 9,883 data blocks each. We tested the LER scenario
with average coverages of 5 and 10, and the HER scenario with average
coverages of 10 and 20, resulting in a total of four simulation scenarios.
All scenarios are simulated with logical block separation, with all blocks
mixed during sequencing.

We compare the performance of four variations of the proposed pre-
processing method:

+ Chiron-only (X): performs merging, block demultiplexing, and
block tag trimming. This approach is a minimalist preprocessing
method, but it leaves a large volume of data for decoding.
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Fig. 4. Amount of data retrieved at each sub-stage of Chiron & Hermes (XE)
approach (simulation scenario). Chiron (demultiplexing and primer trimming)
retrieves the largest data during preprocessing. For high error rates (HER), Her-
mes’ second layer (alignment and consensus separately for each address) and
Hephaestus (clustering and global alignment) also play important roles in data
retrieval.

+ Chiron & Hephaestus (XH): performs Chiron and further summa-
rizes each block’s data by clustering. This approach is very similar
to literature methods [15].

+ Chiron & Hermes (XE): performs Chiron and further summarizes
the data in each block by the adaptive Hermes stages (layers 1 and
2).

+ Simple-Chiron & Hermes (sXE): Like Chiron & Hermes, block de-
multiplexing is performed by exact string matching rather than
semi-global alignment.

For all tests, except when mentioned, Hermes is used without Hep-
haestus as the last processing stage. However, Pantheon-DNA was de-
signed to alternate between both dynamically. Hephaestus must handle
the unclassified reads from Hermes, especially when some position-
biased errors compromise the addresses.

In silico results summary Tables 2 and 3 consolidate retrievability and
time under LER/HER at 10X coverage. For DNA Fountain, partial re-
covery in failure cases reflects the threshold behavior of LT decoding:
the decoder’s state improves progressively, whereas complete segment
recovery typically occurs abruptly once a sufficient number of droplets
has been observed [25].

Retrieval performance: Fig. 5 depicts the retrieval performance for
each method test in the four simulation scenarios. It illustrates the con-
tribution of each decoding stage to data retrieval. For example, taking
the first bar of the figure, for the case of the Chiron-only approach in a
low error rate scenario with coverage 5 (X LER-C5):

7.3% of encoded sequences (out of 29,649) are found flawless
within sequencing data (reads are only subject to a simple pair-
merging for this verification);

84.5% of encoded sequences are found flawless after preprocessing
(demultiplexing, trimming, alignment, and consensus);

8.0% of encoded sequences are found flawless after error correction
by inner code; and

0.2% (not visible) of encoded sequences are flawless after outer
code correction.

Decoding with Chiron-only and Chiron & Hephaestus could retrieve
all the encoded data at every simulation scenario. Chiron & Hermes
failed to recover all the data for the scenario HER-C10 (26.8% of se-
quences were missing), and Simple-Chiron & Hermes failed integral
retrieval for cases LER-C5, HER-C10, and HER-C20. In the LER scenarios,
a small portion of the sequences is already error-free due to sequencing
(7% to 14%). However, almost no intact sequences are found in sequenc-
ing reads in HER scenarios. Preprocessing plays a crucial role in data
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Fig. 5. Percentage of data retrieved at each decoding stage for four decoding
strategies—X, XH, XE, and sXE—across multiple simulation scenarios defined by
two error rates (HER and LER) and coverage levels ranging from C5 to C20. In
all scenarios, preprocessing accounts for more than 50% of total data retrieval.
Decoding failures are observed only in Hermes-based methods (XE and sXE),
likely due to the substantial proportion of discarded data. The combination of
Hermes with Hephaestus (XE w/ Heph) achieves complete data retrieval in all
evaluated cases.

retrieval and is responsible for more than 50% of sequence retrieval in
all cases. Inner code also proves to be relevant, mainly in HER scenarios.

In practical terms, the outer code may appear marginal in some sce-
narios (e.g., <6.3% recovery). It is worth recalling that the outer code
was designed to recover up to 10% of missing sequences in the present
experiment; under real-world conditions, outer codes remain essential
to help ensure complete recovery under practical conditions. To assess
the performance of Hermes, two aspects must be considered: (i) Her-
mes makes implicit use of inner code to verify sequence parity but does
not correct errors, and (ii) when Hephaestus is not employed, Hermes
delivers to Artemis only sequences that have passed integrity checks,
thereby bypassing inner code error correction. All observed decoding
failures occur with Hermes, likely due to the substantial amount of dis-
carded data combined with the absence of inner code error correction.
For instance, in scenario HER-C10, Hermes exhibited a 26.8% decod-
ing failure rate. When Hephaestus operates alone, accounting for the
sequences discarded by Hermes, the same scenario achieves full data re-
trieval. The outcome is even more unfavorable when Hermes is paired
with Simple-Chiron, as Simple-Chiron discards an even larger number
of reads.

The performance of each Hermes sub-stage is examined next. Fig. 4
illustrates the four scenarios described above, featuring Chiron and Her-
mes, all of which incorporate Hephaestus as a subsequent stage. Chiron
retrieves the largest number of sequences, as the first layer of Hermes
leaves the sequences unchanged and merely screens them. The sec-
ond layer of Hermes—alignment and consensus performed separately
for each address—becomes critical when error rates are high. Although
Hephaestus recovers only a small fraction of the data and demands sub-
stantial processing time (as will be shown later), its inclusion proves
decisive for complete data retrieval in the XE HER-C10 case presented
in Fig. 5.

Data waste: As mentioned before, Hermes discards many reads com-
pared to Hephaestus, which may have induced the decoding failure in
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Fig. 6. Portion of data discarded at each decoding stage (simulation scenario).
Pair-merging is very efficient (discarding a few reads) for a low error rate (LER)
scenario but very inefficient for a high error rate (HER) scenario, discarding
more than 40% of reads. An inefficient process is the simple demultiplexing
with exact string matching, which discards more than 45% of reads in both high-
and low-error rate scenarios. Address search based on exact string matching is
markedly inefficient across both LER and HER scenarios.

X 1min 49s
XH 1min 3s
XE
Hm Chiron
B Hephaestus
SXE B Hermes
B Artemis

Fig. 7. Time performance of different decoding preprocessing approaches (sim-
ulation scenario). Chiron-only leaves much data for Artemis to decode, yielding
a high overall processing time. The essential difference between Chiron & Hep-
haestus (XH) and Chiron & Hermes (XE) lies in the increased Hephaestus clus-
tering time. Simple-Chiron & Hermes (sXE) reduces the Chiron processing time
of the XE approach but also reduces retrieval performance, as shown above.

some cases. We now assess the volume of data discarded at each stage
of preprocessing for each approach.

The first three bars in Fig. 6 depict the volume of discarded reads
of the methods applied to a low error rate scenario (LER). Hephaes-
tus is omitted since it does not discard reads. Note that merging and
alignment-based demultiplexing have low discard rates (both less than
2%). In the address-search stage, exact string matching accounts for ap-
proximately 20% of discarded reads under Chiron+Hermes and about
10% under Simple-Chiron (Fig. 6), which is not negligible. Simple de-
multiplexing, as expected, discards a very high amount of reads (more
than 45%).

When considering high error rates (HER), merging becomes inef-
ficient and discards more than 40% of reads. Discard rates in other
processing stages also increased compared to LER, but not as much as
in merging. The total discard rate for Simple-Chiron & Hermes, for ex-
ample, becomes 95%.

Time performance: Time performance: Fig. 7 depicts the time
elapsed during preprocessing and decoding for each preprocessing ap-
proach in the LER scenario with coverage 10 (LER-C10). The corre-
sponding per-method, per-scenario measurements are summarized in
Table 3.

Hermes offers substantial speed advantages over Hephaestus. While
Hephaestus requires 17.84s to complete its task, Hermes performs
the same operation in 280 milliseconds—over 60 times faster. Conse-
quently, when Hermes is employed, the overall decoding time is largely
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Fig. 8. Decoding time performance improvement when the sequencing dataset is
partitioned, possible because of the block structure (simulation scenario). When
sequencing data is processed as a single large block (as in literature methods),
the clustering time (Hephaestus) is drastically longer (the long green bar is out
of scale), and the overall process is approximately 29 times longer than the same
method with block partitioning (as proposed).

determined by Chiron and Artemis. The execution time of Chiron is con-
siderable: approximately 25-29 s when run without Hermes or Hephaes-
tus, primarily due to the time needed to write the output to disk. In con-
trast, using a simple demultiplexing approach (Simple-Chiron)—which
is not a robust method—reduces this to about 7s. In Simple-Chiron,
most of the time is spent on pair merging, whereas the remaining 18 sec-
onds correspond to alignment-based demultiplexing, which constitutes
the main computational cost of preprocessing. When Chiron is executed
without subsequent processing stages, decoding in Artemis takes sig-
nificantly longer than in other approaches. The increase in processing
time is due to the absence of summarization or filtering, which results in
Artemis receiving a considerably larger volume of sequences to process.

Block partition: Block partitioning confers a clear computational
advantage of partitioning the set of sequences into blocks. Fig. 8 com-
pares the time performance between the Chiron & Hephaestus approach
as above and the same approach without block separation before cluster-
ing, both in the LER-C10 scenario. The same set of encoded sequences
is used in both methods; the only difference is that Chiron does not
perform demultiplexing, and sequencing reads must be clustered simul-
taneously.

Clustering without block separation closely resembles the approach
reported in the literature [15] and related variants, which are faster than
most all-pairs strategies [32].

The second approach requires 30 minutes and 33 seconds, as indi-
cated by the second bar, which falls outside the plotted scale (denoted by
the green bar). The difference between the two strategies is substantial—
approximately a factor of 29—owing to the fact that the computational
cost of clustering algorithms grows at a rate exceeding linear propor-
tionality with the amount of data.

Discussion: In DNA data storage, searching for a single algorithm
that efficiently manages all possible scenarios is akin to seeking a myth-
ical silver bullet. The observation above highlights the need for a flexible
suite of algorithms that can dynamically adapt to maximize data re-
covery while allocating computational effort appropriately to each task.
Such flexibility is not just a feature; it is a necessity that significantly ex-
tends the lifespan of a codec and the data it preserves. A versatile codec
system, capable of adjusting its strategy based on the error rates, cover-
age, and specific data set characteristics, is intended to support robust
data retrieval across diverse conditions and workloads.

A diverse bioinformatics toolkit is essential for handling both paired-
end and single-end strategies, as well as accommodating heterogeneous
sequencing outputs and protocols. Such adaptability also supports fu-
ture recovery scenarios, including disaster recovery that leverages plat-
forms designed for biological applications. Careful, dataset-aware tool
selection improves success rates and overall system reliability. At the
same time, limitations in the current Hermes module warrant attention,
particularly in tag classification for block demultiplexing and address
identification. Semi-global alignment provides accurate comparisons at
a high computational cost, whereas exact string matching is fast but in-
sufficiently robust for sequence comparison.
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Table 4
Runtime summary for the 90 MB exper-
iment (LER).

Encoding 13m 26s
Preprocessing (total) 12h03m34s
Chiron (multiplexed) 12h01mO00s
Decoding 14m57s

Exact string matching in address searches offers speed but lacks ro-
bustness for reliable sequence comparison. Future developments should
incorporate alternative address-matching strategies that raise retrieval
performance while reducing discarded reads, thereby lowering the cov-
erage threshold for complete recovery and improving operational effi-
ciency. Such refinements would also diminish computational and ma-
terial demands. Similarity metrics grounded in k-mer frequency [44]
provide a probabilistic, continuously adaptive framework—an attribute
that is critical for long-term preservation and accessibility of stored in-
formation. In addition, we anticipate that probe-guided pre-enrichment
could narrow the search space prior to sequencing, thereby reducing
material and computational costs; this concept remains prospective and
will require targeted experimental design and validation.

3.3. Simulation scenario 3: Encoding large file

Scale-up experiment (90 MB, LER). We evaluate the full pipeline on
a 90 MB corpus, reporting synthesis-normalized runtime, density, and
reconstruction fidelity. The encoded file was a folder containing a ZIP
file, JPG images, WAV audio files, and a CSV text file. The scenario used
was LER.

Decoding was successful, with the file being integrally retrieved, a
concise runtime summary for the 90 MB experiment appears in Table 4.

Coding settings

+ 74 blocks with up to 49,883 oligos each

« Total of 3,691,288 sequences of 222 nt

» Pantheon-DNA with the same parameters as in the other in silico
test in the paper

Preprocessing time increased significantly due to multiplexing in Ch-
iron, which alone took 12 hours and 1 minute. Owing to the larger
number of block tags, tag identification is performed by alignment at
this stage.

3.4. Real-data experiment

While simulated data is used to evaluate individual processing strate-
gies performed at each error channel profile, we also validate our codec
in a real-data experiment using DNA synthesis and sequencing. We en-
code a 1.59 MB data folder containing three different PDF files with text
and images embedded. DNA sequences were synthesized, sequenced,
and decoded using our proposed pipeline.

In an experimental study using actual data, we encoded a folder
containing three PDF files, totaling approximately 1.59 MB, into DNA.
This encoding process, performed by the Apollo system, was completed
in 31 seconds and 490 milliseconds. The outcome was the production
of 15 data blocks, each with 4,489 or 4,490 sequences, and an addi-
tional block of metadata. Metadata encapsulates a comprehensive ar-
ray of codec parameters in JSON format. These parameters include the
mapping scheme, inner and outer code settings, the positioning of files
within blocks, a list of primers specific to each block, and additional
codec settings, such as randomization configurations and file-related in-
formation, including permissions, directory structure, and checksums.

The encoded information and metadata were translated into 67,854
DNA sequences of 198 nt. Amplification of the DNA was achieved us-
ing a universal primer that targeted the entire archived data, followed
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by sequencing on the Illumina MiSeq platform with the MiSeq Reagent
Kit v2, employing a paired-end strategy. The sequencing endeavor com-
prised two runs, yielding an average coverage of 68.89 with a standard
deviation of 18.14. In the sequencing data, notably, the missing rate of
sequences hovered around 0.03%, with individual runs exhibiting ap-
proximately 0.09% missing rates. The modest discrepancy in sequence
recovery, together with coverage fluctuations and the lack of overlap
among missing sequences across runs, is attributable to molecular sam-
pling biases inherent to the sequencing process. Artemis successfully
recovered all missing sequences using the embedded outer code.

Impact of the metadata block on storage density Let N denote the to-
tal number of sequences, N, the number allocated to metadata,
¢ the sequence length (nt), and p the effective payload bits per nt
(after primers/tags/ECC). The fractional overhead due to metadata is
meta/ N, yielding the net density

”meta =

Dnet = (1 - ”meta) p-

For the 1.59 MB experiment with N=67,854 and £=198, the total num-
ber of synthesized bases is 13,435,092. Once N, and p are set by the
sequence layout, D, follows directly.

A significant initial step in the decoding process involves identifying
and separating the metadata block. Chiron completed metadata iden-
tification in 1 minute 30 seconds, followed by 730 milliseconds for
finalization. Subsequently, Hermes validated the metadata block and
dispatched residual reads to Hephaestus for consensus; the combined
operation completed in approximately 200 milliseconds, after which
decoding proceeded in Artemis. The pipeline then handed control to
Artemis for decoding. Artemis completed the decoding process in 21
seconds and 40 milliseconds.

We also assessed the performance of Hephaestus alone, without be-
ing preceded by Hermes, in both demultiplexed and non-demultiplexed
scenarios. In the non-demultiplexed scenario, we do not use Chiron to
separate data blocks, emulating what is most commonly practiced in
the literature. In the demultiplexed scenario, Hephaestus clustered all
blocks within 1 minute. Conversely, handling non-demultiplexed data
markedly increased the computational demand, taking 9 hours, 11 min-
utes, and 28 seconds to cluster. The marked difference in processing time
underscores the critical role of block partitioning in DNA data storage
systems, making this strategy crucial for scalability in our tests. It is im-
portant to note that both scenarios performed Hephaestus without par-
allelization. Moreover, a clustering method is not highly parallelizable;
therefore, the demultiplexed scenario, with each block being processed
independently, could significantly benefit from multiple Hephaestus in-
stances running in parallel. This experiment demonstrates the versatility
of the Pantheon-DNA system, showcasing its potential in real-world data
storage, particularly when utilizing heavy algorithms, and its ability to
efficiently handle erasures, further proving its efficacy and flexibility in
managing and recovering DNA-encoded data.

4. Conclusion

The central concept of Pantheon-DNA is the robust encoding-
decoding framework with adaptive algorithms designed for Next-
Generation Sequencing (NGS) preprocessing. Integral to this framework
is the standard address library and inner code for accelerating the
preprocessing of reads and enhancing error correction capabilities by
applying MSA only where and when necessary within a data block.

Furthermore, our unique block data architecture is specifically de-
signed to promote parallelization and selective access in the processing
of NGS data and the decoding phase. This architectural approach op-
timizes throughput and significantly improves the efficiency of data
handling and retrieval. Our codec manages DNA constraints, such as
homopolymers and GC content, alongside a suite of user-defined con-
straints. We promote data retrieval by applying inner code for substi-
tution errors, utilizing sequence alignment and consensus methods for
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insertions and deletions (indels), and employing outer code for erasures.
Such comprehensive handling of potential DNA sequencing errors sup-
ports high-fidelity storage and retrieval under the tested conditions. A
distinguishing feature of Pantheon-DNA is that it integrates the pre-
processing pipeline as an intrinsic component of the codec, comprising
the modules Chiron, Hermes, and Hephaestus. The system is adept at
switching algorithms based on error rates, employing Multiple Sequence
Alignment (MSA) only when necessary.

Moreover, maintaining a versatile bioinformatics toolbox to assist
pre-decoding activities enhances codec compatibility with contempo-
rary NGS platforms and sequencing strategies. Standardizing the read
for downstream analysis augments the system’s efficiency and signifi-
cantly extends the codec’s lifespan. Additionally, our codec workflow
and data architecture were rigorously validated through an actual data
experiment, successfully encoding and decoding 1.59 MB of data, which
comprised multiple files.

The empirical test underscores the robustness and reliability of the
Pantheon-DNA system. Future research directions for Pantheon-DNA
entail continuously refining the error correction code, particularly by
integrating an inner code capable of recovering insertions and dele-
tions (indels). This development aims to diminish the necessity for MSA,
streamlining the error correction process. Additionally, improvements
in the Hermes module are essential for enhancing address recognition
sensitivity and consequently reducing the volume of reads necessitating
processing by the Hephaestus module for greedy clustering. Addressing
these areas will significantly optimize the preprocessing pipeline, ensur-
ing more efficient data handling.

In conclusion, Pantheon-DNA makes a substantive contribution to DNA
data storage by demonstrating a scalable, reliable, and adaptable codec
and preprocessing pipeline. The framework provides a solid foundation
for future work and may, in time, influence storage architectures as se-
quencing technologies and workloads evolve.
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