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Abstract8

DNA storage is a promising solution to data explosion due to its high density and9

longevity. However, existing coding methods struggle to efficiently avoid error-prone10

sequences while retaining usable ones, leading to low density and high copy numbers.11

Here we show Siyuan Code, a DNA storage codec that achieves theoretically optimal12

density. Our method maps binary data to nearly all suitable low-error sequences in a13

one-to-one manner, using our data structure to catalog and avoid error-prone patterns.14

This allows operation under very strict biochemical constraints with minimal redun-15

dancy. Experiments demonstrate a storage density of 1.66 bits per nucleotide and a16

capacity of 41 exabytes per gram of DNA, with perfect data retrieval using only six17

copies per strand. Encoding and decoding speeds reach approximately 1 megabyte per18

second on commodity hardware, comparable to early USB flash drives. These results19

bring DNA storage closer to practical deployment.20

1 Introduction21

The information industry is producing data at an unprecedented scale owing to the widespread22

adoption of the Internet, cloud computing, smartphones, and the Internet of Things (IoT).23
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Projections suggest that by 2025, the world will generate 163 zettabytes (ZB) of data, ne-24

cessitating the equivalent storage capacity of about 16 billion 12-terabyte (TB) hard drives.25

Current storage media are facing significant challenges in accommodating zettabyte-scale26

data due to their limited storage density. DNA has emerged as a highly promising medium27

for storing zettabyte-scale data, owing to its ultra-high density [1, 2]. In addition, DNA28

boasts a longevity that spans centuries and requires minimal maintenance costs [3]. These29

compelling advantages have spurred numerous research initiatives aimed at developing fun-30

damental methodologies for data storage in DNA.31

DNA storage encodes information as multiple unordered DNA sequences, each of which32

is made up of bases (A,T,C,G). Each sequence can have multiple molecule copies in order33

to ensure successful data loading. As depicted in Figure 1a, the DNA storage process can34

be delineated into five steps. Initially, in the Encoding step, digital data is converted into35

nucleotide sequences through in-silico processes. Subsequently, these nucleotide sequences36

are synthesized into physical DNA strands, either in vivo or in vitro, during the Synthesis37

step. The synthesized strands are then stored in containers in the Storage step. To recover38

the stored digital data, the DNA is sequenced to retrieve the nucleotide sequences in the39

Sequencing step. Finally, these sequences are translated back into digital data during the40

Decoding step.41

However, practical implementation faces significant challenges. Some DNA strand pat-42

terns are prone to high error rates because the chemical properties of DNA can lead to43

sequence-specific error rates during synthesis and sequencing [4, 5]. For example, homopoly-44

mers such as AAAA or TTTT are more error-prone during synthesis and sequencing processes.45

MESA classifies error-prone strands into three main types, namely strands with homopoly-46

mers, strands with unbalanced GC content, and strands with undesired motifs [4]. To deal47

with the error, error avoidance and/or error correction should be adopted. Intra-strand error48

avoidance is more important than intra-strand error correction because error-prone sequences49

are not worth error correction, and intra-strand error avoidance can work with inter-strand50

error correction. Most current methods are derived from those used in digital data storage51

and communication, integrating error correction codes such as the Reed-Solomon code [6, 7]52

and Fountain code [8, 9, 10, 11]. Current methods [12, 13, 14, 15, 16, 17, 18, 19, 20] attempt53
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to circumvent these error-prone and unsuitable sequences (i.e., error-prone strands that are54

bad for DNA coding) either through filtering-based methods that exclude unsuitable strands55

after random generation, as with Fountain code [15], or through manual designs [12, 13]56

that deliberately use only low-error and suitable patterns (i.e., low-error strands that are57

good for DNA coding; note that a low-error strand describes the objective property, while58

a suitable strand describes the reasonable choice in DNA coding). Filtering-based methods59

suffer from either endless repetition of generation and rejection caused by strict constraints60

or higher error rates followed by higher copy numbers and lower density caused by loose61

constraints. Filtering-based methods could thus be inefficient, unstable, high in strand er-62

ror rates and low in density (Supplementary §A.2.1). Manual designs require substantial63

effort to adapt to changes in synthesis and sequencing technology and often fail to utilize64

all suitable strands, leading to low density. Also, manual designs are often not compatible65

with customized patterns or artificial nucleotides (Supplementary §A.1.3). Neither approach66

maintains all suitable sequences while avoiding all unsuitable ones, so neither fully leverages67

the potential density of DNA storage with optimal efficiency.68

As explained above, despite the theoretical potential for high-density DNA storage, prac-69

tical and achievable densities are significantly constrained by current techniques [21, 22, 23,70

24, 25, 26]. The current methods face the aforementioned challenges in error avoidance, and71

this limits DNA storage from realizing its full potential.72

We contend that the challenge of DNA storage encoding is fundamentally a constrained73

channel coding problem within the DNA storage context, which necessitates an information-74

theoretic approach [27]. Constrained channel coding refers to the scenario where the channel75

exhibits lower error rates under specific patterns, thus motivating the design of codes that76

primarily utilize strands free from error-prone patterns.77

We are not satisfied with classical constrained channel coding approaches, as they typi-78

cally evolve into manually designed DNA storage coding when applied to this domain [13, 28].79

They often employ the segmented approach, where each segment enumerates an encoding80

set. This can lead to constraints that are either overly strict or overly lenient at the bound-81

aries between segments and the segmented enumeration is slow. Such approaches are highly82

manual and often overly conservative in design, ensuring only that output DNA sequences83
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satisfy constraints without guaranteeing the potential to utilize all constraint-compliant se-84

quences. Inspired by enumerative coding in data compression in information theory [29], we85

seek to establish a one-to-one mapping between all usable DNA sequences in the channel and86

binary data, thereby ensuring no compliant strand is overlooked. However, the prohibitive87

complexity of direct enumerative coding makes it impractical. To retain its advantages88

while overcoming this limitation, we adopt a counting-based encoding approach in place of89

enumeration.90

To address this challenge, we re-evaluate the foundational principles of data storage and91

propose Siyuan Code, an innovative open-source encoding method designed for DNA-based92

data storage. Siyuan Code diverges from traditional manually designed or filtering-based93

methods. Instead, it assigns a unique sequence number to each suitable nucleotide sequence94

with an acceptable error rate, effectively mapping digital data one-to-one to a specific DNA95

sequence within a user-defined range, as shown in Figure 2a. By keeping all suitable se-96

quences and excluding all unsuitable ones, the method inherently achieves theoretically op-97

timal information density through its one-to-one property. To circumvent the impracticality98

of enumerating and storing all feasible sequences, we employ our Trie automaton to iden-99

tify unsuitable patterns and utilize dynamic programming to streamline our counting-based100

mathematical construction in encoding and decoding processes. In terms of time complexity,101

our linear time algorithm ensures that the number of plus/minus/comparison computations102

in one strand is proportional to strand length in our computation. As a result, changing the103

strand length or the changing the constraints hardly affect the coding speed of our algorithm,104

as shown in Figure 3bc.105

Our Trie automaton data structure is inspired by the classic trie tree data structure [30,106

31] and the Aho-Corasick algorithm [32]. Dynamic Programming (DP) serves as a versatile107

and widely applicable classic computational method[31]. Siyuan Code employs our Trie108

automaton—inspired by the Aho-Corasick algorithm—to achieve a practical whole-strand109

bijective mapping for DNA storage. This approach enables theoretically optimal density, a110

capability that previous encoding methods could not attain.111

Unlike filtering-based methods, which face a dilemma between loose constraints (high112

error rates) and strict constraints (endless retries), Siyuan Code operates deterministically113
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and can adopt arbitrarily strict constraints without breakdown. Stricter constraints yield114

lower single-strand error rates and reliable operation with very low copy numbers. These115

combined advantages are key to realizing the substantially high storage density reported for116

Siyuan Code.117

Through computational in-silico simulations and chemical in-vitro experiments with text118

and image files, Siyuan Code delivers information density and storage capacity at competitive119

levels: 1.66 bits per nucleotide (bits/nt) and 41 exabytes per gram (EByte/g), respectively,120

with an encoding and decoding speed of ∼1 megabytes per second (MB/s). This performance121

is 63× faster and 192× denser than the Fountain Code and 435× faster and 18× denser122

than the Yin-yang Code. This encoding and decoding speed is at the level of the full speed123

USB1.1 flash drive (1.5MB/s = 12Mbps). This speed matches the range of early practical124

storage devices, yet we achieve it on commodity hardware. When compared to the often125

cited but highly idealized theoretical limit of 455 EByte/g proposed by Church et.al [33],126

the storage capacity of our method is notable because it approaches a comparable order of127

magnitude. Their calculation assumes 2 bits per nucleotide with zero overhead for indexing,128

error correction, or redundancy - conditions that are practically unattainable, making their129

limit a loose upper bound.130

Siyuan Code offers several additional benefits: (1) it allows for the easy customization131

of patterns to reflect the nuances of various synthesis, storage, and sequencing technolo-132

gies; (2) it supports the integration of artificial nucleotides, such as 5-methylcytosine and133

5-hydroxymethylcytosine, alongside the canonical nucleotides A, C, G, and T; (3) as a de-134

terministic algorithm, it runs stably regardless of data types with no risk of unsuccessful135

encoding or decoding caused by post-filtering; (4) it provides the flexibility to incorporate136

diverse encoding and error-correction techniques as interchangeable sub-modules, akin to137

building with Lego; and (5) it is open source. With the advantages above, Siyuan Code138

could potentially be the starting work of a series of works on whole-strand one-to-one cod-139

ings.140

Positioning and Contributions. This work achieves a full-chain contribution, from141

foundational component innovation to complete system validation, which is concretely man-142

ifested across the following four layers:143
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(1) Component Innovation of Siyuan Code Based on Classical Ideas: To address144

the specific constraints of DNA storage, we conduct targeted improvement and theoretical145

substantiation of classical ideas. The first core component is our Trie automaton as a data146

structure. Building upon the idea of the Aho-Corasick algorithm [32], innovations such as147

the press edge ensure strictly non-amortized time complexity for state transitions, accom-148

panied by theoretical proofs for its construction method and properties. The second core149

component, based on this automaton, uses the idea of dynamic programming [31] to solve150

the “suitable DNA strand” counting problem, serving as the DP component. The third core151

component builds upon the DNA counting solved by the aforementioned DP, utilizing the152

idea of enumerative coding [29] to construct an encoder/decoder component that performs153

encoding and decoding based on DNA counts.154

(2) Construction of the Core Algorithm: Based on the three components above,155

we propose and deeply integrate dynamic programming counting and bijective encoding into156

the Trie automaton, designing and implementing a deterministic bijective encoding core that157

approaches the theoretical limit under complex constraints. This forms the algorithmic heart158

of the entire system.159

(3) Engineering Realization of a Complete Codec System: To equip the core160

algorithm with error-correction and practical functionality, we construct a complete sys-161

tem layer, as shown in Figure 2b. This integrates components such as intra-strand error162

correction, index addressing, and inter-strand error-correction schemes as pluggable mod-163

ules, thereby engineering the theoretical bijective encoding into a robust and practical codec164

capable of processing arbitrary files and resisting biochemical errors.165

(4) Systematic Validation and Performance Benchmarking: We validate the166

method’s scalability and theoretical performance through in-silico experiments. Further-167

more, via rigorous third-party in-vitro experiments under real biochemical conditions, we168

verify all key claims of the system: achieving perfect data recovery with a low copy number169

and high physical storage density.170

In summary, the contribution of this work lies in proposing a complete DNA storage171

coding system—innovated and optimized across its underlying data structures and ideas,172

core algorithm, system implementation, and experimental validation—thereby establishing173
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a solid theoretical and experimental benchmark for its efficiency, reliability, and high density.174

We consider the second layer, the construction of the core algorithm (as shown in Fig-175

ure 2a), to be the most critical focus. This core algorithm can be viewed as both the inte-176

gration and engineering application of the first-layer sub-components, and as the theoretical177

foundation for the third layer.178

Detailed theoretical analyses of components are provided in Supplementary §B (together179

with the comparisons with the classic Aho-Corasick algorithm). Furthermore, given the180

high degree of integration between our first-layer components and classical ideas, we provide181

additional clarification regarding the specific boundaries between these classical ideas and182

our innovations in Supplementary §E.16.183

2 Results184

2.1 A general overview of Siyuan Code185

Siyuan Code constructs a codebook by assigning non-negative integers to DNA sequences186

that exhibit low error rates, effectively creating a high-density encoding scheme. The code-187

book deliberately excludes sequences with high-error-rate motifs, such as homopolymers188

longer than two nucleotides, GC content outside the 40–60% range, and other subsequences189

known to increase error rates, including problematic primers or structural features.190

To encode binary data, the data is segmented into blocks, each of which is translated191

into a decimal number that corresponds to a binary string. This decimal number is then192

used as an index to retrieve a specific DNA sequence from the codebook, with the X-th193

sequence representing the binary string of the integer X. Decoding involves locating the194

DNA sequence within the codebook to find its index, which is then converted back into a195

binary string.196

However, this direct approach is impractical owing to the exponential growth of suitable197

sequences with increasing sequence length, a challenge illustrated in Supplementary Figure 13198

and Supplementary Figure 19. Maintaining an exhaustive codebook and performing lookups199

within it would be prohibitively time-consuming and space-intensive. To mitigate this, we200
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must devise more efficient methods for codebook management and sequence retrieval, as201

shown in Figure 2a.202

To overcome the challenge posed by the vast number of suitable sequences, Siyuan Code203

employs a Trie structure to efficiently catalogue all patterns unsuitable for DNA storage.204

These patterns, which do not increase exponentially with sequence length, significantly re-205

duce the required storage space compared to storing suitable sequences directly. As shown206

in Figure 1c, Siyuan Code enhances the Trie by transforming it into a Trie automaton.207

This structure, coupled with dynamic programming techniques, substantially accelerates the208

encoding and decoding processes. This advanced Trie automaton dynamically computes val-209

ues that facilitate the quick determination of suitable sequences, thereby streamlining the210

traversal through the Trie structure during the counting-based construction with Dynamic211

Programming in the encoding and decoding phases. The algorithm is detailed in §4 with its212

formal proof in Supplementary §B.213

As shown in Table 1, coding potential differs from net information density. Coding po-214

tential represents an extremely high information density under special settings that disregard215

error correction and real-world feasibility. For example, Fountain Code removes all redun-216

dancy and the index (random seed) when calculating coding potential. As a result, coding217

potential represents only a theoretical maximum without feasibility requirements. With the218

density given by coding of previous works, the system does not need to work with error219

correction. Our 2.0 coding potential is in the setting that we input nothing to the Trie220

and make zero limitation to the strands, and at the same time we remove the index and221

error correction and believe the accuracy of DNA synthesis and DNA sequencing. With our222

extreme setting, our method can simply degenerate into quaternary conversion. Our coding223

potential setting is very close to the settings of the previous coding potentials. Also, we think224

that coding potential is too tricky and urge not to use this scoring criterion to evaluate the225

density of codings. We will show the superiority of our method with other criteria.226

As shown in Table 1, net information density differs from actual physical density. Net227

information density accounts for errors and includes important components such as the index228

or random seed to ensure real-world feasibility. However, this density scoring criterion can229

still be manipulated. A sufficiently large copy number for each strand can decrease any230
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strand error to nearly zero. We do not exploit such manipulation and instead provide a231

solution with a very low copy number for each strand. With this low copy number, our232

method remains effective. We acknowledge that net information density can be somewhat233

misleading. For fair comparison, both copy number and strand length must be controlled.234

Only simulation can converge all the previous methods with the same setting in copy number235

and strand length. We will show the superiority of our method with the consideration of236

copy number, by comparing in-silico net information density and in-vitro physical density237

(reported results). The copy number is important when decreasing the physical density and238

a high physical density can save the increasingly precious and costly space in the potential239

large scale and very long term storage.240

Here, we distinguish between in-vitro density and in-vivo density. In-vitro density refers241

to the actual density of dried DNA powder. It is the data size divided by the powder weight.242

If each strand has multiple copies, the average copy number of the strands influences the243

powder weight. In-vitro density excludes the weight of the container because the increase in244

information amount does not depend on the number of containers, and the amortized weight245

of the container converges to nearly zero percent as the data amount increases. Theoretically,246

more than 3100 different DNA strands with index can be stored in one huge container. The247

index length can be decided according to the amount of information to store. In-vivo density248

does not represent actual density for several reasons. First, multiple cells exist and each cell249

contains at least one copy of the data. A single living cell would not be sufficiently robust250

owing to programmed cell death [34]. However, in-vivo density counts the data only once.251

Second, cells used for in-vivo density calculations cannot be dried into powder, and the252

weight of water and other cellular components is not negligible [35]. Additionally, a cell253

such as E. coli can store only a limited amount of information [36], and the cost of cells254

cannot be amortized. This weight is not counted in in-vivo density calculations. Third, only255

approximately 5–10% of the DNA can be edited while keeping the cell alive [37], and plasmid256

capacity is much lower than chromosome capacity. The weight of non-editable base pairs is257

not counted in in-vivo density.258

To roughly estimate the limits of the in-vivo physical density, we do the following cal-259

culation. A E.coli cell has about 4.6 million base pairs [36]. Even if all the bases are used260
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for storage, causing troubles in cell survival, a cell can only store less than 1.09 MB data261

( 4.6×106 bases×2.0bits/base
8bits/byte×1024bytes/KB×1024KB/MB

). To get a theoretical bound for in-vivo storage, the immod-262

erate coding without error correction or detection in vivo presents exactly 2 bits with one263

base pair. The weight of a living cell (10−12g for E.coli [35]) results in an actual density of264

less than 0.9 EByte per gram, which is impractical because there is no extra copy of the cell.265

It is a rough estimation of the theoretical upper bound of the in-vivo storage and the actual266

upper bound should be much lower. If 10% of the base pairs are used in coding to keep the267

cell alive [37], the theoretical upper bound of the in-vivo storage density drops to 0.09 EByte268

per gram. This upper bound is far smaller than the given so-called in-vivo density.269

2.2 In-Silico Experiments270

We evaluate Siyuan Code with in-silico experiments and compare it to prior work, including271

Fountain Code [15], Rotation Code [12], and Yin-yang Code [16]. Recent suboptimal works272

are not taken into comparison. For example, Aeon Code [38] has a lower density than273

the previous state-of-the-art method Yin-yang Code [16] in information density, as shown274

in Table 1. Detailed descriptions and theoretical comparisons of these works are given in275

Supplementary §A. To compare different coding methods, we use the input data from the276

Fountain Code paper, consisting of a zip bomb, a Kolibri OS image, a pioneer SVG picture,277

a book of Shannon, and a small video named the arrival of a train. The total data size278

is 2,145,290 bytes (2.04MB). Siyuan Code is implemented in Python 3.8 and evaluated279

with a 2.6GHz six-core i7-10750H (Windows 10 WSL2). Note that the actual running time280

may vary depending on hardware specifications; however, all performance comparisons were281

conducted on the same hardware platform. The in-silico experiments are conducted via a282

custom simulator, DNASim (Supplementary §C), which calculates the overall error rate of283

encoding systems with error corrections. DNASim utilizes MESA [4] to estimate the error284

rate of a single input DNA sequence with given parameters. DNASim implements a random285

DNA error simulator to compare the density of the methods at the same error rate and the286

error rate at the same density.287

We emphasize that the central reported results — the physical density of 41 EB/g and288

the perfect-retrieval copy number of 6 — are obtained from in-vitro experiments, not from289
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simulation. The simulator is used primarily for comparative analysis and design guidance,290

and all simulation-derived results are explicitly labeled as such throughout the manuscript.291

It is possible to achieve unreasonably high density when error rate is not considered292

and successful decoding is disregarded. Therefore, we compared density under different293

system error rates to avoid unreasonable exploitation of the evaluation criteria. The294

system error rate is the probability that the system can not perfectly retrieve the information.295

As system error rates are key factors affecting the density, we compare the storage density296

of Siyuan Code to prior methods under different system error rates. Figure 3a shows curves297

depicting the relationship between net information density and system error rates. The x-axis298

quantifies the net information density, defined as the ratio of the number of bits effectively299

stored to the total number of nucleotides used, including those allocated for error correction300

and indexing purposes. The y-axis represents the system error rate.301

For each encoding method, we adjusted the level of redundancy applied during data302

encoding to generate a curve demonstrating the interplay between net information density303

and system error rates. As expected, introducing more redundancy diminishes the error304

rate but at the expense of storage density. This inverse relationship is evident as higher305

net information density correlates with increased system error rate. Notably, Siyuan Code306

(SYC-150-dup) outperforms other methods (FC-150-dup and YYC-150-dup) by achieving307

the highest net information density while maintaining the lowest system error rate, striking308

a better balance between data storage density and reliability.309

To deepen our understanding of the performance characteristics of Siyuan Code, we con-310

ducted evaluations varying the copy number (duplication). In practice, to enhance the relia-311

bility of DNA storage, each sequence is typically synthesized several times or amplified into312

multiple copies through Polymerase Chain Reaction (PCR). This copy number redundancy313

allows each unique DNA strand to be sequenced multiple times (achieving a larger sequenc-314

ing depth), facilitating the accurate reconstruction of the original DNA sequence with the315

aid of error detection codes embedded within the strands. In Figure 3a, the curves labeled316

with “-dup” represent scenarios where this replication technique is employed to augment317

net density. The results indicate that Siyuan Code with a strand length of 150 nucleotides318

and duplication (denoted as SYC-150-dup) surpasses the performance of Siyuan Code with319
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the same strand length but without duplication (denoted as SYC-150). Both configurations320

of Siyuan Code significantly outperform prior encoding methods by a considerable margin.321

Furthermore, in the case of SYC-150-dup, 1.66 bits/nt in Table 1 is sufficient for perfect322

information retrieval.323

Strand length is also a critical factor influencing storage density. Our observations reveal324

that as the strand length is extended from 50 to 200 nucleotides (SYC-50 to SYC-200), there325

is a corresponding increase in storage density at comparable system error rates. This trend326

can be attributed to the fact that the overhead associated with fixed-length indexing and327

checksums constitutes a larger proportion of the total sequence in shorter strands. Con-328

sequently, longer strands, which dilute this overhead across more nucleotides, benefit from329

improved storage density.330

Computational efficiency: Post-filtering methods face inefficiency caused by numerous331

rejection and retry loops under strict constraints when attempting to achieve low error rates332

with small copy numbers. Otherwise, post-filtering methods with loose constraints would333

increase either the logical redundancy or the copy number redundancy to gain successful334

decoding and both would lose high storage capacity. Figure 3b and c demonstrate the335

computational efficiency of Siyuan Code and other DNA encoding methods. We used the336

aforementioned 2.04MB file from the Fountain code paper as the input and evaluated the337

performance of encoding and decoding. In Figure 3b, we run different encoding methods338

with various strand lengths under the condition that 4-homopolymers are forbidden and339

show the running time. Siyuan Code outperforms its counterparts significantly, being 63×340

and 79× faster than the Fountain code with a 4-homopolymer restriction in encoding and341

decoding, respectively. Compared to Yin-yang code with the same restriction, Siyuan Code342

is 435× and 106× faster in encoding and decoding, respectively. For very long strands, see343

Supplementary §E.11.344

Notably, as strand length increases, there is a noticeable upward trend in running time345

for Fountain Code. Filtering methods such as Fountain code suffer from the need to reject346

numerous unsuitable strands, leading to a rapid increase in running time with longer strand347

lengths. This occurs because the number of unsuitable strands rises exponentially as length348

increases. Assuming that every k bases have a probability e of containing an unsuitable349
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substrand, a strand of length n would have a cumulative probability of at least (1 − e)
n
k350

to encounter such a substrand. This results in an exponentially decreasing likelihood of351

avoiding unsuitable substrands in the strand as n grows. Consequently, an exponentially352

large number of strands can lead to reject-and-retry cycles, leading to prohibitively long353

running time. As synthesis technology keeps advancing to allow for longer strands, filter-354

based methods struggle to keep pace due to their inability to efficiently process the increased355

strand length.356

Figure 3c presents the running times for various encoding methods with different ho-357

mopolymer constraints at a fixed strand length of 200 nucleotides. The x-axis represents the358

length of the forbidden homopolymer sequence, and the y-axis shows the running time. The359

figure demonstrates that encoding time increases as constraints become tighter. Fountain360

and Yin-yang codes fail to function when 3-homopolymers are forbidden. These filtering-361

based methods are particularly challenged by these stringent conditions, as they must reject362

a high number of unsuitable strands. The rate of unsuitable sequences accumulates along the363

length of the strand, leading to a compounded growth in errors that can severely compromise364

reliability.365

Single-strand error rate: The high efficiency independent of constraint stringency enables366

Siyuan Code to adopt strict constraints and achieve a low single-strand error rate. Single367

strand error rate can again increase the average amount of information stored per strand, as368

shown in Supplementary §E.1. Figure 3d illustrates the single-strand error rates associated369

with various encoding methods. The single-strand error rate measures the likelihood of a370

strand being inaccurately decoded back into its original binary form. In this evaluation,371

we employed the default settings for each encoding method, which means that the system372

error rates were not intentionally equalized for comparison. The Fountain and Yin-yang en-373

coding methods exhibit single-strand error rates exceeding 60%, suggesting that significant374

redundancy is required to achieve system error rates that are within an acceptable range.375

In contrast, Siyuan Code demonstrates its intrinsic advantage by leveraging an understand-376

ing of DNA’s constraints, achieving the lowest single-strand error rate of just 2.2%. This377

indicates that, even with a copy number of one, Siyuan Code maintains a high likelihood378

of accurate strand decoding. When the copy number is increased to five, as indicated by379
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the curves suffixed with “-dup”, the single-strand error rate for Siyuan Code approaches380

zero. Meanwhile, the error rates for Fountain and Yin-yang codes decrease to 33.5% and381

36.9%, respectively, showcasing the benefits of increased copy number and sequencing depth382

in reducing error rates.383

In contrast to filtering-based encoding methods such as Fountain Code, Determinism and384

stability: Siyuan Code produces consistent outputs for identical inputs. This determinism385

benefits both debugging and result replication. Furthermore, determinism enables Siyuan386

Code to work with any positive integer as the maximum homopolymer length, not only the387

value of 2 shown in Table 1. Fountain Code, and other filtering-based methods, depend on a388

random seed and a pseudo-random number generator (PRNG) to transform information into389

DNA sequences. Either loss of the seed or changes in the PRNG can break the connection390

between the sequencing output and the original file, causing failures of decoding.391

In addition to determinism, Siyuan Code can be stably applied to small inputs under392

strong constraints. Owing to randomness and filtering, existing filtering-based methods fail393

to produce correct strands for small files and sometimes enter infinite loops. As shown394

in Figure 3e, when encoding the first paragraph (see the text file in the git repository)395

of Wikipedia’s self-introduction page (https://en.wikipedia.org/wiki/Wikipedia) with a 4-396

homopolymer forbidden, the Yin-yang code has approximately a 23% chance of failing to find397

a pair of suitable blocks to form a suitable sequence. In other words, all strands that Yin-398

yang code generates fail to satisfy the constraints, causing the algorithm to become stuck399

in an infinite loop. This failure rate escalates to 100% when the restriction is tightened400

to forbid 3-homopolymers, rendering the encoding of nearly any file incorrect under such401

stringent constraints. In contrast, Siyuan Code operates successfully under these challenging402

conditions, demonstrating superior stability with both small inputs and stringent constraints.403

2.3 In-Vitro Experiments404

To assess the practical performance of Siyuan Code, we conducted a real-world test using405

a diverse set of data, including the logo of our university, a “Hello World” C++ program,406

a textual introduction to the university, and an Atari game video. This file collection was407

compressed into a 30KB file using 7-zip [39, 40] and then encoded with Siyuan Code. After408
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synthesizing the DNA strands, we sequenced them and applied Siyuan Code to decode the409

data. The result was a complete and accurate reconstruction of the original compressed file,410

with all components intact and error-free.411

Experiment Parameters and Setup412

In synthesis, each DNA strand is 170 nt in length, including the 18-nt forward primer and413

the 18-nt reverse primer. The forward primer is chosen as “CTCGTAGACTGCGTACCA”,414

and the reverse primer is chosen as “GACGATGAGTCCTGAGTA” [41]. Figure 4d illus-415

trates that the internal 134 nucleotides encode 32 bytes of data, including 27 bytes for file416

data, two bytes for indexing, and a three-byte checksum, which is the first 24 bits of the file417

data’s SHA-1 results. The transformation of these 134 nucleotides and 32 bytes is decided by418

Siyuan Code, where the maximal allowed homopolymer length is two, and the allowed GC419

percentage is 20%–80%. The GC percentage is controlled by the law of large numbers by ex-420

cluding all five-nucleotide subsequences whose GC content falls outside 20%–80%. Undesired421

motifs, including primers and subsequences (adjacent substrings of a DNA strand) known422

to have high error rates [4], are also excluded from the Siyuan Code codebook. We chose423

Reed-Solomon Code for error correction across strands, and the parameter is k = 58 and424

n = 63, i.e., five parity sequences are generated for every 58 sequences in an error correction425

group. The parameters listed above should be kept by the file owner to recover the data.426

The DNA strands were synthesized using chemical chips [42, 24, 25], with each sequence427

replicated into six physical copies during synthesis. The strands were then dried and stored428

without PCR (Polymerase Chain Reaction). To prepare for sequencing, we amplified the429

DNA strands through PCR to facilitate multiple sequencing iterations. On average, each430

strand underwent approximately 510.8 sequencing passes. Subsequently, the resulting se-431

quences were merged using a paired-end read merger [43] and repaired through error detec-432

tion and correction algorithms.433

Evaluation of Physical Density434

About 95.3% of the sequences are measured correctly in the sequencing, and all sequences435

are recovered with the error correction. The physical information density can be estimated436

as follows. The average molecular weight of a base is 308.95 g/mol. As expected, the437

molecular weight of a strand is 79 + 308.95 × 170 = 52600.5 g/mol. The weight of the438
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strands is about 1253 × 6 × 52600.5/(6.022 × 1023) = 6.5668 × 10−16 g. The information439

of the strands is 31127 bytes. The size before compression is 86808 bytes. The density is440

31127/(6.5668× 10−16) = 47.4× 1018 bytes/g ≈ 41 EByte/g. Considering the compression,441

the density is 86808/(6.5668× 10−16) = 132.2× 1018 bytes/g ≈ 115 EByte/g.442

Note that the 41 EByte/g is the real-world wet lab density. If we ignore the copy number443

6 and consider the compression as a part of the code, the density can then become an444

eye-catching presentation with the 688 EByte/g. To avoid misunderstanding and avoid445

unfairness, we describe the different densities of our method in the Supplementary §E.10.446

Figure 4a displays a comparative analysis of physical density across various storage meth-447

ods, with the horizontal axis representing the methods and the vertical axis indicating the448

physical density. The comparison visually illustrates that Siyuan Code achieves a signifi-449

cantly higher density than previous state-of-the-art methods by one to two orders of magni-450

tude. The concrete numbers can be seen in Table 1.451

Comparison of Sequence Designs452

Figure 4d contrasts the sequence designs of oligonucleotides. To encode the same 32453

bytes of information within a single strand, Siyuan Code requires only 189 nucleotides (nt),454

whereas Yin-yang Code (YYC) and Fountain Code (FC) both require 200 nt. This highlights455

a substantial difference between previous methods and Siyuan Code. The latter does not456

prescribe a fixed strand length for each segment but instead specifies the volume of informa-457

tion to be stored per strand. Moreover, Siyuan Code is compatible with more cost-effective458

synthesis lengths, such as 170 nt in vitro (see §2.3).459

For reference, we calculate the density of Yin-yang Code exclusive of fixed overhead.460

The in-vitro physical information density of Yin-yang Code stands at 2.25 exabytes per461

gram (EByte/g). Within each 200 nt strand, there is a 16 nt Reed-Solomon (RS) error-462

correcting code, a 16 nt index, and two primers, each 20 nt long. Excluding the two indexes,463

the density of Yin-yang Code increases to 2.25× 200
184

= 2.45 EByte/g. When further removing464

the error-correcting code and primers, the density escalates to 2.25 × 200
128

= 3.52 EByte/g.465

This analysis reveals that the enhanced density of Siyuan Code is not solely due to reduced466

redundancy. It also benefits from a lower error rate and consequently a reduced average copy467

number per oligonucleotide sequence.468
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Error Analysis469

The evaluated data of Siyuan Code in the vitro experiments is organized into twenty error470

correction groups. Each group comprises 58 data strands and five parity strands, resulting471

in an approximate redundancy rate of 8%.472

Figure 4c presents the error rate, required redundancy rate, and actual redundancy rate473

for these groups. The error rate is determined by the proportion of strands that cannot474

be accurately read after employing the paired-end read merger technique. The required re-475

dundancy rate is the ratio of the minimal number of additional strands needed for group476

recovery with inter-strand error correction to the total number of data strands. The redun-477

dancy rate, which is not less than the maximal redundancy rate needed among the groups,478

is the actual redundancy rate in vitro experiments. The distribution of the required redun-479

dancy rate resembles a normal distribution, ensuring that redundancy is utilized efficiently480

and not excessively. The experiment results show that each group’s actual redundancy rate481

is no less than the required redundancy rate, indicating that Siyuan Code can successfully482

decode all groups.483

Figure 4b illustrates the distribution of edit distances between correctly synthesized484

strands and their closest sequenced counterparts. The horizontal axis represents edit dis-485

tance, and the vertical axis shows the number of strands at each distance. Edit distances less486

than 5 typically result from sequencing errors, whereas distances greater than 15 indicate487

strand loss. Notably, our method achieves a molecule copy number as low as 6, significantly488

lower than previous efforts. The missing strands are likely due to limited sequencing depth489

and copy number, and we observe a decrease in the error rate with increased sequencing490

depth and copy number.491

3 Discussion492

Siyuan Code proposes a method for converting digital data into DNA sequences. While the493

basic idea is straightforward, Siyuan Code addresses the fundamental challenges of excessive494

memory and computation requirements. Siyuan Code provides several advantages over ex-495

isting solutions. First, Siyuan Code establishes a one-to-one mapping from suitable strands496
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to binary data through the codebook, enabling convergence to the theoretical optimal den-497

sity of DNA storage. Actually, the in-vitro results demonstrate that Siyuan Code achieves a498

physical density of 41 exabytes per gram (EByte/g). This can be contextualized against the499

often-cited but highly idealized theoretical limit of 455 EByte/g (Church et.al [33]), which500

assumes 2 bits per nucleotide with zero overhead and thus represents a loose upper bound501

for an essentially unattainable scenario. Second, the encoding and decoding procedures of502

Siyuan Code are deterministic and efficient. In contrast to previous methods such as Foun-503

tain Code and Yin-yang Code, which depend on randomness and reject-and-retry cycles504

and suffer from random encoding and decoding failures, Siyuan Code operates without ran-505

domness or unbounded reject-and-retry cycles. The experiment shows Siyuan Code runs at506

the speed of the same level as full speed USB1.1 flash drive. Third, this efficiency enables507

Siyuan Code to adopt strict constraints that enhance single-strand accuracy. With higher508

accuracy, the copy number can be substantially reduced. The reduction in copy number509

can increase the physical density. Siyuan Code can perfectly retrieve all the data with a510

small copy number, which means that it is more robust with larger copy numbers. Fourth,511

Siyuan Code is a highly customizable approach that permits modification of its one-to-one512

mapping through user-defined rules. This versatility allows Siyuan Code to be fine-tuned513

for enhanced precision and to adapt to various conditions, including emerging synthesis or514

sequencing technologies and the incorporation of artificial nucleotides.515

Siyuan Code also has certain limitations. First, control over global GC content in Siyuan516

Code is subject to the law of large numbers, meaning that while GC content may approach517

50% on average, there is a small but non-zero probability of deviation from this ideal. The518

deviation probability is so small (as proved in Supplementary §B.1.3 and shown by the ex-519

perimental result in Supplementary Figure 4) that it could be ignored to some extent and520

Siyuan Code works well with sufficient redundancy. To avoid ambiguity, we would like to521

clarify: only the global GC content, which tends to approach 1/2 as strand length increases,522

is governed by the law of large numbers. In contrast, the local GC content is actively523

constrained by Siyuan Code (as explained in Supplementary §B.1.2). Alternatively, we rec-524

ommend filtering strands after generation with Siyuan Code, which is more efficient than525

previous methods. This efficiency arises because rejecting sequences based solely on global526
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GC content, which naturally tends toward 1
2
, is statistically inexpensive, whereas other con-527

straints (e.g., local motifs, homopolymers) do not resolve automatically and would otherwise528

require far more costly filtering. Crucially, Siyuan Code avoids the need to generate an529

exponentially large pool of unsuitable strands, making the process feasible within polyno-530

mial time even for long strands and stringent constraints. In contrast, earlier post-filtering531

techniques struggle with efficiency due to the vast number of unsuitable strands that need to532

be randomly generated and then discarded (as explained in Supplementary §E.8). Second,533

Siyuan Code does not account for inter-strand chemical reactions. However, this limitation534

is not expected to significantly impact sequencing results, as such reactions are unlikely to535

interfere with the process. Also, it can be solved with minor revision of Siyuan Code in536

dynamic data structure. Finally, the example application of Siyuan Code is based on the537

error pattern described by MESA [4] and therefore depends on the accuracy of that error538

model. However, other error models and simulators can be applied, and Siyuan Code is not539

inherently limited to a single error profile.540

We admit that our testcases are not very large, but it is large enough to show the541

property and the advantage of Siyuan Code. The discussion of data scale can be found in542

Supplementary §E.5.543

We plan to explore the application of Siyuan Code encoding in in vivo settings, as well544

as its adaptation to emerging sequencing technologies such as Nanopore, in future work.545

However, these aspects will not be elaborated in the current paper, as its primary focus and546

core contribution lie in validating the advantages of Siyuan Code encoding through in vitro547

methods.548

4 Methods549

4.1 Basic Ideas and the Strawman550

We argue that DNA storage encoding is, at its core, a constrained channel coding problem,551

demanding an information-theoretic solution. Constrained channel coding arises when a552

channel demonstrates reduced error rates under specific sequence patterns, thereby guiding553
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code design toward strands that avoid error-prone motifs [27].554

Instead of developing an approach to transform binary strings into DNA sequences via555

complex encoding rules, we enumerate all DNA sequences suitable for DNA storage and556

build a one-to-one mapping between binary strings and these suitable sequences. By looking557

up the mapping, we can easily transform between binary strings and DNA sequences. This558

is inspired by enumerative coding in data compression in information theory [29].559

Figure 5 shows an illustration of the approach. Specifically, with a given length M,560

we enumerate all 4M possible DNA sequences of length M and filter suitable sequences.561

Supposing we get Q suitable sequences, we map each of them to the number from 0 to Q-1562

(both inclusive). Consequently, we get a one-to-one mapping of DNA sequences of length M563

and the numbers from 0 to Q-1. We use these numbers to present N = ⌊log2Q⌋ binary bits.564

Note that since we build the mapping for an integer number of binary bits, not all Q states565

are used in the current method. A variation of the method can first transform binary data566

to Q-ary strings to fully utilize these Q states. As a result, we can get a DNA sequence of567

length M to present a binary string of length N.568

The one-to-one mapping method is more straightforward than existing DNA coding meth-569

ods. However, to reduce the offcut percentage in the mapping and satisfy DNA storage re-570

quirements, M must be sufficiently large. This requirement introduces several critical issues571

that hinder its use in storage applications. First, the number of permutations increases ex-572

ponentially with M, and filtering suitable sequences from numerous candidates could require573

significant time. Second, storing the one-to-one mapping requires substantial storage space.574

Third, encoding and decoding methods require direct and inverse lookups in the mapping,575

which consume substantial time when the mapping is large. We thus propose Siyuan Code576

based on the one-to-one mapping method with several optimized designs to solve these issues.577

4.2 Siyuan Code Method578

Siyuan Code Core Algorithm (Figure 2a) originates from the one-to-one mapping concept579

and is optimized by the observation that although the number of suitable sequences can580

be large, the patterns of unsuitable sequences are simple and easy to represent and store.581

Siyuan Code leverages a Trie [31] structure to store all patterns of unsuitable sequences,582
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with which the one-to-one mapping of binary strings and suitable sequences can be derived583

via computation.584

Patterns of Unsuitable Sequences. As stated previously, a suitable sequence must585

satisfy three rules.586

1. No homopolymer longer than K;587

2. GC content percentage between GCmin and GCmax;588

3. No undesired motifs in the sequence.589

Accordingly, an unsuitable sequence should contain at least one subsequence matching590

one of the following patterns:591

1. K + 1 repeated nucleotides, e.g., “AAAA” and “TTTT”;592

2. Sequences of a given length (e.g., five) with GC content percentage less than GCmin593

or larger than GCmax (e.g., 20% and 80%);594

3. Undesired motifs.595

Most patterns are straightforward. For GC content percentage, we limit the pattern sequence596

length to five and relax the acceptable GC content percentage range to 20% to 80%. As shown597

and proved in Supplementary §B.1.3, the method largely excludes permutations that cause598

high error rates due to extreme GC rates in sequences. For permutations not filtered by the599

pattern, the errors can be corrected via our error-correcting algorithm, as our experiments600

show in §2.601

Although the number of unsuitable sequence patterns is much smaller than that of suit-602

able sequences, an efficient data structure is still required to store all patterns. As shown603

in Figure 1c, Siyuan Code stores all unsuitable patterns in a Trie [30] structure, where each604

pattern is represented by a path from the root to one of the annotated nodes. For example,605

in Figure 1c, TTATA is an unsuitable subsequence stored in the Trie. The subsequence is606

presented by the node indicated by the path T, T, A, T, A, successively from the root. As an607

optimization, for two unsuitable sequences, A and B, if A is a prefix of B, we can remove B608
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from the storage since all sequences containing B always contain A. Avoiding the existence609

of A will also eliminate the appearance of B in DNA sequences.610

Automaton and Dynamic Programming. We build a Trie Automaton from the Trie611

to facilitate encoding and decoding. Specifically, in addition to the edges in the original Trie612

(tree edges), we calculate and add two additional edge types for each node, namely press613

edges and fail edges. We leave the automaton construction and proof in the appendix and614

emphasize its high efficiency in the appendix since the proof and analysis are exactly based615

on traditional methods.616

With press edges and fail edges, we further facilitate encoding and decoding using dy-617

namic programming. We define Path(v) as the sequence represented by the path from the618

root node to node v. We define childc(v) as the child node of v by following the edge (i.e.,619

nucleotide) c. We define F (v) to be the node so that Path(F (v)) is the longest suffix of620

Path(v) in the tree. F (v) is the same as the traditional “fail link” or “suffix link” of the AC621

Algorithm [32].622

F (childc(v)) =

root F ∗
c (v) is ∅

childc(F
∗
c (v)) otherwise

(1)

F ∗
c (v) is defined to be the shortest sequence of F acting on the node v until it has child623

c. If such a sequence does not exist, return ∅.624

F ∗
c (v) =


∅ v is root

F (v) if childc(F (v)) exists

F ∗
c (F (v)) otherwise

(2)

For any nucleotide c (i.e., c ∈ {ATCG}), we define Pc(v) to be the node that Path(Pc(v))625

is the longest suffix of Path(v) + c in Trie. Pc(v) can be calculated with:626
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Pc(v) =


childc(v) if childc(v) exists

root if v is root and childc(v) does not exist

Pc(F (v)) otherwise

(3)

With fail edge F (·) and press edge Pc(·), we further calculate an auxiliary array for each627

node. Specifically, for each node v, Siyuan Code calculates PC(v, t), the number of paths628

of length t starting from node v without visiting any unsuitable node. An unsuitable node629

is a leaf of a Trie tree, which presents an unsuitable subsequence stored in the Trie. An630

unsuitable endpoint is a node that visits an unsuitable node pressing the right side primer631

from the end point node.632

By dynamic programming and the Trie automation, we can calculate PC(v, r) for all633

nodes in the Trie and all 0 ≤ r ≤ m:634

PC(v, r) =


0 v is unsuitable

1 v is not unsuitable and r = 0∑
c PC(Pc(v), r − 1) v is suitable and r > 0

(4)

The first two cases are intuitive; the last case is based on an observation that a suitable635

path of length r > 0 from v can be seen as the combination of two parts: an edge following636

the nucleotide c and a path of length r − 1 from Pc(v). Thus, the number of suitable paths637

of length r > 0 from v can be obtained by enumerating the first edge (nucleotide c) and638

summing the number of suitable paths of length r−1. Note that it does not matter whether639

Pc(v) is an suitable node, because PC(Pc(v), r−1) = 0 if Pc(v) is unsuitable. A small revision640

to PC shown in the appendix can be taken in order to take the primer into consideration641

and the idea is the conditional counting of PC under the condition that the reverse primer642

is added to the sequence.643

Encoding. In Siyuan Code, encoding transforms any binary input to DNA sequences using644

Trie Automaton and dynamic programming array (the path count array, i.e., PC(v, r)).645

The core procedure in encoding is to find the K + 1th lexicographical smallest suitable646
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sequence of length L. Let Enc(v, k, l) be the k + 1th smallest suitable path of length l from647

v.648

Enc(v, k, l) = c+ Enc(Pc(v), k −
∑
i<c

PC(Pi(v), l − 1), l − 1), (5)

where i, c ∈ {ATCG} and c is the largest nucleotide such that Pc(v) is a suitable node649

and
∑

i<c PC(Pi(v), l − 1) ≤ k. The calculation is not difficult. At node v, we enumerate650

the next nucleotide in the sequence in lexicographical order. For a nucleotide i, there are651

PC(Pi(v), l − 1) suitable paths of length l − 1. In other words, there are PC(Pi(v), l − 1)652

suitable sequences of length l, starting with i from the node v. If the PC(Pi(v), l − 1) is653

larger than k, then i is the right nucleotide to pick; otherwise, we subtract PC(Pi(v), l − 1)654

from k and try the next nucleotide. The output of the encoder should be Enc(root, K, L) if655

there is no primer. A small revision to the process shown in the appendix can be taken in656

order to take the primer into consideration and the idea is the conditional counting finding657

the K + 1th under the condition that the forward primer and the reverse primer are added658

to the sequence.659

Decoding. Decoding is the reverse process of encoding. Given a nucleotide sequence,660

it counts the number of suitable sequences lexicographically smaller than that sequence.661

Let Dec(v, s, l) be number of suitable sequences lexicographical smaller than the sequence662

s = (c1, c2, · · · , cl), ci ∈ {ATCG} from v.663

Dec(v, s, l) =
∑
i<c1

PC(Pi(v), l − 1) + Dec(Pc1(v), s′, l − 1), (6)

where i ∈ {ATCG} and s′ = (c2, · · · , cl). The calculation is straightforward. At node v,664

all suitable sequences of length l that are smaller than s consist of two categories: those665

starting with c1 and those starting with i where i < c1. The number of sequences starting666

with c1 is calculated by Dec(Pc1(v), s′, l − 1) where s′ is the subsequence after the first c1.667

The number of sequences starting with nucleotide smaller than c1 is calculated by summing668 ∑
i<c1

PC(Pi(v), l − 1) for i ≤ c1. The output of the decoder is Dec(root, S, L), where S is669

the given sequence and L is its length if there is no primer. A small revision to the process670
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shown in the appendix can be taken in order to take the primer into consideration and the671

idea is the conditional counting under the condition that the forward primer and the reverse672

primer are added to the sequence.673

Chunking and Redundancy. Before encoding, Siyuan Code treats the binary message674

as a binary sequence, which is first divided into chunks for DNA synthesis. To preserve the675

order of chunks, each chunk is attached with an index sequence indicating the chunk order,676

as shown in Figure 2b.677

In our in-silico experiments, each slice consists of 256-bit data, 16-bit index, and 8-bit678

SHA checksum. In our in-vitro experiments, each slice consists of 216-bit data, 16-bit index,679

and 24-bit SHA checksum. Although the encoding of Siyuan Code already excludes strands680

with high error rates during synthesis, storage and sequencing, errors might still occur with681

a non-zero probability. Thus, Siyuan Code leverages intra-slice error detection and inter-682

slice error correction to tolerate accidental errors. Note that the parameters above can be683

user-defined, so the index can be longer for larger files.684

As shown in Supplementary Figure 9, 8-bit checksum value is appended to each slice.685

The checksum covers both data and index so that any error in the slice will cause checksum686

failures. The intra-slice error detection helps the sequencing with more depth, and is used687

as a sign of whether the data in the slice can be considered corrupted for inter-slice error688

correction.689

As errors in different slices can be considered independent, we adopt erasure code for690

inter-slice error correction. Taking Reed-Solomon code as an example, 12 redundant slices691

are added for every 100 slices. Note that only the data part is protected by the erasure code,692

and redundant slices has their own checksum covering their index and the parity data.693

The Complete Procedures of Encoding and Decoding. As shown in Figure 2b, the694

encoding procedure:695

1. Data is cut into chunks;696

2. Redundancy slices are added to support inter-slice error correction;697
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3. The index is inserted into slices to preserve slice orders;698

4. Checksum is calculated for intra-slice error detection;699

5. Each binary sequence is translated to DNA sequences.700

The decoding procedure is basically the opposite:701

1. Select strands and decode them into binary slices. Note that multiple duplicates of702

slices are kept to decrease the error rate;703

2. Remove binary slices with the checksum failures;704

3. Sort strands using the index;705

4. Recover missing or corrupted slices using inter-slice error correction;706

5. Get the stored data by concatenating the data part in order.707

Statistics & Reproducibility708

No statistical method was used to predetermine sample size. No data were excluded from709

the analyses. The experiments were not randomized. The investigators were not blinded to710

allocation during experiments and outcome assessment. The core coding scheme presented711

in this work is a deterministic algorithm whose theoretical properties are established ana-712

lytically. The in-vitro experiments (DNA synthesis, storage, and sequencing conducted by713

GenScript) serve as experimental validation of the coding scheme’s practical feasibility. All714

results are reproducible using the publicly available code and data (see Code Availability715

and Data Availability).716

Data Availability717

The experiments are conducted and verified by a third-party organization (GenScript). The718

sequenced results (fastq) by GenScript with the stored files are publicly available at:719

https://github.com/DNASiyuanCode/SiyuanCodeSequencing720
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https://gitea.sjtu-edu.top/SiyuanCode/SiyuanCodeSequencing721

The sequencing data have also been deposited in Zenodo 10.5281/zenodo.21357059 [44].722

The data and code can also be accessed via the Code Ocean capsule. Source data are723

provided with this paper.724

Code Availability725

The Python implementation of Siyuan Code is publicly available at:726

https://github.com/DNASiyuanCode/SiyuanCode727

https://gitea.sjtu-edu.top/SiyuanCode/SiyuanCode728

The code has also been deposited in Code Ocean 10.24433/CO.4952245.v1 [45].729
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Tables875

Table 1: Comparison among popular methods
NGDIS [33]

(Church et al.)

PHCLMIS [12]

(Goldman et al.)

RCPDIS ECC [13]

(Grass et al.)

Fountain Code [15]

(Erlich et al.)

Yin-yang Code [16]

(Ping et al.)

Aeon Code [38]

(Welzel et al.)

DNAFormer [28]

(Bar-Lev et al.)

Siyuan Code

(This work)

Error correction strategy No Repetition RS Fountain RS Fountain+CRC RS+DL RS

Robustness against

excessive errors
Yes Yes Yes No Yes Yes Yes Yes

Coding potential

(bits · nt−1)
1 1.58 1.78 1.98 1.95 N/A N/A 2

Net information density

(bits · nt−1)
0.83 0.33 1.14 1.57 N/A 1.15 1.6 1.66

Physical density achieved

(In vitro) (EBytes · g−1)
0.00128 0.00225 0.025 0.214 2.25 Not Given Not Given 41

GC content (%) of

sequences
2.5–100 22.5–82.5 12.5–100 40–60 40–60 40-60 45-55 42.9 - 57.6

Maximum homopolymer

length (nt)
3 1 3 4 4 3 4 2

Customized maximized

homopolymer length (nt)
≥ 1 = 1 ≥ 3 ≥ 4 ≥ 4 ≥ 3 =4 ≥ 1
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Figure 1: Overview illustration of Siyuan Code. a, Five stages of DNA storage
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mathematical core of bijective coding.
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counting and counting-based enumeration-less bijective enumerative coding. b, Siyuan Code

employs Siyuan Code Core Algorithm with error correction and index plugins to deal with

file-to-DNA coding. Icons are in the Public Domain.
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Figure 3: In-silico Experiments. FC: Fountain Code; RC: Rotation Code; SYC:
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ber=5), i.e., replication is employed during sequencing; thus, SYC-150-dup
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The relations between system error rate and the density for different coding methods. The
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Figure 4: In-vitro Experiments and sequence design. a, The physical density of

all the methods in comparison. b, The statistics of edit distance from the input strands

to the closest sequenced strands. c, The error rate, the redundancy rate needed and the

redundancy rate of each group during error correction after sequencing. Group: the group

refers to the Reed-Solomon data block. Error rate: the ratio of errored strands in each group.

Redundancy rate: the actual redundancy given in each group. Redundancy rate needed: the

minimal proportion of extra strands needed in decoding correctly. d, The sequence design

of oligo generated by Siyuan Code, YYC and Fountain code. Each rectangle represents a

DNA strand. For all panels in this figure, the data pertaining to our work can be reproduced

using the provided test code and sequencing data. Panel d is a schematic illustration and

does not involve experimental data, though its proportions are accurate.
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(the F function) of vertex v, the parent vertex is taken into consideration. Walk through

the F edge from the parent vertex until the edge has a c child. Then the c child is the Fail

of v. With the help of F ∗
c or Pc, O(1) time is needed to derive Fail Edge. The blue point is

the vertex v. The red points are the relevant points. c, When deriving the Press Edge (the
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d, When driving the Press Edge (the Pc function) of vertex v, if v does not have the c child,

walk through Fail Edge until it has a c child. The Pc of v is the c child. With the help of F

and Pc, the Press Edge can be efficiently derived. e, The example of PC value calculation.

The number of suitable strands starting from vertex v can be the sum of the numbers from

all its immediate successors. f, The principle of encoding and decoding. When the next

DNA base from vertex v is unknown, calculate the numbers of its successors and see which

successor contains the kth suitable strand.
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883

A Existing Work of DNA Storage884

After the possibility of storing information in DNA is proved in 1988 [1], a large number885

of attempts at DNA storage have been made as shown in Supplementary Figure 1. Many886

storage researches have been proposed to fit the storage with DNA. These researches can887

be classified into two big types, DNA coding and supporting facilities. DNA coding is to888

study how to encode and decode. Supporting facilities emphasize some techniques to help889

DNA coding design. Two main types of DNA coding are manually designed DNA coding890

and filtering-based DNA coding. One is based on manpower design and the other is based891

on random generating and filtering.892

A.1 Manually Designed DNA Coding893

Some early works on DNA storage restrict the coding manually to avoid unsuitable error-894

prone sequences. For example, Church’s coding [2] is designed to map A/C to 0 and G/T to895

1. As each bit can be presented by two kinds of nucleotides, it is easy to encode the data to896
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avoid homopolymers and control the GC percentage. The obvious disadvantage of Church’s897

coding is the low storage density (1 bit/nt), which makes it unsuitable for large-scale data898

storage considering the high cost of DNA synthesis.899

Goldman’s coding [3] is built on a rule that the meaning of each nucleotide depends on900

its previous nucleotide in the sequence, and no two consecutive nucleotides are the same.901

Such a rotating coding avoids homopolymers by design and matches the ternary since three902

nucleotides are available for each position in the sequence. Consequently, the encoding pro-903

cedure of Goldman’s coding, or rotation code, converts binary strings to ternary and encodes904

to nucleotide sequences via the rotated coding table. Though it has a higher density than905

Church’s coding, Goldman’s coding is still over-conservative and several available sequence906

patterns are excluded by the fixed coding rule.907
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A.1.1 Base conversion908

A type of manually designed DNA coding is based on base conversion. Taking Goldman et909

al.’s effort [3] as an example, Goldman’s method first converts the binary information into910

ternary and then converts each ternary bit into a base. Such manually designed methods911

convert the information into k-base form and give a mapping from {0 · · · k − 1} to a small912

segment of strands.913

Grass et al. [4] maps 47 sequences of length 3 to integers from 0 to 46. The coding rule914

only avoids four-homopolymers which further utilizes the coding space. Bornholt et al. [5]915

enables compression with a Base 3 Huffman code when converting binary strings to ternary916

sequences. Suyehira et al. [6] maps 39 sequences of length 3 to integers from 0 to 15. The917

coding rule is not fixed because each hexadecimal digit corresponds to at least 2 different918

sequences of length 3.919

Bar-Lev et al. [7] employed a deep learning approach to correct insertion and deletion er-920

rors, which complemented Reed-Solomon (RS) coding used for substitution error correction.921

They adopted a partitioned codeword set generation strategy, where a predefined binary-922

to-DNA block lookup table was constructed through enumeration. This ensured that the923

minimum edit distance between any possible block codewords was no less than 3, thereby924

enabling error correction using conventional information-theoretic coding methods. Their925

error avoidance can be regarded as variant of the approach by Grass et al. [4]. Their block926

lookup table can be regarded as a manually designed method, because the error pattern927

is not customizable like filtering-based methods. Manually designed methods need manual928

work in lookup table generating. Also, it is impossible for their method to fully account929

for error avoidance between two adjacent blocks—either a conservative approach leads to930

under-utilization of low-error strands, or an aggressive strategy results in the use of error-931

prone strands. Although longer block lengths can help mitigate imperfections and overhead932

between adjacent blocks, they also introduce significant storage costs, thus preventing the933

use of excessively long blocks. That is one of the reasons why their net information density934

without constraints is still not large enough.935

A base conversion with larger blocks in base conversion utilizes more coding space. How-936
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ever, the designing of the big blocks with manual design is impractical and manpower wasting.937

Small blocks either waste too much coding space or accidentally include unsuitable patterns938

because the suitable pattern is not simply the replication of k-base digits. In fact, the suit-939

ability depends on adjacent blocks. Also, a base conversion method cannot avoid specific940

patterns unless it uses unfixed mapping. When a base conversion uses unfixed mapping, it941

wastes at least half of the coding space and at least one bit for each small block in base942

conversion.943

A.1.2 Simple mapping944

A type of manually designed DNA coding does not do the base conversion. Take Church’s945

coding [2] as an example, Church’s method simply maps each base to a binary bit. Such946

manually designed methods are more flexible and have nearly nothing in common except947

that they are manually designed.948

Blawat et al. [8] maps 3 adjacent pairs of bits to 3 bases and maps the following pair of949

bits to 2 bases and avoids 7homopolymer. The mapping is not like base conversion because it950

does not map the same length of binary data to the same length of strand. Also, this method951

provides options for users to select the coding because binary information corresponds to952

multiple choices of strands in order to avoid unsuitable patterns. Wang et al. [9] maps the953

binary data to the strands with Markov process finite state transition. This method avoids954

homopolymers of length 3 with base A. Nguyen et al. [10] refers the constraint of the count955

of base in order to avoid secondary structure. Any substrand is not the reverse of another956

substrand.957

However, simple mapping methods are based on delicate design and all their avoided958

pattern are all by manpower-wasting manual design and their designs are not accurate enough959

to preclude all unsuitable patterns while keeping all suitable patterns. Their inaccuracy can960

lead to a low encoding density.961

A.1.3 Summary of Manually Designed DNA Coding962

In summary, these manually designed coding methods leverage manually decided rules to963

avoid unsuitable sequences. These rules are usually easy to implement and fast to execute.964
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However, as the fixed rules usually preclude suitable sequences by accident, these methods965

cannot leverage all sequences suitable for DNA storage, resulting in low encoding density.966

Also, the fixed rules sometimes include some unsuitable sequences by accident when the967

rules are based on radical strategies, resulting in high redundancy in error correction and968

low density to fix the high error rate. Besides, it’s difficult, if not impossible, for these969

methods to adjust customized rules, for example, the length of allowed homopolymers. To970

sum up, all the manually designed coding methods have worse density values and other971

properties than Yin-yang code [11] mentioned in Table 1. Only the state-of-the-art methods972

are ineluctable in comparison.973

A.2 Filtering-based DNA Coding974

Another category of DNA coding methods generates DNA sequences and filters these se-975

quences to avoid unsuitable sequences for DNA storage. The sequence generation method is976

usually based on randomization, so new sequences can be generated for the same data when977

the last generated sequence is rejected.978

Fountain code [12] is an advanced DNA coding method that relies on filtering. It ran-979

domly generates a pseudorandom matrix to encode data and filters the generated sequences980

for DNA storage. The filtering considers both homopolymers and GC percentage, i.e., se-981

quences with unacceptably long homopolymers or biased GC content percentages are re-982

jected. Fountain code is friendly to error correction since a portion out of all sequences is983

sufficient to make a successful decode. Thus, even if some generated sequences are filtered984

out, the remaining sequences are still sufficient for decoding. At the same time, the ran-985

domizations increase the computation complexity since the probability of generating enough986

suitable sequences might be too small to encode in a reasonable time.987

Yin-yang code [11] also leverages randomization to generate sequence candidates and988

uses filters to select suitable sequences for DNA storage. Yin-yang code randomly chooses989

slice pairs to generate pseudorandom sequences via yang rules and yin rules to store informa-990

tion. Filters avoid 5-homopolymers and guarantee that the GC content percentage is within991

40%–60% with appropriate free energy. The filtering rules are slightly looser than previous992

work, which contributes to a higher encoding density but requires a large sequence depth993
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(≥100×) to tolerate single-strand errors. Yin-yang code is the first filtering-based codec that994

nearly eliminates the additional redundancy required by Fountain codes, which need extra995

redundancy to ensure successful decoding even without considering error correction.996

Organick et al. [13] adds the random access function to the RS code and filters undesired997

patterns of strands and primers. De Bruijn [14] uses fountain code as the outer code and998

uses Bruijn graph to generate the inner code. However, the method brings together the999

disadvantages of both manually designed methods and filtering-based methods. Adaptive1000

code [15] uses fountain code to encode the data payload with adaptive parameters. Aeon [16]1001

uses arithmetic and fountain code. However, Aeon’s density has not exceeded the density1002

of Yin-yang code and the state-of-the-art filtering-based method in density is still Yin-yang1003

code.1004

Also, Aeon [16] has some weaknesses. First, as a code aiming for robustness, Aeon1005

does not provide a satisfying density value. Second, Aeon is not robust enough. On1006

one hand, Aeon’s arithmetic code can not deal with undesired motifs across the reverse1007

primer. On the other hand, Aeon is so weak in robustness that a simple undesired motif set1008

{AA,AT,AC,AG} can ruin the arithmetic code by an infinite loop. This is an example of1009

Aeon’s local optimum leading to rather bad global results. By contrast, our robust method1010

can work with malicious settings and complex settings because of our global optimality of1011

our one-to-one mapping. Third, the arithmetic code uses numeral systems with variable1012

bases. Each base can be a ternary or quaternary digit. As a result, the information content1013

of each strand is not a fixed amount. The information source can not be simply segmented.1014

A conservative binary length for each strand is wasteful when an aggressive binary length1015

can lead to system crash.1016

Ceze [17] established a system to integrate DNA storage and to overview the process.1017

David Buterex et al. [18] integrates efficient Deep Learning inference with the filtering step.1018

However, the post-filtering DNA codings can not balance the efficiency and the constraint.1019

For those methods, a large number and a large proportion of unsuitable strands should be1020

randomly generated and filtered by the filtering step. With strict constraints (e.g., disabling1021

3-homopolymer), the running time of the post-filtering DNA codings is actually exponentially1022

large by the strand length, which is unscalable and not practical. With loss constraints (e.g.,1023
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disabling 6-homopolymer), the error rates of the accepted strands are too high, causing a1024

low information density and high redundancy and duplication in DNA storage to reproduce1025

the stored information.1026

A.2.1 Summary of Filtering-based DNA Coding1027

In summary, filtering-based DNA coding introduces randomness in the encoding and relies on1028

filters to avoid sequences unsuitable for DNA storage. Filtering-based DNA coding randomly1029

generates sequences and removes unsuitable ones until the remaining ones can be decoded.1030

The filters present high compatibility and flexibility since updating the filtering rules is1031

usually trivial. However, the filters strongly affect the single-strand error rates and encoding1032

time. Strict filtering rules reduce the single-strand error rate, but more sequences should1033

be generated and fed to the filter, which can significantly prolong the encoding time and1034

cause low efficiency. The low efficiency is estimated in §2.2. A bad and unstable case1035

(as shown in Figure 3e) is that nearly all the generated sequences are unsuitable and the1036

regenerating either becomes an endless loop or fails. Loose filtering, on the other hand, incurs1037

high single-strand error rates (as shown in Figure 3d), and thus more copies of a sequence1038

need to be synthesized, lowering the density (as shown in Figure 3a and Figure 4a), and a1039

higher sequencing depth is required, which increases the costs. Thus, for filtering-based DNA1040

coding, it’s difficult to achieve high density with fast execution time and the filtering-based1041

methods are unstable and high in single-strand error rates.1042

A.3 Supporting facilities1043

Supporting facilities are not complete DNA coding systems. Supporting facilities emphasize1044

some techniques to help DNA coding design as a part of the coding system. Some supporting1045

facilities can be applied to existing DNA coding methods.1046

A.3.1 DNA Codeword Set Generation1047

The Codeword Set Generation generates a codeword set based on the enumeration of possi-1048

ble suitable strands. It requires less manpower than manually designing a codeword set in1049
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manually designed methods and can potentially achieve larger capacity than manually de-1050

signed sets. It has a very high non-polynomial time complexity and the codeword set itself1051

is non-polynomial. It is too time-consuming to encode a whole strand of practical length as1052

a single codeword. Most works of codeword set generation have a simulation result with a1053

strand length of less than 30. Encoding parts of the strands one by one cannot solve the1054

unsuitable patterns across the parts. Almost all the methods based on enumerating are not1055

examined by in-vivo or in-vitro experiments. Song et al. [19], Chandak et al. [20], Chaos1056

game [21], Cao et al. [22, 23] and evolutionary approach all try to generate the enormous1057

codeword set and are not examined with in-vitro experiments.1058

A.3.2 Error correction1059

The error correction here does not refer to the coding that has an error correction function.1060

In fact, it refers to the design of the error correction part that does not generate strands with1061

specific patterns and strongly depends on error correction. Unfortunately, such methods are1062

based on traditional error correction methods that do not use the property of the strands in1063

error correction. LDPC code [24] uses binary parity check to get perform error correction.1064

Quaternary Hamming code [25] can also be used for error correction with replacement error.1065

HEDGES [26] uses greedy exhaustive search to get the correct hash value back and removes1066

the error.1067

Zhao et al. [27] uses HEDGES to present the latest error correction method in DNA1068

storage. They synthesized DNA strands and successfully sequenced and decoded them using1069

nanopore sequencing (NPS). Their method can handle indel error rates of up to 15.9% and1070

substitution rates of up to 7.8%. Their method utilizes four composite bases and four natural1071

bases, namely M, K, S, W (composite bases) and A, C, G, T (natural bases). Each composite1072

base represents a mixture of two natural bases: M (a mixture of A and C), K (a mixture1073

of G and T), S (a mixture of G and C), and W (a mixture of A and T). The composite1074

base is not represented by two consecutive nucleotides, but is determined by their relative1075

frequency across multiple strands. For instance, if 50% of the strands contain an A at a1076

specific position and the other 50% contain a C, that position is the composite base M.1077

Besides the composite bases’ consensus mechanism, their method also uses RS code and1078

46



5mer anchors in each strand to help error correction. However, it should be noted that while1079

the random hash function employed in their method is conceptually elegant, it essentially1080

serves as a randomized mapping from binary pairs to nucleotide bases, which may be equal1081

to other random functions. Additionally, their approach requires an eight-fold increase in1082

the number of DNA strands to emulate the defined virtual bases, resulting in significant1083

sequence redundancy. Although the method demonstrates strong robustness under high-1084

error-rate sequencing conditions, future improvements could focus on adopting alternative1085

error avoidance strategies to enhance the net information density (bits/nt). Furthermore,1086

the identification of virtual bases relies not on mere presence/absence detection but on the1087

relative abundance ratios of the underlying nucleotides, which introduces a dependency on1088

quantitative measurement accuracy and leaves room for further robustness enhancement by1089

using the natural bases. It can give an error correction method for future attempts.1090

In the research aimed at enhancing the robustness of DNA storage systems, the DNA1091

StairLoop [28] scheme proposed a novel error-tolerant coding framework for high-error-rate1092

synthesis scenarios. Its core contribution lies in the design of a staircase inter-leaver structure1093

and an iterative soft-decision decoding algorithm, which significantly improves the system’s1094

tolerance to random insertion, deletion, substitution errors, and high sequence dropout rates,1095

enabling reliable data recovery in specific high-noise environments. Several key aspects of1096

this scheme must be clarified. First, its design objective is inherently high error tolerance,1097

rather than the active avoidance of error-prone sequence motifs (such as long homopolymers1098

or extreme GC content) at the sequence level. Second, to achieve strong error tolerance and1099

parallel decoding, the scheme employs low-rate codes and redundant structures; the logical1100

storage density, calculated from its reported data, is approximately 0.42 bit/nt, indicating1101

a relatively low storage density. Third, its superior error correction comes with significant1102

computational overhead due to iterative decoding. The scheme explicitly addresses this1103

by employing a highly parallel decoding architecture that scales to thousands of nodes to1104

mitigate the time cost, indicating a trade-off between decoding capability and computational1105

resources. Finally, its performance evaluation is primarily conducted under the premise1106

of “equal error rates” highlighting its error correction advantage. However, in practical1107

synthesis, coding schemes that directly circumvent error-prone motifs through biochemical1108
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constraints (e.g., Fountain codes) often achieve lower initial error rates, potentially offering1109

greater advantages at the system level. As the core objective of our work is high-density1110

storage and error-avoidance coding - a direction not optimized for in StairLoop’s design1111

- its performance in high density and active error avoidance is not its intended strength.1112

To ensure a fair comparison and avoid presenting it unfavorably in dimensions outside its1113

design focus, and given the lack of officially optimized density parameters for StairLoop, our1114

subsequent in-depth evaluations of density and error-avoidance capability will not include it1115

in direct comparisons. This ensures that the assessment remains focused on schemes with1116

similar objectives, enhancing comparability and practical relevance.1117

A.3.3 Compression in DNA Coding1118

Compression is necessary for non-lossy DNA storage because the file should be as small1119

as possible to have a higher information density. However, the compression rate is highly1120

related to the property of the compressed data. It is unfair to calculate the density with1121

compression, especially if a zip bomb is stored as a part of the compressed file. For non-lossy1122

DNA storage, the compression can be decoupled from the coding. Thus, the coding density1123

should be compared without compression and the compression should be compared with1124

traditional compression. Yazdi et al. [29, 30], Huffman tree [31], Dimopoulou et al. [32] and1125

self-contained code [33] are all attempts at putting compression into the coding.1126

A.3.4 Increase in DNA Storage Base Set1127

Also, some researches expand the base in coding to achieve higher density [34, 35]. A lot1128

of methods, especially the filtering-based methods can work well with the expansion in the1129

base. However, manually designed methods should be redesigned with manpower in order1130

to work with the larger set of bases.1131

A.3.5 Hardware1132

The development of DNA-based storage systems is intrinsically linked to advances in the1133

underlying biotechnology. Current hardware platforms primarily rely on in situsynthe-1134

sis on high-density oligonucleotide microchips for data writing and high-throughput next-1135
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generation sequencing (NGS) platforms for data reading [36]. The specific limitations and1136

error profiles of these synthesis and sequencing technologies directly dictate the requirements1137

for robust encoding and decoding schemes.1138

Li et al. introduce DNA-DISK [37], an automated, end-to-end platform for DNA data1139

storage that integrates enzymatic DNA synthesis, thermo-responsive encapsulation, and py-1140

rosequencing on a single digital microfluidics (DMF) chip. This system achieves base-by-base1141

writing with high fidelity using an engineered terminal deoxynucleotidyl transferase, solidifies1142

DNA-in-agarose for on-chip storage, and enables accurate in-situ reading. By miniaturiz-1143

ing and automating the entire process within a benchtop device, DNA-DISK significantly1144

reduces operational complexity, latency, and manual intervention. This work represents a1145

major step towards practical DNA-based information storage, demonstrating a scalable, in-1146

tegrated, and user-accessible approach that could fundamentally accelerate the development1147

of DNA as a viable medium for long-term, high-density data archiving.The platform’s dis-1148

tinct error profile, predominantly deletions, necessitates the development of adaptive coding1149

algorithms with customizable parameters. Such integrated and accessible devices are crucial1150

for practical large-scale testing and commercialization of DNA storage, moving algorithms1151

from theory to real-world application.1152

While high-throughput chip synthesis exhibits a higher intrinsic error rate compared to1153

column-based or enzymatic methods, its unparalleled parallelism and low cost make it the1154

most viable technology for storing exabyte- and zettabyte-scale datasets [36]. Therefore, a1155

modern DNA storage encoding algorithm should be robust against the characteristic error1156

profiles of chip synthesis, employing error-avoidance or error-correction schemes to compen-1157

sate for physical medium imperfections, rather than relying on high-fidelity synthesis. Ideally,1158

such an algorithm would also adapt to varying error patterns. For data retrieval, the decod-1159

ing algorithm should be compatible with next-generation sequencing (NGS), which serves as1160

the high-throughput counterpart to chip synthesis, enabling parallel reading of the immense1161

oligonucleotide pools required for large-scale data recovery. The algorithm should also be1162

optimized to handle substitution errors, which are more prevalent in NGS technologies.1163
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B Mathematics and Algorithms in DNA encoding1164

B.1 Formal definition of the Problem1165

The problem is to find a DNA strand encoding to present the information. An encoding1166

method with high density (few bases), low error rate, high stability and high encoding speed1167

at the same time is optimal. With non-zero error rate for any DNA strand, a practical1168

encoding should have error correction strategy to acquire a close-to-zero error rate with high1169

redundancy. It is possible to sacrifice one of high density and low error rate to acquire1170

another, so both of them should be taken into consideration.1171

B.1.1 Formal definition of an encoding1172

Too-long DNA strand is much more expensive and can lead to extremely low accuracy, so it1173

is reasonable and necessary to assume that the information to be encoded is cut into several1174

parts with length n. Let the set of information character be A = {0, 1}. Let the set of DNA1175

bases be B = {A, T, C,G}. Any possible encoding should be a mapping from a string of A of1176

length n to a string of B (a DNA strand can be regarded as a string of B), i.e., f : An → B∗.1177

Let len(·) : A∗ ∪ B∗ → Z+ be the function of the length of a string.1178

B.1.2 Definition of suitable output strands1179

According to MESA [38], there are 4 main kinds of errors. One of them is the secondary1180

structure named Kmer, which is less than 10−4 and negligible. As a result, we can define a1181

suitable strand to be a strand without the other 3 patterns, as shown in Supplementary Fig-1182

ure 2: 1) homopolymer longer than k. 2) GC content rate not between GCmin × 100% and1183

GCmax × 100%. 3) undesired motifs.1184

We define a DNA sequence to be suitable if:1185

1. No homopolymer longer than k;1186

2. GC rate between GCmin and GCmax;1187

3. No undesired motifs in the sequence.1188
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For a fixed-length sequence, we can build additional undesired motifs to present rules (1)1189

and (2). For (1), we add a sequence of k + 1 repeating bases for each character in B,1190

e.g., “AAAA”, “TTTT”. For (2), we deal with global GC content and local GC content1191

separately. With the help of the law of big number, the global GC content rate can be close1192

to it average. Dealing with the local GC content rate, it is easy to enumerate some bad short1193

motifs with unacceptable local GC content rate like “ATATA” or “GCGCC” and mark them1194

as undesired motifs, as shown in Supplementary Figure 3.1195

A T C C C T A A T A T TC A

(1) Homopolymer (2) GC Content

A C A C TG T

(3) Undesired Motifs

G A C T CA G T

PRC Primer in the middle

Supplementary Figure 2: Error patterns
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Homopolymer

GC
content

Undesired
Motifs

GCCTGA

Supplementary Figure 3: Building additional undesired motifs

In the case of Siyuan Code, the definition of suitable string is a string without a substring1196

occurring in a given “unsuitable substring” set. Sk indicates a set of suitable strands of length1197

k and Sk indicates a set of suitable strands of length less than or equal to k.1198
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Supplementary Figure 4: The probability distribution of GC content percentage.

B.1.3 Rareness of global GC content error1199

The GC content percentage is a crucial metric for assessing the viability of DNA coding1200

strategies. Both Fountain Code and Yin-yang Code aim to maintain the GC content within1201

the range of 40% to 60%. Supplementary Figure 4 illustrates the GC content distribution1202

for strands in silico and in vitro experiments encoded by Siyuan Code. The x-axis indicates1203

the GC content percentage, while the y-axis represents the probability density function for1204

strands with a given GC content percentage. The data shows that 99% of the strands have1205

a GC content ranging from 42.9% to 57.6%, demonstrating that the law of large numbers is1206

effectively applied in Siyuan Code. Importantly, deviations in GC content percentage have1207

not impacted the decoding accuracy of Siyuan Code in experimental observations. In fact,1208

the GC content percentage maintained by the law of large numbers is at least not worse than1209

the competitors in Table 1.1210

To theoretically prove that the GC content error is low in a random strand because of1211

the law of large numbers [39], we give an approximation of the distribution of the global1212

GC content rate to prove the statement and to know the order of magnitude of global GC1213

content error rate.1214

Assumption. We approximately assume that each strand is uniformly distributed be-1215
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cause the unsuitable set is too large to enumerate in order to get the precise result. The1216

approximate assumption is reasonable because the distribution of GC content rate does not1217

too much depend on the unsuitable set (if undesired motifs are symmetric with respect to1218

AT and CG) and we only need a rough estimation in order to show that the GC content1219

error is rare.1220

Theorem B.1. Rareness of global GC content error. Let s ∈ Bn be sample from Bn. Let1221

s = (s1, s2, · · · , sn). Let Ei be the event that si ∈ {C,G}. Let Xi be 1 if Ei and 0 if not. Let1222

X = X1+X2+···+Xn

n
. Then, the variance of X is 1

4n
.1223

Note that X is the GC content rate. By the way, the GC content error is extreme if1224

X ∈ (0.35, 0.65) .1225

Proof. The following is to prove that X far from 0.5 is not common. The expectation of X1226

can be calculated as followed:1227

E(X) = E(X1)+(X2)+···+(Xn)
n

= n·E(Xi)
n

= 1
2

(7)

According to the Independent Identically Distribution assumption of the bases in the1228

strands, the variance of X can be calculated as followed:1229

Var(X) = Var(X1+X2+···+Xn

n
)

= Var(X1

n
) + Var(X1

n
) + · · ·+Var(X1

n
)

= n
n2Var(Xi)

= 1
4n

(8)

1230

Here the binomial distribution can be approximately treated as the normal distribution.1231

Let ϵ be normal distribution (µ = 0, σ = 1), and its cumulative density function be CDF(·).1232
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P (|X − 0.5| > c) ≈ P (|ϵ| > c ·
√
4n)

= 2P (ϵ < −2c ·
√
n)

= 2 · CDF(−2c ·
√
n)

(9)

Let n = 100, and P (|X − 0.5| > 0.15) ≈ 0.0027. The error less than 1 percent can easily1233

be covered by error correction with very low cost.1234

B.1.4 Uniform distribution of input binary1235

This section is to explain why the assumption of uniform input binary is reasonable.1236

If an input string has non-uniform probability distribution, it could be compressed using1237

traditional compression methods in information theory like Huffman Coding.1238

An ideal Huffman Coding Tree should have equal weights on both sons of a node, indicat-1239

ing that probability of each bit after compression is independently, identically and uniformly1240

distributed. Supplementary Figure 5 shows a Huffman coding tree. The leaves are the char-

Supplementary Figure 5: An ideal Huffman Tree
1241

acters or the words to be compressed. The leaves can be considered a sub-tree with one1242
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vertex. Huffman Coding Tree of size n is generated by merging the smallest 2 sub-trees with1243

the lowest probability and mark the new sub-tree probability as the sum of the 2 sub-trees.1244

When all sub-trees have sons with equal probabilities, the optimal Huffman code achieves1245

the best coding which is equal to the original coding.1246

After optimal compression, each bit in the compressed file uniformly independently iden-1247

tically distributed. The proof can be developed easily as follows. Assume that the probability1248

of all possible input is known and taken into statistics. Let hc(An,p)(·) be the global Huffman1249

coding on An and p : An → R+ ∪{0} is the probability distribution of the input. According1250

to the optimality of Huffman code, it has that:1251

EX∼(An,p)(len(hc(An,p)(X))) ≤ HX∼(An,p)(X) + 1 = EX∼(An,p)(− log2(p(X))) + 1 (10)

According to Jensen’s inequality,1252

EX∼(An,p)(− log2(p(X))) = −
∑
x∈An

p(x) log(p(x)) ≤ −
∑
x∈An

log2(1/|An|)
|An|

= n = len(x ∈ An)

(11)

and the equality holds when ∀x ∈ An, p(x) = 1
|An| . To sum up, EX∼(An,p)(len(hc(An,p)(X))) ≤1253

len(x) + 1. In other words, if X is far from uniformly independently identically distributed1254

after compression, it is clear that adding another Huffman coding can further drop the ex-1255

pected length of the compressed file, indicating that the original compression is not optimal.1256

B.1.5 Definition of the density of an encoding1257

For a given mapping f , it is easy to define the expected length E(len(f)) =
∑

x len(f(x))P (x)1258

. P (x) is uniform and len(f(x)) could be a variable. An optimal solution should be dense.1259

If there is a suitable input not in the set of possible output y0 /∈ f(An) such that len(y0) <1260

maxx len(f(x)) then there is a shorter encoding mapping some x to y0.1261

The density should be defined as follows, and an optimal encoding should have a highest1262

density.1263
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d : f 7→ Ex(len(x))

Ex(len(f(x)))
(12)

B.2 Siyuan Code Strategy1264

B.2.1 Optimal error avoidance DNA code definitions and settings1265

Note that this section is about the theoretical settings, but not the parameter settings.1266

A code can be written as T : An → B∗. Here, T (An) should be a subset of the suitable1267

strands. It is reasonable that the message has been compressed before coding, so it is assumed1268

that each bit follows uniform distribution.1269

∀x ∈ An, P r(x) =
1

2n
(13)

The expected density of an encoding f : An → B∗ is defined as:1270

d : f 7→ Ex(len(x))

Ex(len(f(x)))
(14)

1271

d(T ) =
n

Ex(len(T (x)))
≤ 2 (15)

Here, it is obvious that the input length can be the same because input can be cut into1272

substrings with the same length.1273

Let the suitable strand set of length i be Si. It is obvious that limi→∞
|Si+1|
|Si| ∈ (2, 4). Let1274

T ′
k,n be an one-to-one mapping from An to the suitable strand set Sk =

⋃k
i=1 Si of length1275

less than or equal to k. According to Stolz Theorem, regard n as a function of k and the1276

density converges to:1277

lim
k→∞

d(T ′
k,n) = lim

k→∞

Ex(len(x))

Ex(len(T ′
k,n(x)))

= lim
k→∞

∑
x len(x)∑

x len(T
′
k,n(x))

= lim
k→∞

n

k
(16)

Proof of T ′
k,n to be optimal can be found in the latter section. Let Tk,n be an one-to-one1278

mapping from An to the suitable strand set Sk of length k.1279

In the case of an optimal encoding T ′
k,n, the given set of strand should represent as much1280

information as possible, so let n(k) be a function of k and n should be as large as possible:1281
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|An| = 2n ≤ |Sk| =
k∑

i=1

|Si| ≤ |An+1| = 2n+1 (17)

Lemma B.2. Encoding the same length n of information, it is possible to use Tk+1,n instead1282

of T ′
k,n, because the code set of Tk+1,n is larger than T ′

k,n:1283

|Sk| =
k∑

i=1

|Si| ≤ |Sk+1| · (
1

21
+

1

22
+

1

23
+ · · · ) < |Sk+1| (18)

To be convenient, let T ′
k be T ′

k,n with maximized length n and let Tk be Tk,n with maxi-1284

mized length n. That is to say that make n as big as possible and name T ′
k,n as T ′

k. Do the1285

same to T .1286

Theorem B.3. limk→∞ d(T ′
k) − limk→∞ d(Tk) = 0 (An encoding with uniform code length1287

can do as good as an optimal encoding with non-uniform code length. )1288

Proof. The density gap from T to T ′ can be estimated as followed:1289

LHS = lim
k→∞

d(T ′
k)− d(Tk) = lim

k→∞
d(T ′

k,n)− d(Tk+1,n) = lim
k→∞

(
n

k
− n

k + 1
) (19)

1290

= lim
k→∞

n

k(k + 1)
= lim

k→∞
d(T ′) · lim

k→∞

1

k + 1
= 0 (20)

1291

As a result, an encoding with uniform code length can do as good as an optimal encoding1292

with non-uniform code length. Here, in this paper, we represent a special case of the Siyuan1293

Code making the corresponding between the suitable strands set Sk with strand length k1294

and the set of input data An.1295

B.2.2 Definition: Siyuan Code using lexicographic order1296

The set Sk (or Sk) is sorted with lexicographic order. Regard An as a set of non-negative1297

integer. Let T : An → B∗, I 7→ x s.t.|{y ∈ Sk(or Sk)|y < x}| = i where i is the integer form1298

of I. In other words, T (I) is the (i + 1)th smallest strand. In order to make alignment for1299

DNA, Sk is preferred, with negligible cost added.1300
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B.2.3 Proof of the optimum of T ′
1301

Theorem B.4. T ′ is optimum.1302

Proof. Proof by contradiction. Assume there is a better suitable encoding f : An ∪ An−1 ∪1303

· · · ∪ A1 → Sk with higher density : limk→∞ d(f) > limk→∞
log2 |Sk|

k
, then1304

lim
k→∞

d(f) = lim
k→∞

Ex(len(x))

k
≥ lim

k→∞

log2 |Sk|
k

(1 + ϵ) (21)

So ∃k, x s.t.1305

|An ∪ An−1 ∪ · · · ∪ A1| ≥ 2len(x) ≥ 2(log2 |Sk|)(1+ϵ) > |Sk|(1 + ϵ) (22)

So the encoding f can not be decoded correctly because there exist 2 different input1306

mapping to the same strand.1307

B.3 Siyuan Code Data Structure1308

B.3.1 Trie Tree1309

A Trie tree is a k-ary search tree, storing strings with finite length. Any string in the Trie1310

tree is stored as a path from the root to the leaf, as shown in Supplementary Figure 6. To1311

be formal, we will define the Trie tree in our case.1312

Supplementary Figure 6: Trie Tree
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For any strand s = (s1, s2, · · · , sk), its substring t = (si, si+1, · · · , sk) (∀i ∈ {1, · · · , k+1})1313

is defined as its suffix (t ∈ suffix(s)) and its substring t = (s1, s2, · · · , si) (∀i ∈ {0, · · · , k}) is1314

defined as its prefix (t ∈ prefix(s)). Specially, according to the definition, the empty string1315

τ is its suffix (sk+1, sk+2, · · · , sk) = τ and its prefix (s1, s2, · · · , s0) = τ . For example, τ , (A),1316

(AT ), (ATC), (ATCG) are the prefix substrings of (ATCG).1317

Let S be the set of suitable strands and S be the set of unsuitable strands. Let I be the1318

set of undesired motifs or the set of unsuitable substrings, and it is reasonable to assume1319

that each string in I is not a substring of another string in I, because removing the long1320

string and keep the substring in I can keep the property of I. According to the assumption,1321

S is the set of strands with a substring in the set I.1322

S = {v|∃u is a subset of v, u ∈ I} (23)

Siyuan Code Trie tree is defined as G = (V,E), where V is its vertices set and G1323

is its edges set. Unsuitable substrings I are stored in the Trie tree. V is a subset of1324

B∗ = {A, T, C,G}∗, and each vertex v ∈ V is actually a string in B∗. V is a defined as the1325

set of all prefix of the unsuitable strands.1326

V = {v|∃u ∈ I, v is prefix of u} (24)

For each unsuitable strand s = (s1, s2, · · · , sk) ∈ I, V includes all its prefix substrings.1327

{(s1, s2, · · · , sk′)|k′ ∈ {0, 1, · · · , k}} ⊆ V (25)

For each v ∈ V , let v = (s1, s2, · · · , sk) . It is obviously that ∀v ̸= τ , v′ = (s1, s2, · · · , sk−1) ∈1328

V . Define v as the son of v′ and define v′ as the parent of v. Let par : V − {τ} → V, v 7→ v′1329

be the parent function. Let e = (v′, v) ∈ E. In other words, edge is pointing to a vertex from1330

its prefix shorter by one character. Also, it can be written as v ∈ child(v′) or v = childsk(v
′).1331

To avoid confusion, we would like to clarify that the strings and the vertices1332

are the same pointer. In implementation, the strings in the graph are stored1333

as O(1) space vertices. In mathematical definition, the vertices are strings. Do1334

not attach the content of the string to the vertex in algorithm implementation.1335
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Lemma B.5. It is obvious that the Trie tree can be constructed efficiently, within O(L) time1336

and O(L) space, where L =
∑

i∈I len(i) indicates the total length of I. [40]1337

Supplementary Lemma B.5 follows from previous works. Note that Supplementary1338

Lemma B.5 is used but not proposed in our Siyuan Code.1339

B.3.2 Determining an unsuitable strand1340

It is obvious that u is a substring of v ⇔ ∃w s.t. u ∈ suffix(w) and w ∈ prefix(v) ⇔1341

∃w s.t. u ∈ prefix(w) and w ∈ suffix(v). (By definition)1342

Considering a process, a strand is read into the buffer one character (base) by one charac-1343

ter (base). Each character read is a step. It is obvious that the buffer string is an increasing1344

prefix of the input strand. After reading each character, if the buffer string w contains a1345

suffix u in I, then the strand contains u ∈ I as a substring.1346

It has been assumed that no string in I is a substring of another string in I, otherwise1347

just remove the longer string.1348

Theorem B.6.

The input strand v contains unsuitable substring (26)

⇔ There exists some prefix w of the input v that contains unsuitable suffix u ∈ I

⇔ ∃ prefix w of the input strand ∃u ∈ I s.t u ∈ suffix(w)

⇔ ∃ prefix w of the input strand, let u′ be the longest suffix of w in V , ∃u ∈ suffix(u′) ∩ I

⇔ ∃ prefix w of the input strand, let u′ be the longest suffix of w in V , u′ ∈ I

Proof.

The input strand v contains unsuitable substring

⇒ There exists some prefix w of the input v that contains unsuitable suffix u ∈ I

(∃w, u, such that w is a prefix of v and u is a suffix of w and u ∈ I)

⇒ ∃ prefix w of the input strand ∃u ∈ I s.t u ∈ suffix(w)
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⇒ ∃ prefix w of the input strand, let u′ be the longest suffix of w in V , ∃u ∈ suffix(u′)∩I (1)

⇒ ∃ prefix w of the input strand, let u′ be the longest suffix of w in V , u′ ∈ I (2)

⇒ The input strand contains unsuitable substring

(1)and (2) are obvious and explained as follows. (1) Let the longest suffix of w in V be u′,1349

so any suffix of w in V is not longer than u′ and also suffix of u′. Note that u is a suffix of1350

w in I ⊆ V . This means that u ∈ I ⊆ V should be suffix of u′. (2) Also, if suffix u(̸= u′) of1351

u′ is in I, then u′ should be unsuitable. Note that u′ ∈ V , so there is a longer string in I1352

containing u and u′ as substrings, so the assumption u ̸= u′ is wrong.1353

Corollary B.6.1. So the necessary and sufficient condition of the input strand being un-1354

suitable is that at some step, the longest suffix of the buffer in V is in I.1355

According to the proposition given above, it is easy to construct a naive algorithm that1356

determines whether a strand is suitable or not. Input the strand one base by one base into1357

the buffer, and after each base input, see whether the longest suffix of the buffer string is in1358

I. Finding the longest suffix of the buffer string can cost O(L) time. Total time complexity1359

is O(nL), which is polynomial but slow. In the next section named AC Algorithm, an1360

acceleration will be introduced [41] to speed up suitability determination, in order to acquire1361

O(n) time complexity.1362

B.3.3 AC Algorithm1363

AC Algorithm [41] is sometimes called AC Automaton for its fail edge transition. AC1364

algorithm is an efficient method for locating the longest suffixes of the buffer at all the1365

steps appearing in the vertices V of the tree. With the suffixes and the “necessary and1366

sufficient condition” in Supplementary §B.3.2, one can efficiently determine whether a set of1367

small strings appears in a long string as substrings. For example, a strand is read by the1368

AC algorithm, and it determines whether it is an unsuitable strand containing unsuitable1369

substrings by checking whether the longest suffixes are suitable. Thus, with the trivial1370

reduction of substring checking to longest suffixes finding, only the longest suffixes of the1371

buffer at all steps are what we need from AC Algorithm.1372
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Supplementary Figure 7: AC Algorithm

As shown in Supplementary Figure 7 The key of AC Algorithm is its fail edge F . Fail1373

edge points to the longest suffix except itself of a given vertex.1374

F : v 7→

argmaxu s.t. u∈V,u̸=v,u∈suffix(v)len(u) v ̸= τ

τ v = τ
(27)

With the help of fail edge, finding the longest suffix of the buffer string is much easier.1375

After a character c is added into the back of the buffer string w, the buffer string becomes1376

w + c. The longest suffix v of w in V has been calculated in advance, and the task is to1377

calculate the longest suffix v′ + c of w + c in V .1378

It is obvious that v′ should be a suffix of w, so v′ is not longer than the longest suffix v1379

of w. Thus v′ ∈ suffix(v) ∩ V . Thus v′ ∈ {v, F (v), F (F (v)), · · · } . Thus reasonable solution1380

to the task is to start with v′ := v, and set v′ := F (v′) until v′ + c ∈ V .1381

Thus, AC Algorithm preprocession can be described as shown in Supplementary Algo-1382

rithm 1 and usage of AC Algorithm can be described as shown in Supplementary Algorithm 2.1383
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Supplementary Algorithm 1 AC Algorithm Preprocessing

V = [v1, v2, · · · , vn]← bfs order of V

Initialize fail[·]

root← τ ,fail[root]← root

for v ∈ V do

for c ∈ {A, T, C,G} s.t. childc(v) exists do

v′ ← fail[v]

while v′ ̸= root and childc(v
′) does not exist do

v′ ← fail[v′]

end while

if childc(v
′) exists then

fail[childc(v)]← childc(v
′)

else

fail[childc(v)]← root

end if

end for

end for

return fail[·]
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Supplementary Algorithm 2 AC Algorithm for longest suffix finding

Initialize Suffix[·] = []

s← root = τ

for c ∈ Str do

while s ̸= τ and childc(s) does not exists do

s← fail[s]

end while

if childc(s) exists then

s← childcs

end if

Suffix[·] = Suffix[·] + [s]

end for

return Suffix[·]

It can be proved that the AC Algorithm can speed up the determining and acquire a1384

time complexity of O(L) in fail edge construction and O(n) in determination. We do not1385

give the proof of AC Algorithm’s time complexity because it was proved by Alfred et.al [41].1386

Our automaton and encoding is inspired by AC Algorithm.1387

B.3.4 Trie Automaton1388

In this paper, Trie automaton, as shown in Supplementary Figure 8, as an extension of AC1389

Algorithm, will be used to support the suitable string counting problem in the next section.1390

Press edge calculates the longest suffix of a buffer string after inserting character c at its1391

back.1392

Pc : v 7→ argmaxu∈V s.t. u∈suffix(v+c)len(u) (28)

Pc(v) is the longest suffix of v+ c in V . To be convenient, Pc1,c2,c3,··· ,ck is an abbreviation1393

of PckPck−1
· · ·Pc1(v).1394

With the help of Press edge, the AC Algorithm can be further accelerated as shown in1395

Supplementary Algorithm 4. After a character c is added into the back of the buffer list1396
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Supplementary Figure 8: Trie Automaton

w, the buffer string becomes w + c. The longest suffix v of w in V has been calculated in1397

advance, and the task is to calculate the longest suffix v′ + c of w+c in V. With the help of1398

Pc, just let v
′ = par(Pc(v)).1399

The construction of Pc edge with F edge is simpler and more static. The press edge can1400

be calculate as followed:1401

Pc(v + c′) =

childc(v + c′) if childc(v + c′) exists

Pc(F (v + c′)) if childc(v + c′) does not exist

Pc(root) =

c if childc(root) exists

root otherwise

F (v + c′) = Pc′(F (v)) if v ̸= root
1402

F (root) = root;F (c′) = root (29)

Theorem B.7. Well-definedness of the formula1403

Proof. It is obviously by definition that len(Pc(v+ c′)) ≤ len(v+ c′)+1 and len(F (v+ c′)) ≤1404

65



len(v + c′) − 1. BFS search can be applied when calculating the press edge and fail edge.1405

When calculating v+ c′, the press and fail edge of any string not longer than len(v) has been1406

already calculated. F (v) has been already calculated and len(F (v)) ≤ n′−1. Thus Pc′(F (v))1407

has been calculated and len(Pc′(F (v))) ≤ n′. Thus Pc(Pc′(F (v))) has been calculated and1408

the formula given above is well-defined.1409

Theorem B.8. The correctness of the formula1410

Proof. 1. On one hand, Pc′(F (v)) is a suffix of v + c′ shorter than v + c′, so it is not longer1411

than then F (v+ c′). On the other hand, par(F (v+ c′)) is a suffix of v shorter than v, so it is1412

not longer than F (v). Thus len(F (v + c′)) = len(Pc′(par(F (v + c′))) ≤ len(Pc′(F (v))). Thus1413

Pc′(F (v)) is the longest suffix of v + c′ shorter than v + c′, and thus F (v + c′) = Pc′(F (v)).1414

2. When the child c of v+c′ exists, the result of Pc(v+c′) is trivial. When it does not exist,1415

Pc(v+c′) should be not longer than v+c′. On one hand, Pc(F (v+c′)) is a suffix of v+c′+c,1416

so it is not longer than the longest suffix Pc(v + c′). On the other hand, par(Pc(v + c′)) is1417

a suffix of v + c′ shorter than v + c′, so par(Pc(v + c′)) is not longer than F (v + c′). Thus1418

len(Pc(v + c′)) = len(Pc(par(Pc(v + c′)))) ≤ len(Pc(F (v + c′))). Thus Pc(F (v + c′)) is the1419

longest suffix of v + c′ + c, and thus Pc(v + c′) = Pc(F (v + c′)).1420
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Supplementary Algorithm 3 Trie Automaton Construction

1: Initialize press(·)[·], fail[·]

2: Preprocess press and fail for root and its children.

3: for v ∈ bfs order of V if v ̸= root do

4: for c′ ∈ {A, T, C,G} s.t. childc′(v) exists do

5: v′ = childc′(v)

6: fail[v′] = pressc′ [fail[v]]

7: for c ∈ {A, T, C,G} do

8: if childc(v
′) exists then

9: pressc[v
′] = childc(v

′)

10: else

11: pressc[v
′] = pressc[fail[v

′]]

12: end if

13: end for

14: end for

15: end for

16: return press(·)[·], fail[·]

Supplementary Algorithm 4 Trie Automaton for longest suffix finding

1: Initialize Suffix[·] = []

2: s← root = τ

3: for c ∈ Str do

4: s← pressc[s]

5: Suffix[·] = Suffix[·] + [s]

6: end for

7: return Suffix[·]

Thus the Trie Automaton construction can be described as shown in Supplementary Al-1421

gorithm 3 and the Trie Automaton usage can be described as shown in Supplementary Al-1422

gorithm 4.1423
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To avoid confusion, we would like to clarify that the strings and the vertices1424

are the same pointer. In implementation, the strings in the graph are stored1425

as O(1) space vertices. In mathematical definition, the vertices are strings. Do1426

not attach the content of the string to the vertex in implementation.1427

Theorem B.9. Time and space complexity of Supplementary Algorithm 3 are O(L) and1428

O(L).1429

Time and space complexity of Supplementary Algorithm 4 are O(n) and O(n).1430

Proof. In Supplementary Algorithm 3, the outermost for-loop (line 3-15) iterates about1431

|V | ≤ L + 1 times, while the inner loop (line 4-14) iterates constant times, therefore the1432

overall time complexity is O(L). Here, L is the total length of all the constraints and V is1433

the vertex number of the trie tree. The inner loop (line 4-14) iterates constant times because1434

the for loops in line 4 and line 7 have constant size.1435

In Supplementary Algorithm 3, the space complexity is O(L). The main costs are the1436

press(·)[·], fail[·] arrays.1437

In Supplementary Algorithm 4, the outermost for-loop (line 3-6) iterates n times, while1438

the inner loop (line 4-5) operates in constant time, therefore the overall time complexity is1439

O(n). Here, n is the length of the input string where we want to find the longest suffix.1440

In Supplementary Algorithm 4, excluding the output, the input and the data structure1441

in Supplementary Algorithm 3, there is only O(1) extra space needed. Note that the cost of1442

press(·)[·], fail[·] are calculated in the Supplementary Algorithm 3.1443

In Supplementary Algorithm 4, excluding the input and the data structure in Supple-1444

mentary Algorithm 3, there is only O(n) extra space needed for output.1445

B.4 Siyuan Code Algorithm1446

Theorem B.10. A string being unsuitable is equivalent to a string containing an unsuitable1447

substring pattern and equivalent to a string as a press sequence of which the path visits1448

unsuitable vertex (I) in the Trie automaton.1449

Proof. According to Supplementary §B.3.2 and Supplementary Corollary B.6.1 and the prop-1450

erty of the press edge, a string being unsuitable is equivalent to a string containing an un-1451
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suitable substring pattern and equivalent to a string as a press sequence of which the path1452

visits unsuitable vertex (I) in the Trie automaton:1453

s = (s1, s2, · · · , sn) is unsuitable (30)
1454

⇔ ∃i, j s.t. s′ = (si, si+1, · · · , sj) ∈ I (31)
1455

⇔ ∃j s.t. Psj(· · · (Ps1(τ) · · · ) ∈ I (32)
1456

⇔ {τ, Ps1(τ), Ps2(Ps1(τ)), · · · , Psn(· · · (Ps1(τ) · · · )} ∩ I ≠ ∅ (33)

1457

As a result, any path on press edge with length n on the graph without visiting the1458

unsuitable substring set I is corresponding to a suitable strand of length n. Under generalized1459

scenarios, at beginning state v = (t1, t2, · · · ) of the automaton, the press path (s1, s2, · · · , sn)1460

without visiting unsuitable vertices can be corresponding to a suitable strand (t1, t2, · · · ) +1461

(s1, s2, · · · , sn) = (t1, t2, · · · , s1, s2, · · · , sn).1462

Definition. Thus, a suitable path in the automaton can be defined as a press path1463

without visiting the unsuitable substring set I : (v1, v2, · · · , vl) ({v1, v2, · · · , vl} ∩ I = ∅).1464

In this section, this property will be used to provide a solution of the counting problem1465

finding the (k + 1)th smallest suitable strand. This counting problem can be a natural1466

mapping function mentioned in previous sections.1467

B.4.1 Dynamic programming and definition of the variables1468

Siyuan Code is using DP to give a sufficient method counting the (k+1)th smallest suitable1469

strand. DP is a generally used math method that solves a difficult problem using the solution1470

of several easier problems.1471

Note that there is a one-to-one corresponding between a Trie automaton path from τ1472

without visiting I and a suitable strand. As a result, counting the strand equals counting1473

the Trie automaton path. Thus, DP(v) is defined as the number of suitable path of length l1474

from vertex v:1475

69



DP : V ⊗ Z+ ∪ {0} → Z+ ∪ {0}

(v, l) 7→ {(v1, v2, · · · , vl)|{v1, v2, · · · , vl} ∩ I = ∅}
(34)

Note that 2 paths visiting the same set of vertices but different set of press edge are1476

considered as different paths.1477

B.4.2 Derive the DP value1478

Theorem B.11. DP(v, 0) =

0 v ∈ I

1 v /∈ I
and DP(v, l) =


∑

c DP (Pc(v), l − 1) v /∈ I

0 v ∈ I
1479

Proof. DP value can be derived easily with the help of the Trie Automaton. The boundary1480

value is that:1481

DP(v, 0) =

0 v ∈ I

1 v /∈ I
(35)

A suitable path of length l > 0 from v can be seen as 2 stages: pressing character c and1482

then press a sequence of length l−1 from Pc(v). Thus, the number of suitable path of length1483

l > 0 from v is equal to the sum of the number of suitable path of length l − 1 from all the1484

possible direct pressing result of v:1485

DP(v, l) =


∑

c DP (Pc(v), l − 1) v /∈ I

0 v ∈ I
(36)

Note that it does not matter whether Pc(v) is a suitable state, because DP (Pc(v), l − 1) = 01486

if Pc(v) is unsuitable.1487

B.4.3 Conditional revision to the DP value1488

In order to calculate the conditional counting result, in other words, the (i + 1)th smallest1489

suitable sequence under the condition that the forward and reverse primers are added, some1490

revisions are taken to the definition and the deriving of DP value.1491

The revised definition of the DP value is the number of suitable paths of length l from1492

vertex v such that the path adding the right primer is still suitable. The transfer equation1493
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is not modified and the boundary value is revised as follows:1494

DP(v, 0) =

0 ∃r ∈ prefix(primerR) s.t. Pr(v) ∈ I

1 ∀r ∈ prefix(primerR) Pr(v) /∈ I
(37)

The pseudo code is described in Supplementary Algorithm 5.1495

Theorem B.12. The time complexity of DP is O(nL) and the space complexity is also1496

O(nL) if all the operations are O(1).1497

Proof. The time complexity is obvious because the dominant part of the code contains two1498

nested for loops (ignoring the very inner constant time part in the loop), with the outer loop1499

executing n times and the inner loop iterating at most L+1 times. The space complexity is1500

also O(nL), because the DP array is O(nL) and the press edges and fail edges are O(L).1501

B.4.4 Encode using Siyuan Code DP value1502

Encoding is to give a mapping from An to Z and to Bm. The first stage is trivial, using the1503

Conversion Between Decimal and Binary. The stage part is to find the i+ 1th lexicographical1504

smallest press edge path or strand.1505

Definitions. Enc(v, i, l) is defined as the i+ 1th smallest suitable press path of length l1506

from v. The output of the encoder should be Enc(PprimerL(τ), i,m). It is the i+1th smallest1507

suitable press path of length l under the condition that adding the reverse primer primerR1508

is still suitable from the forward primer primerL.1509

Theorem B.13. Correctness of Supplementary Algorithm 6.1510

Proof. The problem can be recursively conquered. When calculating Enc(v, i, l), try c = c01511

at first (line 9).1512

If i is smaller than the total number DP(Pc0 , l − 1) of suitable strand from Pc0(v), then1513

the first bit of Enc(v, i, l) should be c0 (line 13), and the rest of the Enc(v, i, l) should be1514

Enc(Pc0 , i, l − 1) (line 14).1515

If i is not smaller than DP(Pc0 , l − 1), then just decrease i by DP(Pc0 , l − 1) and try c11516

instead of c0(line 16).1517
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The pseudo code is described in Supplementary Algorithm 6.1518

Theorem B.14. The time and space complexities of encoding are both O(n) if all the oper-1519

ations are O(1).1520

Proof. The time complexity is obvious because the outer for loop iterates n times, while the1521

inner loop maintains constant time complexity, resulting in an overall time complexity of1522

O(n).1523

Note that the DP value can be preprocessed and shared among different strands’ encod-1524

ing. Thus, the DP value preprocessing deriving time complexity O(nL) can be amortized by1525

as many strands as possible. The actual encoding time complexity is still O(n).1526

The total space complexity including the data structure in Supplementary Algorithm 5 is1527

O(nL), but the space additional to the DP preprocessing is only the O(n) Strand[·] array.1528
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Supplementary Algorithm 5 DP value calculation (with conditional revision)

1: for v ∈ V do

2: ok← True, u← v

3: if u ∈ I then

4: ok ← False {Make sure the suitability of the node }

5: end if

6: for c ∈ primerR do

7: u← Pc(u)

8: if u ∈ I then

9: ok ← False {Make sure the suitability of the path with the reverse primer }

10: end if

11: end for

12: if ok then

13: DP[v, 0]← 1

14: else

15: DP[v, 0]← 0

16: end if

17: end for

18: for l ∈ {1, · · · , n} do

19: for v ∈ V do

20: tmp← 0

21: for c ∈ {A, T, C,G} do

22: tmp← tmp + DP(Pc(v), l − 1) {Derive DP with transition equation }

23: end for

24: if v ∈ I then

25: DP[v, l]← 0 {Mark 0 if not suitable }

26: else

27: DP[v, l]← tmp

28: end if

29: end for

30: end for

73



Supplementary Algorithm 6 Encode using DP (with conditional revision)

1: # This algorithm is to calculate the i+ 1th lexicographic order strand of length len

2: # DP is derived using Supplementary Algorithm 5

3: Initialize Strand[·]

4: Input len, i

5: v ← PprimerL(root) {The starting node is the forward primer }

6: for j ∈ {0, 1, · · · len− 1} do

7: depth← len− j − 1

8: skip← false

9: for c ∈ {A, T, C,G} do

10: if Not skip then

11: if i < DP[Pressc[v], depth] then

12: skip← true

13: Strand[j]← c

14: v ← Pressc[v]

15: else

16: i← i−DP[Pressc[v], depth]

17: end if

18: end if

19: end for

20: end for

21: return Strand[·]

B.4.5 Decode using Siyuan Code DP value1529

Decoding is to give a mapping from Bm to Z and to An. The second stage is trivial using1530

Conversion Between Decimal and Binary. The first stage is to count the number of suitable1531

lexicographical smaller press edge path or strand than the given press edge path.1532

Definitions. Dec(v, s) is define as the number of suitable lexicographical smaller press1533

edge path than s = (s1, s2, · · · , sj) from v. The output of the decoder should be Dec(PprimerL(τ), s)1534
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Theorem B.15. Correctness of Supplementary Algorithm 7.1535

Proof. The problem can be recursively conquered.1536

When calculating Dec(v, s) s = (s1, s2, · · · , sj), it can be divided into 2 stages. One is to1537

calculate the smaller path with different first character, which can be calculated using DP1538

value. The other is to calculate the smaller path with the same first character, which is a1539

smaller Dec problem.1540

Dec(v, s) =
∑

c s.t. c<s1

DP (Pc(v), j − 1) +Dec(Ps1(v), s
′) , s′ = (s2, · · · , sj) (38)

1541

The pseudo code is described in Supplementary Algorithm 7.1542

Theorem B.16. The time and space complexities of decoding are both O(n) if all the oper-1543

ations are O(1).1544

Proof. The time complexity is obvious because the outer for loop iterates n times, while the1545

inner loop maintains constant time complexity, resulting in an overall time complexity of1546

O(n).1547

The total space complexity including Supplementary Algorithm 5 is O(nL), but the space1548

additional to the DP preprocessing is only the O(n) Strand[·] array.1549
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Supplementary Algorithm 7 Decode using DP (with conditional revision)

1: Input Strand[·], len

2: i← 0

3: v ← PprimerL(root) {The starting node is the forward primer }

4: for j ∈ {0, · · · , len− 1} do

5: depth← len− j − 1

6: skip← false

7: for c ∈ {A, T, C,G} do

8: if Not skip then

9: if c = Strand[j] then

10: v ← Pressc[v]

11: skip← true

12: else

13: i = i+DP[Pressc[v], depth]

14: end if

15: end if

16: end for

17: end for

18: return i

B.5 An error correcting DNA coding with Siyuan Code1550

This section is to introduce the whole system and how to add error correction into the1551

system.1552

B.5.1 Slicing1553

In Siyuan Code, each binary message is regarded as a binary sequence, and the sequence1554

should be cut into slices if it is too long for DNA synthesis. After DNA sequencing, the slices1555

become out of order. In order to deal with the out-of-order problem, each slice is attached1556

with an index of the slice, so that it is possible to get the information back in order.1557
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Supplementary Figure 9: An example of the structure of Siyuan Code

Here, each slice shown in Supplementary Figure 9 as an example contains 35 bytes in1558

which the index contains 2 bytes.1559

B.5.2 Inter-slice error correction1560

In Siyuan Code, each strand has a very high accuracy, but the accuracy is not 1. Thus,1561

error correction is very necessary. Siyuan Code uses inter-slice error correction instead of1562

intra-slice error correction.1563

Intra-slice error correction does not work well. The error transition of a single strand can1564

be regraded as:1565

Err : B∗ ⊗ B∗ → R

(s = (s1, s2, · · · , sms) , t = (t1, t2, · · · , tmt))

7→ Pr (errored data is t|source is s)

(39)

If intra-slice error correction is added, it should consider the error transition probability1566

when decoding, by simply maximizing the probability in maximum likelihood estimation:1567

argmaxinput xPr(input is x|output is y)

= argmaxinput xPr(x)Err(x, y)
(40)

The error transition remains an open problem when identifying the low accuracy DNA strand1568

is much easier. Thus, the previous knowledge of the biology does not support customized1569

intra-slice error correction. As a result, the Siyuan Code uses the inter-slice error correction1570

instead of intra-slice error correction.1571

Inter-slice error correction works well. In inter-slice error correction, each slice is sym-1572
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Supplementary Figure 10: RS code example

metric, so the error probability of the slice could be considered as independent identically1573

distribution, which is common in the digital computer. As a result, the previous erasure1574

code designed for digital computer can easily work with the inter-slice error correction.1575

Take RS code (shown in Supplementary Figure 10) as an example. Here, RS code slices1576

are added into the binary slices before the index is added into each slice. This kind of erasure1577

code adding does not interrupt the encoding steps. The error correcting can be regarded as1578

a mapping from binary data to binary data with RS code.1579

As shown in the graph, more strands are added in, so that the error of a small number1580

of strands does not cause the error of the whole system. The slices with error can be1581

corrected with the correct slices. The scope of the error correcting does not contain its1582

index or hash value, because the RS code or MDS code error correction can be only based1583

on the data, and the redundancy slice can have its own index and hash value as shown in1584

Supplementary Figure 9.1585

B.5.3 Intra-slice error detection1586

Intra-slice error detection can be added to determine whether a single strand contains error,1587

without the help of other strands. There are 2 advantages of the error detection. First,1588

when doing sequencing, more than 1 strands are read, and error detection can help finding1589

the correct strands. Second, with error detection, the error correction step can simply just1590

assume there are only missing data or correct data.1591

As shown in Supplementary Figure 9, 1 byte is designed to store a hash value, like high1592

digits of MD5 or SHA value. The scope of the error detection contains all the information1593
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in the slice, including the index. The redundancy slices also have their own hash values.1594

B.5.4 Multi-time sequencing1595

With the help of Intra-slice error detection, a common trick in sequencing of DNA coding1596

system is the multi-time sequencing. In other words, each strand is sequenced for multiple1597

times and then filtered according to hash value. The probability that all the strands are1598

wrong is very low. At the same time, the hash value attached to the slice of information can1599

help determine errored strands. With the hash value, the overall error of a single strand is1600

actually exponentially small.1601

B.5.5 Process of encoding and decoding1602

The encoding stage (shown in Supplementary Figure 11): First, the data is cut into slices.1603

Second, the redundancy slices are added in to support inter-strand error correction. Third,1604

the index is inserted into the slices to support reordering of the strands. Fourth, the hash1605

value is calculated to support intra-strand error detection. Fifth, the binary data with error1606

correction and error detection is turned into the DNA strand without using any unsuitable1607

substring and primer is added.1608
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Supplementary Figure 11: Siyuan Code Encoding Process

The decoding stage (shown in Supplementary Figure 12): First, decode all the strands,1609

or decode the specific strands with the primer. Multiple duplicates of strands are kept to1610
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decrease the error rate. Second, the binary slices are filtered using the hash value with the1611

help of intra-strand error detection. Third, the slices are ordered using the index, and the1612

index is removed. Fourth, the missing slices are recovered using the erasure code (error1613

correcting code) with the help of inter-strand error correction. Fifth, the data are joint1614

together.1615
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C DNASim Simulator1616

C.1 Bio basis1617

In the previous section, our method can avoid the unsuitable error-prone strands with the1618

optimal density. In this part, we propose a simulator for storage named DNASim. The error1619

rates of the strands are taken into account using a random DNA error simulator in order to1620

compare the density of the methods at the same error rate and the error rate at the same1621

density.1622
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DNASim is based on MESA [38]. The MESA can estimate the error rate of a single input1623

strand using the parameters. In this project, the DNASim is used in order to calculate the1624

overall error rate of the system with error correction. The error simulator calculating the1625

overall error rate is named as DNASim.1626

To simplify the problem, the DNASim has assumed that a strand cannot affect the1627

transition probability of the other strands. In fact, the probability of a strand affecting1628

others is negligible [38].1629

C.2 Formalization of multiple-strand coding system with error1630

correction1631

Let the strands stored be X1, X2, X3, · · · and the strands have already included the error1632

correction strands. Note that the strands can include the unsuitable strands mentioned in1633

the previous section. Let the measured result of the strands be Y1, Y2, Y3, · · · . Let the error1634

transition be a function from the correct strands {X1, X2, · · · } and the strands with error1635

{Y1, Y2, · · · } to the transition probability p.1636

({X1, X2, · · · }, {Y1, Y2, · · · }) 7→ p (41)

Let the error correction system be a function that finds out the correct strands from the1637
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strands with error with the maximal probability.1638

decode({Y1, Y2, · · · })

= argmax{X1,X2,··· }Pr ({X1, X2, · · · } | {Y1, Y2, · · · })

= argmax{X1,X2,··· }Pr ({Y1, Y2, · · · } | {X1, X2, · · · })

·Pr ({X1, X2, · · · })

(42)

Unfortunately, the transition probability of a strand Pr(Yi|Xi) is unknown based on the1639

previous researches including MESA. The MESA research only gives an estimation of the1640

error rate of a single strand, which is Pr(Xi ̸= Yi). As a result, a strand with errors cannot1641

give any further information that helps determine the input value without manual guess of1642

the transition probability, which is unreliable. The DNA error simulator can simply remove1643

the errored strands.1644

It is reasonable because known coding systems of DNA does not have intra-strand error1645

correction, except for the clustering of DNA strands, which can be regarded as a single1646

measurement with another error rate, which works with the abstraction mentioned above.1647

Thus the errored strands can be removed in the simulator.1648

C.3 Error Probability Types1649

1. Probability of error occurrence in any of the strands1650

The error occurrence in any of the strands means if any of the strands has error, then1651

the error is taken into account to be the overall error. The event of the element-wise-or1652

error is defined as1653

Eelement wise ∪ = {X1 ̸= Y1} ∪ {X2 ̸= Y2} ∪ · · · (43)

Such error is useful in traditional cases, but not useful here. Errors in DNA coding is1654

corrected by the error correction in the coding. A minor change would be corrected1655
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and it would not destroy the system, so the element-wise-or error rate is not a good1656

estimation.1657

2. Probability of failure in decoding1658

The failure in decoding means the probability of the error correction failure, which1659

means the decoding strand is not the source strand. The event of the failure error is1660

defined as1661

Efailure = {decode({Y1, Y2, · · · }) ̸= {X1, X2, · · · }} (44)

Such error is the case of the DNA error, which should be simulated by the simulator.1662

3. Probability of failure in all strands1663

The error occurrence in any of the strands means if all of the strands have error, then1664

the error is taken into account to be the overall error. The event of the element-wise-1665

and error is defined as1666

Eelement wise ∩ = {X1 ̸= Y1} ∩ {X2 ̸= Y2} ∩ · · · (45)

Such error is not useful at all.1667

Among all the errors above, it is obvious that Eelement wise ∩ ⊆ Efailure ⊆ Eelement wise ∪ .1668

And the Efailure is the error rate that matters, and the failure error rate is to be estimated.1669

A simple implementation of the error rate estimation is to simply remove the strands1670

randomly according to the simulator. Encode, add error and decode for many times and1671

calculate the proportion of failures. Such sampling method is too slow for high precision.1672

C.4 Estimation of Efailure1673

A simple but slow implementation of Efailure estimation is just sampling the errors. In other1674

words, you encode, add error and decode for many times and calculate the proportion of1675

failures. A faster and precise estimation should be introduced. In this section, an estimation1676

of the overall failure error rate Pr(Efailure) is given.1677
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Let Cnti be 1 if Xi = Yi and 0 if Xi ̸= Yi or Yi is missing. In most cases, the decoding1678

needs a specific number of correct strands. For example, in RS code (n, k), if there are k1679

strands given, then the n strands can be decoded correctly. In other words, let Cnt′ be the1680

minimal number of the strands needed during decoding, which is k in RS code (n, k). Then1681

the error event should be1682

Efailure = {
∑
i

Cnti < Cnt′} (46)

Pr{
∑

i Cnti < Cnt′} is hard to estimate directly and efficiently if the Cnti distribution1683

varies from different i.1684

Let E1, E2, · · · be independent identically distributed random 0/1 variables, such that1685

the sum of the error rates are the same
∑

i Pr{Ei = 1} =
∑

i Pr{Cnti = 1}. It is obvious1686

that1687

Pr{
∑
i

Cnti < Cnt′} ≈ Pr{
∑
i

Ei < Cnt′} (47)

In fact, when Pr{Ei = 1} > Cnt′

n
is a constant independent from i, the error rate is1688

bounded by the estimation, and the estimation is actually a binomial distribution.1689

Pr{
∑
i

Cnti < Cnt′} ≤ Pr{
∑
i

Ei < Cnt′} (48)

If the number of strands is not too large, it can be estimated that1690

Pr(Efailure) ≈
∑

0≤j<Cnt′

(
n

j

)
(Pr{Ei = 1})j(Pr{Ei = 0})n−j (49)

The estimation is efficient enough for grouped error correction, where n is not larger than1691

1000. If n is larger than 1000000, the binomial coefficient is hard to derive, a more efficient1692

method will be given in the next part.1693
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C.5 Normal distribution approximation1694

If the number of strands is too large, the binomial distribution can be approximate to a1695

normal distribution, and the Pr(Efailure) can be derived from the Cumulative Distribution1696

Function of normal distribution, and the Cumulative Distribution Function can be looked up1697

in the CDF table of normal distribution. A more accurate approximation can be obtained1698

by adding the variance of each Cnti.1699

∑
i

Ei ∼ N(n · Pr{Ei = 1}, n · Pr{Ei = 1} · Pr{Ei = 0}) (50)

C.6 Duplicate Sequencing1700

In the case of duplicate sequencing, a DNA strand is sequenced for more than 1 time.1701

With the help of the intra-strand error detection, it is possible to tell whether a result of a1702

sequencing is correct.1703

The probability of correct blind guess against the error detection can be ignored if the1704

hash value is long enough. By expectation,
∑

i Pr{Cnti = 0} is the number of blind guesses.1705

If the hash value has k bits, the expected number of correct blind guess is
∑

i Pr{Cnti=0}
2k

, which1706

can be rather small.1707

When the correct blind guess is ignored, and the error probability can be reduced expo-1708

nentially by simply filtering the wrong results. If a strand is sequenced for t time, the new1709

error rate of this strand becomes Pr{Cnti = 0}t.1710

D Implementation1711

This section is to provide an overview structure of the code. The Siyuan Code is implemented1712

in Python. The code API is named the BioSys. BioSys can encode the strands in an end-to-1713

end way. The BioSys uses 3 main parts of submodule. The Single-Strand Trie Coder named1714

Trie, the inter-strand error correction named erasure code, the indexing and intra-strand1715

error detection named safe hash algo, the strand evaluation named simulator, the controller1716

named dna seq and the config management.1717
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D.1 Single-Strand Trie Coder1718

The Single-Strand Trie Coder is implemented in the Trie module. The data structures of1719

the automaton include the Node and the Trie tree with press value. This part is to provide1720

the function of converting between an integer and a strand. The ‘add strand’ is to add an1721

unsuitable strand into the strand list. The ‘calculatePress’ is to calculate the press edge in1722

the Trie coder. The ‘get index’ and ‘get strand’ are the 2 main functions converting between1723

index and strand. The automaton is constructed and the coding is implemented using the1724

algorithm described in §4. This part is the main contribution of our work.1725

D.2 inter-strand error correction1726

The inter-strand error correction is implemented in the erasure code module and is imple-1727

mented based on Python error correction libraries. By default, the error correction is to use1728

the RS code method to give the error correction function.1729

In the standard RS code, k bits can be recovered from n bits. The n − k bits are the1730

redundancy. The standard RS code can correct at most n − k errors. In this problem, the1731

inter-strand error correction picks k strands and adds n − k redundancy strands. The ith1732

bits of the n integers presenting the n strands can be thought the same as the n bits in the1733

standard RS code.1734

D.3 Reed–Solomon Erasure Code1735

The RS code module in the system uses the standard pip library ‘reedsolo’ to implement1736

the function of RS code. Actually, the module can be easily replaced by any other error1737

correction code or erasure code.1738

D.4 The indexing and the intra-strand error detection1739

The indexing and the intra-strand error detection is implemented in the safe hash algo mod-1740

ule. The indexing is very trivial, adding a binary string presenting the index of the binary1741

string. The hash is implemented using the python standard hash library. The method takes1742
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some bits in the SHA-1. The bits are to examine whether the binary string is correct.1743

D.5 Strand evaluation1744

The strand evaluation is implemented in the simulator module. The module evaluates1745

the DNA strands and calculates the error rate of each single strand based on the MESA1746

(https://github.com/umr-ds/mesa dna sim). Also, the module helps calculate the system1747

decoding error rate with the single strand error rate based on the method mentioned previ-1748

ously in our paper.1749

D.6 Multi-Strand Controller System with Error Correction1750

The BioSys in the dna seq module is to control the modules mentioned above to achieve the1751

function of end-to-end Siyuan Code coding with error correction between multiple strands1752

and a binary file.1753

The encoding part receives the config and the input file as input. The decoding part1754

receives the config and the DNA strands as input. The config includes the good strands, the1755

binary length in partitioning, the hash length, the index length, the RS code k and n value1756

and the file length as input.1757

There is an example of config management in the ‘tests’ folder. It helps operate the1758

test with simulator and feeds the config into it. Also, it helps in evaluating the Strands1759

generated by the BioSys.1760

E Misc1761

E.1 In-silico comparison of per-strand information1762

The strict constraint does not hurt the information density. Here we analyze the amount1763

of information of a strand. Supplementary Figure 14 displays the per-strand information1764

density of different encoding methods for strands of 150 nucleotides, including indexing and1765

hash values. As shown in the figure, Siyuan Code, Yin-yang Code, and Fountain Code1766

each have the capacity to encode 256 bits of information within a single strand. However,1767
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Supplementary Figure 14: The information contained in a single DNA strand of length 150.

not all strands can be decoded successfully, necessitating an adjustment of the expected1768

information yield to account for the single-strand error rate, ϵ. Therefore, the effective1769

information content recoverable from a strand is 256 · (1− ϵ) bits.1770

The figure reveals that, on average, a single strand encoded by Siyuan Code can be1771

expected to yield about 250 bits of information, factoring in the error rate. By comparison,1772

the expected information retrievable from a single Fountain Code strand is around 98 bits,1773

and from a single Yin-yang Code strand, approximately 79 bits.1774

E.2 Number of copies in synthesis1775

The copy number of the synthesis is highly related to the synthesis cost, storage cost and1776

the physical density of the DNA storage system. In the synthesis step, multiple copies1777

of a strand are synthesized in order to ensure at least one correct copy of each strand.1778

However, the storage cost increases linearly with the number of copies, while too few copies1779

before PCR amplification leads to a high error rate in synthesis. Storage cost refers to the1780

expense of leasing adequate long-term infrastructure to house future large-scale DNA storage1781

powder. The synthesis cost increased slowly with number of copies if PCR was performed1782

before storing, but it is still wasting the escalating space cost. Advancing biotechnologies1783

will precipitate a steep decline in DNA synthesis costs, whereas non-renewable spacetime1784
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resource expenditures will undergo persistent appreciation.1785

Let the total number of strands be N and let the number of copies of a strand in synthesis1786

be k. In the example of Siyuan Code, k is chosen to be 6 and N is chosen to be 1253, with1787

42% redundancy in RS Code which is not used out. According to the result, a redundancy1788

of 7.9% is needed.1789

Our method can work with a very low number of copies during the synthesis step, which1790

can save a lot in synthesis and storing costs. With our method, the number of strands to1791

store in storage can drop dramatically by ∼ 200×. The number of copies drops from ∼ 10001792

in Fountain code to 6 in Siyuan Code.1793

E.3 Reproducing the results1794

The synthesis and sequencing services are supported by GenScript. The equipment relative1795

to the DNA microchips [42] is shown in Supplementary Figure 15.1796

The source code is publicly available at https://github.com/DNASiyuanCode/SiyuanCode1797

and https://gitea.sjtu-edu.top/SiyuanCode/SiyuanCode, and has been deposited in1798

Code Ocean 10.24433/CO.4952245.v1 [43].1799

Supplementary Figure 15: Genscript equipment
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// Your First C++ Program 
 
#include <iostream> 
 
int main() { 
    std::cout << "Hello World!"; 
    return 0; 
} 
 

The logo of Shanghai 
Jiao Tong University

A Hello World 
C++ program

A textual introduction 
to the university

An Atari 
game video

Supplementary Figure 16: Data stored in vitro

The in-vitro experiments are described as follows. The data is first compressed using 7-zip1800

(seen at tests/samples/SJTU zip/samples3.7z), and then encoded by the program (seen1801

at tea bio 06.py). The environmental requirements can be seen at README.MD. The1802

data (86808 bytes before compression) includes the 4 files shown in Supplementary Figure 16.1803

After synthesis, the DNA strands are dried in order to store the information. The se-1804

quenced result should be input to PEAR [44] and then to the decode program (seen at1805

tea bio 06 dec.py). The sequencing data are publicly available at https://github.com/1806

DNASiyuanCode/SiyuanCodeSequencing and https://gitea.sjtu-edu.top/SiyuanCode/1807

SiyuanCodeSequencing, and have been deposited in Zenodo 10.5281/zenodo.21357059 [45].1808

E.4 Distribution map1809

The DNA strands in vitro are sequenced. The sequencing result can be seen as a set of strings,1810

each of which presents a DNA strand. Each string can be regarded as a point in a high-1811

dimensional space. The strings are dimensionally reduced by the means of ISOMAP [46] and1812

MDS [47]. The distribution of the DNA strands after dimension reduction (x1, x2, x3, x4, x5)1813

is shown by Supplementary Figure 17 and Supplementary Figure 18 in the form of scatter1814

diagrams. The ISOMAP and the MDS dimension reductions are performed on a random1815

sample with size 1000 to give a sense of the distribution of the sequenced in-vitro DNA1816
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strands from Siyuan Code.1817
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Supplementary Figure 17: The distribution map of the ISOMAP dimensional reduction of

the high-dimension DNA strands
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Supplementary Figure 18: The distribution map of the MDS dimensional reduction of the

high-dimension DNA strands

E.5 Data Scale1818

There is no upper limit to the data scale of our method when the strand length is not limited.1819

As shown in Supplementary Figure 19, the number of available paths is exponentially large1820

compared to the length of the strands. Our coding method does not limit the length of the1821

strands, so our method is compatible with future settings where the length and the strand1822

number are much larger.1823

Even if the strand length is limited, the number of available strands is still astronomically1824

large, rendering any concern about depletion unfounded. To take our parameters of the in-1825

vitro experiment as an example, we use a very strict constraint to avoid the typical errors1826
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Supplementary Figure 19: Suitable strand numbers with different strand lengths: The em-
pirical function of the number of suitable strands is about 3.783n where n is the strand length
under the setting and the parameters of our in-vitro experiments (very strict constraints)

mentioned by MESA [38]. If the strand length is 134 (excluding the primers), there are1827

as many as 2.65 × 1077 different suitable strands. If the strand length is 200 (excluding1828

the primers), there are as many as 3.65 × 10115 different suitable strands. This means that1829

even with very short strands (134 nt), we can store very much data theoretically. Assume1830

the hash length is h bits, if there are |S| suitable strands and we want to store data with1831

m suitable strands and the adaptive index length becomes log2m bits, each strand can1832

store about log2 |S| − log2m − h bits. The system can store m(log2 |S|−log2 m−h)
8

bytes. With1833

|S| = 2.65 × 1077, m = 1026, h = 8, the system can store 2.0 × 1027 bytes of data, which is1834

1.8× 109 EByte. With |S| = 2.65× 1077, m = 1074, h = 8, the system can achieve its limit1835

of 4.2× 1073 bytes under the setting of 134 nt short strands.1836

We do not think that it is practical to conduct tests in order to test the limit of our1837

coding method because the limit of our coding method is too large. Larger tests would not1838

be beneficial because the reliability can be shown with smaller datasets and it is not easy to1839

tell how large is “large enough” for the “too large” limits.1840

93



E.6 Scoring criteria for density and copy number1841

Density considering copy number is important because some previous work can play trick1842

by using very large copy number during the storage step to bridge the gap in single-strand1843

error rate between the two methods. The concept of density and copy number is important1844

in physical density comparison, but the copy numbers during storage and during sequencing1845

were deliberately conflated before our work. After synthesis (the synthesis step can include1846

PCR amplification or not), there are multiple copies of each strand in the container. The first1847

copy number is the copy number in the container, and this copy number influence the space1848

and weight cost of storage. During sequencing, the multiple copies can be PCR amplified1849

again to be sequenced. The second copy number can be regard as a part of the sequencing1850

step, which does not influence the density of the storage step.1851

The storage density of DNA impacts the long-term physical storage costs, a significant1852

concern as space is projected to become increasingly scarce in the distant future. In contrast,1853

the sequencing density (i.e., the density of PCR-amplified DNA loaded into sequencers)1854

primarily affects sequencing costs, which are now lower than the synthesis cost and are1855

expected to drop substantially in the future. Furthermore, there is the future potential to1856

reuse the nucleotide bases after sequencing in the distant future.1857

We think that the scoring density of DNA storage should correspond to the first copy1858

number in the storage step. The PCR amplification during sequencing can be considered as1859

a revision in sequencing to increase the sequencing accuracy but not a revision in storage1860

which occupy much mass and volume during storing. We have only 6 copies in our in-vitro1861

experiments in the storing step, and they are then PCR amplified again in the sequencing1862

step.1863

E.7 Criteria for robustness against excessive errors1864

The focus of our work is not to give the criteria for robustness or to give an extreme robust1865

coding method. The robustness can be regarded as an additional benefit of our one-to-one1866

coding. Our method overcome the excessive errors with error avoidance and user-defined1867

high-redundancy error correction code. The robustness of previous works in Table 1 was1868
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given by Yin-yang code [11].1869

As to the criteria for robustness, we regard it as the ability of 100% data recovery with1870

high-redundancy error correction, no matter how high the strand error (strand erasure) is.1871

Also, the method should have the ability to use up the redundancy, instead of wasting some1872

of the redundancy. At the same time, the method should work with strict constraints dealing1873

with high error rates. Our basis is that modern digital files, such as contemporary photo-1874

graphic images, are invariably subjected to either lossy or lossless compression algorithms,1875

where a bit changing can lead to file destruction. Therefore, we argue that partial data1876

recovery during decoding is useless in data reconstruction.1877

According to the criteria, Fountain code is not robust. With strict filters, Fountain1878

code could fail to find a suitable strand. Also, the randomness of Fountain code makes it1879

impossible to use up the redundancy. The random matrix could be not full-ranked. Though1880

Fountain code can perform 100% data recovery, it can not fulfill the other two criteria.1881

E.8 Analysis of the Underlying Causes of Disadvantages in Filtering-1882

Based Methods1883

In this section, we will provide a quantitative approach to explain why filtering-based en-1884

coding is inefficient and unstable.1885

Filtering-based methods randomly generate strands and retain low-error ones using a1886

filter. This process repeats iteratively until a sufficient number of strands is obtained. This1887

regenerative step incurs exponential time cost. We will demonstrate this through theoretical1888

algebraic analysis and experimental testing.1889

E.8.1 Analysis of inefficiency1890

To be formal, without loss of generality, filtering-based methods randomly generate a strand1891

with the random seed inside the strand, and record the hash value into the strand as error1892

detection. Let the random variable of the whole strand s be drawn from the probability1893

distribution Dgen. s ∼ Dgen. Let B = {A, T, C,G}. Let the strand length be L = m. Let1894

the suitable strand set be S.1895
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The probability distribution Dgen depends on the seed, the strand generator and the hash1896

function, but the property of the filtering-based methods depends on the Prs∼Dgen(s ∈ S) ≈1897

Prs∼Uniform(Bm)(s ∈ S). In other words, the strand randomly generated by the filtering-based1898

methods should closely approximate a truly random strand. So, it is reasonable to assume1899

Prs∼Dgen(s ∈ S) =
|S|
4m

. To be convenient, we assume that s ∼ Uniform(Bm) in the following1900

analysis.1901

If homopolymer length LH is forbidden in the strand. We want to estimate the bound1902

of the probability that a randomly generated strand is suitable. Let the probability be PS ,1903

and then the expected generating and regenerating time is 1
PS

.1904

Divid the L bases into L
LH

groups and each group consists of LH bases. The probability1905

of filtering accepting a strand is not greater than the probability that each group is not1906

a homopolymer. As a result, we can have a rough bound PS ≤ (1 − 41−LH )
L

LH . 1
PS
≥1907

( 1
1−41−LH

)
L

LH . According to the analysis, we can already say that the regenerating time1908

complexity is exponential with respect to the strand length L.1909

E.8.2 Analysis of instability1910

Another concern about the filtering-based method is that the random seed may be used1911

up. About 1
PS

distinct strands should be generated, so the number of distinct random seeds1912

should be at least exponential with respect to the strand length L. In other words, the1913

random seed length in each strand should be at least linear to the strand length. Also, the1914

needed random seed length could be very long with more strict constraints (smaller LH).1915

However, most filtering-based methods do not have a user-specifiable length of random1916

seed. As a result, the encoding program of these method may crash or be trapped in an1917

infinite loop after using up all the random seeds if the constraint is strict or the length is1918

long.1919

Some methods do not explicitly mention a random seed, but the encodings they use1920

typically contain an implicit random seed, and the aforementioned issue of random seeds1921

cannot be resolved.1922

For example, fountain code [48, 12] needs to store the random indices of the blocks in1923

each packet to successfully decode the file. The random indices can be regarded as a random1924
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seed. Although a shorter random seed can generate the random indices, the randomness still1925

needs to be stored as a random seed. And the random seed of each strand needs to be long1926

enough to ensure that the number of distinct random strands is large enough.1927

For example, yin-yang codec [11] needs to store 2 indices in each strand. The extra strand1928

index can be regarded as the random seed. When the constraints are strict and the file is not1929

too large, the situation that the possible pairs are used up in the regenerating can happen.1930

E.8.3 Tests of inefficiency1931

The real-world case is more complicated and tighter than the rough bound. We should1932

consider not only the homopolymer, but also other error-prone patterns. Our simulation1933

experimental testing can help giving a more precise estimation of the regenerating time1934

taking all the constraints into consideration.1935

The setting of our tests are based on the following constraints: homopolymer, GC content1936

and undesired motifs. The detailed undesired motifs are from MESA [38]. The homopolymer1937

constraint and the GC content constraint vary in this test. As shown in Supplementary Fig-1938

ure 20, the number of retries of filtering-based methods is roughly an exponential order of1939

magnitude that of strand length.1940

According to Supplementary Figure 20, with strand length controlled, the retry number1941

is highly associated with the GC content constraint and the homopolymer constraint. The1942

“No GC” in Supplementary Figure 20 means that there is no constraint in local GC content.1943

The “GC(a% − b%)” means that the local GC content ratio is between a% and b% with1944

local window length 5. “Homo a” means that the homopolymer of length a is forbidden. At1945

strand length 200, the too loose constraint “No GC Homo 4” needs about 19 retries for each1946

strand in average, when the strict constraint “ GC(40%-60%) Homo 3” needs about 3.8×10221947

retries for each strand in average, which is too time consuming in the encoding process. The1948

appropriate constraint “GC(20%-80%) Homo 3” needs about 5.5×106 retries for each strand1949

in average. The checking of the constraints in each retry has a time complexity of not less1950

than O(L), which means that each retry may cost at least 6.7× 10−6 seconds on a computer1951

equipped with a 3GHz CPU if the constant factor is at least ∼ 100. That is to say, each1952

strand may cost nearly a minute or more to generate, because of the unacceptably high retry1953
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Supplementary Figure 20: Number of retries of filtering-based methods

number.1954

Such inefficiency is one of the reasons why the existing filtering-based methods use very1955

loose constraints (Homo 5 forbidden etc.), while too loose constraints may lead to a high error1956

rate and pose an obstacle to copy number reduction. Also, the high retry number may be a1957

impediment to increasing the length of strand in vitro in the future. Certain straightforward1958

modifications, for instance, segmentation in filtering-based methods, would undermine the1959

whole-strand characteristics and incur greater fundamental overhead, for instance, more1960

addresses and more random seeds.1961

E.8.4 Tests of instability1962

The number of distinct random seeds should be at least the number of retries. Otherwise1963

the random seeds could be used up. The random seed length should be at least log2
1
PS

1964

bits or log4
1
PS

bases, where 1
PS

is the expected retry number. In case of randomness, a1965

safer choice for the minimal random seed is to double the random seed length, as shown in1966

Supplementary Figure 21.1967

Our simulation experimental testing can help estimate the minimal random seed length1968
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Supplementary Figure 21: Minimal random seed length

necessary for each strand according to previously calculated expected retry number. The1969

settings are the same of those in Supplementary Figure 20. By showing that the minimal1970

random seed length is long, we can determine that filtering-based methods not only suffer1971

from low encoding efficiency but also have a significant drawback: they are prone to exhaust-1972

ing the random seed and failing to encode correctly with strict constraints due to the short1973

random seed length used in practice. A strand with length 200, the “GC(20%-80%) Homo1974

3” constraint needs a random seed length of more than 22.4 bases for each strand to ensure1975

that distinct random seeds are not used up, while fountain code uses a random seed length1976

of 16 bases. The filtering-based methods would fail in encoding and show its instability with1977

strict constraints, as shown in Figure 3e.1978
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Supplementary Figure 22: Overhead of the random seeds

An inelegant solution to this instability of filtering-based methods is to increase the length1979

of the random seed. However, the overhead of the increased random seed can be up to 11.2%1980

under “GC(20%-80%) Homo 3” constraint and up to 35.8% under “GC(40%-60%) Homo 4”1981

constraint, as shown in Supplementary Figure 22. At the same time, yin-yang codec uses1982

an implicit random seed by encoding the seeds into the index, which means that yin-yang1983

codec can never increase its random seed length. We give an example of how to make the1984

encoding process of yin-yang codec fail in Figure 3e.1985

E.9 Incremental redundancy generation property with RS Code1986

This part is to simply explain the fountain’s incremental redundancy generation property1987

implemented with RS Code.1988

Traditional Reed-Solomon (RS) codes have a fixed erasure correction capability, whereas1989

RS codes applied to DNA storage can achieve an expandable error tolerance. Specifically, by1990

applying RS codes across DNA strands—treating each strand as a symbol in the code—we1991

can initially generate a certain number of redundant strands with higher redundancy. Note1992

that not all redundant strands are generated at first. They can be generated on demand.1993

Since each strand contains its own checksum, it is straightforward to verify whether it has1994

been stored correctly. If some strands are corrupted or lost, additional redundancy can1995

be dynamically appended. Note that the incremental redundancy generation is practical1996

because a large number of redundant strands have not been generated yet and the RS Code1997
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redundancy is very high. Correct decoding is guaranteed as long as the total number of1998

correctly retrieved strands—including both data and redundant strands—is no less than1999

the original number of data strands. From this perspective, the ability to incrementally2000

add redundancy makes RS codes more efficient and waste-free compared to Fountain codes.2001

Fountain code needs ϵ times more strands than the data strands. A defining parameter2002

of Fountain codes is ϵ, which represents the fraction of extra strands required beyond the2003

minimum number for decoding.2004

The reason traditional RS codes were not designed this way is that, in conventional usage2005

scenarios, it is often difficult to simply determine whether a particular symbol is correct.2006

Moreover, such a modification would require additional metadata to record the position of2007

each symbol, incurring significant overhead. In contrast, in the new context of DNA storage,2008

every strand already includes a checksum and an address index, so this adaptive design2009

introduces no additional overhead.2010

E.10 Different densities of Siyuan Code2011

The density of Siyuan Code varies depending on the specific definition used. To avoid2012

ambiguity, we will introduce and calculate the various density definitions in this section.2013

The value of 41 EB/g reported in our manuscript is the final result that already includes2014

the logical redundancy and the copy number necessary for achieving robust, perfect retrieval,2015

allowing for a direct, ”apples-to-apples” comparison with the effective densities reported in2016

works like DNA Fountain. It is not a theoretical upper limit without redundancy.2017

Our redundancy includes logical redundancy and copy number redundancy. The density2018

with constraints but without redundancy is 1.920×6.022×1023

308.95×8×10246
≈ 405.8 EB/g. The 1.920 =2019

log2 3.783 bits/nt is the information density with constraints but without redundancy. The2020

3.783 is given in Supplementary Figure 19. The 6.022 × 1023 is the Avogadro Constant.2021

The 8 × 10246 bit/EB is the unit conversion. The 308.95g/mol is the Molar Mas. Though2022

405.8 EB/g is more eye-catching, the 405.8 EB/g density does not take the copy number,2023

the indices and the redundancy into consideration, and thus we did not use the 405.8EB/g2024

to describe our in-vitro density.2025

Our density with constraints, indices, error correction and logical redundancy is based on2026
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the in-vitro wet experiments. We stored 86808 bytes in vitro. The files were compressed into2027

31127 bytes. There are 1253 different strands of length 170 (including the primer, the error2028

correction and the indices) in all. The Molar Mass of each strand should be 79+308.95×170 =2029

52600.5 g/mol. The weight of the strands should be 1253×52600.5
6.022×1023

≈ 1.0945 × 10−16 g. Thus,2030

the density with constraints, indices, error correction and logical redundancy should be2031

31127
1.0945×10−16 ≈ 2.8439 × 1020 byte/g, which is 246.673 EB/g. If we consider the compression2032

as a part of our system, the density should then be 86808
1.0945×10−16 ≈ 7.9313×1020 Byte/g, which2033

is 687.93 EB/g.2034

Our method’s in-vitro experiment has a copy number redundancy of exactly 6 in the2035

Storage Stage in Figure 1. Our density considering the copy number should be 246.673
6
≈2036

41.112 EB/g. To avoid unfairness, we use the 41 EB/g instead of the eye-catching 6882037

EB/g.2038

E.11 Encoding and decoding time of very long strands2039

While we have previously demonstrated that our method exhibits time complexity of linear2040

calculations, we recognize that readers may still have reservations regarding its computational2041

efficiency. To address potential concerns about scalability, this section provides empirical2042

evidence that our method can efficiently handle very long DNA strands.2043

For the theoretical analysis of time complexity, see Supplementary §B.2044

In order to show that our method is not highly influenced by the strand length and the2045

constraints, we have already given Figure 3bc. The strand length of the figure is from 150nt2046

to 300nt. However, it does not mean that our method can not handle longer strands. The2047

strand is not longer than 300nt to ensure that Yin-yang Codec and Fountain Code does not2048

crash.2049

To prevent any misinterpretation, Supplementary Figure 23 is provided. In this figure,2050

Siyuan Code is run with different strand length and the same constraints. The strand length2051

is much longer than 300nt. The constraints includes MESA constraints [38] explained in2052

Supplementary §B.1.2 and the maximized allowed homopolymer length is 2. We would like2053

to say that the constraints are strict (slower constraints). To avoid accusations of selectively2054

choosing data, the ∼2MB file given by Fountain Code [12] is encoded and decoded. In2055

102



this figure, it is clear that even under very strict constraints, the running speed is still very2056

high. Although the running time appears to increase with DNA strand length, the growth is2057

gradual and near-constant. It is reasonable to argue that the non-constant portions of these2058

timings are attributable to specific Python interpreter implementation details and computer2059

architecture, rather than the algorithmic time complexity itself. In summary, we argue that2060

concerns about the time complexity exploding with length are unfounded.2061
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Supplementary Figure 23: Siyuan Code running time with different strand length.

Siyuan Code’s superior coding/decoding speed is not merely a software performance met-2062

ric; it has profound practical implications for DNA storage system design. Unlike traditional2063

filter-based encoding methods, whose time complexity can grow exponentially as constraints2064

become stricter or strand lengths increase, often forcing the adoption of relaxed, suboptimal2065

parameters, our algorithm ensures efficient operation even under stringent combinatorial2066

constraints. As illustrated in Figure 3c, while conventional approaches may become com-2067

putationally intractable, Siyuan Code maintains a stable and feasible encoding/decoding2068

process, enabling the use of stricter error-avoidance rules without compromising practical2069
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usability. Thus, the computational advantage translates directly into greater design freedom2070

and enhanced physical reliability of the encoded DNA strands.2071

E.12 Preprocessing time and space2072

Supplementary §B has already given the time complexity and the space complexity analysis2073

of the preprocessing, encoding and decoding process. However, we did not give the exact2074

in-silico space consumption and time consumption of the preprocessing stage. In this section,2075

we will review the theorems and the conclusions from Supplementary §B and measure the2076

exact runtime and memory usage of the preprocessing stage.2077

E.12.1 Review of the conclusions and theorems from Supplementary §B2078

In this context, n denotes the length of the strand length for encoding and decoding. L2079

denotes the total length of the constraints. Lfile denotes the length of the file. For rigour,2080

we assume that operations on integers and their storage are O(1) and treat them as atomic.2081

As proved in Supplementary §B, the preprocessing time complexity is O(nL), the pre-2082

processing space complexity is O(nL). The bottleneck is not the O(L) time trie automaton2083

construction, but the DP table of size O(nL).2084

The encoding time complexity is O(n). The encoding space complexity is O(n). Note2085

that the encoding time and space complexity is the complexity of encoding one strand but2086

not one file. Note that the space complexity excludes the preprocessing space complexity2087

which is always stored in the memory.2088

Theorem E.1. When considering the encoding of an entire file rather than a single DNA2089

strand, the time complexity becomes O(Lfile).2090

Proof. The reasons are as follows: each strand can store O(n) bits or bytes of the information,2091

so there should be O(
Lfile

n
) strands. Each strand encoding has a time complexity of O(n),2092

so the file encoding has a time complexity of O(Lfile).2093

Theorem E.2. The file encoding space complexity is O(n).2094
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Proof. When analyzing space complexity, the theoretical model could employ a pipelined2095

approach, which reads, computes, and writes data in a streaming fashion, resulting in a2096

streaming algorithm whose space cost matches that of processing a single strand. Therefore,2097

the file encoding space complexity is O(n).2098

However, our current python implementation reads the entire file into memory, performs2099

all computations, and then writes the results, leading to a space complexity of O(Lfile).2100

This design choice was made for three reasons:(1) The memory footprint of our method2101

remains modest in practice, allowing it to run reliably without complex modifications. (2) We2102

previously did not emphasize low space complexity as a distinct advantage of our approach.2103

(3) In our in-silico experiments, we prioritized runtime performance over memory usage and2104

therefore did not pursue memory-specific optimizations.2105

The complexity analysis for the decoding process largely mirrors that of the encoding pro-2106

cess. Accordingly, we present its complexity here. The entire file decoding time complexity2107

is O(Lfile). The entire file decoding space complexity is O(n). Our python implementation2108

file decoding space complexity is O(Lfile).2109

The complexities are listed in Supplementary Table 1. The calculation of “Preprocess-2110

ing+Encode” and “Preprocessing+Decode” complexities are trivial with each stage com-2111

plexity is given.2112

E.12.2 In-silico preprocessing time and space2113

We have already given the in-silico encoding time and decoding time previously. We also have2114

already given the mathematical proofs in Supplementary §B. Here, we give the preprocessing2115

time and space under different settings. When considering a streaming algorithm from a2116

theoretical perspective, the total memory usage during encoding and decoding is essentially2117

equivalent to that of the preprocessing stage, with negligible additional overhead. The2118

non-streaming implementation reads the entire file at once, so part of the memory consumed2119

during encoding/decoding scales with the file size. To isolate the effect of file size on memory2120

measurements, we report only the memory usage of the preprocessing phase.2121

Generally, the strand length, the maximum homopolymer length and the total length of2122
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Stage Sub-stage Time complexity Space complexity

Preprocessing
Trie automaton construction O(L) O(L)

DP value calculation O(nL) O(nL)

Encode
Single strand O(n) O(n)

Entire file (streaming) O(Lfile) O(n)
Entire file O(Lfile) O(Lfile)

Decode
Single strand O(n) O(n)

Entire file (streaming) O(Lfile) O(n)
Entire file O(Lfile) O(Lfile)

Preprocessing+Encode

Single strand O(nL) O(nL)
Single strand (amortized) O(n) O(nL)
Entire file (streaming) O(Lfile + nL) O(nL)

Entire file O(Lfile + nL) O(Lfile + nL)

Preprocessing+Decode

Single strand O(nL) O(nL)
Single strand (amortized) O(n) O(nL)
Entire file (streaming) O(Lfile + nL) O(nL)

Entire file O(Lfile + nL) O(Lfile + nL)

Supplementary Table 1: The table of time complexity and space complexity.

the constraints have the probability to influence the preprocessing time. We show whether2123

these settings influence the preprocessing time or not in Supplementary Figure 24. In Sup-2124

plementary Figure 24a, the total length of the constraints is 1252 and the maximum ho-2125

mopolymer length is 2. As shown in Supplementary Figure 24a, the preprocessing time2126

scales linearly with the strand length, which aligns with the time complexity in Supplemen-2127

tary Table 1. In Supplementary Figure 24b, the total length of the constraints is 1252 and2128

the strand length is 200. As shown in Supplementary Figure 24b, the preprocessing time is2129

dependent with the maximum homopolymer length, which aligns with the time complexity2130

in Supplementary Table 1. In Supplementary Figure 24c, the strand length is 200 and the2131

maximum homopolymer length is 2. As shown in Supplementary Figure 24c, the preprocess-2132

ing time scales linearly with the total length of the constraints, which aligns with the time2133

complexity in Supplementary Table 1.2134

It is worth noting that our preprocessing method is implemented in Python without2135

specific optimizations for efficiency, yet it remains fast in practice. Our implementation2136

allows the preprocessing strand length to be set slightly longer than the actual storage2137

strand length, providing flexibility in adjustment.2138

106



0

0.1

0.2

0.3

0.4

0 100 200 300 400

Ti
m

e 
(s

ec
)

Strand length (nt)

Preprocessing time

0

0.05

0.1

0.15

0.2

0.25

0.3

1 2 3 4 5

Ti
m

e 
(s

ec
)

Maximum homopolymer 
length (nt)

Preprocessing time

0

0.1

0.2

0.3

0.4

0 2000 4000 6000

Ti
m

e 
(s

ec
)

Total length of the constraints (nt)

Preprocessing timeA B C

Supplementary Figure 24: Siyuan Code preprocessing time with settings. (a) Preprocessing
time under varying strand lengths (nt). (b) Preprocessing time under varying maximum
homopolymer lengths (nt). (c) Preprocessing time under varying constraints lengths (nt).
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Supplementary Figure 25: Siyuan Code preprocessing memory usage with settings (including
the 99.63 MB baseline memory consumption). (a) Memory usage under varying strand
lengths (nt). (b) Memory usage under varying maximum homopolymer lengths (nt). (c)
Memory usage under varying constraints lengths (nt).

Like the situation in preprocessing time, the strand length, the maximum homopolymer2139

length and the total length of the constraints have the probability to influence the memory2140

usage. We show the memory usage under different settings. It should be noted that the2141

memory usage we report is based on actual measurements, which includes overhead from the2142

Python interpreter and the code itself (such as the numpy library). Our empty-file testing2143

shows that this baseline memory consumption amounts to approximately 99.63 MB.2144

In Supplementary Figure 25a, the total length of the constraints is 1252 and the maxi-2145

mum homopolymer length is 2. As shown in Supplementary Figure 25a, the memory usage2146

scales linearly with the strand length, which aligns with the space complexity in Supplemen-2147
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tary Table 1. Note that the 99.63 MB baseline memory consumption should be excluded.2148

In Supplementary Figure 25b, the total length of the constraints is 1252 and the strand2149

length is 200. As shown in Supplementary Figure 25b, the memory usage is dependent2150

with the maximum homopolymer length, which aligns with the space complexity in Supple-2151

mentary Table 1. Also as shown in the figure, the memory usage is more stable than the2152

preprocessing time. In Supplementary Figure 25c, the strand length is 200 and the maxi-2153

mum homopolymer length is 2. As shown in Supplementary Figure 25c, the memory usage2154

scales nearly linearly with the total length of the constraints, which aligns with the space2155

complexity in Supplementary Table 1.2156

We acknowledge that the linear trend in Supplementary Figure 25c is less pronounced.2157

This occurs because in the trie automaton, L serves as an upper bound but not the ex-2158

act supremum on the number of vertices. Consequently, the observed scaling does not align2159

perfectly with a strict linear upper bound. In contrast, the number of vertices in Supplemen-2160

tary Figure 25a remains constant, which results in a more clearly defined linear relationship.2161

E.13 Deterministic mapping security and information leakage: a2162

clarification2163

This section addresses the reviewer’s concerns regarding the potential implications of the2164

deterministic mapping employed in Siyuan Code, including payload reuse, equality leakage,2165

and its interaction with the introduced redundancy schemes.2166

Payload reuse refers to the fact that identical data blocks are mapped to identical DNA2167

sequences. Consequently, one might suspect that after encoding, identical data could become2168

indistinguishable, leading to retrieval failures. In practice, this does not pose a problem2169

because our method binds a unique index (address) to each data block prior to encoding.2170

Therefore, even in the presence of intentional manipulation, each encoded strand remains2171

distinct and no ambiguity arises during decoding. This characteristic does not introduce any2172

adverse effects on the storage system.2173

Equality leakage is an information-theoretic property: an observer could infer whether2174

two original data blocks are identical by detecting repeated DNA sequences. However, it2175
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is important to emphasize that Siyuan Code is designed as a hardware-oriented storage2176

codec, not an encryption algorithm. Thus, if an attacker gains physical access to the DNA2177

pool, they can directly use our open-source decoder to recover the complete original data,2178

rendering any inference about block equality unnecessary. This means physical access to the2179

DNA pool implies full access to all stored information. Consequently, equality leakage does2180

not introduce a new vulnerability beyond that of complete data exposure.2181

Interaction with redundancy concerns how the bijective mapping in Siyuan Code interacts2182

with the built-in redundancy layers. To ensure clean separation, we adopt a layered encoding2183

approach: first, inter-strand error-correcting code are added to the data; the resulting blocks2184

are then prepended with address indices; subsequently, per-strand checksums are appended;2185

finally, the entire augmented block containing the original data, inter-strand error-correcting2186

code, address, and intra-strand checksum is encoded via the deterministic bijective mapping.2187

This design ensures that inter-strand correction, intra-strand error detection, and checksum2188

verification are all decoupled from the outer bijective mapping. Meanwhile, because the2189

bijective mapping operates on the whole augmented strand, it is not constrained by the2190

redundancy structures themselves.2191

Regarding equality leakage, we would like to further clarify that even similar or identical2192

data blocks – if located at different addresses – can be mapped to completely distinct DNA2193

strands after deterministic encoding. The following techniques ensure such differentiation:2194

1. Inserting a checksum in the high-order bits. Even if two data blocks are identical,2195

different addresses will generally yield different checksums. Modifying a single high-order bit2196

of the DNA strand, due to the complexity of the constraint set, does not simply correspond2197

to a change by a power of two in the binary representation, but rather alters all subsequent2198

lower-order bits. Similarly, altering a high-order digit produces cascading changes in the2199

lower-order bases. Therefore, placing a checksum in the high-order bits effectively prevents2200

similar subsequences from appearing in the encoded output.2201

2. Applying compression before encoding. Compression reduces highly repetitive pat-2202

terns in the input data, thereby decreasing the occurrence of highly similar data blocks2203

submitted to the encoder.2204

3. Building on method 1, using the high-order checksum as a random seed to generate2205
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a pseudo-random sequence, which is then XORed with the entire strand to achieve random-2206

ization.2207

In our current implementation, methods 1 and 2 are employed. These already suffice to2208

ensure that highly similar data blocks are mapped to entirely dissimilar DNA strands, making2209

method 3 unnecessary. Moreover, method 1 was originally introduced to provide a checksum2210

that verifies strand integrity. This allows inter-strand error correction to function as an2211

erasure code—dealing only with erased or known-invalid strands—rather than attempting2212

to correct potentially erroneous data. As a result, this design incidentally addresses potential2213

malicious tampering scenarios that could otherwise exploit deterministic encoding.2214

E.14 Scoring criteria clarification for density in Table 12215

This section provides a detailed explanation of the scoring criteria and comparison methodol-2216

ogy used in Table 1 of the main text, which summarizes the physical density and net density2217

of various DNA storage encoding schemes. Its primary objective is to answer a fundamental2218

question for the field: Among existing methods, which one achieves the highest amount of2219

storable information per unit of DNA in a practical, robust setting?2220

E.14.1 Rationale for the Chosen Metrics: Physical Density and Net Density2221

We focus on two ultimate, application-oriented metrics:2222

• Physical Density (PB/g or EB/g): The total amount of recoverable information stored2223

per gram of synthetic DNA. This metric directly correlates with the ultimate storage2224

cost and efficiency of a physical storage system.2225

• Net Density (bits/nt): The amount of information encoded per nucleotide within2226

the DNA sequence itself, after accounting for all encoding overheads (indices, error-2227

correction codes, etc.) but before applying copy number redundancy. This metric2228

reflects the intrinsic information efficiency of the encoding scheme.2229

We selected these final output metrics over intermediate parameters (e.g., specific error-2230

correction codes or constraint sets) because they allow for a direct comparison of the overall2231
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system performance relevant to an end-user: how much data can be reliably stored and2232

retrieved.2233

E.14.2 Methodology: Comparison at Reported Optima2234

A key design choice for Table 1 is that the data for each method are sourced from its2235

original publication or authoritative demonstration, representing its performance under the2236

parameters and conditions optimized by its authors. This approach is adopted for two2237

principal reasons:2238

• Field Standard Practice: It aligns with common benchmarking practice within the2239

DNA storage community, enabling a direct comparison of the best-achieved results2240

across different research efforts. Foundational benchmarks in the field, for instance,2241

often compare methods based on their reported peak performances.2242

• Preserving Method-Specific Optimizations: Different methods employ distinct strate-2243

gies and parameter synergies to maximize their final density. Forcing all methods into2244

a single, arbitrary parameter set could unfairly degrade the performance of methods2245

whose strengths are tied to specific configurations, thus distorting the comparison. Us-2246

ing author-optimized parameters respects the design intent of each work and provides2247

a fair assessment of its potential.2248

E.14.3 Clarifying the Core Trade-off: Error Tolerance, Copy Number, and2249

Physical Density2250

A critical insight for interpreting Table 1 is the inherent, system-level trade-off between an2251

encoding scheme’s intrinsic error tolerance, the biological copy number redundancy used, and2252

the final physical density. This trade-off manifests in several distinct optimization strategies2253

in practice:2254

• Strategy A (High Intrinsic Tolerance, Low Copy Number): Schemes with very strong2255

built-in error resilience (e.g., via powerful ECC) may require only a low copy number2256

for perfect retrieval. This can yield high physical density, as the total mass of DNA2257

synthesized is low.2258
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• Strategy B (Lower Intrinsic Tolerance, High Copy Number): Conversely, methods2259

with modest intrinsic tolerance may require a high copy number to compensate, using2260

molecular redundancy to ensure reliability. Their net density is high though the final2261

physical density may not be competitive caused by copy number.2262

• Strategy C (Moderate Tolerance, Proactive Error Avoidance, Low Copy Number):2263

Some schemes employ sophisticated code design to proactively circumvent error-prone2264

patterns (e.g., via specific sequence constraints) before information is written. They2265

may not have the strongest corrective power, but by “preventing errors preemptively”,2266

they significantly reduce the raw error rate, enabling reliable recovery with a low copy2267

number and potentially achieving high physical density.2268

Therefore, comparing only the copy number or only the net density in isolation is in-2269

sufficient. The Physical Density reported in Table 1 is the final product of this complex2270

optimization. It encapsulates the net result of each method’s specific choices along this2271

trade-off curve at its optimal operating point.2272

E.14.4 Argument for Fairness: Why Enforcing Uniform Parameters is Prob-2273

lematic2274

The aforementioned strategic differences form the core rationale for our methodology. At-2275

tempting a “controlled variable” comparison by mandating a uniform parameter (e.g., copy2276

number, specific error-correction strength, or per-strand error rate) is conceptually flawed2277

because:2278

• Mandating a low copy number would invalidate prior work relying on Strategy B, which2279

is unfair to that research.2280

• Mandating a specific (controlled) intrinsic tolerance level would invalidate Strategy A,2281

also unfair.2282

• Mandating an identical per-strand error rate may not fairly evaluate the advantages2283

gained by Strategy C through proactive error avoidance.2284
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Consequently, the fairest and most informative approach is to evaluate the final physical2285

density each method can achieve under its own designed optimal parameters. This is the2286

method employed in Table 1. It allows methods based on fundamentally different strate-2287

gies to compete on their own strongest grounds, ultimately comparing them on a unified,2288

application-critical end metric: physical density.2289

E.14.5 Conclusion2290

The methodology used in Table 1 is designed for fairness and relevance. It compares all2291

methods based on the final, critically applicable metric of physical density, evaluated at2292

their respective performance peaks as established in the literature. This approach answers2293

the most pressing question for advancing the field: Which method, when tuned to its best,2294

delivers the highest information storage capacity per gram of DNA? We believe this provides2295

a transparent, meaningful, and equitable basis for comparison.2296

E.15 Clarification on the Choice of 170-nt Strands2297

Regarding optimality, we posit two distinct layers: 1) Coding-Theoretic Optimality: De-2298

signing an encoding method that, for a given hardware specification (e.g., strand length, set2299

of error patterns to avoid), maximizes the utilization of the strands to achieve the optimal2300

density under that specification. 2) System-Level Optimality: Identifying the best hard-2301

ware specification (e.g., optimal strand length) for a given encoding method under current2302

technology to minimize total system cost.2303

Our work primarily targets the first point. Therefore, our focus is on creating an encoding2304

method whose mathematical construction remains valid and efficient even if underlying bio-2305

chemical technology advances. The core idea is that by simply updating the input parameters2306

(e.g., target length, constraint set), our method can adapt to new hardware specifications.2307

We aim to demonstrate the mathematical formulation of our encoder—specifically, how it2308

implements an enumerative coding via an efficient bijective mapping based on combinatorial2309

counting—rather than presenting a framework for choosing the optimal hardware parameters2310

(like strand length) for current technology.2311
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Our motivation for focusing on the first layer is that biochemical platforms are subject2312

to rapid iteration; a technology that is standard today may become obsolete. In contrast, a2313

length-agnostic encoding method that achieves the theoretical optimum for anygiven strand2314

length possesses inherent longevity. As proven in Section B, our method achieves the theoret-2315

ical upper bound of information density for any given set of forbidden patterns (constraints).2316

As shown in Figure 3, for different strand lengths, longer strands benefit from the amor-2317

tization of fixed overheads (e.g., indices) but suffer from accumulated error rates. However,2318

our method can suppress the accumulated error rate with minimal redundancy, meaning2319

the dominant factor remains the density gain from overhead amortization. Furthermore, in-2320

silico experiments confirm that our method can surpass the density of baselines even when2321

operating at a length disadvantage, underscoring the fundamental superiority of the coding2322

scheme.2323

To be forthright, the selection of 170 nt for our in-vitro experiments was primarily dictated2324

by the pricing of a third-party synthesis provider (GenScript). The quotation for significantly2325

longer strands was substantially higher. A principled interpretation of this choice is that 1702326

nt represents a point of high cost-efficiency under current market conditions. It demonstrates2327

compatibility with budget-conscious, practical DNA storage setups and partially alleviates2328

the negative impact of high synthesis costs on real-world deployment, providing a realistic2329

and economically viable validation point for our coding-theoretic advance.2330

E.16 Clarification on the Originality Boundaries of the Three First-2331

Layer Components2332

This appendix aims to precisely elucidate the origins and boundaries between the “first-layer2333

contribution” described in the main text and the related classical ideas. Our core thesis is:2334

The originality of this layer lies not in reinventing textbook-level fundamental concepts2335

such as the Trie tree [40], the Aho-Corasick (AC) algorithm [41], Dynamic Programming2336

(DP) [49], or enumerative coding [50], but in making necessary and provable improvements2337

to these ideas to address the specific, complex constraints of DNA storage, and in their2338

first systematic integration into a unified algorithmic coding framework, thereby bridging2339
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classical theory and practical application.2340

E.16.1 Overview of Core Theoretical Contributions2341

The first-layer contribution is manifested as three closely interlinked component innovations:2342

1. Novel Trie Automaton: Inspired by the idea of the Aho-Corasick algorithm but2343

redesigned for the encoding task. Its core innovation, the introduction of the press2344

edge, strengthens the time complexity of state transitions from amortized O(1) to2345

strict O(1), accompanied by new proofs for its construction and properties. The2346

original AC algorithm only guarantees amortized complexity for pattern matching;2347

strictly speaking, it is an algorithm for a specific function, not an automaton with2348

guaranteed complexity control under all circumstances. Thus, “automaton-ization”2349

and the subsequent DP on the automaton are also benefits enabled by the press edge.2350

2. Dynamic Programming (DP) Counting Component: For the first time, an effi-2351

cient DP counting algorithm is implemented on this specific automaton structure,2352

solving the “suitable DNA strand” counting problem under complex constraints.2353

3. Enumerative Coding Component: Based on the DP counting results, a complete2354

bijective encoding and decoding process is constructed, applying the classical enumer-2355

ative idea to a complex state space.2356

E.16.2 Clarifying the Boundaries with Classical Works for the Three Compo-2357

nents2358

To avoid confusion, the boundaries between this work and related classical ideas are detailed2359

as follows.2360

1) Bijective Encoding : From Simple Combination to Complex State Space Mapping2361

Heritage of Ideas: Our method shares conceptual similarities with Thomas Cover’s2362

1973 “Enumerative Source Encoding” [51] in its digit-by-digit determination approach. Cover’s2363

method for enumerative encoding under combinatorial constraints also uses a counting prob-2364

lem combined with a trial-and-error process per digit. Decoding similarly involves counting2365
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how many binary strings are lexicographically smaller. However, the simple problem he ad-2366

dressed differs from ours. Cover’s constraints were not the complex ones of DNA storage, his2367

encoding does not involve a Trie automaton, nor does it require preprocessing a DP table2368

on an automaton’s state graph; instead, it directly calculates combinatorial numbers. Thus,2369

the similarity is at the conceptual level, while the specific algorithms differ.2370

Core Improvement: Our encoding core inherits the bijective idea from Cover’s enumer-2371

ative coding. However, the classical method of directly calculating combinatorial numbers2372

cannot handle the complex state space in DNA storage. Our key adaptation lies in basing2373

the enumeration process on a novel Trie automaton that precisely models all constraints,2374

and relying on a precomputed DP count table on this automaton for each lexicographic2375

calculation step. Consequently, each step of encoding/decoding transforms from a simple2376

combinatorial number lookup into a deterministic state transition operation on a complex2377

state graph based on precomputed results. This constitutes a fundamental methodological2378

innovation to address the problem’s complexity.2379

2) Dynamic Programming Counting : Efficient Realization on a Specific Automaton2380

Heritage of Ideas: Our method does not use Thomas Cover’s direct combinatorial2381

calculation for the counting problem because the counting problem in our scenario is more2382

complex. Our counting problem is solved via preprocessed dynamic programming[49]. In2383

textbooks, many different mathematical counting problems can be solved using DP. “Using2384

DP to solve counting problems” is not our invention but a common textbook example.2385

Although many textbook DP examples for counting are not on automata, and many DPs2386

are not for coding problems, and our method performs DP on a Trie automaton to solve a2387

coding problem, we still consider textbook DP as the ideological and theoretical foundation2388

for the DP part of our encoding.2389

Core Improvement: The innovation of this work lies not in proposing the DP idea, but2390

in designing and implementing an efficient DP algorithm suitable for this specific problem.2391

This includes: (a) identifying that the states of the Trie automaton are the natural, optimal2392

DP state definitions; (b) utilizing automaton features like the press edge to design a state2393

transition equation with strict O(1) complexity, ensuring efficient DP table construction;2394
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(c) the resulting DP table is a compact data structure that compresses the exponential2395

search space under complex constraints into a polynomially computable form supporting2396

O(1) queries. This queryable DP table itself is the key bridge connecting the underlying2397

automaton to the top-level encoder, representing the engineering and systematization of the2398

classical DP idea in this work.2399

3) Novel Trie Automaton :2400

Heritage of Ideas: Our method shares conceptual similarities with the AC algo-2401

rithm [41] in constructing the Trie automaton. The rules for storing pattern strings in2402

the Trie tree of our automaton are consistent with those in the AC algorithm. Our Trie2403

automaton adopts many definitions from AC, such as the longest suffix present in the Trie.2404

In Appendix Section B, we detail the similarities and differences between our Trie automaton2405

and the AC algorithm, acknowledging that our Trie automaton is an improvement based on2406

AC.2407

Core Improvement & Necessity: To support the random access pattern required2408

by encoding, our novel Trie automaton introduces innovations like the press edge, a new2409

construction algorithm based on it, and a new non-amortized O(1) complexity. The original2410

AC algorithm is typically used for pattern matching. If a slightly modified original AC2411

algorithm were forced to be used in Siyuan Code, minor issues could arise, such as the2412

failure of amortized complexity analysis, which will be analyzed in detail later.2413

Conclusion: Our more significant contribution lies in adapting these textbook2414

ideas to obtain novel small data structures, novel small algorithms, and novel small codes,2415

and combining them into a novel large codec algorithm. From the perspective of algorithms,2416

information theory, and coding theory, this large codec algorithm can be seen as an engi-2417

neering realization of these ideas. In the context of interdisciplinary research, theoretical2418

and algorithmic innovation can refer to the formation of a new, large algorithm, while engi-2419

neering practice can refer to conducting actual biochemical experiments using existing DNA2420

storage algorithms. There exists a significant gap between the most fundamental theoretical2421

computer science perspectives on ideas and theories (e.g., the AC algorithm) and the inter-2422

disciplinary perspective on engineering practice (e.g., using an existing algorithm to directly2423
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synthesize DNA dry powder in vitro and then sequence it). Siyuan Code, as a whole, bridges2424

this gap.2425

E.16.3 Core Innovation of the Trie Automaton: Introduction and Necessity of2426

the Press Edge2427

As mentioned in the main text, a key innovation of our novel Trie automaton is the intro-2428

duction of the press edge. This subsection details its design characteristics and argues for2429

its necessity in the DNA storage coding task, thereby clarifying its fundamental distinction2430

from the classical Aho-Corasick algorithm.2431

1) Design Characteristics and Advantages of the Press Edge Our automaton pos-2432

sesses the following features, which the original AC algorithm does not:2433

1. New Data Structure: The press edge is a precomputed, deterministic transition2434

array for each state. It directly maps to the next state given an input character,2435

eliminating the need to traverse fail pointers.2436

2. New Construction Method: With the press edge, we provide a new construction2437

method in the paper. Using the values of the press edge in the recursion, it directly2438

avoids accessing any fail edge more than once per node. The original 1975 AC algorithm2439

from textbooks cannot achieve this.2440

3. New Pattern Matching Process: Pattern matching also avoids accessing fail edges.2441

This differs from the AC algorithm.2442

4. Non-amortized Time Complexity: Our method provides a non-amortized time2443

complexity bound for both construction and pattern matching. In pattern matching,2444

while the AC algorithm has an amortized complexity of O(1) per transition, it is not2445

strictly O(1) for every node. Our method using press edge guarantees strict O(1). This2446

non-amortized property is crucial because the subsequent encoding algorithm requires2447

it.2448
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5. Simplified Time Complexity Proof : Utilizing our press edge array, the proofs for2449

construction and pattern matching complexity no longer require amortized analysis2450

and are more straightforward. In our automaton construction process, there is only2451

one for loop with no nested loops of non-constant size inside, making the time and2452

space complexity evident. Our pattern matching proof is also simpler, with the O(1)2453

per-transition time complexity being more obvious. In contrast, the AC algorithm’s2454

time complexity proof relies on amortized analysis and is not immediately apparent.2455

6. Acceptable Extra Space Overhead: In our scenario of DNA storage, the alphabet2456

is small. Therefore, the constant factor increase in space is modest - only about four2457

times that of the fail edge, or roughly equivalent to the size of the Trie itself. This is2458

a worthwhile trade-off for the aforementioned strictly non-amortized time complexity,2459

simpler construction method, and simpler complexity proof.2460

7. New Capability for Advanced Algorithms: The automaton equipped with the2461

press edge transcends the scope of pattern matching. It can efficiently support complex2462

algorithmic operations like dynamic programming on its state space, a capability not2463

directly provided by the original AC algorithm.2464

2) Why the Encoding Algorithm Requires “Strict O(1)”: The Failure of Amor-2465

tized Analysis for the Classical AC Algorithm In the classical AC algorithm, the2466

O(1) complexity for state transition is amortized. This holds for pattern matching (a lin-2467

ear scanning process) because each character is typically processed once. However, in our2468

encoding algorithm, the access pattern to the automaton is fundamentally different:2469

1. The encoding process requires frequent, random access to all successor states of any2470

given state for counting and decision-making.2471

2. This access pattern invalidates the premise of “amortization” (certain average prop-2472

erties of the operation sequence). Maliciously constructed inputs or specific access2473

sequences could cause the algorithm to frequently trigger costly fail pointer traversals2474

in the worst case, causing the amortized complexity guarantee to fail and leading to2475

performance degradation.2476
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Therefore, an automaton guaranteeing worst-case O(1) state transitions is the theoretical2477

foundation for ensuring the entire encoding algorithm remains efficient even in the worst2478

case. The introduction of the press edge is precisely to strengthen the “efficient state tran-2479

sition” property inherent in the AC algorithm idea from an amortized guarantee based2480

on a specific operation sequence to an unconditional, deterministic worst-case2481

guarantee, thereby fulfilling the fundamental requirements of the encoding task.2482

Summary: The press edge is not a minor engineering optimization but a critical data2483

structure innovation to safely and reliably apply an idea originating from pattern matching2484

to the new domain of encoding. It ensures the robustness and predictable performance of2485

the automaton as the core component of the encoding algorithm.2486

E.16.4 Boundaries with Related Works2487

1. DNA run-length constraint works, such as “Codes with Run-Length and GC-Content2488

Constraints for DNA-based Data Storage”[19], essentially use a large lookup table.2489

This is fundamentally different from classical information-theoretic enumerative en-2490

coding, as it is not based on mathematical counting problems but closer to block-2491

based enumeration. These works also differ from traditional run-length limited coding2492

discussed in coding theory, employing different solutions and merely borrowing the2493

terminology.2494

2. The core distinction from classical enumerative coding (Thomas Cover) lies in the2495

complexity of the handled constraints and the methodological system, as elaborated2496

above.2497

E.16.5 Summary: Integration as the Key Innovation2498

In summary, the originality of the first-layer work is rooted in two levels: first, in the2499

targeted improvements to classical ideas (e.g., the press edge for trie automaton, DP on trie2500

automaton, bijective coding for complex constraints); but more importantly, in the deep2501

integration of these improved components into a “automaton↔ DP counting↔ enumerative2502

coding” closed-loop algorithmic framework.2503
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The intrinsic coupling of this framework is the key innovation: the automaton provides2504

the precisely modeled state space for DP; DP provides the core, efficiently queryable data2505

structure for encoding; the access pattern of the encoding algorithm, in turn, defines the2506

requirement for the automaton’s worst-case performance. The three are interdependent and2507

inseparable.2508

Therefore, the essence of this work is transforming the potential of classical coding theory2509

into a viable solution for the specific challenge of DNA storage through systematic adaptation2510

and integration, bridging the key gap between general algorithmic ideas and specialized2511

domain application.2512

Our more significant contribution lies in adapting these textbook ideas to obtain adapted2513

data structures, algorithms, and codes, and combining them into a comprehensive codec2514

algorithm. From the perspectives of algorithm design, information theory, and coding theory,2515

this comprehensive codec can be viewed as an engineering realization of these ideas. In the2516

interdisciplinary context, theoretical and algorithmic innovation can refer to the formation2517

of a new, integrated algorithm, while engineering practice might refer to conducting actual2518

biochemical experiments using existing DNA storage algorithms. There exists a significant2519

gap between the most fundamental theoretical computer science ideas and theories (e.g., the2520

AC algorithm) and the interdisciplinary perspective on engineering practice (e.g., using an2521

existing algorithm for direct in vitro DNA synthesis and sequencing). Siyuan Code, as a2522

whole, bridges this gap.2523

E.17 Amortization failure of classic AC algorithm with amortiza-2524

tion2525

Here we want to explain that the press edge is not a minor engineering optimization but a2526

critical data structure innovation to safely and reliably apply an idea originating from2527

pattern matching to the new domain of encoding. It ensures the robustness and predictable2528

performance of the automaton as the core component of the encoding algorithm.2529

Here is an example of amortization failure of classic AC algorithm in Supplementary Fig-2530

ure 26. A slightly modified original AC algorithm were forced to be used in Siyuan Code.2531
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Let there be 2 unsuitable strands A and TCTC · · ·TCT (length L − 1). The PA of all the2532

vertices are A.2533

DP amortization failure: When calculating DP, for each vertex v in the right part,2534

for each length l, we do the DP calculation.2535

DP(v, l) =


∑

cDP (Pc(v), l − 1) v /∈ I

0 v ∈ I
(51)

If PA(v) is not provide in O(1), then at least depth(v)
2

fail edges will be visited. For each l, the2536

total cost of visiting fail edge from all the vertices is at least 1+1+2+2+3+3+· · ·+(L
2
−1) =2537

O(L2). This means that the amortized cost is O(L) but not O(1) any longer.2538 �� � ���
��������������� �
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Supplementary Figure 26: Amortization failure example

Encoding/Decoding amortization failure: When decoding TCTCTCT · · ·TCT2539

(sufficiently long), the current vertex v will skip back and forth between the 2 deepest2540

vertices. PA(v) should be calculated, in order to get the DP value of PA(v). if PA is not2541

provided in O(1), it will cost O(L) in each step, which is not acceptable.2542
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The same would happen when encoding the decoding result of TCTCTCT · · ·TCT .2543

Conclusion: It is important to have the non-amortized strict O(1) press edge transi-2544

tion. If the classic AC algorithm with amortization was forced to be employed after slightly2545

modifications, the amortization might fail with the new mission.2546

E.18 Supplementary Comparison Table for Method Positioning2547

Supplementary Table 2 provides a multi-dimensional comparison of Siyuan Code with repre-2548

sentative methods in DNA storage coding, covering design objectives, density, error models,2549

copy numbers, biochemical constraints, and experimental validation. This table is intended2550

to help readers better understand the positioning of our work within the broader landscape2551

of the field.2552

Supplementary Table 2: Supplementary Comparison Table for Method Positioning
Fountain Code [12] Yin-yang Codec [11] DNA-Aeon [16] DNAFormer [7] DNA StairLoop [28] Siyuan Code

Design Objective Practicality+Density Density Error correction Error correction Error correction Density

Physical Density (EB/gram) 0.214 2.25 Not Given Not Given Not Given 41

Physical Density Growth Factor [4]× 8.56 [12]× 10.51 Not Given Not Given Not Given [11] × 18.22

Net Information Density (bits/nt) 1.57 Not Given 1.146∗ 1.6 0.42∗ 1.66

Perfect Retrieval Copy Numbers ∼ 1300 ∼ 104 Not Given Not Given Not Given 6

Error Models Real-world error Real-world error Real-world error Real-world error Edit distance error Real-world error

Homopolymer Length Constraints ≥ 4 ≥ 4 ≥ 3 ≥ 4 =3 ≥ 1

GC Content Constraints (%) 40 - 60 40 - 60 40 - 60 45 - 55 1/3 - 2/3 42.9 - 57.6∗

Other Biochemical Constraints No Free energy Codebook No No Codebook

Experimental Validation In vitro In vitro and in vivo In vitro In vitro In vitro In vitro

Design Objective refers to the primary goal of each method. Some works aim to achieve2553

higher storage density and therefore emphasize the corresponding density values in their2554

manuscripts, while others focus on aspects other than density and do not provide explicit2555

density figures.2556

Physical Density is expressed in units of EB/gram, representing the in-vitro physical2557

density of dry DNA powder–i.e., the amount of binary data (in exabytes) that can be stored2558

per gram of dry DNA. It should be noted that these methods did not actually fill an entire2559

gram of DNA with exabyte-scale data; rather, the density is calculated by dividing the stored2560

file size by the mass of DNA consumed. Importantly, DNA-Aeon, DNAFormer, and DNA2561

StairLoop are not designed to maximize physical density, and their density figures are neither2562

competitive nor explicitly reported.2563
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The reason our work achieves a significantly higher physical density is that existing2564

methods, due to substantial redundancy, have not yet reached the theoretical high-density2565

potential of DNA storage in terms of orders of magnitude. Our work reduces the need for2566

redundancy by avoiding error-prone strands, where both copy number and error correction2567

contribute to redundancy. The Physical Density Growth Factor indicates the fold improve-2568

ment in physical density relative to the previous best-performing method. Methods that2569

do not report physical density are excluded from this comparison. Prior to our work, the2570

highest physical density was achieved by the Yin-yang Codec; our method improves upon it2571

by a factor of 18.22.2572

Net Information Density refers to the effective density after accounting for overheads such2573

as error correction and addressing. It is worth noting that DNA-Aeon and DNA StairLoop2574

do not directly report net information density values in their manuscripts; the figures listed2575

in the table are estimated based on the parameters provided in their respective papers. It2576

can be observed that methods primarily focused on error correction tend not to achieve2577

particularly high net information densities.2578

Perfect Retrieval Copy Number refers to the number of physical copies required per2579

logical DNA strand (including the strand itself) to achieve 100% perfect data recovery. Our2580

work aims to minimize this number, thereby bringing physical density closer to the theoretical2581

high-density promise of DNA storage. Many prior works have not recognized the importance2582

of this metric and have not reported it.2583

Error Models describe the types of errors that each method assumes its design must han-2584

dle. Some methods focus primarily on edit-distance errors and devote substantial discussion2585

to demonstrating their tolerance to such errors. Other methods target real-world errors. It2586

should be acknowledged that even when targeting real-world errors, simulations necessarily2587

involve approximations and cannot perfectly replicate real-world conditions; therefore, simu-2588

lation alone is insufficient to fully validate real-world feasibility. The key distinction between2589

Real-world error and Edit-distance error models is as follows: the latter assumes that every2590

position on every strand has an equal error probability independent of the strand’s sequence2591

pattern, whereas the former recognizes that different strands exhibit different error rates and2592

that error probabilities may vary across positions within a strand.2593

124



Homopolymer Length Constraint refers to the maximum allowable homopolymer length.2594

Since some methods cannot reliably enforce a very short maximum length, the reported2595

constraint indicates the range within which the method operates stably. For example, the2596

Yin-yang Codec performs stably when the homopolymer length limit is set to 4 or larger, but2597

becomes increasingly unstable when shorter limits are imposed. As detailed in Supplemen-2598

tary §A.2.1 (Summary of Filtering-based DNA Coding) and Supplementary §E.8.4 (Tests2599

of Instability), the filtering-based methods exhibit instability under stricter homopolymer2600

constraints. In contrast, our method can operate stably under any arbitrary homopolymer2601

length constraint.2602

GC Content Constraint refers to the GC ratio of the entire strand. To be precise, our2603

reported range of 42.9-57.6% does not mean that all strands fall within this interval. Rather,2604

through local GC control combined with the law of large numbers, approximately 99% of2605

the experimentally measured strands have GC content within this range. A more detailed2606

discussion of GC content can be found in Supplementary §B.1.3 (Rareness of Global GC2607

Content Error).2608

Other Biochemical Constraints refer to additional error patterns that a method avoids2609

beyond conventional errors. Codebook indicates the ability to custom-avoid a specified list2610

of substrings. However, it should be noted that DNA-Aeon cannot handle certain complex2611

codebooks. According to the DNA-Aeon manuscript [16], a deliberately designed codebook2612

such as {AA, AT, AC, AG} or {ATCA,TATCT,ATCG,TATCC} can easily cause its encoding2613

and decoding to fail. In contrast, our method can handle all valid codebooks.2614

Experimental Validation shows that, with the exception of the Yin-yang Codec (which2615

includes both in-vitro and in-vivo experiments), most methods are validated solely through2616

in-vitro experiments.2617
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