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Introduction — Problem overview and motivation N> computing

The amount of data is growing exponentially, and we are running out of
silicon to store it.

Data Produced from 2016 to 2025
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Figure. The amount of data produced each year [Hassini et al., 2023].
Zettabyte = 10*' bytes = 1,000,000,000,000,000,000,000 bytes

Hassani, Hossein, and Steve MacFeely. "Driving excellence in official statistics: unleashing the potential of comprehensive digital data @
governance." Big Data and Cognitive Computing 7.3 (2023): 134.
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1. Incredible density 3. Little Energy Consumption
~ 6 billion bits of info in human cells. 4. Constantly improving reading/writing
2. Unmatched durability interface.
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Luis Ceze and Karin Strauss. "DNA Data Storage and Near-Molecule Processing for the Yottabyte Era." Keynote talk on FAST ‘21. @
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00—>A, 01_)cl
010010001101 10-G, 11-T. CAGATC
010010101000 >  CAGGGA

Digital data Binary DNA Code
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Introduction — DNA Storage Pipeline: Writing

00—>A, 01-C ’
010010001101 10-G, 11-T. CAGATC

010010101000 >  CAGGGA
Digital data Binary DNA Code
AACAGA
, ACTCCA —
AGGGGA é
Encoded strands Synthesized DNA

Typically in length 100-200.
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AGTCCA AGGGA

—d — AATAGA GGGGA ACTTCCA

e ATCTAGC ACTCCCA

: AACGA AACGA
PCR and Sequencing

With lllumina or
Oxford Nanopore




Introduction — DNA Storage Pipeline: Reading
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AGTCCA AGGGA AACGA
_ —_— ACTTCCA GGGGA AATAGA
ACTCCCA AGGCGA AACGA
PCR and Sequencing Clustered Reads
With lllumina or Reads that come from the same

Oxford Nanopore template are clustered together.
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M..... .

PCR and Sequencing

With Illumina or
Oxford Nanopore

AGTCCA AGGGA AACGA
ACTTCCA GGGGA AATAGA
ACTCCCA AGGCGA AACGA

! ! !

ACTCCA AGGGGA AACAGA

Trace Reconstruction
Consensus construction of each cluster.
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Introduction — DNA Storage Pipeline: Reading

AGTCCA AGGGA AACGA
. —_, ACTTCCA  GGGGA AATAGA
ACTCCCA  AGGCGA  AACGA

PCR and Sequencing ACTCCA AGGGGA  AACAGA
With lllumina or

Oxford Nanopore \X

CAGATCCAGGGA

!

<— 010010001101010010101000

Decoding

Full decoding of
the original data
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Problem: Given N traces, the noisy copies of original strand x of length L,
we aim to reconstruct x with high probability.

x = GTAGTGCCTG

y; = GTAGGTGCCG GTAGGTGCC-G
y, = GTAGTCCTG GTA-GT-CCTG
y3 = GTAGTGCCTG - GTA-GTGCCTG
Y4 = GTAGCGCCAG GTA-GCGCCAG
Y5 = GCATGCTCTG GCATGCT-CTG

X = GTA-GTGCCTG
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1. Cope with high error rate
* Errorscan be introduced during synthesis, sequencing and
clustering.
2. Deal with low coverage.
« Some clusters may be noisy and have very few traces.
3. Utilize prior knowledge.
* The target sequence length L is known.
* The sequencing technology provides us a quality score for each
base called.
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Method Representative Tools

Alisnment * MUSCLE [Edgar, 2004],

g + CPL [Bar-Lev et al., 2025].
Read error correction * BMA[Batuetal., 2004],
* Trellis BMA [Srinivasavaradhan et al., 2021].
* DBGPS [Song et al., 2022],

Assembly * |TR[Sabary et al., 2024].

* DNA-GAN [Zhenget al., 2024],

Deep learning « DNAFormer [Bar-Lev et al., 2025].
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Potential problems:
* Longer running time.

* Multiple ways of defining the alignment scoring scheme.

AssumINg Pinsertion = Pdeletion = Psubstitution’

AGTCCACT
AGAACTT

AGTCCCATT Assuming pgbstitution = 0-001,

Pinsertion = Pdeletion = 0.01?
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Potential problems:
* Longer running time.

* Multiple ways of defining the alignment scoring scheme.

match = 1
mismatch = —1
AGTCCACT indel = —1

AGAACTT
AGTCCCATT {match =1

mismatch = —1
indel = —0.5
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Potential problems:

* Hard to capture complications in real data.
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Figure. Error distribution within a read
[Antkowiak et al., 2020].
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Figure. Higher GC-content may lead to
higher error rates [Delahaye et al., 2021].

Antkowiak, Philipp L., et al. "Low cost DNA data storage using photolithographic synthesis and advanced information reconstruction and
error correction." Nature communications 11.1(2020): 5345. @

Delahaye, Clara, and Jacques Nicolas. "Sequencing DNA with nanopores: Troubles and biases." PloS one 16.10 (2021): €0257521.
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Potential problems:

* Hard to capture complications in real data.

Length 2 Length 3 Length 4

Error;
[ Mismatches [ Insertions [ Deletions

Length 5 Length 6 Length 7

Figure. Error distribution in homopolymer
regions [Delahaye et al., 2021].
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oy

Potential problems:

* Majority aren’t always correct, especially given the prior knowledge of the length of x.

AGTCC-ACT
match = 1 AGAAC--TT
mismatch = —1 AGTCCCATT
indel = —1

AGTCCACT AGTCC-ATT
AGAACTT
AGTCC-ACT-
AGTCCCATT match = 1 AGA-———ACTT
mismatch = —1 T
indel = —0.5 AsTCCeA T

AGTCC-ACTT




Related Work NUS Computing

Potential problems:

* Majority aren’t always correct, especially given the prior knowledge of the length of x.

AGTCC-ACT

match = 1 AGAAC——TT o _

mismatch = —1 AGTCCCATT Given L = 10,

indel = —1 AGTCC-ACT-
AGTCCACT AGTCC-ATT AGA- ——ACTT
AGAACTT AGTCC-ACT AGTCCCA-TT
AGTCCCATT match = 1 AGA- ——ACTT AGTCCCACTT

mismatch = —1

) _ AGTCCCA-TT

indel = —0.5

AGTCC-ACTT
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Potential problems:

* Majority aren’t always correct, especially given the prior knowledge of the length of x.

1
% GA — AA\]-‘
2
AGTCCACT AG\ }, AC — CT
AGAACTT 2™ eT— TC— CC — CA
2 2 2 N
AGTCCCATT U 1™ AT~ TT
1
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Generative network model ;.—\ETC | --- | GCTTG :

Language Model
Figure. DNA-GAN [Zheng et al., 2024].

feo

.............................................

Figure. TReconLM. [Cirsch et al., 2025].

* Problems: Need for training;
may not work equally well on unseen error distributions.

Zheng, Xiaodong, et al."A generative adversarial network for multiple reads reconstruction in DNA storage." Scientific Reports 14.1 (2024): 32071.
Girsch, Michael, and Reinhard Heckel. "Trace Reconstruction for DNA Data Storage using Language Models."
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ey

GTAGGTGCC-G vy, = GTAGGTGCCG

GTA-GT-CCTG % y, = GTAGTCCTG
GTA-GTGCCTG (== =~ y; = GTAGTGCCTG
Unknown

GTA-GCGCCAG | poge |— Y4 = GTAGCGCCAG

GCATGCT-CTG /is ys = GCATGCTCTG
£ = GTA-GTGCCTG Ve = GTAGIGCCTG

What s the best What is the most probable

alignment? next trace?

* |dea: Model the traces as observations of a k-th order Markov chain.
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* kis chosen such that all the k-

— Original Traces C
AAAGTCG mers in the reads are unique.
AAAGTCGG
GAAGCG * Estimate the parameters of the
GAAGGTC
GAAGTCG Markov chain using maximum
GGAAGTTG . .

likelihood.

Pr[51:4 — AAAG] —

Nl wal N

Pr[s;.. = GAAG] =
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— Original Traces C
AAAGTCG PI‘[ Si = C| Si—k:i-1 — AGT]
AAAGTCGG n(AGTC) + 1
GAAGCG =
GAAGGTC n(AGTA) + n(AGTC) + n(AGTG) + n(AGTT) + 4
GAAGTCG __4
GGAAGTTG —'é

= (k+1)-mer profile

AAAG: 2 AGTC: 3
GAAG: 3 AGTT: 1
GGAA: 1 GTCG: 3
AAGT: 4
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oy

— Original Traces C

AAAGTCG Pr[s; = C| sj_k.j—1 = AGT] =
AAAGTCGG
GAAGCG
GAAGGTC Pr[ S;i = T | Si—ki—-1 = AGT] —
GAAGTCG
GGAAGTTG

ol N ool

% chance of substitutionto T

— (k+1)-mer profile

AAAG: 2 AGTC: 3

GAAG: 3 AGTT: 1 * Intuitively, the parameters of the
GGAA: 1 GTCG: 3 . s
AAGT: U ... Markov chain captures position-

specific error profiles.
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Substitute weights in the de Bruijn graph with the learned parameters of the
Markov chain.

log(5/10) log(4/8) log(4/7) log(2/5)

T — AGTC — GTCG—— TCGG

%
% AGTT —— GTTG

AAGC — AGCG
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Goal: find the highest-weight path of length L — k in the modified de Bruijn graph.

log(5/10) log(4/8) log(4/7) log(2/5)
m—) AAGT = AGTC = GTC

G —— TCGG
% AGTT —— GTTG
AAGC —— AGCG
“9™ GGAA %™ AAGG —— AGGT —— GGTC

Sum of edge weight = log Pr|S = AAAGTCG].




EENUS | i
Method FINUS | Computing

Goal: find the highest-weight path of length L — k in the modified de Bruijn graph.

N ~ AAAG

©

Start m GAAG

N‘
&,
(J/GJ

Beam search: keep only the top B paths (here B = 2).

GGAA
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Goal: find the highest-weight path of length L — k in the modified de Bruijn graph.

log(5/10)

Beam search: keep only the top B paths (here B = 2).




m oI\ i
Method FENUS | Computing

Goal: find the highest-weight path of length L — k in the modified de Bruijn graph.

log(5/10) log(4/8)
o » AABAG —— AAGT —— AGTC

(L\ /
o® D 4o
»\/ \’\9 %‘ AGTT

v
/OQOQ') 8)
Start —>log(3/6) GAAG " ¥

Beam search: keep only the top B paths (here B = 2).
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Goal: find the highest-weight path of length L — k in the modified de Bruijn graph.

log(5/10) log(4/8) log(4/7)

o » AAAG ——— AAGT —— AGTC ——> GTCG

\
Q«
o 5
PN

- o%
Start Tog(3/6) GAAG " ©

Beam search: keep only the top B paths (here B = 2).
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Goal: find the highest-weight path of length L — k in the modified de Bruijn graph.

log(5/10) log(4/8) log(4/7)
o » AAAG —— AAGT —> AGTC —> GTCG

\
Q«
S
ES///////, ,¢<:;;;
7

Start m GAAG

Running time: O(BNL)

Beam search: keep only the top B paths, L — k iterations.
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We can also do the same process from the end of the sequences.

log(5/8) log(4/8)
o) _ PAGT < AGTC <——— GTCG
yoet” j°<>°fe
GAAG <,
1 5/8 log(4/8 log(4/7 1
Gt 22 pgre < Gree <= TegG <8/ Coart

Compare the two returned optimal paths by their weights.
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Q-score = ASCII value — 33
P(error) = 1079/10
P(correct) =1 — P(error)

Basecalled Base | ASCII Quality Score | __Q-Score__|__Plerron | __Plcorrect) ___
G +
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Q-score = ASCII value — 33
P(error) = 1079/10
P(correct) =1 — P(error)

Basecalled Base | ASCII Quality Score | Q-Score | Plerron) | Plcorrect)
G + 10

0.1000 0.9000
T - 12 0.0631 0.9369
G 4 19 0.0126 0.9874
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BBS: count-only update

Observed k-mer: AGTC

count(AGTC) +=1
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BBS: count-only update BBQ: g-score weighted update

Observed k-mer: AGTC Observed k-mer: AGTC, Q(C)=20

Probability (C is correct)= 0.990
count(AGTC) +=1

Weighted count(AGTC) += 0.990

Weighted count(AGTA/G/T) +=0.0033
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BBS: count-only update BBQ: g-score weighted update

Observed k-mer: AGTC Observed k-mer: AGTC, Q(C)=20

Probability (C is correct)= 0.990
count(AGTC) +=1

Weighted count(AGTC) += 0.990

Weighted count(AGTA/G/T) +=0.0033

* kischosen exactly as in BBS.
* The same pseudo-count smoothing can be used.
e Each transition still means: keep the prefix and append one base.
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Results




Results
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i

Real datasets from different sources.

Bar-Lev et al., 2025

Srinivasavaradhan et al., 2021 Chandaket al., 2020

# Clusters

Synthesis Technology
Sequencing Technology
Clustering algorithm

L

Coverage

Read error rate

10000

Twist Bioscience
MinlON

[Bar-Lev et al., 2025]
140

21.37

4.34%

9984

Twist Bioscience
MinlION

[Rashtchian et al., 2018]
110

27.01

5.77%

1466
CustomArray
MinlON
Perfect

108

114.29
13.56%
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Time Usage for 1000 Clusters

< BMA
Algorithm Method Trellis

ITR
MUSCLE [Edgar, 2004]

[Antkowiak et al., 2020]

MSA 0%

Trellis BMA Read correction g

[Srinivasavaradhan et al., 2021] | CPL
ITR [Sabary et al., 2024] Assembly g

CPL[Bar-Levetal., 2025] Pairwise alignment

101 -

A

BBS & BBQ (this work, beam width B = 20)  k-th order Markov chain BBS

10 20 30 40 50 60
Cluster Size

(D



Results

Success Rate (%)

Running Time (seconds)

Bar-Lev et al. Srinivasavaradhan et al. Chandak et al.
(10k clusters, error rate 4.34%) (10k clusters, error rate 5.77%) (1.5k clusters, error rate 13.56%)

1004 ---o0r0p QT Y- 98.4%  98.9% 100 - 100 -
901~ 90 - 90 -
801 - 804 80 -
704~ 701- 704~
601 - 60 1- 601 -
501~ 50 1 50

40 - 40 -

W2
17.9k

104_

1034

1024

N 101 4
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: 10° 4 —@— MUSCLE
(Lower is better) - T
—¥— CPL
—p= BBS
Q
w™ 10714
o ]
9 :
E:
o
10_2-:

5 10 15 20 25 30
Coverage

BBS performs well even with small coverage.
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Success rate across coverages

CPL

MUSCLE /
ITR —

BBS ;

BBQ

60% - /

80% -

tttd

g
e —e
[7)]
w
Y 40%
e
w
20%
| — /
0% —
2 3 4 5 6 7

Coverage
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Mean edit distance across coverages

77 —e— CPL
—&— MUSCLE
—e— BBS
6 - —&— BBQ
5_
Q
(9]
c
©
3 a-
B
=
L))
T 31
s
2_
. \\
—o
—e
0 T T 1 1 T T
2 3 4 5 6 7

Coverage




Conclusion
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Takeaways:

Modeling the reads as outputs of a k-th order Markov chain is an
effective way to capture position-specific error rates.

Beam search is very fast compared to traditional methods based on
alignment or assembly, and has almost no loss in accuracy.

The path weights of returned candidates are good indicators of
reconstruction quality.

The g-score in FASTQ files is an important tool to achieve higher
reconstruction accuracy at low coverages.
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Exact match rate

Trace reconstruction accuracy vs coverage

1.0

0.8 A

0.6 A

o
I~
L

0.2

DBMA
DBMA + quality
BMA

BMA + quality
NW

NW + quality

AERER

0.0

Coverage




Sequence exact match rate

Delta (percentage points)

Version 2 vs Version 3 (main view)

0.8 -

o
(S}
;

e
'—I
L

0.0 -

=@= DBEMA v2 (one g-derived)
== DBEMA v3 (all 4 q)
== BMA v2 (one g-derived)

=@= BMA v3 (all 4 q)
=@ NW v2 (one g-derived)

=@= NW v3 (all 4 q)

Zoomed difference: tiny gains/losses made visible

=@= DBMA: v3 - w2

== BMA: v3 -v2 == NW:v3-v2

Coverage



Exact reconstruction rate

Delta (pp)

b3s: Called-only vs Full A/C/G/T g-score weighting (zoomed)

1.0

0.8 1

0.6 1

0.4 4

0.2 1

-8 Basecalled-only g-score (legacy)
=@= All A/C/G/T g-scores (new)

—=0

0.0 T |

1.0

0.5 -

—8— Delta: full - called (percentage points)

Coverage
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