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Abstract—In the trace reconstruction problem a length-n string x
yields a collection of noisy copies, called traces, y1, . . . ,yt where
each yi is independently obtained from x by passing through
a deletion channel, which deletes every symbol with some fixed
probability. The main goal under this paradigm is to determine the
required minimum number of i.i.d traces in order to reconstruct
x with high probability. The trace reconstruction problem can
be extended to the model where each trace is a result of x
passing through a deletion-insertion-substitution channel, which
introduces also insertions and substitutions. Motivated by the
storage channel of DNA, this work is focused on another variation
of the trace reconstruction problem, which is referred by the
DNA reconstruction problem. A DNA reconstruction algorithm is a
mapping R : (Σ∗

q)t → Σ∗
q which receives t traces y1, . . . ,yt as an

input and produces x̂, an estimation of x. The goal in the DNA
reconstruction problem is to minimize the edit distance de(x, x̂)
between the original string and the algorithm’s estimation. For
the deletion channel case, the problem is referred by the deletion
DNA reconstruction problem and the goal is to minimize the
Levenshtein distance dL(x, x̂). In this work, we present several
new algorithms for these reconstruction problems. Our algorithms
look globally on the entire sequence of the traces and use dynamic
programming algorithms, which are used for the shortest common
supersequence and the longest common subsequence problems, in
order to decode the original sequence. Our algorithms do not
require any limitations on the input and the number of traces,
and more than that, they perform well even for error probabilities
as high as 0.27. The algorithms have been tested on simulated data
as well as on data from previous DNA experiments and are shown
to outperform all previous algorithms.

I. INTRODUCTION

Recent years presented significant improvements and new
methods for the technologies of DNA synthesis and DNA
sequencing. This progress also introduced the development of
data storage technology based upon DNA molecules. A DNA
storage system consists of three important components. The first
is the DNA synthesis which produces the oligonucleotides, also
called strands, that encode the data. The second part is a storage
container with compartments which stores the DNA strands,
however without order. Finally, sequencing is performed to read
back a representation of the strands, which are called reads. The
processes of synthesizing, storing, sequencing, and handling
strands are all error prone. Each step in these processes can
independently introduce a significant number of errors, mostly
of three types deletion, insertion, and substitution.

Current synthesis technologies are not able to generate a
single copy for each DNA strand, but only multiple copies
where the number of copies is in the order of thousands to
millions. Hence, every strand has multiple copies and several
of them are read during sequencing.

The encoding and decoding stages are two processes, exter-
nal to the storage system, that convert the user’s binary data
into strands of DNA such that, even in the presence of errors, it
will be possible to revert back and recover the original binary
data. These two stages consist of three steps, which we refer by
1. clustering, 2. reconstruction, and finally 3. error correction.

After the strands are read back by sequencing, the first task
is to partition them into clusters such that all strands in the
same cluster originated from the same synthesized strand. Then,
the goal is to reconstruct each strand based upon all its noisy
copies, and this stage is the main problem studied in this paper.
Lastly, errors which were not corrected by the previous steps,
should be corrected by the use of an error-correcting code.

The decoder’s reconstruction algorithm is performed on each
cluster to recover the original strand from the noisy copies in
the cluster. In fact, this setup falls under the general framework
of the sequence reconstruction problem which was first studied
by Levenshtein [5] and the trace reconstruction problem [1]. In
general, these models assume that the information is transmitted
over multiple noisy channels, and the decoder, which observes
all channel estimations, uses this inherited redundancy in order
to correct the errors.

The main goal of the sequence reconstruction and the
trace reconstruction problems is to find the required minimum
number of channels in order to guarantee successful decoding
either in the worst case or with high probability. However, in
DNA-based storage systems we cannot control on the number
of strands in each cluster. Hence, this work is focused on a
variation of the trace reconstruction problem, which is referred
by the DNA reconstruction problem. The setup is similar to the
trace reconstruction problem. A length-n string x is transmitted
t times over the deletion-insertion-substitution channel and
generates t noisy copies called traces y1,y2, . . . ,yt. A DNA
reconstruction algorithm is a mapping R : (Σ∗

q)t → Σ∗
q which

receives the t traces y1,y2, . . . ,yt as an input and produces
x̂, an estimation of x. The goal in the DNA reconstruction
problem is to minimize de(x, x̂), i.e., the edit distance between
the original string and the algorithm’s estimation.

In our model we assume that the clustering step has been
done successfully and present algorithms that work with a flex-
ible number of copies and various probabilities for deletion, in-
sertion, and substitution errors. We also apply our algorithms on
data from previously published DNA-storage experiments [2],
[4], [6] and compare our accuracy and performance with state
of the art algorithms known from the literature.

A comprehensive summary of the previous works in DNA-
storage and their error charaterization, as well as the previous
work regarding reconstruction problem and their application to
DNA storage can be found in our full paper [8].

II. OUR ALGORITHMS
In this work we present several reconstruction algorithms,

designed for DNA storage systems. Since our purpose is to
solve the reconstruction problem as it is reflected in DNA-
storage systems, our algorithms aim to minimize the distance
between the output and the original strands. The algorithms in
this work are different from most of the previously published
reconstruction algorithms in several respects. First, we do not
require any assumption on the input. Second, our algorithms



(a) Erlich and Zielinski [2]. (b) Organick et al. [6].
Figure 1. Edit error rate by the reconstruction algorithm, for data from DNA storage experiments [2], [6].

(a) Success rate by the error probability. (b) Edit error rate by the error probability.
Figure 2. Success rate and edit error rate by the error probability for t = 20. The X-axis represents the error probability of the simulated clusters and the Y-axis
represents the edit error rate or the success rate, the fraction of clusters that were successfully reconstructed.

are not limited to specific cluster size, do not require any
dependencies between the error probabilities, and do not as-
sume zero errors in any specific location of the strands. Lastly,
our algorithms can run with practical time on actual data
from previous DNA-storage experiments. Our first algorithm,
which is reffered to as the iterative reconstruction algorithm, or
shortly ITR Algorithm, is inspired by the maximum likelihood
decoder for multiple deletion channels as studied recently
in [7], [9]. This algorithm is dynamic programming based and it
consist of several methods that computes the shortest common
supersequence and the longest common subsequence to detect
common patterns that appears in the traces. The algorithm uses
these patterns and their frequencies to estimate the original
sequence. Our second algorithm, the divider BMA algorithm
is majority based. The divider BMA algorithm runs in linear
time and improves the lookahead majority technique presented
in [1], [3]. Full descriptions of these algorithms, as well as
more algorithms and comparison to the previously published
algorithms can be found in our full paper [8].

III. RESULTS

In this section we present an evaluation of the accuracy of our
algorithms on data from previous DNA storage experiments [2],
[6]. We also implemented the algorithm from [3], with looka-
head window size of w = 3, and the algorithm from [10].
Figure 1 presents the results of the tested algorithms on data
from previous DNA storage experiments [2], [6]. We clustered
the data from these experiments and performed on the clusters
each of the tested algorithms to evaluate their edit error rates.

Additionally, we simulated 100,000 clusters of sizes t =
6, 10, 20, the sequences length was n = 100, and the alphabet
size was 4. The total error probability of deletions, insertions,
and substitutions ranged between 0.029701 and 0.271. We
reconstructed the original sequences of the clusters using our
algorithm and the algorithm from [3] with different parameters
of w, the lookahead window side. Figure 2 presents the edit

error rate and the success rates, the fraction of clusters that
were reconstructed successfully by the algorithms for t = 20.

IV. CONCLUSIONS

Even though our algorithms improved previous results, there
are still several challenges that need to be addressed in order
to fully solve the DNA reconstruction problem.

1) Design efficient reconstruction algorithms that improve
the current edit error rate.

2) Design error correcting codes for DNA storage systems.
3) Design efficient coded trace reconstruction algorithms for

DNA storage systems.
4) Standardization of DNA reconstruction algorithms.
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