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Background

Error-correcting codes for insertion, deletion, and substitution (IDS) are vital to
bio-sequence information storage pipelines.

1. Insertion

Original Sequence

... A T G C C G T ...

Mutated Sequence

... A T G A C C G T ...

2. Deletion

Original Sequence

... A T G C G T ...

Mutated Sequence

... A T G C G T ...

3. Substitution

Original Sequence

... A T G C C G T ...

Mutated Sequence

... A T G A C G T ...

C

DNA Sequence Mutation Diagram file:///Users/aalen/SynologyDrive/%E6%88%91%E7%9A%84%E6%8A%A5%E5%91%8A/Neur...
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Background

[1] D. Bar-Lev, T. Etzion, and E. Yaakobi, “On the size of balls and anticodes of small
diameter under the fixed-length levenshtein metric,” IEEE TIT, 2023.
[2] G. Wang and Q. Wang, “On the size distribution of Levenshtein balls with radius one,”
arXiv preprint arXiv:2204.02201, 2022.

Defination: [Levenshtein Distance: Distance for IDS Operations]
• The Levenshtein distance between 𝒔 and 𝒕 is the minimum number of IDS

operations required to transform string 𝒔 into string 𝒕.
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Background

Challenge: Characterizing IDS errors remains challenging due to open
problems with the Levenshtein distance [1,2]:
• High computational complexity of the metric.
• The unknown structure of the "Levenshtein ball."
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Background

State-of-the-art 4-ary IDS-correcting
codes are order optimal, requiring a
redundancy of:

bits [3]. This redundancy is suboptimal
for small values of 𝑛.

log 𝑛 + log log 𝑛 + 7 + 𝑜 1

[3] Gabrys, Ryan, et al. “Beyond single-deletion correcting codes: Substitutions and
transpositions.” IEEE TIT, 2002.

Visualization of VT Code in Embedding Space.
Red marks are untapped sequences.
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Visualization of VT Code in Embedding Space.
Red marks are untapped sequences.

There is room for improvement in coderate. Unfortunately, we are not
experts in designing combinatorial codes.
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Idea

[4] Wei, Xiang, et al. “Levenshtein distance embedding with poisson regression for DNA
storage.” AAAI 2024.

Leverage a deep embedding space[4] as a geometric proxy for the
Levenshtein domain to guide code design.

DNA sequences
(Levenshtein distance)

𝑠

Embedding vectors
(Euclidean distance)

𝑢

Siamese neural network Embedding network maps sequences to embedding vectors
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Method – Codebook design
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Proposition: Generate a codebook 𝐶 where the minimum Levenshtein
distance between any two distinct codewords 𝑐#, 𝑐$ ∈ 𝐶 is at least 3. This
codebook 𝐶 can correct a single IDS error.

Greedy search of the codebook:

Initialize:

All sequences A = ⌃
n
;

Empty codebook C = ;
Is A empty?

Select s from A
with

minimum neighbors

Add s to C:

C = C [ {s}
Remove neighbors from A
A = A\{s0|�(s0, s)  2}

Output codebook C

No

Yes

1
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minimum neighbors from 𝐴?
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Method – Codebook design

How do we know which 𝑠 has minimum neighbors from 𝐴?

Hypothesis:
The geometric density of embedding vectors serves as a proxy for the
combinatorial density of neighbors in the Levenshtein domain.

应用数学中心
Center for Applied Mathematics



Method – Codebook design

How do we know which 𝑠 has minimum neighbors from 𝐴?

Hypothesis:
The embedding vectors follow a multivariate normal distribution 𝑁 𝟎, 𝚺 , as
long as a normalization layer is applied to the embedding model.

Hypothesis:
The geometric density of embedding vectors serves as a proxy for the
combinatorial density of neighbors in the Levenshtein domain.

ü Use the estimated PDF of embedding vectors as a criterion to identify
sequences with fewer neighbors in Levenshtein distance.
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Method – Codebook design

应用数学中心
Center for Applied Mathematics

Implementable greedy search of the codebook:

Initialize:

All sequences A = ⌃
n
;

Empty codebook C = ;

Estimate Covariance ⌃̂
of f (A)

Is A empty?
Select s from A

s = argmax f (s)0⌃̂f (s)
Add s to C:

C = C [ {s}
Remove neighbors from A
A = A\{s0|�(s0, s)  2}

Output codebook C

No

Yes

1
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Method – Decoding in embedding space
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Challenge:
Decoding (error correcting) for this
codebook is complex, driven by the
high time complexity of calculating
Levenshtein distance.

ü Perform decoding in the embedding
space using Euclidean distance.

ü Mature neighbor searching methods
can be leveraged.

corresponding to the codewords C(n). Subsequently, the embedding vector v̂ = f(ĉ) of a corrupted
segment ĉ is utilized to query its nearest neighbors v = f(c) within this K-d tree, thereby confirming
the nearest codeword c to this segment. Significantly, the construction of the K-d tree incurs a
one-time complexity cost, while the average complexity of querying operations from the K-d tree
is O(log |C(n)|) [49], representing a considerable improvement over the previously mentioned
brute-force search method.
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Figure 2: Flowchart for the deep embedding-based
segment correcting. A K-d tree is constructed us-
ing the embedding vectors f(C(n)) of all the code-
words. The embedding vector of a segment is used
to query the K-d tree for its neighboring sequences.

It is important to recognize that this neighbor-
searching procedure is conducted within the em-
bedding space, and is based on an approximation
rather than the exact Levenshtein distance. As
a result, the query results from the K-d tree may
not always accurately represent the true mini-
mum Levenshtein distances. To mitigate this,
multiple nearest neighbors can be queried, and
the Levenshtein distances between the segment
and the queried neighboring codewords can be
double-checked to improve the reliability of the
results.

5 Experiments and Results

5.1 Codewords in the embedding space

To demonstrate the effectiveness of the proposed deep embedding-based greedy search of codewords
and the reasonability of using an estimated distribution to evaluate the density of the sequences, the
embedding vectors for all the candidate sequences and the selected codewords are visualized and
presented in Figure 3.

(a) deep embedding-based search (b) random search (c) VT code

Figure 3: The relationships between the codewords and their neighboring sequences in the embedding
space under three different scenarios: (a) results from the proposed deep embedding-based codeword
search; (b) results from a random codeword search; (c) results using codewords from the VT code. In
each subplot, the diamond markers represent the codewords, and the solid lines connect the codewords
to their distance 1 neighbors. In (a) and (b), the color indicates the order in which the codewords
were selected, with darker colors signifying codeword selected earlier. In (c), the red triangle markers
identify sequences that are neither codewords nor within a distance of 2 to any codeword.

To enhance the readability, Figure 3 is generated from experiments with a simplified setting: the
codeword length is set to N = 10, the code is reduced from a 4-ary alphabet to a binary alphabet,
and the embedding dimension is reduced to 8. To visualize the embedding vectors effectively, the
t-SNE [50] is employed to project the high-dimensional embedding vectors into R2. The Figure 3a,
Figure 3b, and Figure 3c are plotted by the codewords/vectors obtained from the proposed deep
embedding-based codeword search, a random codeword search, and the VT code, respectively. In
each subfigure, the diamond markers denote the codewords/vectors, and the solid lines connect these
to their distance-1 neighbors.

In Figure 3a and Figure 3b, the color scheme indicates the order in which the codewords were selected,
with darker colors representing codewords selected earlier in the search procedure. A comparison of
these two subfigures, which represent the projections of the embedding vectors, shows that the deep
embedding-based search tends to select codewords closer to the periphery of the estimated distribution

6

Leverage a K-d tree in the embedding space
for neighbor searching (error correcting).



Visualization of codeword selection in embedding space
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corresponding to the codewords C(n). Subsequently, the embedding vector v̂ = f(ĉ) of a corrupted
segment ĉ is utilized to query its nearest neighbors v = f(c) within this K-d tree, thereby confirming
the nearest codeword c to this segment. Significantly, the construction of the K-d tree incurs a
one-time complexity cost, while the average complexity of querying operations from the K-d tree
is O(log |C(n)|) [49], representing a considerable improvement over the previously mentioned
brute-force search method.
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each subplot, the diamond markers represent the codewords, and the solid lines connect the codewords
to their distance 1 neighbors. In (a) and (b), the color indicates the order in which the codewords
were selected, with darker colors signifying codeword selected earlier. In (c), the red triangle markers
identify sequences that are neither codewords nor within a distance of 2 to any codeword.

To enhance the readability, Figure 3 is generated from experiments with a simplified setting: the
codeword length is set to N = 10, the code is reduced from a 4-ary alphabet to a binary alphabet,
and the embedding dimension is reduced to 8. To visualize the embedding vectors effectively, the
t-SNE [50] is employed to project the high-dimensional embedding vectors into R2. The Figure 3a,
Figure 3b, and Figure 3c are plotted by the codewords/vectors obtained from the proposed deep
embedding-based codeword search, a random codeword search, and the VT code, respectively. In
each subfigure, the diamond markers denote the codewords/vectors, and the solid lines connect these
to their distance-1 neighbors.

In Figure 3a and Figure 3b, the color scheme indicates the order in which the codewords were selected,
with darker colors representing codewords selected earlier in the search procedure. A comparison of
these two subfigures, which represent the projections of the embedding vectors, shows that the deep
embedding-based search tends to select codewords closer to the periphery of the estimated distribution
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Darker colors indicate codewords selected earlier. (a) Dodo-Code: tends to select codewords from the 
periphery of the embedding distribution. (b) Random Search: selects codewords without any discernible 

pattern. (c) VT Code: leaves untapped potential codewords within the distribution.



Outperforms SOTA and aligns with optimal coderate
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[3] Gabrys, Ryan, et al. “Beyond single-deletion correcting codes: Substitutions and
transpositions.” IEEE TIT, 2002.
[5] Cai, Kui, et al. “Correcting a single indel/edit for DNA-based data storage: Linear-time
encoders and order-optimality.” IEEE TIT, (2021).

ü DoDo-Code outperforms SOTA
combinatorial codes [3, 5] in
coderate, when 𝑛 is small.

ü DoDo-Code aligns with order
optimal coderate

log 3𝑛 + log log 𝑛.

Note: Correcting a single substitution
requires at least log 3𝑛 redundancy
bits.



Thanks for listening!
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