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Distance between biological sequences
▪ Over the course of evolution biological sequences mutate and became 

different from each other

▪ Biologists have developed methods to estimate their evolutionary 

distance based on their edit distance D(s1, s2)

▪ Several tasks can be performed using those distances

▪ Hierarchical Clustering

▪ Multiple sequence alignment (MSA)

▪ Steiner string
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Hierarchical Clustering (HC)
▪ The goal is to discover the intrinsic hierarchical 

structure given by evolutionary history

▪ The algorithm uses agglomerative clustering to 

construct a phylogenetic tree

▪ In order to the method requires a distance matrix 

indicating the distance between every pair of 

sequences on the dataset
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Multiple sequence alignment (MSA)
▪ Align three or more sequences

▪ Used for the identification of active and binding site as well as conserved 

protein structures → homology

▪ NP-Complete problem

▪ Clustal is the most popular MSA heuristic

▪ Phase 1: Construct phylogenetic tree using HC

▪ Phase 2: Progressive alignment
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Multiple sequence alignment (MSA)
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Steiner string
▪ The Steiner string is the string the minimizes the sum of distances 

(consensus error) to a set of strings

▪ Hard to do in edit space but can trivial in other spaces (e.g., Euclidean)
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Issues with finding the edit distance
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▪ Classical algorithms find the edit distance in alignment-based 

manner, using dynamic programming

▪ Needleman-Wunsch algorithm

▪ However those methods are quadratic with respect to the length of the 

input sequence

▪ To address this problem alignment-free methods were developed



k-mer
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▪ The idea behind k-mer is to count the number of occurrences of all 

subsequences of length k

▪ Once with the number of occurrences they are put into a vector that is 

used to represent the sequence

▪ FFP is a method based on the Jensen-Shannon divergence between 

k-mers



k-mer: Example
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A U A U C G U A A U C G

AA AC AG AU CA CC CG CU GA GC GG GU UA UC UG UU

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

2-mer:



k-mer: Example
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A U A U C G U A A U C G

AA AC AG AU CA CC CG CU GA GC GG GU UA UC UG UU

0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0

2-mer:



k-mer: Example
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A U A U C G U A A U C G

AA AC AG AU CA CC CG CU GA GC GG GU UA UC UG UU

0 0 0 1 0 0 0 0 0 0 0 0 1 0 0 0

2-mer:



k-mer: Example

PAGE  12

A U A U C G U A A U C G

AA AC AG AU CA CC CG CU GA GC GG GU UA UC UG UU

0 0 0 2 0 0 0 0 0 0 0 0 1 0 0 0

2-mer:



k-mer: Example
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A U A U C G U A A U C G

AA AC AG AU CA CC CG CU GA GC GG GU UA UC UG UU

0 0 0 2 0 0 0 0 0 0 0 0 1 1 0 0

2-mer:



k-mer: Example
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A U A U C G U A A U C G

AA AC AG AU CA CC CG CU GA GC GG GU UA UC UG UU

1 0 0 3 0 0 2 0 0 0 0 1 2 2 0 0

2-mer:



Neural networks
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▪ Neural nets are function approximators, 

so we can use them to learn the edit 

distance

▪ Map sequences in a continuous space 

where the distance between the 

embedded points is correlated with the 

one between the sequences



Neural networks: embedding geometry
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▪ The embedding geometry is defined by the distance function of the 

embedding space

▪ Euclidean

▪ Manhattan

▪ Cosine

▪ Square Euclidean

▪ Hyperbolic



Neural networks: encoder model
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▪ The encoder model maps sequences to points 

in the embedding space

▪ Linear layer

▪ MLP

▪ CNN

▪ GRU

▪ Transformer (global or local attention)



Neural networks: decoder model
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▪ For some tasks it is useful to decode points from 

the embedding space back to sequences



Neural networks: loss function
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▪ The simplest loss is the MSE between the sequence’s distance and its 

approximation as the distance between the embedding



Neural networks
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Edit distance approximation
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▪ Three datasets of 16S rRNA
▪ RT988 (6.7k sequences with up to 465 bp)
▪ Quiita (6M sequences with up to 152 bp)
▪ Greengenes (1M sequences with up to 2368 bp)

▪ Methods
▪ k-mer
▪ FFP
▪ Various neural network approaches



Edit distance approximation
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Edit distance approximation
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Edit distance approximation: data-dependency
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▪ Data-dependent models learn better representations because they can 
focus on the important parts of the sequences and learn a lower 
dimension manifold

▪ To demonstrate this hypothesis the authors investigate the performance 
of the models when using random synthetic data for training



Edit distance approximation: data-dependency
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Edit distance approximation: hyperbolic space
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▪ Biological dataset have implicit 

hierarchical structure that is reflected by 

the hyperbolic space

▪ The hyperbolic space  provide 

significantly more efficient embeddings



Edit distance approximation: computational complexity
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▪ Assuming constant embedding size and a model linear with respect to the 

sequence length the complexity for computing the pairwise distance matrix 

is O(N(M+N))

▪ Previously it was O(N2M2/log M)



Hierarchical Clustering
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▪ Once with a matrix of approximated pairwise distances it is possible to 

perform hierarchical clustering

▪ The authors trained the models on the Quiita dataset and used a different 

holdout dataset to evaluate the algorithms performance



Hierarchical Clustering
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Multiple sequence alignment (MSA)
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▪ As mentioned previously, the first step in MSA relies on hierarchical 

clustering

▪ Building a phylogenetic tree using the distance between embeddings and 

passing it to the Clustal alignment algorithm allows faster computation

▪ The results exhibit high variance

▪ Authors suggest using ensemble of models to overcome this issue 



Multiple sequence alignment (MSA)
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Steiner string
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▪ The idea is to compute the Steiner string on the embedding space 

and decode it back to a sequence

▪ The model is trained to approximate the distance in the embedding space 

and to reconstruct the sequences after decoding



Steiner string
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Steiner string
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▪ In this work the authors propose a framework that applies advances in 

representation learning to embed biological sequences

▪ They show the strong advantage provided by the hyperbolic space

▪ Demonstrate the capacity of their method for HC, MSA and Steiner string 

discovery, fundamental problems in genomics 

Conclusion
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Thank you!
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