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What is the task?

+ +

Biological 
sample

Human

Covid-19 virus

Genome Sequencing 
Machine

Genome sequence
(both strands) 

3 billion of base pairs
(A-T, C-G)

30 thousand of base pairs

Genome 
Assembly

Human, animals, plants, 
mushroom, microbes

(almost all living organisms)
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Genome Assembly
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Why is this problem important?
Genome is the molecular code of life.

It is a set of instructions for the organism to develop, function and sustain. 
Understanding the genome is critical to fight diseases.

A quest to construct the first complete human genome started in 1990.
First result in 2001 but ≈210 gaps[1].
In 2022, 32 years later, the quest was finally achieved[2].

2001 2022

+

[1] Lander et-al, Initial sequencing and analysis of the human genome, Nature 2001
[2] Nurk et-al, The complete sequence of a human genome, Science 2022
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Genome Sequencing Machine
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No machine can copy the complete genome sequence in one-shot (genome breaks).
Machines produce a collection of genome sub-sequences called reads.
Modern machines aims at getting long reads with minimum base pair errors (A-T, G-C).

PacBio HiFi reads[1] : 15,000-25,000 base pairs in average with 0.5% error (≈100 errors/read)
Oxford Nanopore reads[2] : 50,000-100,000 base pairs in average with 5% error (≈4000 errors/read).

Coverage depth : Each base is covered by a number of reads (typically 30 reads).

Genome

Reads

+

[1] Eid et-al, Real-time DNA sequencing from single polymerase molecules, Science 2009
[2] Clarke et-al, Continuous base identification for single-molecule nanopore DNA sequencing, Nature nanotechnology 2009
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Genome Assembly Problem
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Combinatorial problem : Re-order overlapping reads to form the longest sequence.
This problem is NP-hard because complexity is O(n!), n being the number of reads.
n = 3B(genome len) / 20k(read len) . 30(depth) . 2(strands) . 2(haploids) 

= 18M reads

Reads

+
Genome

Genome Assembly Task
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Assembly Graphs
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Reducing complexity : Only assemble from overlapping reads.
Overlapping reads form a graph called the assembly graph.
The construction of the assembly graph is called the overlap phase in genomics. 

Genome

(Unordered) reads

Overlapping reads

Assembly graph
(directed graph)

1

1

3

2
4

4

2

3
+Graph construction

(Overlap phase)
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Challenges
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Interspersed regions 
Far away reads on the genome can still overlap.
Reads on different strands/chromosomes/haploids can overlap.

Genome (positive strand) 

Genome (negative strand) 

Far away but overlap

Different strands but overlap

Assembly graph+
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Challenges
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Major challenge : Segment duplication
Some genome regions contain (lots of) repetitive patterns that are not covered by a single read.
These regions produce complex genome regions which are (very) hard to disentangle.
To this date, no genome assemblers can solve this issue.

We are left with fragments of genome, called contigs.
Solutions can come either from longer reads (better sequencing machines) or better algorithms.

Genome

Reads

(Many reads are omitted)

Assembly graph

+
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Approximate Assembly Graphs

Xavier Bresson 12

Exact construction of assembly graph has O(n2d2) complexity with n number of reads and d 
dimension of reads.

For n=18M, d=20k, it would take with a GPU ≈ 3 hours(convolution) + 3 months(transfer).
Approximation of assembly graphs is required.

There are as many approximations as the number of genome assemblers.
Genome assembler usually designs a graph constructer for each specific type of reads.

In summary : Sequencing errors + interspersed/duplicated regions + approximate graph construction 
make the topology of the assembly graph challenging with multiple disconnected components, cycles, 
dead-ends, bubbles, transitive edges and tangles.



13

Outline

Xavier Bresson 13

Genome Assembly

Assembly Graphs

Path Assembly

Our Contribution

Dataset

Edge Prediction

Graph Neural Networks

Graph Decoding  

Numerical Experiments

Conclusion



14

Path Assembly
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Extracting the genome on the assembly graph reduces to solve a path routing problem on graph.
The problem is equivalent to the longest path problem on graphs, i.e. finding the longest path 
that visits each node at most once (avoiding cycles).
Once the longest path is found, the genome sequence is reconstructed by collating the 
overlapping reads along the path.
This decoding step is called the layout phase in genomics.

Besides, assembly graphs are also composed of disconnected components due to approximated/error 
constructions.

This makes impossible the reconstruction of the whole genome with a single path.
There exist paths that reconstruct fragments of genome (contigs).
Existing assemblers aims at extracting the best set of paths in terms of length and 
reconstruction quality of contigs.

Assembly graph

Longest path
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Raven’s heuristics :
Remove transitive edges
Remove dead-ends
Remove bubbles
Collapse sequences into unitigs
Remove long connections using force directed field 
(FDL), a dimensionality reduction technique
Cut tangles and get contigs

Raven[1] Genome Assembler

Xavier Bresson 15

Genome assemblers rely on human engineered heuristics that aim at simplifying the assembly 
graph into a set of paths representing the contigs.

contig contig
tangle

[1] Vaser, Sikic, Time-and memory-efficient genome assembly with raven, Nature Computational Science 2021
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State-of-the-Art[1]
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In 2022, the first gapless compete human genome sequence was achieved. 
What enabled this success?

Modern sequencing machines with longer and more accurate reads 
(PacBio/Nanopore).
Combination of multiple genome assemblers (w/ human engineered heuristics).
Experts perform manual inspection to resolve tangles and assemble the contigs.

Limitation 
Time and resource consuming (1.5 years and a large team of scientists)
Not generalizable

What do we propose?
ML paradigm : Use deep learning to reduce/replace human heuristics                 
⇒ AI-based genome assembler
Advantage : Solve genome assembly independently of any type of sequencing 
machine and no hand-crafting of genome assemblers.

[1] Nurk et-al, The complete sequence of a human genome, Science 2022
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Scope of our Work
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In this work, we focus on the layout part (path extraction) of the genome assembly problem.
In other words, we use an existing graph assembler (computed in this project by Raven’s 
overlap phase[1]), learn to extract long fractions of the genome, i.e. the contigs.

We do not consider the task of graph construction which quality is obviously critical to extract 
the longest possible contigs.

Exiting graph constructers are hand-engineered for different types of reads.

[1] Vaser, Sikic, Time-and memory-efficient genome assembly with raven, Nature Computational Science 2021
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Machine Learning Framework
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We propose to learn to untangle assembly graphs and reconstruct genome sequences.

+

Overview of our 
framework
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Human Genomic Dataset
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We use the 2022 CHM13 human genome sequence[1] (one female haploid, 23 chromosomes, two 
strands) of 3.3 billion base pairs length and a set of 5.6 million PacBio HiFi reads.
We contribute to the dataset in two ways.

We correct the read errors from sequencing with hifiasm[2].
We map the reads to the genome sequence with minimap2[3] and resolves any gap by re-assigning 
similar reads while preserving the sequence.

In this first approach, we work with individual chromosomes, not the whole genome, as there exists 
so far only one clean reconstructed human genome.

[1] Nurk et-al, The complete sequence of a human genome, Science 2022
[2] Cheng et-al, Haplotype-resolved de novo assembly using phased assembly graphs with hifiasm, Nature methods 2021
[3] Li, Minimap2: pairwise alignment for nucleotide sequences, Bioinformatics 2018
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Data Augmentation
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Data augmentation is critical to reduce overfitting and better generalization.
We use a simulator[1] of reads with the constraint that the distribution of synthetic read lengths 
follows the distribution of real read lengths.

This allows us to simulate an arbitrary number of train/validation assembly graphs.
We label the reads with a positional information corresponding to the ordering of the reads on the 
genome sequence.

Read positions serve as labels to train a network to reconstruct the genome exactly.
In this work, we simulate individual chromosomes (not the whole genome).

[1] Maryland Bioinformatics Labs, seqrequester

Genome

Reads
(1)

(2)

(4)
(3)

(k) corresponds to the position of the 
read on the genome sequence.
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Assembly Graph Construction
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Raven’s overlap phase[1] will be used to compute assembly graphs.
It is composed of two steps :

Dimensionality reduction step : From 20k-dim reads to 512-dim “words” (hand-crafted process 
that identifies “words”, repetitive patterns of “character” bases).
Pairwise matching step : Use the longest common subsequence algorithm with dynamic 
programming to compute the length of overlap between two reads.
Computational time : For n=50k reads, it takes 20min with Intel 6226R CPU and 30 threads.

[1] Vaser, Sikic, Time-and memory-efficient genome assembly with raven, Nature Computational Science 2021
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Edge Labeling
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Decoding is carried out by a path routing algorithm that follows edges that reconstruct exactly           
(fractions of) the genome (contigs).
How do we get these edges? 

They are obtained by running a depth-first search (DFS) algorithm with positional 
information of reads on the genome. The labeling algorithm identifies all paths/edges that 
lead to an optimal genome reconstruction. 
Correct edges are labeled with value 1 and incorrect edges s.a. long-distance overlapping reads 
or dead-ends are assigned with value 0.
Note that the set of labels is unbalanced with a majority of one-value, i.e. most edges are 
correct but wrong edges significantly shortcut the extracted path. 

Genome

Assembly graph

Edge label 0

Edge label 1
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Edge Prediction
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How to predict edges that lead to optimal decoding of the genome?
Which network architecture do we need?

Observe that the assembly problem is fundamentally a graph problem (overlaps of reads form a 
graph and decoding looks for a path in a graph).
Can we use CNNs[1], RNNs[2] or Transformers[3]?

CNNs only work for grids, not for graphs.
RNNs only work for sequences, not for graphs.
Transformers only work for fully-connected graphs,                                                             
not for sparse graphs s.a. assembly graphs.

We need graph neural networks[4,5,6] (GNNs). 

[1] LeCun, Bottou, Bengio, Haffner, Gradient-based learning applied to document recognition, 1998
[2] Hochreiter, Schmidhuber, Long short-term memory, 1997
[3] Vaswani, Shazeer, Parmar, Uszkoreit, Jones, Gomez, Kaiser, Polosukhin, Attention is all you need, NeurIPS 2017
[4] Scarselli, Gori, Tsoi, Chung, Hagenbuchner, Monfardini, The Graph Neural Network Model, IEEE Transactions on Neural Networks 2009
[5] Bruna, Zaremba, Szlam, LeCun, Spectral Networks and Locally Connected Networks on Graphs, ICLR 2014
[6] Defferrard, Bresson, Vandergheynst, Convolutional neural networks on graphs with fast localized spectral filtering, NeurIPS 2016
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Designing GNNs for Assembly Graphs
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What network properties?
Invariant/equivariant layers
Independent of the size of neighborhoods and graphs
Anisotropic convolution on graphs
Directed local reception field
Deep architecture
Break node anonymity of assembly graphs
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<latexit sha1_base64="sWI/P2g0WTi2hfFh+TrzvCyhG1U=">AAACBHicbVDLSsNAFJ3UV62vqMtuBovgopRERF0W3LisYB/QxDCZ3rRDJ4/OTJQSunDjr7hxoYhbP8Kdf+O0zUJbD1w4nHMv997jJ5xJZVnfRmFldW19o7hZ2tre2d0z9w9aMk4FhSaNeSw6PpHAWQRNxRSHTiKAhD6Htj+8mvrtexCSxdGtGifghqQfsYBRorTkmeXEEaw/UESI+AGPqhi8LBlN7hzg3DMrVs2aAS8TOycVlKPhmV9OL6ZpCJGinEjZta1EuRkRilEOk5KTSkgIHZI+dDWNSAjSzWZPTPCxVno4iIWuSOGZ+nsiI6GU49DXnSFRA7noTcX/vG6qgks3Y1GSKojofFGQcqxiPE0E95gAqvhYE0IF07diOiCCUKVzK+kQ7MWXl0nrtGaf1+ybs0q9msdRRGV0hE6QjS5QHV2jBmoiih7RM3pFb8aT8WK8Gx/z1oKRzxyiPzA+fwDkaJgv</latexit>

p ! q, e`pq

<latexit sha1_base64="oKfhwyCqHyKQ9Ml+r32LFR04hbU=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBg5RERD0WvHhswX5AG8pmO2nXbjZhdyOU0F/gxYMiXv1J3vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8MJME/YgOJQ85o8ZKjaRfrrhVdw6ySrycVCBHvV/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQlv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ67LqXVe9xlWldpHHUYQTOIVz8OAGanAPdWgCA4RneIU359F5cd6dj0VrwclnjuEPnM8f1XOM5A==</latexit>p

<latexit sha1_base64="3Hh+QE07B+GQbLN+4mRTd+xh8sY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4kJKIqMeCF48t2A9oQ9lsJ+3azSbuboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dlZW19Y3Ngtbxe2d3b390sFhU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWj26nfekKleSzvzThBP6IDyUPOqLFS/bFXKrsVdwayTLyclCFHrVf66vZjlkYoDRNU647nJsbPqDKcCZwUu6nGhLIRHWDHUkkj1H42O3RCTq3SJ2GsbElDZurviYxGWo+jwHZG1Az1ojcV//M6qQlv/IzLJDUo2XxRmApiYjL9mvS5QmbE2BLKFLe3EjakijJjsynaELzFl5dJ86LiXVW8+mW5ep7HUYBjOIEz8OAaqnAHNWgAA4RneIU358F5cd6dj3nripPPHMEfOJ8/1veM5Q==</latexit>q

<latexit sha1_base64="/KdeINYEZkASXEwAcuOXJL6Ww00="></latexit>

h`+1 = fnode(A, h`, e`)

e`+1 = fedge(A, h
`+1, e`)

Node features

Edge features 

A is the adjacency matrix

<latexit sha1_base64="HdMX6OvnmOs9Dh2lbG7WA4snPZE=">AAACDXicbVDLSsNAFJ34rPUVdelmsAqCpSQi6rLgxmUF+4Amhsn0ph06eXRmopSQH3Djr7hxoYhb9+78G5M2C209cOFwzr3ce48bcSaVYXxrC4tLyyurpbXy+sbm1ra+s9uSYSwoNGnIQ9FxiQTOAmgqpjh0IgHEdzm03eFV7rfvQUgWBrdqHIHtk37APEaJyiRHP4wswfoDRYQIH/CoisFJolF6l1jA+YmZlnM4esWoGRPgeWIWpIIKNBz9y+qFNPYhUJQTKbumESk7IUIxyiEtW7GEiNAh6UM3owHxQdrJ5JsUH2VKD3uhyCpQeKL+nkiIL+XYd7NOn6iBnPVy8T+vGyvv0k5YEMUKAjpd5MUcqxDn0eAeE0AVH2eEUMGyWzEdEEGoygLMQzBnX54nrdOaeV4zb84q9WoRRwntowN0jEx0geroGjVQE1H0iJ7RK3rTnrQX7V37mLYuaMXMHvoD7fMH6vyaDw==</latexit>

p ! q, e`+1
pq
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We propose the following graph network to learn expressive representation of the graph assembly :

with the directed edge gates :

where all A, B ∈ Rd ×d are learnable parameters, BN for batch normalization,                                   
⊙ for Hadamard product and σ is the sigmoid function.

Anisotropic diffusion process (Perona-Malik’s anisotropic PDE[2] generalized to graphs).
Directed edge gates can be seen as dense attention operators on graphs (actually dense attention 
can perform better on graphs than sparse attention[3]).

<latexit sha1_base64="RXbbCjbdMnuR8R/M9qlLZhH2014="></latexit>

hl+1
i = hl

i +ReLU

✓
BN

✓
Al

1h
l
i +

X

j!i

⌘f,l+1
ji �Al

2h
l
j +

X

i!k

⌘b,l+1
ik �Al

3h
l
k

◆◆
2 Rd

el+1
pq = elpq +ReLU

⇣
BN

⇣
Bl

1e
l
pq +Bl

2h
l
p +Bl

3h
l
q

⌘⌘
2 Rd

<latexit sha1_base64="osUpKF2jHkv4qAlPyygxA4/SmgQ="></latexit>

⌘f,lji =
�
�
elji

�

P
j0!i �

⇣
elj0i

⌘
+ ✏

2 Rd
+, ⌘b,lik =

�
�
elik

�
P

i!k0 �
�
elik0

�
+ ✏

2 Rd
+

i, h`
i

j, h`
j

<latexit sha1_base64="sWI/P2g0WTi2hfFh+TrzvCyhG1U=">AAACBHicbVDLSsNAFJ3UV62vqMtuBovgopRERF0W3LisYB/QxDCZ3rRDJ4/OTJQSunDjr7hxoYhbP8Kdf+O0zUJbD1w4nHMv997jJ5xJZVnfRmFldW19o7hZ2tre2d0z9w9aMk4FhSaNeSw6PpHAWQRNxRSHTiKAhD6Htj+8mvrtexCSxdGtGifghqQfsYBRorTkmeXEEaw/UESI+AGPqhi8LBlN7hzg3DMrVs2aAS8TOycVlKPhmV9OL6ZpCJGinEjZta1EuRkRilEOk5KTSkgIHZI+dDWNSAjSzWZPTPCxVno4iIWuSOGZ+nsiI6GU49DXnSFRA7noTcX/vG6qgks3Y1GSKojofFGQcqxiPE0E95gAqvhYE0IF07diOiCCUKVzK+kQ7MWXl0nrtGaf1+ybs0q9msdRRGV0hE6QjS5QHV2jBmoiih7RM3pFb8aT8WK8Gx/z1oKRzxyiPzA+fwDkaJgv</latexit>

p ! q, e`pq
<latexit sha1_base64="oKfhwyCqHyKQ9Ml+r32LFR04hbU=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBg5RERD0WvHhswX5AG8pmO2nXbjZhdyOU0F/gxYMiXv1J3vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8MJME/YgOJQ85o8ZKjaRfrrhVdw6ySrycVCBHvV/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQlv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ67LqXVe9xlWldpHHUYQTOIVz8OAGanAPdWgCA4RneIU359F5cd6dj0VrwclnjuEPnM8f1XOM5A==</latexit>p

<latexit sha1_base64="3Hh+QE07B+GQbLN+4mRTd+xh8sY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4kJKIqMeCF48t2A9oQ9lsJ+3azSbuboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dlZW19Y3Ngtbxe2d3b390sFhU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWj26nfekKleSzvzThBP6IDyUPOqLFS/bFXKrsVdwayTLyclCFHrVf66vZjlkYoDRNU647nJsbPqDKcCZwUu6nGhLIRHWDHUkkj1H42O3RCTq3SJ2GsbElDZurviYxGWo+jwHZG1Az1ojcV//M6qQlv/IzLJDUo2XxRmApiYjL9mvS5QmbE2BLKFLe3EjakijJjsynaELzFl5dJ86LiXVW8+mW5ep7HUYBjOIEz8OAaqnAHNWgAA4RneIU358F5cd6dj3nripPPHMEfOJ8/1veM5Q==</latexit>q

<latexit sha1_base64="iRO9Aiqz84gnJ63vyDpSJ/lXW1U=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBbBQymJiHosePFYwX5AGstmu2mXbHbD7kQooT/DiwdFvPprvPlv3LY5aOuDgcd7M8zMC1PBDbjut1NaW9/Y3CpvV3Z29/YPqodHHaMyTVmbKqF0LySGCS5ZGzgI1ks1I0koWDeMb2d+94lpw5V8gEnKgoSMJI84JWAlP67j8SB+7DMhBtWa23DnwKvEK0gNFWgNql/9oaJZwiRQQYzxPTeFICcaOBVsWulnhqWExmTEfEslSZgJ8vnJU3xmlSGOlLYlAc/V3xM5SYyZJKHtTAiMzbI3E//z/AyimyDnMs2ASbpYFGUCg8Kz//GQa0ZBTCwhVHN7K6ZjogkFm1LFhuAtv7xKOhcN76rh3V/WmvUijjI6QafoHHnoGjXRHWqhNqJIoWf0it4ccF6cd+dj0Vpyiplj9AfO5w+Og5C4</latexit>

k, h`
k

Incoming edges/
predecessors

Outgoing edges/
successors

[1] Bresson, Laurent, Residual gated graph convnets, ICLR 2017
[2] Perona, Malik, Scale-space and edge detection using anisotropic diffusion, 1987
[3] Dwivedi, Bresson, A generalization of transformer networks to graphs, AAAI 2021
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This model is permutation equivariant (invariant by node re-indexing).

where P is a permutation matrix.

Independent of the size of neighborhoods and graphs (distributed computing).
GNN libraries s.a. DGL[2] or PyG[3]

<latexit sha1_base64="QT71N1agdu34hKFCmgxFugmbMdU="></latexit>

fnode(PA,Ph, Pe) = Pfnode(A, h, e)

fedge(PA,Ph, Pe) = Pfedge(A, h, e)

[1] Bresson, Laurent, Residual gated graph convnets, ICLR 2017
[2] Wang-etal, Deep graph library: Towards efficient and scalable deep learning on graphs, 2019
[3] Fey, Lenssen, Fast graph representation learning with pytorch geometric, 2019
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Directed local reception fields (allow to extend the 
reception fields for both the node predecessors and the 
node successors)

Deep architecture with Batch Normalization and 
Residual Connection.

Node anonymity can be broken with graph positional 
encoding (next slide).

i
<latexit sha1_base64="RlAIlE5MorzaIuoAsYZUvwE4eUI=">AAAB6nicbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisaD+gDWWznbRLN5uwuxFK6U/w4kERr/4ib/4bN20O2vpg4PHeDDPzwlRwbTzv2ymtrW9sbpW33Z3dvf2DyuFRSyeZYthkiUhUJ6QaBZfYNNwI7KQKaRwKbIfj29xvP6HSPJGPZpJiENOh5BFn1Fjpgbtuv1L1at4cZJX4BalCgUa/8tUbJCyLURomqNZd30tNMKXKcCZw5vYyjSllYzrErqWSxqiD6fzUGTmzyoBEibIlDZmrvyemNNZ6Eoe2M6ZmpJe9XPzP62YmugmmXKaZQckWi6JMEJOQ/G8y4AqZERNLKFPc3krYiCrKjE0nD8FffnmVtC5rvlfz76+q9YsijjKcwCmcgw/XUIc7aEATGAzhGV7hzRHOi/PufCxaS04xcwx/4Hz+ADHkjP8=</latexit><latexit sha1_base64="RlAIlE5MorzaIuoAsYZUvwE4eUI=">AAAB6nicbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisaD+gDWWznbRLN5uwuxFK6U/w4kERr/4ib/4bN20O2vpg4PHeDDPzwlRwbTzv2ymtrW9sbpW33Z3dvf2DyuFRSyeZYthkiUhUJ6QaBZfYNNwI7KQKaRwKbIfj29xvP6HSPJGPZpJiENOh5BFn1Fjpgbtuv1L1at4cZJX4BalCgUa/8tUbJCyLURomqNZd30tNMKXKcCZw5vYyjSllYzrErqWSxqiD6fzUGTmzyoBEibIlDZmrvyemNNZ6Eoe2M6ZmpJe9XPzP62YmugmmXKaZQckWi6JMEJOQ/G8y4AqZERNLKFPc3krYiCrKjE0nD8FffnmVtC5rvlfz76+q9YsijjKcwCmcgw/XUIc7aEATGAzhGV7hzRHOi/PufCxaS04xcwx/4Hz+ADHkjP8=</latexit><latexit sha1_base64="RlAIlE5MorzaIuoAsYZUvwE4eUI=">AAAB6nicbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisaD+gDWWznbRLN5uwuxFK6U/w4kERr/4ib/4bN20O2vpg4PHeDDPzwlRwbTzv2ymtrW9sbpW33Z3dvf2DyuFRSyeZYthkiUhUJ6QaBZfYNNwI7KQKaRwKbIfj29xvP6HSPJGPZpJiENOh5BFn1Fjpgbtuv1L1at4cZJX4BalCgUa/8tUbJCyLURomqNZd30tNMKXKcCZw5vYyjSllYzrErqWSxqiD6fzUGTmzyoBEibIlDZmrvyemNNZ6Eoe2M6ZmpJe9XPzP62YmugmmXKaZQckWi6JMEJOQ/G8y4AqZERNLKFPc3krYiCrKjE0nD8FffnmVtC5rvlfz76+q9YsijjKcwCmcgw/XUIc7aEATGAzhGV7hzRHOi/PufCxaS04xcwx/4Hz+ADHkjP8=</latexit><latexit sha1_base64="RlAIlE5MorzaIuoAsYZUvwE4eUI=">AAAB6nicbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisaD+gDWWznbRLN5uwuxFK6U/w4kERr/4ib/4bN20O2vpg4PHeDDPzwlRwbTzv2ymtrW9sbpW33Z3dvf2DyuFRSyeZYthkiUhUJ6QaBZfYNNwI7KQKaRwKbIfj29xvP6HSPJGPZpJiENOh5BFn1Fjpgbtuv1L1at4cZJX4BalCgUa/8tUbJCyLURomqNZd30tNMKXKcCZw5vYyjSllYzrErqWSxqiD6fzUGTmzyoBEibIlDZmrvyemNNZ6Eoe2M6ZmpJe9XPzP62YmugmmXKaZQckWi6JMEJOQ/G8y4AqZERNLKFPc3krYiCrKjE0nD8FffnmVtC5rvlfz76+q9YsijjKcwCmcgw/XUIc7aEATGAzhGV7hzRHOi/PufCxaS04xcwx/4Hz+ADHkjP8=</latexit>

j
<latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit><latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit><latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit><latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit>

<latexit sha1_base64="dEyfS8W7q+llL56/vlnlR7/9wRk=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPBi8cq9gPaUDbbTbt0swm7E6GE/gMvHhTx6j/y5r9x0+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecZpwP6IjJULBKFrpYVIZVGtu3Z2DrBKvIDUo0BxUv/rDmKURV8gkNabnuQn6GdUomOSzSj81PKFsQke8Z6miETd+Nr90Rs6sMiRhrG0pJHP190RGI2OmUWA7I4pjs+zl4n9eL8Xwxs+ESlLkii0WhakkGJP8bTIUmjOUU0so08LeStiYasrQhpOH4C2/vEraF3Xvqu7dX9YabhFHGU7gFM7Bg2towB00oQUMQniGV3hzJs6L8+58LFpLTjFzDH/gfP4AA5mM9w==</latexit>

k

Incoming edges/
predecessors

Outgoing edges/
successors

[1] Bresson, Laurent, Residual gated graph convnets, ICLR 2017
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Edge features :
Length and quality of the overlap between two reads and normalized by z-scoring.

Node features :  
In this work, we do not use any node features coming from the raw reads (future work).
In this case, GNNs perform poorly or fail in the absence of node identity[1,2].
This issue can be overcome with graph positional encoding (PE) s.t. Laplacian eigenvectors[3,4]

for undirected graphs.
For directed graphs like assembly graphs, we use a k-step PageRank[5,6] diffusion vector, along 
with the in-degree and out-degree, which are features invariant by re-indexing permutation 
(essential for generalization). In summary, we have 

<latexit sha1_base64="0huudjM9+byvvVG/MoaDW9XuAzs=">AAACAHicbVC7TsNAEFyHVwivAAUFzYkIiSqyIwSUkWgoAyIPKTbW+XJOjpzP1t0ZKVhu+BUaChCi5TPo+BsujwISRlppNLOr3Z0g4Uxp2/62CkvLK6trxfXSxubW9k55d6+l4lQS2iQxj2UnwIpyJmhTM81pJ5EURwGn7WB4OfbbD1QqFotbPUqoF+G+YCEjWBvJLx88+hm7z5HLBHIjrAdBkN3kdzW/XLGr9gRokTgzUoEZGn75y+3FJI2o0IRjpbqOnWgvw1IzwmleclNFE0yGuE+7hgocUeVlkwdydGyUHgpjaUpoNFF/T2Q4UmoUBaZzfKOa98bif1431eGFlzGRpJoKMl0UphzpGI3TQD0mKdF8ZAgmkplbERlgiYk2mZVMCM78y4ukVas6Z1Xn+rRSr83iKMIhHMEJOHAOdbiCBjSBQA7P8Apv1pP1Yr1bH9PWgjWb2Yc/sD5/AHItlkI=</latexit>

zij 2 R2

<latexit sha1_base64="mZYozcIfIrZKywDIyb0pb9VVdqA="></latexit>

xi = dini k douti k p1i k · · · k pKi 2 R2+K , where k is concatenation

pk+1 = ↵(D�1A)T pk + (1� ↵)
1n
n

2 Rn, pk=0 =
1n
n

2 Rn, ↵ = 0.95

<latexit sha1_base64="tBCthnXWBO1Onvo80sJqmTSTEEI=">AAACAnicbVDLSsNAFJ3UV62vqCtxM1gEVyUpoi4LblxWsQ9oYphMJu3QySTMTMQSght/xY0LRdz6Fe78GydtFtp64MLhnHu59x4/YVQqy/o2KkvLK6tr1fXaxubW9o65u9eVcSow6eCYxaLvI0kY5aSjqGKknwiCIp+Rnj++LPzePRGSxvxWTRLiRmjIaUgxUlryzIMHj0KHcuhESI18P7vJ77LA43nNM+tWw5oCLhK7JHVQou2ZX04Q4zQiXGGGpBzYVqLcDAlFMSN5zUklSRAeoyEZaMpRRKSbTV/I4bFWAhjGQhdXcKr+nshQJOUk8nVncaic9wrxP2+QqvDCzShPUkU4ni0KUwZVDIs8YEAFwYpNNEFYUH0rxCMkEFY6tSIEe/7lRdJtNuyzhn19Wm81yziq4BAcgRNgg3PQAlegDToAg0fwDF7Bm/FkvBjvxsestWKUM/vgD4zPH7fWlvM=</latexit>

xi 2 Rdn

A is the adjacency matrix and 
D is the out-degree matrix.[1] Murphy, Srinivasan, Rao, Ribeiro, Relational pooling for graph representations, ICML 2019

[2] Loukas, What graph neural networks cannot learn: depth vs width, ICLR, 2020
[3] Belkin, Niyogi, Laplacian eigenmaps for dimensionality reduction and data representation, Neural computation 2003
[4] Dwivedi, Joshi, Laurent, Bengio, Bresson, Benchmarking graph neural networks, 2020
[5] Page, Brin, Motwani, Winograd, The pagerank citation ranking: Bringing order to the web, 1999
[6] Dwivedi, Luu, Laurent, Bengio, Bresson, Graph neural networks with learnable structural and positional representations, 2021
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Graph Convolutional Layers
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Input features are projected into a higher d-dimensional space with a standard MLP :

The initial node/edge features are then passed to L convolutional layers : 

<latexit sha1_base64="tK5IdcS8DtVXAXxXa3K/kqLmpXw="></latexit>

h0
i = MLP1(xi) 2 Rd

e0ij = MLP2(zij) 2 Rd

<latexit sha1_base64="/rR6tXn/av/D42ahIXwdroXfgq0="></latexit>

for ` = 0, 1,..., L� 1

h`+1 = fnode(A, h`, e`) 2 Rd

e`+1 = fedge(A, h`+1, e`) 2 Rd
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Edge Prediction Layer
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We use a MLP to predict whether a directed edge i→k can lead to an optimal decoding of the 
genome :

with the node representations of nodes i and k, the edge representation of the directed edge i→k
and L is the last GatedGCN layer.

<latexit sha1_base64="GhmJFtoB7dmnj6ixl6T0gccL/7Q="></latexit>

pik = Sigmoid
�
MLP

�
hL
i k hL

k k eLik
��

2 [0, 1]

i

k
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Network Training
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Network size is 6.5M parameters with L=16 layers and d=256 hidden dimensions.
Loss function is the binary cross-entropy using edge labels :

where E is the set of edges, p̂ij the ground-truth label, pij the predicted probability and wij a weight 
value that balances equally the number of ones and zeros in the label set.

Optimization is done by SGD with Adam optimizer[1].

<latexit sha1_base64="/3kqkwiZIb/MxM0N5q9mSfJJsoA="></latexit>

L =
1

E

X

ij2E

wij

�
p̂ij log pij + (1� p̂ij) log(1� pij)

�

[1] Kingma, Ba, Adam: A Method for Stochastic Optimization, 2014 
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Training with Large Graphs
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Size of graphs (chromosomes) is [32k,184k] nodes.
They are too large to fit into the GPU memory.

Graph partitioning is required.
We use Metis[1] clustering algorithm with a number of clusters randomly chosen in 
[400,600] to force different partitioning at each epoch and reduce over-fitting.

[1] Karypis, Kumar, A fast and high quality multilevel scheme for partitioning irregular graphs, scientific Computing, 1998
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Greedy Decoding
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We aim at solving the combinatorial path routing problem auto-regressively, i.e. selecting one node 
at a time (by factorizing the probability with the chain rule) : 

where the conditional probability is estimated by the graph network.
In this work, we decode with a greedy search algorithm (O(n) complexity). 

At each node, we select the edge it-1→i with the highest probability :

<latexit sha1_base64="zIvC2H+wna1r7MpYudd1ySHJ9AU="></latexit>

max
seqn={i1,...,in}

P (seq, G)

P (i1, ..., in, G) = ⇧n
t=1 P (it|it�1, it�2, ...i1, G)

<latexit sha1_base64="Lv+jXRrgrWgqpIDrjdamdRKDDcE="></latexit>

it = argmax
i

P (i|it�1, it�2, ...i1, G) = P (i|it�1, G)
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Iterative Greedy Decoding
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Graph assembly is noisy (multiple connected components, dead-ends, cycles) and GNN edge-
predictions are not perfect.
We sample k paths from k initial edges selected by Bernoulli sampling and decode a path forward 
and path backward on the genome graph.
We select the path with the longest sequence/contig length and marked the nodes as visited.
We iterate the path extraction phase until the length of the extracted path is below a threshold.
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Experimental Setting
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Evaluation
In this work, we do not evaluate our technique on the whole genome, but on individual 
chromosomes.

Training
We use one chromosome (chr19) for training and the remaining chromosomes for testing.
We generate 15 synthetic train graphs and 3 validation graphs.
We select the network for inference with the checkpoint having the lowest validation loss.
Training took 53min on Nvidia A100 GPU. 
Note that we tried training with chromosomes 9, 19, and 22 and got slightly but not statistically 
better results. 

Inference 
Forward pass + greedy decoding on the real assembly graphs of the test chromosomes
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Evaluation 
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Quality measures for genome assembly
Number of contigs : Gives an insight into how fragmented the reconstruction is (lower is better).
Longest contig : The length of the longest contig (higher is better).
Genome fraction : Fraction of the genome which is reconstructed (higher is better).
NG50 : Length of the contig that covers 50% of the reference genome (higher is better).
NGA50 : Calculated the same way as NG50, but after alignments between contigs and the 
reference (higher is better).
Base error : Number of mismatches and indels (insertions and deletions) per 100,000 base pairs 
(lower is better).

50%

NGA50

50%

NG50

Genome
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Experimental Results
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Evaluation of the network on assembly graphs of real human HiFi data.

Our proposed learning 
method significantly 
outperforms Raven’s 

heuristics!
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Conclusion

Xavier Bresson 46

Experimental results demonstrate the potential of deep learning to solve the genome assembly 
grand challenge.
Given a state-of-the-art genome assembler, we show that learned heuristics with GNN outperforms 
human engineered rules.
This is a first proof-of-concept toward solving end-to-end the genome assembly task with a fast, 
accurate, robust, and universal algorithm.
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Dataset and Code
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We release the genomic dataset and GitHub repository.
https://github.com/lvrcek/GNNome-assembly

Dataset (182GB)
CHM13 human genome (from[1]) 
Curated HiFi reads

Error-corrected reads
Positional information of reads on the genome

Graphs of all chromosomes
GitHub repository

Reproducible results
Promotes research between deep learning and genome assembly.

[1] Nurk et-al, The complete sequence of a human genome, Science 2022

https://github.com/lvrcek/GNNome-assembly
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Dataset
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Statistics on real HiFi reads and assembly graphs created with Raven[1].

[1] Vaser, Sikic, Time-and memory-efficient genome assembly with raven, Nature Computational Science 2021
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Next Steps
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Validate the proposed learned heuristics with other assembly graph constructers such that    
hifiasm[1], HiCanu[2], rust-mdbg[3] and LJA[4].
Evaluate on the whole genome, not only individual chromosomes.
Evaluate on two haploids simultaneously (CMH13 is a single haploid genome).
Evaluate on other humans (different ethnicities).
Evaluate on non-human genomes.
Learn end-to-end the graph construction (overlap phase) along with the graph assembler             
(layout phase).

[1] Cheng, Concepcion, Feng, Zhang, Li. Haplotype-resolved de novo assembly using phased assembly graphs with hifiasm, Nature methods 2021 
[2] Nurk et-al, Hicanu: accurate assembly of segmental duplications, satellites, and allelic variants from high-fidelity long reads, Genome research, 2020
[3] Ekim, Berger, Chikhi, Minimizer-space de bruijn graphs: Whole genome assembly of long reads in minutes on a personal computer, Cell systems 2021
[4] Bankevich, Bzikadze, Kolmogorov, Antipov, Pevzner, Multiplex de bruijn graphs enable genome assembly from long, high-fidelity reads. Nature biotechnology 2022
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Xavier Bresson
xaviercs@nus.edu.sg

https://twitter.com/xbresson
https://scholar.google.com/citations?user=9pSK04MAAAAJ
https://www.youtube.com/channel/UCeONAtqVKCS30Xn6zy1YQ_g
https://github.com/xbresson
https://www.linkedin.com/in/xavier-bresson-738585b
https://www.facebook.com/xavier.bresson.1
https://graphdeeplearning.github.io
https://www.comp.nus.edu.sg/cs/people/xaviercs
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