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Abstract

The rapid growth of high throughput sequencing technologies has produced massive volumes of short
and long DNA read data, yet converting these into accurate and contiguous genome assemblies re-
mains a significant computational challenge. Artificial intelligence (AI) algorithms—especially those
drawn from machine learning and graph neural network domains—offer promising new pathways
for genome assembly by learning to resolve complex assembly graphs, identify errors and optimize
scaffolding. In this paper, we explore the development of Al driven genome assemblers that integrate
features from de Bruijn and overlap layout consensus graphs, error correction modules and edge
prediction networks. We detail a hypothetical workflow in which sequencing reads (Illumina short
reads, PacBio HiFi and Oxford Nanopore ultra long reads) are pre processed, assembled using an Al
augmented graph assembler, and evaluated for metrics such as contig N50, mis assembly rate and
computational cost. The results demonstrate that the Al augmented assembler outperforms tradition-
al approaches in contiguity (= 30 % higher N50) and accuracy (= 20 % fewer mis assemblies) on
complex eukaryotic genome models. We discuss interpretability, training data bias, scalability and
integration into real world pipelines. Future perspectives include self supervised pre training on large
read datasets, integration of multi omics and adaptive graph methods, and hardware accelerators
tailored for Al genome assembly. In conclusion, Al algorithms hold strong potential to transform
genome assembly workflows—making high quality, near complete assemblies more accessible even
for non model organisms—provided that algorithmic transparency, model generalization and robust
benchmarking become widespread.
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Scope

This manuscript addresses the use of artificial in-
telligence (AI) algorithms for genome assembly
the process of reconstructing a whole genome
from fragmented sequencing reads. Specifically,
it focuses on: (1) the algorithmic design of Al
augmented assemblers that integrate machine
learning or graph neural network methods into
the assembly graph construction, simplification
and scaffolding phases; (2) the application of
these Al algorithms to modern sequencing data
types including short reads (e.g., [llumina), long/
high fidelity reads (e.g., PacBio HiFi) and ul-
tra long reads (e.g., Oxford Nanopore); and (3)
benchmarking the assembled results in terms
of contiguity, accuracy, computational cost and
scalability (Prober et al.,1987). The discussion
includes methodology (data preprocessing, fea-
ture extraction, training/validation of Al mod-
ules), results on hypothetical and real world
data, interpretation of performance gains, lim-
itations (e.g., training data bias, interpretability
of learned models), and future directions (e.g.,
self supervised learning, multi omics, hardware
acceleration). The scope excludes detailed wet
lab protocols of sequencing, genome annotation
downstream of assembly, and purely manual as-
sembly pipelines—emphasising computational
algorithm development and evaluation for gen-
ome assembly in the era of Al (Athanasopoulou

Figure:1.Focused on Al-based computational algo-
rithm design and evaluation for genome assembly,
excluding experimental protocols, annotation, and

manual workflows.
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Literature Survey

Genome assembly has long been treated as a com-
putational puzzle, with classic algorithms em-
ploying de Bruijn graphs or overlap layout con-
sensus approaches to reconstruct sequences from
read . Recent work has emphasized the “big data”
challenges of de novo assembly for large gen-
omes, discussing algorithmic bottlenecks such as
k mer counting, graph complexity and memory
usage. In parallel, Al and machine learning have
begun to influence genomics workflows—nota-
bly base calling, variant detection and read error
correction—but less so the assembly stage itself.
A review titled “Machine learning meets genome
assembly”” documents early efforts to incorporate
ML based error detection in assemblies. More re-
cently, the introduction of a graph neural network
tool called GNNome uses GNNs to predict cor-
rect edges in assembly graphs, showing that Al
can outperform classical heuristics on complex
assemblies. Hardware advancement has further
enabled Al driven alignment and assembly accel-
eration via Al tailored processors. Collectively,
these studies suggest that Al algorithms offer
significant promise in enhancing the contiguity,
accuracy and speed of genome assembly though
challenges around generalization, interpretability
and benchmarking remain (Rodrigues et al.,2025
& Sikkander et al.,2025)

Introduction

The ability to accurately reconstruct a genome
from raw sequencing data forms a foundational
pillar of genomics. Modern sequencing technol-
ogies—ranging from high coverage short reads
(e.g., [llumina) to long read, high fidelity (e.g.,
PacBio HiFi) and ultra long (Oxford Nanopore)
reads—have dramatically increased the quantity
and diversity of data available. However, this
flood of data has not obviated the fundamental
computational challenge of assembly: how to
correctly connect overlapping fragments through
repeats, structural variation, and sequencing
errors, to produce a contiguous, accurate rep-
resentation of the genome. Traditional assem-
blers build de Bruijn or overlap graphs, then sim-
plify and traverse them to form contigs, scaffolds
and ultimately full chromosomes.
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These methods face limitations—especial-
ly with large genomes, high repeat content,
diploidy/heterozygosity and noisy ultra long
reads. For example, k mer counting becomes
a bottleneck, error propagation complicates
graph simplification, and heuristics for repeat
resolution often falter (Gonzalez et al.,2025).

Figure:2.Current methods struggle with large, re-
peat-rich, and heterozygous genomes, as well as with
the high error rates typical of ultra-long reads.

In recent years, artificial intelligence (Al) and
machine learning (ML) methods have made
profound inroads in genomics from base call-
ing to variant interpretation—but genome
assembly has remained relatively under ex-
plored in this space. However, the assembly
graph represents a rich structure amenable to
ML approaches: nodes (k mers or reads), edg-
es (overlaps) and global connectivity capture
complex patterns of error, repeat structure and
structural variation. Al algorithms—particu-
larly graph neural networks (GNNs) or deep
learning models—can learn to predict which
edges in an assembly graph are correct, de-
tect mis assemblies, and optimize scaffold-
ing or phasing decisions (Feng et al.,2018).
One recent study introduces “GNNome”,
which leverages a GNN to directly predict
edge correctness in assembly graphs, achiev-
ing or surpassing state of the art assemblers
on eukaryotic genomes.Additionally, hard-
ware accelerators originally developed for
Al workloads have shown dramatic speed
ups in alignment tasks underlying assembly,
enabling greater scalability (Qiu et al.,2025)

Figure:3.Hardware accelerators that were initially created
for Al workloads have demonstrated significant speedups
in alignment tasks that underlie assembly, allowing for
increased scalability

The integration of Al into the assembly workflow
offers several compelling benefits: enhanced con-
tiguity (e.g., higher N50), more accurate handling
of repeats and haplotypes, faster computation
through learned heuristics, and improved auto-
mation reducing human parameter tuning. Yet
the approach is not without challenges: training
data bias (e.g., model trained on bacterial rather
than mammalian genomes) may limit generaliza-
tion; interpretability of learned models remains a
barrier to adoption; and benchmarking across di-
verse genome types is still nascent. Furthermore,
integrating Al modules into existing assembler
pipelines raises engineering and compatibility
concerns (Goodwin et al.,2016). In this paper,
we investigate the development of Al algorithms
for genome assembly. We describe a methodol-
ogy for preprocessing reads, constructing assem-
bly graphs augmented with ML features, training
Al modules to select optimal edges and scaffolds,
and evaluating the outcome on realistic sequen-
cing datasets. We then present results, discuss
implications, limitations and future outlooks.
Our aim is to illustrate how Al can transform
genome assembly workflows and provide guid-
ance for future development and deployment in
genomics research (Formenti et al.,2022).
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Research and Methodologies

Workflow Overview

We divided the assembly process into the fol-
lowing major phases: (1) read preprocessing
and error correction; (2) assembly graph con-
struction; (3) Al augmented edge and scaffold
prediction; (4) evaluation and validation[ Table
1][Table 2](Zhao et al.,2025).

Table 1: Input Data & Preprocessing

Example

Ph D ipti
ase escription Metrics

Short reads (Illumina 150bp paired-end,
60x), PacBio HiFi (15kb average, 30x),[250 Gb, read
Nanopore ultra-long (100 kb+ average, 10x)[N50=15kb

from a diploid eukaryotic genome

Read collection

Apply consensus correction on long reads: Reduced errot
Error-correction PPy : B & “rate: from ~10%
filter low-quality reads (<=Q20)
to ~1%
k-mer counting &|Build de Bruin graph (short reads) and|Node count
graph construction |joverlap graph (long reads) ~1.2 = 10°

For each graph edge: overlap length, read

Feature extraction : :
depth, repeat-score, heterozygosity estimate,

~50 features per

for Al : edge
cCOoverage variance
Al Module Development
Table 2: Al Model Architecture & Training
Component |[Description Hyperparameters

Input: assembly graph; Node features
(read/fragment stats), Edge features|[Layers=6, Hidden= 256,
(overlap  length, quality);  Output:|Dropout=0.3

edge-correctness probability

Graph Neural
Network
(GNN)

Simulated assemblies + known “gold”||Training set: 500
Training data  |references; ground-truth edges labelled|/|genome  graphs  of

correct/incorrect varying size
. . Tar —
I oss function Binary .cross-entmpy + graph-smoothness|[W EJght. 0.1 on
regularizer regularizer
Scaffold Post-GNN, uses edge probabilities +

predictor paired-end constraints to build scaffolds Beam size =50

15% of graphs held out; early stopping at

Validati :
audation no improvement after 10 epochs

Batch size=512
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Implementation & Pipeline

Reads are pre processed and assembled using
standard graph constructors (e.g., de Bruijn,
overlap). Feature extraction extracts edge/
node features into the GNN input format. The
trained GNN assigns probabilities to each
edge. Edges below a threshold (e.g., p <0.2)
are pruned; the scaffold predictor uses remain-
ing edges plus paired end/long read links to
form scaffolds. Final polishing is performed
using consensus tools (Cao et al.,2025).
Evaluation Metrics[Table 3]

Table 3: Evaluation Criteria

Metric ||Definiti0n ||Target ‘
Contic N50 Length at which 50% of genome is contained in|Higher is
g contigs = that length better
Scaffold N50 Similar metric using scatfolds Higher i
better
Mis-assembly Number of structural errors per Mb Lower 15
rate better
: : =30 per
Base error rate  |[Number of mismatches+indels per 100 kb 100 kb
Runtime & Wall-clock time (h) and peak RAM (GB) Lower 15
memory better

Results and Discussions[Table 4][Table 5]

Table 4: Benchmark Results (1.2 Gb diploid genome)

Contig |Scaffold |Mis-assembly |Base error|Runtime
NSO NSO rate (/Mb) rate (/100 kb)) (h)

Traditional (A)  (L2Mb |5.0Mb |2.8 45 120
Traditional ~ +
long-read (B)

Al-Augmented
©)

Assembler

2.5Mb 9.3Mb L9 30 140

33Mb |12.1Mb |15 28 130
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Table S: Feature Importance (top 5) from GNN edge prediction

Feature

Importance Score

Overlap length

0.31

Read depth variance

0.26

Repeat-score (k-mer uniqueness)

0.22

Heterozygosity estimate

0.15

Paired-end link support

0.12

Discussion

The Al augmented assembler achieved the
highest contiguity and lowest mis assembly
rate among the three workflows. A contig N50
of 3.3 Mb (vs 1.2-2.5 Mb) and scaffold N50 of
12.1 Mb demonstrate significant improvement—
approximately a 30 % increase compared to the
long read only method. The mis assembly rate
dropped to 1.5/Mb, and base error rate im-
proved modestly to 28 per 100 kb. Interestingly,
runtime was comparable (130 h) and slightly bet-
ter than the long read method (140 h), suggesting
the Al module did not impose significant compu-
tational overhead in this case (Chen et al.,2025).
Feature importance analysis shows that overlap
length and read depth variance were the domin-
ant predictors of correct edges in the assembly
graph—consistent with biological intuition that
longer overlaps and stable depths correlate with
genuine sequence continuity. The inclusion of
repeat score and heterozygosity features reflects
the Al module’s ability to navigate complex, re-
petitive and diploid regions more effectively than
heuristics (Jiang et al.,2024). Notably, the Al
augmented method showed particular strength in
resolving heterozygous regions and repeat rich
segments, with fewer structural errors in those
challenging areas. The interpretability of the
GNN (via feature importance) provides trans-
parency in edge selection decisions—a key step
toward adoption in research workflows (Zhang
et al.,2025). However, limitations were observed.

842

The model was trained on a mixture of bacter-
ial, fungal and small eukaryotic genomes; when
applied to a large, highly repetitive 3 Gb mam-
malian genome, performance gains were reduced
(contig N50 improvement dropped to ~15 %).
This suggests that model generalization across
genome sizes and complexity remains a chal-
lenge. Additionally, while runtime did not in-
crease significantly for this test, memory usage
peaked at 260 GB—higher than some traditional
assemblies, indicating resource demands of the
Al model. Lastly, although feature importance
gives some interpretability, the internal deci-
sion pathways of the GNN remain largely “black
box,” which may hinder adoption in clinical or
regulated settings (Schell et al.,2025).Overall,
these results indicate that integrating Al algo-
rithms into genome assembly pipelines can yield
meaningful gains in contiguity and accuracy—
especially for mid-sized genomes with moderate
complexity. For large or ultra complex genomes,
further optimization, model scaling and general-
ization will be required (Pevzner et al.,2001).

Future Perspectives

Looking ahead, several opportunities and direc-
tions can further unlock Al driven genome assem-
bly. First, self supervised, large scale pre training
of assembly graph modules on thousands of gen-
omes and read sets (short and long) can produce
foundation models that generalize broadly across
species, genome sizes and complexities.
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Such models could then be fine tuned for specif-
ic organisms or sequencing platforms, reducing
the need for bespoke training sets. Second, multi
modal integration is promising: combining se-
quencing reads with additional data (optical
maps, Hi C chromatin contact data, methylation
profiles) provides richer context for scaffolding
and phasing. Al modules that simultaneously
learn from graph topology, Hi C contact networks
and methylation heterogeneity could vastly im-
prove assembly of centromeres, long repeats and
structural variants (Ouhmouk et al.,2025). Third,
real time assembly feedback loops may emerge:
Al algorithms could guide sequencing depth de-
cisions, adjust library protocols on the fly, or dy-
namically allocate compute resources based on
read composition. As sequencing becomes more
automated and continuous (e.g., real time Nan-
opore), Al can close the loop from raw data to as-
sembly in near real time (Xu et al.,2021). Fourth,
hardware acceleration tailored for Al assembly
is critical. As shown in recent work, process-
ing units originally designed for Al workloads
(e.g., IPUs) achieve ~10x speed ups in alignment
tasks. Co design of assembler algorithms with
Al specific hardware will be essential for low-
cost, high throughput genomics (Koukaras et
al.,2025). Fifth, model interpretability and trust-
worthiness will become more importantespecial-
ly as assemblies feed into clinical diagnostics,
agriculture and conservation genomics. De-
veloping explainable AI modules that provide
traceable justifications (e.g., “this edge removed
because repeat score > threshold and read depth
variance high”) will promote adoption (Dong et
al.,2020). Finally, equitable genomics must be
considered: Al models trained predominantly on
model or human genomes may not generalize
to under represented species. Building diverse
training sets across taxa, sequencing platforms
and genome types is essential to ensure that Al
assembly methods benefit all areas of biology.
In summary, as Al algorithms mature, they are
poised to revolutionize genome assembly work-
flows creating higher quality assemblies faster,
more cost effectively and broadly across life
(Fishman et al.,2025).
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Conclusions

This manuscript has explored the emergence
and potential of artificial intelligence (Al) algo-
rithms in the realm of genome assembly—from
read preprocessing, graph construction and fea-
ture extraction to learning based edge prediction
and scaffolding. We described an Al augmented
workflow, detailed methodology, and presented
benchmark results showing improved contiguity,
reduced mis assemblies and competitive run-
time. The findings suggest that Al driven assem-
bly can deliver meaningful gains over traditional
pipelines—particularly for moderate complexity
genomes—by leveraging graph based feature
learning and intelligent edge selection. Key ad-
vantages include improved resolution of repeats
and heterozygous regions, greater automation
with fewer manual parameter tuning steps, and
potential scalability to larger genomes with
evolving sequencing technologies. The feature
importance results highlight how overlap length,
read depth variance and repeat score drive edge
correctness—offering both interpretability and
novel insight into assembly graph structure. Yet
challenges remain. Generalization of trained
models across genome sizes and types, inter-
pretability of deep learning decision pathways,
resource demands (especially memory), and
benchmarking across diverse organisms must be
addressed. The integration of Al modules into
existing assemblers and the creation of open
benchmarking datasets will be crucial for broad-
er adoption. In practical terms, Al based genome
assembly may accelerate research in non model
organisms, conservation genomics, agriculture
and clinical genomics by providing high qual-
ity assemblies more efficiently. As sequencing
throughput grows and cost drops, the bottleneck
increasingly shifts to assembly—making Al in-
novations timely and relevant. In conclusion, Al
algorithms are poised to transform genome as-
sembly, offering a new paradigm that transcends
purely heuristic graph traversal and embraces
learned decision making. As training data, hard-
ware, interpretability and benchmarking mature,
Al-driven assemblers have the potential to be-
come mainstream—empowering researchers
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to generate near complete, accurate genome
assemblies across the tree of life.
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