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Abstract

Aligning genomes into common coordinates is central to pangenome analysis and
construction, but it is also computationally expensive. Multi-sequence maximal unique
matches (multi-MUMs) are guideposts for core genome alignments, helping to frame
and solve the multiple alignment problem. We introduce Mumemto, a tool that com-
putes multi-MUMs and other match types across large pangenomes. Mumemto al-
lows for visualization of synteny, reveals aberrant assemblies and scaffolds, and high-
lights pangenome conservation and structural variation. Mumemto computes multi-
MUMs across 320 human genome assemblies (960GB) in 25.7 hours with under 800 GB
of memory, and over hundreds of fungal genome assemblies in minutes. Mumemto
is implemented in C++ and Python and available open-source at https://github.
com/vikshiv/mumemtol

1 Introduction

Recent pangenomes can span hundreds of genomes. The Human Pangenome Reference
Consortium, for example, has released hundreds of high-quality human genome assem-
blies [1]. Large pangenomes can shed light on sequence conservation and large-scale
variants, and they provide reference panels for read alignment, genotype imputation,
and sequence classification. As a result, there is a growing need for algorithms to align
large pangenomes and reveal their underlying coordinate systems. This has spurred a
range of new alignment and classification tools, as well as a new set of compressed-space
algorithms for efficient construction of pangenome indexes.

Maximal exact matches (MEMs) and maximal unique matches (MUMs) are used in
whole genome alignment [2], [3] and multiple sequence alignment [4]-[8] as syntenic an-
chors between more variable sequences. Collinear multi-MUMSs can span large sections of
conserved sequence in an MSA. However, existing methods for computing multi-MUMs
do not scale well beyond relatively small collections of bacterial genomes. While tools


https://github.com/vikshiv/mumemto
https://github.com/vikshiv/mumemto
https://doi.org/10.1101/2025.01.05.631388
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.01.05.631388; this version posted January 5, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

like MUMmer4 [2] compute pairwise MUMs, the problem of aligning pangenomes is in-
herently multi-way, and computing them by way of pairwise alighments can require a
quadratic number of sequence comparisons, plus a substantial merging step.

We introduce Mumemto, a tool to compute maximal exact or unique matches across
many sequences. Mumemto uses prefix-free parsing (PFP) [9], a compressed-space method
for computing the enhanced suffix array in sublinear space for pangenome sequence col-
lections. For instance, Mumemto can compute multi-MUMSs across 89 human genomes
in under 4 hours, and across hundreds of fungal genomes in 2 minutes. We show that
multi-MUMSs can form a rudimentary MSA, reveal genomic conservation and structure,
and identify aberrant assembly artifacts and potential pangenome issues. We propose
Mumemto as a first-step pangenome diagnostic and visualization tool that scales effi-
ciently for future large pangenome collections.

2 Results

2.1 Overview

Mumemto computes multi-MUMs and MEMs in a streaming algorithm over the suffix
array (SA), Burrows-Wheeler Transform (BWT), and longest common prefix (LCP) arrays
(Algorithm [I). Prefix-free parsing [9], computes these arrays efficiently for large, repet-
itive sequence collections like pangenomes. PFP computes these arrays sequentially, al-
lowing Mumemto to consume them in a streaming fashion and avoiding the need for mul-
tiple passes or writing the arrays to disk. In short, Mumemto finds all relevant matches by
performing some modest additional computation on top of the indexing process already
used to produce compressed indexes like the r-index [10], and move structure [12],
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Figure 1: Exact match types that Mumemto can compute. Two flags to control how many
sequences a match appears in (-k) and how many times a match may appear in any given
sequence (-£).

Mumemto computes a variety of match types. Multi-MUMs are maximal exact matches
that occur exactly once in all genomes. The other match types relax these constraints in
some way; e.g. a partial multi-MUM may occur only some sequences (Figure[T).
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Matches can be combined to define longer blocks of synteny, which may straddle im-
portant variants such as structural variants (S5Vs), e.g. inversion polymorphisms and rear-
rangements. The output of Mumemto can be used to visualize synteny and SVs by way of
multi-MUMSs. It can also characterize highly repetitive regions using multi-MEMs (Fig-
ure . As described below, Mumemto can also use partial-MUMs to identify potential
assembly errors and other large-scale aberrations.

Mumemto differs from existing MUM-finding methods such as MUMmer4 [2] in that
it computes matches shared across many sequences rather than just pairs of sequences.
Though MUMs across N sequences could be computed by invoking a pairwise matching
algorithm O(N?) times and merging the resulting pairwise MUMs, the quadratic time
requirement is impractical for large pangenomes. For example, running MUMmer4 on
all pairs of chr19 haplotypes from HPRC takes >30 hrs (30X slower than Mumemto), not
counting the time to merge pairwise MUMSs into multi-MUMSs. As a result, we consider
multi-MUM finding to be a distinct problem and omit pairwise methods from further
comparisons.

2.2 Efficient core genome alignment and pangenome construction

Mumemto is the fastest multi-MUM finder To evaluate its multi-MUM finding algo-
rithm, we compared Mumemto to the widely-used multi-MUM based multiple sequence
aligners, Parsnp?2 [5] and ProgressiveMauve [15]. Both tools find multi-MUMSs as an in-
termediate step prior to collinear blocking and detailed alignment. Mauve uses a hash
table of short seed matches, and extends unique seeds present in all sequences. Parsnp
builds a compressed suffix graph over a reference sequence, then computes and merges
multi-MUMs in each sequence across the collection. We found that both tools tend to miss
a few multi-MUMs and falsely report a small number of non-unique matches, however
these differences were negligible for the purposes of method evaluation.

We computed multi-MUMs across 89 haplotypes of each autosomal chromosome from
the Human Pangenome Reference Consortium [1]. We measured the time and memory
usage for only the MUM-finding step of each tool in Figure 2JA-B. Mumemto was 7-11X
faster than Mauve and 3-15X faster than Parsnp, while using 24%-44% less memory than
Mauve and 39%-52% less than Parsnp. (Note that Mumemto was run on a single thread,
while Mauve and Parsnp were run on 48 threads.) One exception was memory usage for
chromosome 9, where Mumemto’s prefix-free parse included (by chance) long, unique
centromeric substrings which are difficult to compress, yielding a slightly higher memory
footprint compared to Parsnp and Mauve for that chromosome.

When computing multi-MUMs over increasingly large collections of chromosome 19
haplotypes, Mumemto’s speed and memory scaled better than that of Mauve or Parsnp
(Figure 2C-D), owing to the PFP algorithm’s ability to scale with the amount of non-
redundant sequence. Further, we computed multi-MUMSs across 320 human genome as-
semblies from HPRC (available at [16]) using 8 threads, which completed in 25.7 hours
while using 800 GB of memory. If run serially, Mumemto would compute these multi-
MUMs in under a week within 139 GB of memory.

Mumemto accelerates core genome alignment Parsnp [17] uses multi-MUMs as initial
guideposts to build a “core genome alignment,” i.e. a multiple alignment involving the

3


https://doi.org/10.1101/2025.01.05.631388
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.01.05.631388; this version posted January 5, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

A " C E »- = Mumemto + Parsnp?
= auve = only Parsnp2
40- - -
s0-
£ 30- e 2
£ £ £
Ezn— E - E“"
20-
10-
""““ L ““J
AL LLELLEL LR Ll L M EEEEELLELEEE J'I'I'I IJ.-—!
hromosome 0 F hromosome "
B D P = Mumento + Parsnp2
y . P = only Parsnnz
80- ! /’ 7
: /’ // s0-
@ o o
2 0~ 8. PR 7 3
g A aPPie g
g 40 g ,’ ,’ 5
£ ,,__/ E 4o-
7
) Ilii , B 11111111
AN NEN N AN

30 40 50 6
chromosome # of chr19 assemblies chromosome

H v | G 100 chrsize (in Mbp)
MC 60 180
® 4
Mumemto + MC HE W 0 = = Py 120 240 o @@
Overlap & 90- 5
g L
[ @
o
2 go-
2
BT ETTTTETTTT
+
2 70-
I
S
z :
g N -
£
2 — MUM MUM MUM ‘ ) ‘ ‘ ‘
2 60 70 80 90 100
J Parsnp2 coverage %
o
=
0 1 2 3 4 5 6

genomic position le7

Figure 2: (A-B) Comparison of runtime and peak memory usage between multi-MUM
finders. Only the initial multi-MUM computation was considered for ProgressiveMauve
and Parsnp2. Note: Parsnp2 took >48 hrs for chromosome 1 and 2, so these are omit-
ted. Parsnp2 and ProgressiveMauve were run with 48 threads, while Mumemto was run
single-threaded. (C-D) Time and memory scaling comparison for increasing sequence
collection sizes of chr19. (E-F) Comparison of time and memory for a Mumemto-seeded
Parsnp2 alignment pipeline compared to the original Parsnp2 pipeline, and (G) a compar-
ison of the alignments from each pipeline. (H) Regions excluded from Minigraph-Cactus
(MC) while aligning chr19 assemblies, compared to regions excluded by a Mumemto-
seeded MC pipeline (overlaid on a MUM synteny plot in gray). (I-J) Syntenic view of
MUMs vs tube map view of the equivalent graph.

conserved portions of the genomes. We modified the Parsnp pipeline to use Mumemto-
computed multi-MUMSs. We compared the original pipeline with the Mumemto-accelerated
pipeline (Figure 2E-G). Though the peak memory footprint is dominated by the down-
stream portions of the Parsnp pipeline, the total runtime is up to 12 x faster using Mumemto,
while the overall alignment coverage is nearly identical to that of the original pipeline

(Fig. 2G).
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Table 1: Comparison of different graph construction methods. Mumemto-full refers
to a purely MUM-based graph where identical gaps between collinear MUMs are
merged when possible. Mumemto-collapsed refers to a further compressed ver-
sion of Mumemto-full, where large gaps between collinear MUMs are merged using
Minigraph-cactus. Mumemto + MC refers to a Minigraph-cactus pipeline where the initial
SV-only graph construction step is replaced with a simplified version of Mumemto-full.

minigraph-cactus (MC) mumemto-full mumemto-collapsed mumemto + MC

Total sequence (bp) 76,934,678 400,616,341 243,003,864 75,263,941
# nodes 2,607,631 1,223,511 1,429,051 4,160,567
#edges 3,579,661 1,815,102 2,097,814 5,965,807
# haplotype walks 1442 2022 1471 1137
avg coverage 92.568% 90.333% 90.333% 92.623%
time to construct 18:44:58 1:04:13 3:49:33 13:35:19
memory (GB) 69.5 16.2 16.2 113.9
threads 48 1 1 (Mumemto) 1 Mumemto)

48 (MC) 48 (MC)

multi-MUMs form preliminary graphs Multi-MUMs can also inform the construction
of a preliminary pangenome graph. Collinear multi-MUM s represent conserved stretches
of columns in the underlying MSA, and so are prime candidates for being collapsed into
pangenome graph nodes. Gaps between collinear MUMs due to genomic variation are
often short (<5bp), and common across haplotypes. For example, we found that among
haplotypes of chr19, 78% of gaps between collinear MUMs were single nucleotide vari-
ants. As a result, for intraspecific pangenomes (such as HPRC) with high genome simi-
larity, Mumemto can simplify and accelerate graph construction.

As a proof of concept, we compared various graph building strategies over HPRC
haplotypes of chromosome 19. We built graphs using Mumemto and its reported multi-
MUMs, and compared these to a graph built entirely with Minigraph-Cactus [18] (Table
[M). The Mumemto-full strategy first computes multi-MUMs, then “collapses” gaps be-
tween collinear and adjacent multi-MUMs if the gap sequence is identical between any
haplotypes. This strategy only includes small (<100kb) gaps, assuming that larger gaps
are similar to the “brnn” regions (e.g. centromeres), which are also excluded from the
HPRC pangenome. The regions excluded in Minigraph-Cactus and Mumemto-full are
further compared in Figure 2H. Mumemto does not perform base-level alignment in or-
der to resolve variable-length gaps, but still achieves a compression ratio of 13.7X, mean-
ing the 89-haplotype pangenome collapses to about 6.5 haplotypes worth of sequence
needed to label the pangenome graph. As seen in Table [l the Mumemto-full graph is
larger than the others in terms of total sequence labels, its number of nodes and edges,
and its memory footprint.

The Mumemt o-full graph is larger because no attempt is made to collapse the inter-
stitial sequence in large (>10kb) gaps between collinear MUMSs. To address this, we iden-
tified the 50 largest gaps and aligned the inter-MUM sequence with Minigraph-Cactus.
This graph (Mumemto-collapsed) is just under half the size of Mumemt o-full, while
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only requiring an additional 2.75 hrs to compute.

We also considered how Mumemto could accelerate the Minigraph-Cactus pipeline.
We replaced the initial SV graph construction step of Minigraph-Cactus with a simpli-
tied version of the Mumemto-full graph that included only short gaps (50bp-100kbp)
that were partially shared (<45 unique gap sequences). We seeded the Minigraph-Cactus
pipeline with this MUM-based SV graph, resulting in the Mumemto + MC graph. This
strategy was faster than running Minigraph-Cactus, and provided a graph with a compa-
rable coverage and compression ratio to Minigraph-Cactus (Table [1).

Finally, we compared the computational efficiency and accuracy of short read align-
ment to each of these graphs using giraffe [19] and Illumina reads from the HG002 indi-
vidual from the Google Brain dataset [20]. We found comparable alignment quality and
speed (Table S1). However, we noted that the Mumemto-seeded MC graph was slower
for alignment, likely due to its larger graph. Nonetheless, the fast construction time and
comparable sequence compression represents the potential for a Mumemto-accelerated
approach for constructing pangenome graph indexes.

2.3 Mumemto reveals aberrations in pangenome assemblies

We found that examining the collinear MUMs reported by Mumemto revealed and helped
to visualize aberrant features of pangenome assemblies. Large, private insertions and
deletions in a single sequence manifested as a characteristic pattern of short, spurious
MUMs spread across the genome (Figure BJA-B). These spurious MUMs are collinear in
all but one sequence, helping to pinpoint the affected region (Figure[3D-E). If a large num-
ber of collinear MUM pairs are separated in a specific sequence, Mumemto can identify
the problem region as either an insertion (Figure BA) or deletion (Fig [3B) depending on
the location of the spurious MUMs in other sequences.

We also found that Mumemto-reported partial MUMs (MUMs present in a subset of
sequences) provide additional evidence. For instance, partial MUMSs present in all but
one sequence reveal large, private deletions (Figure B[C), which can indicate an assembly
error or rare large-scale variant. Mumemto can identify these regions and quantify the
sequence “missing” from each assembly using partial MUMs (Figure [3F).

As a case study, we used Mumemto to identify aberrant regions across HPRC haplo-
types scaffolded using RagTag [21]. Figure 3 highlights a large insertion in the paternal
haplotype of HG02080 chr19, identified by a spike in broken collinear MUM pairs. Addi-
tionally, we found a large deletion in chr17 of the same haplotype using partial MUMSs.
Computing multi-MUMs across full genome assemblies revealed a large interchromoso-
mal join between chr17 and chr19 in the HG02080.1 assembly. This potential translocation
was confirmed to be a misassembly by the HPRC team [1]. Identifying this problem was
straightforward both quantitatively and visually using Mumemto multi-MUMSs and par-
tial multi-MUMs; it did not require finding pairwise alignments, building a graph, or
computing a multiple alignment.

Scaffolding errors We scaffolded the assembly contigs provided by HPRC using Rag-
Tag, with default parameters and the T2T-CHM13 assembly as the reference [22]. Homology-
based scaffolding is commonly used when there is no separate line of evidence such as
Hi-C reads. However, scaffolding with respect to a single linear reference — even a high-
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Figure 3: (A-B) MUM synteny visualization of collinear MUM blocks (red) and MUMs
that break collinearity in a single sequence (gray (+)/green (-) based on orientation). (C)
Large (>4 Mbp) syntenic region lost in HG02080.1, but recovered by partial MUMs (in
gray). Evidence from non-collinear MUMs (D-E) and missing sequence present in partial
MUMs (F) points a potential aberrant assembly artifact in the HG02080 paternal haplo-
type. (G-H) Genome-wide multi-MUMSs reveal an interchromosomal join (confirmed to
be a misassembly by HPRC [1]) in the aberrant regions.

quality reference — can bias contig placement and orientation [23], [24].

Mumemto can highlight potential scaffolding errors given the contig breakpoints in
an assembly by identifying inversions at contig boundaries. We examined two instances
of this on human chromosome 8 (Figure [5JA). Both are located in one of the largest in-
version polymorphisms in the human genome [25]. Based on RagTag scaffolding, the
contigs covering the inversion in the paternal haplotypes of HG03098 and HG02148 are
both oriented in the same direction as the CHM13 reference. RagTag assigns both con-
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tigs an orientation confidence score of 1.0, the highest possible confidence. However,
it is clear from the MUM synteny visualization that both contigs should be reversed to
preserve the flanking region orientation. This results in an inversion polymorphism that
single reference-guided scaffolding would avoid. However, the overall pangenome syn-
teny reveals that this polymorphism is common in the population. Mumemto synteny
visualization and multi-MUM information can be used to correct the reference-guided
scaffolding errors in each assembly using pangenome context.
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Figure 4: (A) HPRC chr8 assemblies visualized with multi-MUM synteny. Regions of high
multi-MEM density shown in red. (Zoom panels) Two examples of incorrectly oriented
contigs during scaffolding, with contig breakpoints represented by diamond markers.
Inversions shown in green. (B) Assemblies of chr3 across the potato family, shown with
multi-MUM synteny and MEM density colored in red. (top) Density of gene and LTR
retrotransposon annotations for potato accession A6-26 (shown in the top row of syntenic
view).

24 Mumemto highlights pangenome-scale biology

Pangenomes across tree of life We ran Mumemto on five recently released pangenome
collections with genome lengths ranging from 13 Mbp (yeast) to 3 Gbp (human). For
each, we computed all-pairs k-mer-based Jaccard similarities using Dashing2 [26]. As
expected, the two interspecific datasets — potato [27], [28] and maize [29] — had the low-
est inter-genome similarity, as captured by the inter-quartile range of Jaccard similarities
(Table2). The human pangenome had the highest inter-genome similarity, as well as the
highest MUM coverage. We report the time and memory footprint for computing multi-
MUMs across each pangenome dataset in Table 2. We also measured the wall-clock time
required to compute MUMs over each set of chromosome assemblies. Since we used par-
allel threads for this, our memory measurement is the total memory footprint across all
parallel threads.

Table[2also catalogs the strict (i.e. appearing in all sequences) MUM coverage and par-
tial (i.e. appearing in a majority of sequences) MUM coverage. MUM coverage refers to
the fraction of bases in each genome covered by at least one multi-MUM or partial MUM,
averaged across all assemblies in the pangenome. Two datasets in particular, potato and
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Table 2: Multi-MUM and partial multi-MUM coverage, computation time, memory, and
statistics for five pangenomes of varying sizes. n/r refers to the ratio of the total size
of the pangenome (n) to the number of runs in the Burrow-Wheeler Transform over the
sequence collection (r). The Jaccard index range is presented as an interquartile range
(IQR), representing the 25th-75th percentile. Both Jaccard distance and n/r are included
as approximate measures of intra-pangenome genomic divergence.

genome n/r Jaccard index median MUM  MUM  median pMUM pMUM time memory

dataset N #chr ref

size (Gbp) (IQR) length (bp)  coverage length (bp) coverage (hh:mm:ss) (GB)
Human 89 22 2.86 135.16 0.92-0.93 110 83.76% 445 91.70% 4:14:11 707.5
Maize 27 10 2ol 1SS 42.33 0.44-0.47 41 13.48% 139 30.36% 2:29:49 661.6
Potato 60 12 0.752 30.20 0.32-0.45 29 10.31% 51 62.54% 1:38:50 545.5
Arabidopsis 69 5 0.135 42.03 0.56 — 0.63 37 43.06% 91 73.88% 32:53 92.6
Yeast 127 16 0.013 65.30 0.62-0.72 29 13.19% 195 38.78% 1:52 13.3

Arabidopsis, displayed a large increase in coverage when including partial multi-MUMs.
This trend generally indicates a small subset of sequences which form a distinct subgroup
due to large genomic variation or incomplete assemblies within the group.

Mumemto can compute an outlier score when computing partial multi-MUMs. For a
given sequence, this value is the aggregate of the lengths of partial MUMs in which the se-
quence is excluded, i.e. a high-scoring sequence tends not to share MUMs that are present
in all other sequences. Figure [4 shows the outlier score for assemblies in the Arabidopsis
(A) and potato (B) pangenomes. For potato, assemblies of S. candolleanum, a progenitor
of cultivated potatoes which is considered a distinct clade within the Petota section of
Solanum tend to score higher, i.e. tend to be excluded from MUMs shared by others.
Similarly for Arabidopsis, accessions from the African continent and from the geographi-
cally isolated Madeira islands have higher scores, along with two Asian accessions from

Japan (Figure @dB).
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Figure 5: Aggregate length of partial MUMSs that are not present in each genome assembly.
(A) A. thaliana accesssions are grouped by geographical region, and (B) potato (Solanum
section Petota) are grouped by species.
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MUMs reveal genomic organization Mumemto-computed multi-MUMs for potato
chromosome 3 revealed a immediately noticeably pattern (Figure [BB). By visualizing the
collinear blocks of multi-MUMSs, we observed a denser arrangement of syntenic blocks
conserved across the pangenome in the flanks of the chromosome. This correlates highly
with gene density (Figure S2), as gene-rich regions are more evolutionarily conserved
[32]. Regions with low MUM density also tend to be repetitive regions with more struc-
tural and less functional characteristics. The density of multi-MEMs (shown as a heatmap
in red in Figure 5B) also recapitulates this trend, where spikes in multi-MEMs correspond
to an increased density of LTR retrotransposons, the most abundant type of transposable
element (TE) in the potato genome [32]. Both multi-MEMSs and LTR TE density tends to
be highest in the periocentromeric and centromeric regions, which has been previously
observed in plants [32]. We note that this trend was clear despite the relatively low level
of MUM coverage overall (Table 22).

We also observed large-scale structural variations in chromosome 3. The largest of
these was the ~5.8 Mbp inversion polymorphism at a 40-50 Mbp offset in each assembly.
Mumemto can further use the orientation of collinear multi-MUM blocks to identify large
inversions, and can report approximate inversion boundaries. This inversion has been
linked with the Y locus that controls tuber flesh color in potatoes and has been observed
to cause suppressed recombination [27].

3 Discussion

Mumemto is an efficient tool for finding maximal exact matches, including multi-MUMSs
and related match types like partial MUMs and MEMSs, across large collections of se-
quences. By computing these matches, Mumemto can rapidly define a pangenome coor-
dinate system, aid in visualizing pangenome conservation and major structural variants,
and reveal potential assembly issues and outliers. Mumemto also serves as an efficient
multi-MUM-finding engine that can accelerate existing tools for core genome alignment
and pangenome graph construction.

Mumemto can find partial multi-MUMs appearing in any subset of sequences as effi-
ciently as it finds “strict” multi-MUMSs. This enables a new view on pangenomes that
reveals shared sequence within subgroups of a collection. Our findings for the Ara-
bidopsis pangenome showed that partial MUMs can help to discern distinct subgroups
of sequences and, ultimately, could quantify inter-sequence distances in a pangenome.
Though this idea has been previously proposed [15], Mumemto’s algorithms allow for
partial MUM computation at a scale of hundreds to thousands of genomes, potentially
improving genomic distance and evolutionary inference for large sequence collections.

Mumemto computes multi-MUMs at the same time as PFP is computing the SA, LCP
array, and the BWT. These arrays are exactly the key components of compressed full-text
pangenome indexes like the r-index and move structure. These indexes can then be used
to compute matching statistics [33] and other measures that quantify MEM-level similar-
ity between query reads and pangenomes. In other work, we showed that considering
multi-MUMs in the r-index improves read classification [34]. In this way, Mumemto can
be integrated into a full-text indexing method to improve downstream alignment by pro-
viding a unifying coordinate system for full-text index-based alignment.
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A potential drawback of Mumemto is its memory usage. Though PFP operates in
compressed space, its memory footprint still reaches hundreds of gigabytes for large
pangenomes. Currently, peak memory use could be reduced by splitting pangenomes by
chromosome and computing only intra-chromosomal matches. Advances in compressed-
space BWT construction [35] and improvements to prefix-free parsing [36] could help
to decrease memory requirements without sacrificing inter-chromosomal resolution. We
also plan to implement minimizer digestion to both decrease the input size as well as
overcome minor genomic variation that may truncate syntenic blocks. Lastly, we plan to
explore methods for merging multi-MUMSs, such as the method in Parsnp2 [5] or index
data structures like in RopeBWT3 [35], enabling a more incremental and parallelizable
approach.

Due to how multi-MUMs are defined, they tend to cover less of the pangenome as
the pangenome grows to include more individuals. While we find that multi-MUMs re-
tain much of their utility even when they cover a lower percentage of the pangenome,
we expect that a looser definition of MUM (e.g. a partial MUM present in a majority of
sequences) becomes more appropriate as the pangenome grows. However, it will also
be important to investigate other ways to loosen these requirements as the pangenome
grows. Parsnp?2, for example, uses a recursive process whereby it computes finer-grained
multi-MUMs with respect to the spaces between previously identified coarser-grained
multi-MUMs. We will explore a similar strategy in Mumemto, which could require mul-
tiple scans over the enhanced suffix array.

Visualization of pangenome synteny is currently limited to pairwise comparisons of
genomes in a defined order. This order is arbitrary and thus multiple-sequence-based
synteny is crucial to reveal the true pangenome coordinate system. Various methods exist
for pairwise syntenic visualization [37], [38]. Although Mumemto implements a new
visualization module intended for multi-MUMs, existing visualization methods could be
used. However, this would require formatting the multi-MUM output as a set of pairwise
comparisons for input, which would be computationally inefficient.

We showed that Mumemto can accelerate existing pipelines for pangenome align-
ment and construction. We also discussed the ability of Mumemto to reveal potential
pangenome aberrations and misassemblies, improving newly assembled sequence col-
lections and visualizing pangenomic variation structure. These use cases highlighted
Mumemto’s potential as a core method for pangenomics, making it ideal as an initial
tool in future pangenomic pipelines.

4 Methods

Preliminaries Given a text T" of length n, T'[i..n] is defined as the ith suffix. The suffix
array (SA) over T is defined as the offsets of suffixes in 7', ordered by lexicographic rank,
such that SA[i] < SA[i—1]. The Burrows-Wheeler Transform BW T is a permutation of T
defined such that BWTr[i| = T[SA[i] — 1], i.e. the BWT contains the characters preceding
each suffix of T in lexicographic order. The Longest Common Prefix (LCP) array holds
the lengths of the longest common prefixes between lexicographically successive suffixes.
Formally, LCPr[i| = LCP(T[SA[i]..n|, T[SA[i — 1]..n]), where LCP[0] = 0. Here, we
will consider that the SA, LCP array, and BWT are being constructed over a collection
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Algorithm 1 Find multi-MEMs/MUMs

1: function FINDMAXIMALMATCHES(SA, LC'P, BWT, DA)
2: stack < empty stack

3 stack.push((0,0)) > Initialize with null interval
4 for pos < 1to |SA| do

5 current_length < LC P[pos]

6: start_pos < pos — 1
7
8
9

while current_length < stack.top().length do
interval < stack.pop()
: if IsValidInterval(match, pos) then
10: OutputMatch(interval)

11: end if

12: start_pos < interval.start

13: end while

14: if current_length > stack.top().length and current_length > min_length then
15: stack.push((start_pos, current_length))

16: end if

17: end for

18: end function

19: function ISVALIDINTERVAL(candidate, pos)

20: return interval satisfies length, count in each sequence, and uniqueness criteria,
depending on multi-MUM and MEM constraints

21: end function

of sequences 1" = T1#T1># ... Ty, where # represents a unique sequence delimiter. We
define the document array D A[i] as an array that identifies the sequence of origin (77, 75,
etc.) for the suffix at offset ¢ in the SA.

Multi-sequence maximal unique matches (multi-MUMSs, referred to as simply MUMs
when unambigious) are maximal exact matches that appear in all sequences (71, T5, . . .,
Ty) and in each sequence exactly once. A maximal exact match is an exact match that
cannot be extended further to the left or right. Multi-sequence maximal exact matches
(multi-MEMs) relax the uniqueness constraint. That is, a multi-MEM appears in every
sequence at least once, rather than exactly once. Partial multi-MUMs (pMUMs) are exact
matches that appear exactly once in a subset of the sequences, and do not occur in the
remaining sequences.

Computing multi-MUMs and MEMs Abouelhoda et al [39] showed how to use the SA
and LCP array to simulate bottom-up traversal of a suffix tree and find supermaximal
repeats between two sequences. Deogun et al [6] extended this to compute multi-MUMSs
by identifying LCP-intervals of size N that contain a suffix from each sequence and are
not preceded by the same character. Note that the character that precedes the i suffix is
BWTrli).

Mumemto’s core match-finding algorithm is adapted from bottom-up traversal ([3];
algorithm 4.1) and uses the multi-MUM properties defined by Deogun et al [6]. Its inputs
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are the SA, LCP array, BWT, and DA. We present this in Algorithm (I} By varying which
properties we check in the IsvalidInterval function, we can compute any form of
multi-MUM or MEM using three main parameters: (1) number of sequences a match
appears in (-k), (2) maximum occurrences within any given sequence (-£), (3) maximum
total occurrences within the collection (-F) (see Figure (I, Figure S1). Algorithm 1| can
be computed using just a buffer of values from each array, corresponding to the oldest
interval in the stack, allowing for streaming computation. Extending this algorithm to
compute matches on either strand of a nucleotide sequence, we include the forward and
reverse complement of each sequence in the original text. A caveat is that the LCP-interval
of a palindromic multi-MUM would appear as an interval of length 2V, violating the
multi-MUM properties. Currently, Mumemto does not report palindromic multi-MUMs.

Prefix-free Parsing Typical suffix array construction algorithms (e.g. gSACA [40], [41])
scale linearly with input size and incur a memory footprint of many bytes per character
of input sequence. Prefix-free parsing was introduced by Boucher et al. [9] as a method
for computing a suffix array, BWT, and LCP array in compressed space, allowing it to
scale to pangenomes, which tend to be highly repetitive. The key idea was to parse the
input sequence into a dictionary D containing a set of phrases, and a parse P, holding
the order in which the phrases must be concatenated to obtain the original text. Boucher
et al. show that the BWT, LCP array, and SA can be computed in space proportional to
O(|D| + | P|). For repetitive inputs, phrases will tend to be long (reducing | P|) and appear
many times (reducing |D|). PFP computes the necessary arrays for Mumemto’s exact
match computation. Importantly, it computes these values in order, allowing Mumemto
to operate in a streaming fashion, and avoiding the need to store the SA and LCP fully in
memory or on disk.

Multi-MUM collinear blocks We define an ordering of multi-MUMSs in each sequence
such that multi-MUM C[i, j] appears in sequence i with rank j. We define collinear multi-
MUDMs to be any multi-MUM that appears in a pair that is consecutive in every sequence,
allowing for reversed pairs in case of a negative strand multi-MUM. A set of consecutive,
collinear MUMs is defined as a collinear block. We refer to the region between collinear
multi-MUMs as a collinear MUM gap. Collinear blocks can be optionally split into two
when collinear MUM gaps are sufficiently large.

Pangenome graph construction Collinear multi-MUM blocks can be connected to form
preliminary pangenome graphs. For each collinear block, the gaps between collinear
multi-MUMSs can be collapsed into the set of unique inter-MUM sequences. These repre-
sent a snarl [42] flanked by the multi-MUM sequence. Similarly, gaps between collinear
blocks are collapsed when possible, and the necessary edges are included between MUM
and inter-MUM nodes to provide haplotype walks that represent the input sequences.
The nodes, edges, and walks are written to GFA format v1.1 for use with any downstream
graph method.
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