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Biological sequence data are expanding at a pace surpassing 
Moore’s law, creating an urgent demand for efficient data 
processing. 

NCBI GenBank now holds 3+ million genomes, but ~75% are 
incomplete and only ~9% fully assembled (Fig 1).

The Long-Read Sequence Read Archive (SRA) is rapidly 
expanding with PacBio, ONT, and HiFi data, highlighting the 
need for scalable processing.

KEY CONTRIBUTIONS
Novel Sketching Algorithm: We propose a minimizer-

based Jaccard estimator (JEM) sketch-based algorithm [3] 
for long read mapping;

 JEM-mapper Distributed Implementation: We present 
the algorithmic workflow as JEM-mapper, capable of 
handling various sequence types (including both erroneous 
and HiFi long reads). We design and develop a distributed 
memory implementation of JEM-mapper [4];

MHsketch Library: We introduce MHsketch, a general-
purpose sketch library to support multiple sketching 
schemes (e.g. syncmers, minimizers, strobemers [2]) for 
long read mapping;

 Scalable Performance: Our method matches the mapping 
quality of state-of-the-art tools, achieving 96% lower 
memory use and 9.3× speedup for L2C mapping on 64 
cores (MPI+OpenMP JEM-mapper vs. Minimap2).

Fig. 1: NCBI GenBank assembly levels

Task: Map query reads → contigs/partial assemblies (L2C) 
or other reads (L2L)

Fig. 2: (a) Long read to contig or L2C mapping for reference-guided 
and (b) long read to long read or L2L mapping for standalone assembly.

Fig. 4: Illustration of the major steps of JEM-mapper

 Sketching enables genome-scale mapping.
 Our developed tools improves parallel 

performance by scaling on distributed 
memory and yields high quality results.

 Future work:
 Establish theoretical guarantees
 Build offline indexing for downstream use
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Motivation and Background

The main computational bottleneck in long read-based assembly 
is the step of mapping the long reads against other long reads or 

incomplete assemblies or contigs.

Problem Statement

JEM-mapper Algorithm

Fig 3: Example of sketch construction in JEM-mapper: it applies MinHashing on the set of 
minimizers generated from a sequence

Algorithmic Workflow

Parallel Algorithm

Fig. 5: Illustration of distributed global 
sketch data structure generation

Conclusions

Qualitative Evaluation

Fig. 6: L2C: Comparative quality evaluation
 (F1-score), comparing JEM-mapper and Mashmap [2]

Fig. 7: Relative memory usage of different long read mapping tools 
compared to the best-performing tool (JEM-mapper).

Memory Savings

Runtime Reduction

Table 1: L2C: Parallel runtimes of JEM-mapper (scaling with p) 
vs. Mashmap (64 threads).

Table 2: L2L: strong scaling of JEM-mapper vs. Minimap2 
and MECAT (64 threads) [2].

Performance Evaluation on Multi-threaded Implementation

Runtime Breakdown

Fig. 8: L2C: Runtime Breakdown for steps of JEM-mapper

Fig. 9: L2C: Querying throughput for  JEM-mapper
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Table 3 : L2C: Parallel runtimes for JEM-mapper (MPI-only vs. MPI+Threads)
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