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De novo Genome Assembly 
• DNA sequence consists of 4 bases: A/C/G/T 

• Read: short fragment of DNA sequence that can be read 
by a DNA sequencing technology – can’t read whole DNA 
in one go. 

• De novo genome assembly: Reconstruct an unknown 
genome from a collection of short reads. 
•  Constructing a jigsaw puzzle without seeing the picture on the box 
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Genomes vary in size 
Organism Genome size  

(in billion bases) 
Typical read 

data size 

E. Coli 0.5 3 Gb 

Hagfish 1.5 300 Gb 

Human 3 650 Gb 

Wheat 17 1200 Gb 

Salamander 20 1400 Gb 
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De novo Genome Assembly is hard ! 
•  There is no genome reference. 

•  In principle we want to reconstruct unknown genome sequence. 
 

• Reads are significantly shorter than whole genome. 
•  Reads consist of ~100 (Illumina) to 30K (PacBio) bases. 
•  Genomes vary in length and complexity – up to 30G bases. 
 

• Reads include errors. 

• Genomes have repetitive regions. 
•  Repetitive regions increase genome complexity. 
•  Analogy: Same pieces of a puzzle appear in multiple places. 
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De novo genome assembly is expensive ! 

• Human genome (3Gbp) “de novo” assembled : 
•  SGA assembler: 140 hours 
•  Meraculous assembler: 48 hours 

• Wheat genome (17 Gbp) “de novo” assembled (2014): 
•  Meraculous assembler: 170 hours (projected) 
•  Would require a machine with 512 GB RAM 

• Pine genome (20 Gbp) “de novo” assembled (2014) : 
•  Masurca assembler: 3 months on a machine with 1 TB RAM 
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De novο Genome Assembly a la Meraculous 

reads 

contigs 

k-mers 

1 

2 

Input: Reads that may contain 
errors 

Chop reads into k-mers, process  
k-mers to exclude errors  

Construct & traverse de Bruijn 
graph of k-mers, generate contigs 

3 

scaffolds 

Leverage read information to link 
contigs and generate scaffolds. 

•  Intensive I/O 
•  High memory footprint 
•  High bandwidth requirement 

•  Huge graph as a hash table 
•  Irregular accesses 
•  Injection limited 

•  High memory requirements 
•  Intensive computation 
•  Intensive I/O 
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Insights for leveraging Unified Parallel C 
Tuesday, April 12th, 2016 

•  Core graph algorithms implemented in UPC 
where graph ! hash table. 

•  We need a huge distributed hash table: 

•  Key idea 1: Use aggregate distributed 
memory to meet the demands! 

•  Irregular access pattern in the hash table: 

•  Key idea 2: One-sided communication. 

•  Result of this work: Complete assembly of 
human genome in 8 minutes using 15K cores 

•  Original code required 2 days and a large 
memory machine (500 GB RAM) 
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•  Unified Parallel C (UPC) is a Partitioned Global Address Space language with 
one-sided communication. 

•  Portable implementation with UPC: runs on any machine (your laptop, your cluster, 
your supercomputer) without any change ! 



Distributed De Bruijn Graph 
•  The de Bruijn graph of k-mers is represented as a hash table. 

•  A k-mer is a node in a graph ó a k-mer is an entry (key) in the hash table. 

•  An edge in the graph connects two nodes that overlap in k-1 bases. 

•  The edges in the hash table can be stored efficiently by storing the 
extensions of the k-mers as their corresponding values. 

•  The connected components represent contigs. 
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Parallel De Bruijn Graph Construction 
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Pi 

…
 

Local buffer for P0 

Local buffer for P1 

Local buffer for Pn 

 Buffer local to P0 

Distributed 
Hash table 

Local to P0 

Local to P0 

Local to P0 

Local to P0 

P0 

P0 stores the k-mers & extensions 
in its local buckets in a lock-free & 
communication-free fashion 

Aggregating stores optimization 
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•  Challenge 1: The hash table that represents the de Bruijn graph is huge 
(100s of GBs up to 10s of TBs) 
•  Solution: Distribute the graph over multiple processors. The global 

address space of UPC is handy! 
 
•  Challenge 2: Parallel hash table construction introduces communication 

and synchronization costs 
•  Solution: We can split the construction in two phases and aggregate 

messages to reduce number of messages and synchronization à 
10x-20x performance improvement. 
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•  Algorithm: Pick a random traversal seed and expand connected component by 
consecutive lookups in the distributed hash table. 
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•  Algorithm: Pick a random traversal seed and expand connected component 
by consecutive lookups in the distributed hash table. 

•  Fine-grained, irregular, remote accesses. Need fine-grained 
parallelization.  
•  To the extreme, the result can be a single very long chain (high-diameter graph). 
•  Global address space and one-sided communication of UPC simplifies logic. 

•  If multiple processors are working on the same connected component, they 
cooperate via a lightweight synchronization protocol. 

 
 
 

Parallel De Bruijn Graph Traversal 
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Lightweight synchronization protocol 

ACTIVE 
ABORTED 

Found USED k-mers in both directions of 
the subcontig AND one of the 
neighboring subcontigs is ABORTED: 
1) Attach that subcontig to local subcontig, 
2) Set that state to ACTIVE 

Attached in a 
neighboring 
subcontig 

INACTIVE 

A processor picks a k-mer 
as seed and initiates a 
subcontig 

Found UNUSED k-mer in any 
direction of the subcontig: 
1) Successfully adding forward/
backward extension to subcontig, 
2) Mark k-mer as USED Found USED k-mers in both directions of the 

sub-contig AND both of the neighboring sub-
contigs are ACTIVE:  
1) Set own state to ABORTED, 
2) Pick another random seed from hash table 

COMPLETE 

Reached both endpoints of a UU contig. 
1) Set state to COMPLETE and store UU contig 
2) Pick another random seed from hash table 
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Communication-Avoiding de Bruijn graph traversal 
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Communication-Avoiding de Bruijn graph traversal 
•  Insights for oracle graph partitioning: 

•  The nucleodite diversity is similar for given organisms. 
•  An oracle partitioning derived from one genome will work for others 

of the same species. 
 

•  Given a set of contigs, generate a function foracle that maps k-
mers to their contig ID (encode this function in a compact 
vector). Use foracle to “tweak” the hash function in order to 
preserve locality. 

•  Two practical use case scenarios: 
•  Exploring assemblies of multiple genomes of the same species. 
•  Optimizing an assembly by iterating over multiple lengths for the k-

mers. 
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Strong scaling (human genome) on Cray XC30 
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•  Complete assembly of human genome in 8.4 minutes using 15K cores. 
•  350x speedup over original Meraculous (took 2,880 minutes and a large shared 

memory machine). 
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•  Complete assembly of wheat genome in 39 minutes using 15K cores. 
•  Original Meraculous would require (projected time) a week (~300x slower) and a 

shared memory machine with 1TB memory. 

Strong scaling (wheat genome) on Cray XC30 
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•  Generated contigs for this huge metagemome dataset in        
~11 minutes using 20K cores of Edison. 

•  The contig generation would require a shared memory machine 
with ~15 TB of memory! 

Contig generation for metagenome on Cray XC30 
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Figure 7: Strong scaling of sca↵olding for (left) human genome and (right) wheat genome. Both axes are in log scale.

of the wheat genome leads to increased fragmentation of the
contig generation compared with the human DNA, resulting
in contig graphs that are contracted by a smaller fraction.
(We refer to contraction with respect to the size reduction
of the k-mer de Bruijn graph when it is simplified to equiva-
lent contig graphs.) Hence, the serial component of the con-
tig ordering/orientation module requires a relatively higher
overhead compared with the human data set. Second, the
execution of the wheat pipeline as performed in our previ-
ous work [5] requires four rounds of sca↵olding, resulting in
even more overhead within the contig ordering/orientation
module.

5.4 Twitchell Wetlands Metagenome Scaling
Metagenomes or environmental sequencing is one of the

ways that researchers can investigate the genomes of micro-
bial communities that are otherwise unable to be discov-
ered. Because these datasets, depending on their origin, can
contain upwards of 10,000 di↵erent species and strains, the
assembly requires many terabytes of memory, which some-
times prevents the largest datasets from being assembled at
all. Even when assembly is possible, typically 90% of the
reads [15] cannot be assembled because the sampling was
not high enough to resolve low-abundance organisms, and
yet collecting more sequencing data would exacerbate the
computing resource requirements.

We show the performance of HipMer’s k-mer analysis and
contig generation steps on the Twitchell wetlands metage-
nome dataset, one of the largest and most complex microbial
communities available. Since this dataset includes a widely
diverse set of organisms, its k-mer count histogram is much
flatter and the Bloom filters are less e↵ective. In partic-
ular, only 36% of k-mers have a single count (versus 95%
for human), which necessitates a much bigger working set

Cores k-mer analysis contig generation file I/O

10K 776.04 47.83 92.81
20K 525.34 31.02 95.42

Table 3: Performance (seconds) and scaling of k-mer anal-
ysis and contig generation for metagenomic data. For this
table only, we report the time spent in I/O on a separate
column to highlight the scaling of non-I/O components.

for the local hash tables that store the k-mers and their
extensions. Therefore, we only show results for 10K and
20K cores, which consumed 13.8 TB and 16.3 TB aggregate
distributed memory, respectively, for analyzing the k-mers.
Since metagenome assembly is not within the original design
of the Meraculous algorithms, and single-genome logic may
introduce errors in the sca↵olding of a metagenome, we will
only execute HipMer through the uncontested contig gen-
eration, and plan future work to adapt HipMer to properly
sca↵old a metagenome at scale.
As shown in Table 3, all steps except file I/O show scaling.

Since the I/O is well saturated at both concurrencies, the
time di↵erence is solely due to system load. Though the
accomplishment of generating an assembly for a dataset of
this size is an achievement in and of itself, the ability to
rapidly generate contigs opens up the possibility of further
iterating the metagenome assembly parameter space in a
way that was until now unprecedented.

5.5 End-to-End Performance
Figure 8 shows the end-to-end strong scaling performance

of HipMer on the human (left) and the wheat (right) data
sets. For the human dataset at 15,360 cores we achieve a
speedup of 11.9⇥ over our baseline execution (480 cores).
At this extreme scale the human genome can be assembled
from raw reads in just ⇠8.4 minutes. On the complex wheat
dataset, we achieve a speedup up to 5.9⇥ over the baseline
of 960 core execution, allowing us to perform the end-to-
end assembly in 39 minutes when leveraging 15,360 cores.
In the end-to-end experiments, a significant fraction of the
overhead is spent in parallel sca↵olding (e.g. 68% for human
at 960 cores); k-mer analysis requires significantly less run-
time (28% at 960 cores) and contig generation is the least
expensive computational component (4% at 960 cores).

5.6 Competing Parallel De Novo Assemblers
To compare the performance of HipMer relative to existing

parallel de novo end-to-end genome assemblers we evaluated
Ray [16, 17] (version 2.3.0) and ABySS [18] (version 1.3.6)
on Edison using 960 cores. Both of these assemblers are de-
scribed in more detail in Section 6. Ray required 10 hours
and 46 minutes for an end-to-end run on the Human dataset.
ABySS, on the other hand, took 13 hours and 26 minutes
solely to get to the end of contig generation. The subse-
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Speedup via Communication-Avoiding Traversal 
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original Meraculous results. The original Meraculous’s ac-
curacy has been exhaustively studied using di↵erent metrics
and datasets (including the human genome) in the Assem-
blathon I [14] and II [2] studies. In those studies, Meraculous
is also compared against other de novo genome assemblers
and found to excel in most of the metrics.

5.1 Optimization Effects on k-mer Analysis
Figure 6 presents the e↵ect of identifying heavy hitters

(i.e. high frequency k-mers). As described in Section 3.1,
we treat heavy hitters specially by first accumulating their
counts and extensions locally, followed by a final global re-
duction. We do not show the results for human as the heavy
hitters optimization does not significantly impact its running
time.

We use ✓ = 32, 000 in our experiments, which is the num-
ber of slots in the main data structure of the Misra-Gries
algorithm. Since the wheat data has approximately 330 bil-
lion 51-mers, this choice of ✓ only guarantees the identifi-
cation of k-mers with counts above 10 million. In practice,
however, the performance was not sensitive to the choice
of ✓, which was varied between 1K and 64K with negligi-
ble (less than 10%) performance di↵erence. At the scale of
15,360 cores, the heavy hitters optimization results in a 2.4⇥
improvement for the wheat data.

In the default version, the percentage of communication
increases from 23% in 960 cores to 68% in 15,360 cores.
In the optimized version, however, communication increases
from 16% to only 22%, meaning that the method is no longer
communication bound for the challenging wheat dataset and
is showing close to ideal scaling up to 7,680 processors. Scal-
ing beyond that is challenging because the run times include
the overhead of reading the FASTQ files, which requires 40-
60 seconds (depending on the system load). Since the Edison
I/O bandwidth is already saturated by 960 cores, the I/O
costs are relatively flat with increasing number of cores and
thus impact scalability at the highest concurrency.

5.2 Communication-Avoiding
de Bruijn Graph Traversal

To evaluate the e↵ectiveness of our communication-avoid-
ing algorithm we investigate performance results on the hu-
man genome data set on Edison using two concurrencies:
480 and 1,920 cores. Table 1 presents the speedup achieved
by our communication avoiding algorithm (columns “oracle-
1” and “oracle-4”) over the basic version without an ora-
cle hash function (column “no-Oracle”). The case labeled
“oracle-1” corresponds to an oracle hash function with a per-
thread memory requirement of 115 MB, while the “oracle-4”
hash functions requires four times more memory, i.e. 461
MB per-thread. Recall that an increase of dedicated mem-
ory for the oracle hash function corresponds to more e↵ective
communication-avoidance. At 480 cores the communication-
avoiding algorithms yields a significant speedup up to 2.8⇥
over the basic algorithm, while at 1,920 cores we achieve an
improvement in performance up to 1.9⇥.

The data presented in Table 2 show that the performance
improvements are related to a reduction in communication.
As expected, the basic algorithm performs mostly o↵-node
communication during the traversal. In particular, 92.8% of
the lookups result in o↵-node communication at 480 cores,
and 97.2% of the lookups yield o↵-node communication at
1,920 cores. By contrast, even a lightweight oracle hash func-

Graph traversal time (sec) Speedup
Cores no-Oracle oracle-1 oracle-4 oracle-1 oracle-4

480 145.8 105.8 52.1 1.4⇥ 2.8⇥
1,920 46.3 35.9 24.8 1.3⇥ 1.9⇥

Table 1: Speedup of communication-avoiding parallel de
Bruijn graph traversal vs. the basic (no Oracle) algorithm.

O↵-node communication % reduction in
Cores (% of total) o↵-node comm

no-Oracle oracle-1 oracle-4 oracle-1 oracle-4

480 92.8 % 54.6 % 22.8 % 41.2 % 75.5 %
1,920 97.2 % 54.5 % 23.0 % 44.0 % 76.3 %

Table 2: Reduction in communication time via oracle hash
functions.

tion“oracle-1”reduces the o↵-node communication by 41.2%
and 44%, at 480 and 1,920 cores, respectively. By allocating
more memory for the oracle hash function (“oracle-4”) we
can further decrease the o↵-node communication, by 75.5%
and 76.3%. Note that the remainder of this paper only ex-
amines the analysis of single individual genomes and cannot
e↵ectively leverage the oracle partitioning. Therefore this
optimization is turned o↵ during the experiments for the
results presented in this paper. However, the oracle parti-
tioning infrastructure is crucial for the scenario of exploring
assemblies of multiple genomes of the same species and for
the scenario of optimizing an individual assembly by iterat-
ing over multiple lengths for the k-mers. These two use-case
scenarios of HipMer are the subject of ongoing studies in
biology.

5.3 Parallel Scaffolding
Figure 7 (left) illustrates the strong scaling performance

for the sca↵olding module using the human dataset. This
graph depicts three sca↵olding component runtimes at each
concurrency: (1) the merAligner runtime, the most time
consuming module of sca↵olding, (2) the time required by
the gap closing module and (3) the execution time for the
remaining steps of sca↵olding. The final component includes
computation of contig depths and termination states, identi-
fication of bubbles, insert size estimation, location of splints
& spans, contig link generation and ordering/orientation of
contigs — which have all been parallelized and optimized for
the HipMer implementation of our study. Scaling to 7,680
cores and 15,360 cores results in parallel e�ciencies (rela-
tive to the 480 core baseline) of 0.48 and 0.33, respectively.
While merAligner exhibits e↵ective scaling behavior all the
way up to 15,360 cores (0.64 e�ciency), the scaling of gap
closing is more constrained by I/O and only achieves a paral-
lel e�ciency of 0.35 at 7,680 cores, and 0.19 at 15,360 cores.
Similarly, the remaining modules of sca↵olding show scal-
ing up to 7,680 cores, while once again su↵ering from I/O
saturation at the highest (15,360 cores) concurrency.
Figure 7 (right) presents the strong scaling behavior of

sca↵olding for the larger wheat dataset. We attain parallel
e�ciencies of 0.61 and 0.37 for 7,680 and 15,360 cores respec-
tively (relative to the 960 core baseline). While merAligner
and gap closing exhibit similar scaling to the human test
case, the remaining sca↵olding steps consume a significantly
higher fraction of the overall runtime. There are two main
reasons for this behavior. First, the highly repetitive nature

original Meraculous results. The original Meraculous’s ac-
curacy has been exhaustively studied using di↵erent metrics
and datasets (including the human genome) in the Assem-
blathon I [14] and II [2] studies. In those studies, Meraculous
is also compared against other de novo genome assemblers
and found to excel in most of the metrics.

5.1 Optimization Effects on k-mer Analysis
Figure 6 presents the e↵ect of identifying heavy hitters

(i.e. high frequency k-mers). As described in Section 3.1,
we treat heavy hitters specially by first accumulating their
counts and extensions locally, followed by a final global re-
duction. We do not show the results for human as the heavy
hitters optimization does not significantly impact its running
time.

We use ✓ = 32, 000 in our experiments, which is the num-
ber of slots in the main data structure of the Misra-Gries
algorithm. Since the wheat data has approximately 330 bil-
lion 51-mers, this choice of ✓ only guarantees the identifi-
cation of k-mers with counts above 10 million. In practice,
however, the performance was not sensitive to the choice
of ✓, which was varied between 1K and 64K with negligi-
ble (less than 10%) performance di↵erence. At the scale of
15,360 cores, the heavy hitters optimization results in a 2.4⇥
improvement for the wheat data.

In the default version, the percentage of communication
increases from 23% in 960 cores to 68% in 15,360 cores.
In the optimized version, however, communication increases
from 16% to only 22%, meaning that the method is no longer
communication bound for the challenging wheat dataset and
is showing close to ideal scaling up to 7,680 processors. Scal-
ing beyond that is challenging because the run times include
the overhead of reading the FASTQ files, which requires 40-
60 seconds (depending on the system load). Since the Edison
I/O bandwidth is already saturated by 960 cores, the I/O
costs are relatively flat with increasing number of cores and
thus impact scalability at the highest concurrency.
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de Bruijn Graph Traversal

To evaluate the e↵ectiveness of our communication-avoid-
ing algorithm we investigate performance results on the hu-
man genome data set on Edison using two concurrencies:
480 and 1,920 cores. Table 1 presents the speedup achieved
by our communication avoiding algorithm (columns “oracle-
1” and “oracle-4”) over the basic version without an ora-
cle hash function (column “no-Oracle”). The case labeled
“oracle-1” corresponds to an oracle hash function with a per-
thread memory requirement of 115 MB, while the “oracle-4”
hash functions requires four times more memory, i.e. 461
MB per-thread. Recall that an increase of dedicated mem-
ory for the oracle hash function corresponds to more e↵ective
communication-avoidance. At 480 cores the communication-
avoiding algorithms yields a significant speedup up to 2.8⇥
over the basic algorithm, while at 1,920 cores we achieve an
improvement in performance up to 1.9⇥.

The data presented in Table 2 show that the performance
improvements are related to a reduction in communication.
As expected, the basic algorithm performs mostly o↵-node
communication during the traversal. In particular, 92.8% of
the lookups result in o↵-node communication at 480 cores,
and 97.2% of the lookups yield o↵-node communication at
1,920 cores. By contrast, even a lightweight oracle hash func-

Graph traversal time (sec) Speedup
Cores no-Oracle oracle-1 oracle-4 oracle-1 oracle-4

480 145.8 105.8 52.1 1.4⇥ 2.8⇥
1,920 46.3 35.9 24.8 1.3⇥ 1.9⇥

Table 1: Speedup of communication-avoiding parallel de
Bruijn graph traversal vs. the basic (no Oracle) algorithm.

O↵-node communication % reduction in
Cores (% of total) o↵-node comm

no-Oracle oracle-1 oracle-4 oracle-1 oracle-4

480 92.8 % 54.6 % 22.8 % 41.2 % 75.5 %
1,920 97.2 % 54.5 % 23.0 % 44.0 % 76.3 %

Table 2: Reduction in communication time via oracle hash
functions.

tion“oracle-1”reduces the o↵-node communication by 41.2%
and 44%, at 480 and 1,920 cores, respectively. By allocating
more memory for the oracle hash function (“oracle-4”) we
can further decrease the o↵-node communication, by 75.5%
and 76.3%. Note that the remainder of this paper only ex-
amines the analysis of single individual genomes and cannot
e↵ectively leverage the oracle partitioning. Therefore this
optimization is turned o↵ during the experiments for the
results presented in this paper. However, the oracle parti-
tioning infrastructure is crucial for the scenario of exploring
assemblies of multiple genomes of the same species and for
the scenario of optimizing an individual assembly by iterat-
ing over multiple lengths for the k-mers. These two use-case
scenarios of HipMer are the subject of ongoing studies in
biology.

5.3 Parallel Scaffolding
Figure 7 (left) illustrates the strong scaling performance

for the sca↵olding module using the human dataset. This
graph depicts three sca↵olding component runtimes at each
concurrency: (1) the merAligner runtime, the most time
consuming module of sca↵olding, (2) the time required by
the gap closing module and (3) the execution time for the
remaining steps of sca↵olding. The final component includes
computation of contig depths and termination states, identi-
fication of bubbles, insert size estimation, location of splints
& spans, contig link generation and ordering/orientation of
contigs — which have all been parallelized and optimized for
the HipMer implementation of our study. Scaling to 7,680
cores and 15,360 cores results in parallel e�ciencies (rela-
tive to the 480 core baseline) of 0.48 and 0.33, respectively.
While merAligner exhibits e↵ective scaling behavior all the
way up to 15,360 cores (0.64 e�ciency), the scaling of gap
closing is more constrained by I/O and only achieves a paral-
lel e�ciency of 0.35 at 7,680 cores, and 0.19 at 15,360 cores.
Similarly, the remaining modules of sca↵olding show scal-
ing up to 7,680 cores, while once again su↵ering from I/O
saturation at the highest (15,360 cores) concurrency.
Figure 7 (right) presents the strong scaling behavior of

sca↵olding for the larger wheat dataset. We attain parallel
e�ciencies of 0.61 and 0.37 for 7,680 and 15,360 cores respec-
tively (relative to the 960 core baseline). While merAligner
and gap closing exhibit similar scaling to the human test
case, the remaining sca↵olding steps consume a significantly
higher fraction of the overall runtime. There are two main
reasons for this behavior. First, the highly repetitive nature

Up to 2.8x faster traversal ! 

Up to 75.5% reduction of 
off-node communication ! 
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Summary 
•  Presented core parallel algorithms in HipMer: a High-performance 

implementation of the Meraculous genome assembler. 
 
•  These algorithms scale to tens of thousands of cores and yield 

performance improvements from days/weeks down to minutes. 

•  HipMer makes the impossible possible 
•  Breaks the limitation imposed by special hardware with huge memory 
•  Use of de novo assembly in time sensitive applications like precision 

medicine is no more formidable! 
 
•  Source release of HipMer : https://sourceforge.net/projects/hipmer/ 
 
•  Ongoing work: Adapt HipMer for metagenomic analysis.  
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