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Abstract—De Bruijn graph construction is the first step in
de novo assemblers to connect input reads into a complete
sequence without a reference genome. This step is both time and
memory space consuming. To address this problem, we develop
ParaHash, a system that partitions the input data in a compact
format, parallelizes the computation on both the CPUs and the
GPUs in a single computer, and performs hash-based De Bruijn
graph construction. This way, ParaHash utilizes all available
processors to assemble big genomes that cannot fit into memory.
Furthermore, we analyze the characteristics of genome data to
set the hash table size, design concurrent hashing algorithms to
handle the inherent multiplicity, and pipeline the data transfer
and the computation for further efficiency. Our experiments on
real-world genome datasets show that the workload was balanced
across heterogeneous processors, and that ParaHash was able
to construct billion-node graphs on a single machine with an
overall performance up to 20 times faster than the state-of-the-
art shared-memory assemblers.

I. INTRODUCTION

The Next Generation Sequencing (NGS) machines produce
a vast number of short fragments, called reads, from genome
samples. Before these reads can be used for whole genome
studies, we need to assemble them into a complete genome. De
novo assembly is the current method of assembling short reads
into a full-length genome sequence, without any reference
sequence.

The first step in de novo assembly is to construct a De
Bruijn graph on the input reads. A De Bruijn graph is defined
on an alphabet, associated with a dimension K. The vertices
are all possible length-K strings on the alphabet, and edges are
length-(K-1) strings that represent the overlaps between each
pair of vertices. An overlap between a pair of strings is one
string’s suffix and the other’s prefix. In practice, a De Bruijn
graph for de novo assembly is a subgraph of a K-dimensional
De Bruijn graph, defined on the alphabet Σ = {A,C,G,T}.

Constructing a De Bruijn graph for a big genome requires
hundreds of gigabytes or even more memory, which is quite
expensive. As such, some solutions [1] partition and con-
struct big graphs with large distributed memory from many
machines. Other approaches, e.g., the Minimum Substring
Partitioning [2], seek space efficient representations of the
graph. However, the time efficiency of such methods remains
unsatisfactory, taking hours to construct a billion-node graph
on a commodity machine.

In this paper, we propose to parallelize the De Bruijn graph
construction on a single commodity computer, consisting of
both CPUs and GPUs, to improve the time performance, while

keeping the memory requirement low. To handle big genomes,
we choose the Minimum Substring Partitioning algorithm for
graph partitioning, because it generates intermediate data in a
compact format and reduces disk transfer. For time efficiency,
we use hashing for constructing the De Bruijn graph, because
it is efficient in merging duplicate vertices and recording
adjacencies for each distinct vertex.

Most existing parallel assemblers use separate threads to
handle separate hash tables. This approach avoids performance
penalty from data contention. However, the concurrency in
this approach is limited by the number of hash tables [3]. In
contrast, we design a single hash table for concurrent access
of all threads. Every entry in the hash table is in the form of
<vertex, list of edges>. Potentially, our approach may incur
high contention on the hash table; however, with a smart data
partitioning scheme and fine-grained treatment of read and
write access patterns, we can achieve high concurrency on
hashing.

Concurrent hashing has been proposed in [4], but it is not
suitable for our scenario where duplicate entries in each bucket
need to be counted. Furthermore, non-blocking concurrent
hashing relies on the compare-and-swap atomic instructions
on the hash entry with machine-word length [5]. As a result,
the number of hash entries is limited and conflict may occur
for large data sets.

Our concurrent algorithm is based on two observations: (1)
the total number of vertices in the graph can be estimated
based on the input size; (2) operations in each bucket in the
hash table follow a pattern of one-insertion multiple-updates.
Therefore, we design fine-grained partial-locking based paral-
lel hashing algorithms for operations on the De Bruijn graph
construction. Additionally, the type of our hash table entry
is not limited by the machine word size, so that we can
implement the algorithms for big genomes on both the CPU
and the GPU.

We utilize the data parallelism in both data partitioning and
hashing. To further improve the overall performance, we use
heterogeneous processors to co-process the computation, and
pipeline computation with data transfer. We develop a work-
stealing based algorithm to pipeline the input-computation-
output for partitioned data processing on heterogeneous pro-
cessors. This way, we dynamically distribute the workload for
both graph partitioning and hashing to the CPU and the GPU
based on their processing speeds.

In summary, we make the following contributions:
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• We parallelize the Minimum Substring Partitioning
(MSP) algorithm for both the GPU and CPU, and further
reduce disk IO overhead with data encoding.

• We develop ParaHash - a parallel system that utilizes both
the CPU and the GPU, and pipelines the data transfer and
computation for further efficiency.

• We design concurrent hash algorithms on both CPU
and GPU, and experimentally study the performance
with real-world genome datasets. End-to-end comparison
shows that ParaHash is up to 20 times faster than the
counterparts in the state-of-the-art shared-memory assem-
blers. Furthermore, it can efficiently construct De Bruijn
graphs with billions of vertices on a single machine.

II. BACKGROUND AND RELATED WORK

A. Preliminaries

The input files for assembly are plain text, containing reads
that collectively cover almost every DNA base pair (bp) in a
genome [6]. A base pair, e.g., A-T or C-G, is the unit for
measuring both the read length and the genome size. The
genome size or length, denoted as Ge, is the total number
of DNA base pairs. We denote the number of reads to be N
and the length of the read to be L.

A length-K substring generated from a read is called a
kmer. A kmer generated from the input reads is called a
candidate vertex in the De Bruijn graph. Suppose an input
file contains N reads with a length L, then these reads produce
N(L−K + 1) kmers with a length K. All these kmers are
candidate vertices. Since the input contains tens of replicates
for the original genome, there are many duplicates in these
candidate vertices, and the duplicates are to be merged into
distinct ones with duplicity information recorded. For each
distinct vertex v, its adjacent vertices are detected by searching
all possible length-K strings with their (K−1) bps’ suffix or
prefix being v′s prefix or suffix.

Fig. 1 gives an example of the De Bruijn graph structure.
Reads in this example are of length 23, and kmers are of
length 5. Each read generates 19 kmers, and they are candidate
vertices. The three identical kmers are marked in the rectangles
in the reads. As duplicate vertices, they are merged into the
second distinct vertex in the graph. Since T GAT G overlaps
GAT GG and GATGA, two directed edges are added in the
graph to represent the adjacency lists. As the number of
occurrences for T GAT G−> GAT GG is two and the number
of occurrences for T GAT G− > GAT GA is one, we record
the multiplicities of these two edges respectively as two and
one. In reality, a DNA sequence has a reverse complement.
Therefore, a vertex in the graph is represented by the canonical
kmer, i.e., the lexicographically smaller one, of a kmer and its
reverse complement. Consequently, the constructed graph is
commonly bi-directed [7], [8].

In de novo assembly, reads and kmers are treated as text
strings, and characters in the input reads are transformed to
characters in the alphabet Σ = {A,C,G,T}. All the unknown
DNA bases are transformed to “As” in most assemblers. We
denote a read of length L as S[0,L− 1]. Then a substring
starting from position i and ending at position j is S[i, j].

Fig. 1: An Example of De Bruijn Graph Structure

The partial order of reads and kmers is defined on the
lexicographical order. We further define three characteristic
substrings in the input reads: P-minimum-substring (Def-
inition 1), superkmer and minimizer (Definition 2). The
minimizer is commonly used as an identifier for kmers [3],
[9], and further utilized in the De Bruijn graph partitioning
algorithm [2]. We formalize the De Bruijn graph construction
problem in Definition 3.

Definition 1: Let P be a natural number and 1 ≤ P ≤ K.
Given a kmer S[i, i+K− 1], if a length-P substring S[ j, j +
P− 1],0 ≤ i ≤ j ≤ i+K−P, is the minimum one among all
length-P substrings in S[i, i+K−1], then S[ j, j+P−1] is the
P-minimum-substring for kmer S[i, i+K−1].

Definition 2: A superkmer is a substring S[i, j],0≤ i≤ j≤
L−1, j− i ≥ K, from a read, in which S[i, i+K−1], ...S[ j−
K +1, j] share a common P-minimum-substring s. s is called
the minimizer of the superkmer S[i, j].

Definition 3: Given a set of input reads R, the De Bruijn
graph construction outputs a set of vertex adjacency lists
DBG, in which the adjacency between a pair of vertices is
defined as a (K−1)bp overlap that exists in a read in R. For
each vertex v in DBG, each of its adjacent vertex v′ has a
weight defined as the number of occurrences of < v,v′ >.

B. De Bruijn Graph Construction

The De Bruijn graph construction is to merge duplicate
vertices, and count the number of occurrences for adjacent
vertices, recorded as the edge weights. Edge weights are used
in determining the traversal paths for assembly. Unfortunately,
most standalone De Bruijn graph construction tools omit
recording the edge weights [2], [5], [10]; they only count the
number of distinct vertices.

A common method for detecting and merging duplicate
vertices is hashing. It builds a hash table that absorbs the
duplicate vertices into one entry slot in the form of <vertex,
list of edges>. Edge weights are also recorded when inserting
or updating entries. Intuitively, the hash based algorithm
requires a global hash table to record the entire input. However,
this table is potentially too big to fit into memory.

Another method of duplicate detection and merging is sort-
merge. Kmers and their adjacent vertices are generated as
<vertex, edge> pairs, and they are sorted by the kmers.
Duplicate vertices are merged and different corresponding
edges are appended to the same slot. Substituting the sorting
algorithm with merge sort, this approach provides a partition-
sort-merge solution that can be processed with multiple passes.
However, such multi-pass approach requires multiple inter-
partition communication, which is expensive for both disk
based and distributed memory based implementations.
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Fig. 2: Comparison of parallel graph construction

C. Open Challenges in Parallel Graph Construction
To the best of our knowledge, SOAPdenovo (SOAP) [11]

is the most widely-used shared-memory parallel assembler
for its efficiency. In the De Bruijn graph construction, SOAP
first gets reads from disk and generates all kmers in main
memory. When hashing kmers, each thread reads all kmers
once and inserts kmers into the thread’s local hash table. Since
SOAP requires the all hash tables to fit into main memory,
memory size becomes a major problem when dealing with
big genomes.

To address the big memory assumption, some assemblers
utilize distributed memory on many compute nodes [1], [8],
[12], [13]. Latest high-performance assemblers, e.g., SWAP-
Assembler (SWAP) [1], require clusters with high-bandwidth
networks. Such distributed assemblers do not focus on the
parallel efficiency on a single machine.

Other solutions explicitly partition the De Bruijn graph
to multiple subgraphs, and output subgraphs to disk files.
In particular, bcalm2 [3] uses the minimizer-based graph
partitioning algorithm to construct and compact the De Bruijn
graph. Such partitioning-based method addresses the memory
consumption problem to construct big De Bruijn graphs on
a single machine. However, they introduce extra graph parti-
tioning work and disk IO overhead, and such overhead leads
to considerable performance degradation.

From the state-of-the-art solutions, we observe the following
performance issues:

• Parallel assemblers do not fully utilize processor re-
sources on a single machine, especially the heterogeneous
many-core processors.

• Existing partitioning based assemblers on a single ma-
chine are efficient in memory consumption, but sacrifice
the running time performance.

A comparison of the parallel De Bruijn graph construction
algorithms is illustrated in Fig. 2. A common strategy in the
parallelization is to assign each thread to build a separate
local hash table, avoiding write contention in hashing kmers.
However, this strategy limits the degree of parallelism, as
the number of parallel threads should be no greater than the
number of separate hash tables. Due to this reason, work
on GPU-based De Bruijn graph construction adopts the sort-
merge strategy [14], [15], [16], as there is no concurrent
hashing solution to fully exploit the high parallelism in many-
core processors.

Related work on concurrent hashing. Recent work opti-
mized the hash join on multi-core CPUs by partitioning input
keys and making each partition fit into the cache [17]. Radix
and hash algorithms were also parallelized and compared
with SIMD (Single Instruction Multiple Data) vectorization
[18]. Implementing a hash table on the GPU is even more
challenging because of the SIMT (Single Instruction Multiple

Threads) execution mechanism of the GPU architecture. A
parallel hash table on the GPU was proposed by Alcantara
et al. [19]. However, their hash key entry was limited to a
machine word size, which is not applicable to the De Bruijn
graph. Furthermore, the multiple values for a key in the table
were not merged and counted.

Related work on multi-words hashing. Since the kmer
length can be set from several base pairs to tens of base
pairs, a kmer should be stored in multiple memory words.
Inserting or updating a <kmer, list of edges> entry in the
hash table causes data contention among concurrent threads.
Early work implemented a non-blocking open addressing hash
table with mulit-word entries [4]. It provides a single-writer
multiple-reader mechanism with assistance of probe bound
and state flags. However, this lock-free algorithm cannot count
the edges’ multiplicities, because it only ensures a successful
insertion for duplicate <key, value> pairs, whereas we need to
store the number of occurrences of the duplicate <key, value>
pairs in the graph construction.

III. PARAHASH

A. System Overview

We design a parallel system - ParaHash - to construct big
De Bruijn graphs efficiently on a single computer with both
multi-core CPUs and the GPUs. We do not assume that the
entire graph fits into machine memory. Instead, we use the
Minimum Substring Partitioning (MSP) algorithm [2] to first
partition the entire graph into subgraphs, and then construct
each subgraph concurrently. We use superkmer partitions to
represent subgraphs, because it is more space-saving than kmer
partitions.

Our system consists of two steps. Each step processes the
input and output partition by partition. To improve the time
performance, we adopt the following two-level optimizations:

(1) At an intra-partition level, we utilize data parallelism
and develop parallel implementations on both the CPU and the
GPU. Furthermore, we propose a concurrent hashing algorithm
for De Bruijn graph construction. To fully utilize the thread
parallelism, we design two optimizations for the efficiency of
our concurrent hashing: first, the upper bound for the graph
size is estimated, such that the costly hash table resizing is
avoided; second, a state transfer mechanism is used for the
hash entry insertion / update, such that the lock contention on
concurrent write / read is reduced by 80% on the real-world
datasets.

(2) At an inter-partition level, we develop a work-stealing
based queuing algorithm to dynamically distribute computa-
tion on partitions to heterogeneous processors. It also pipelines
the disk data transfer and the computation. This way, the
overall efficiency is further improved, and the workload is
balanced among processors.

The workflow in ParaHash is shown in Fig. 3. MSP (Step
1) is the De Bruijn graph partitioning step, and Hashing (Step
2) is the subgraph construction step. The number of partitions
is determined by the available memory in the machine and
the parameters we set for performance. In Step 1, ParaHash
partitions the input file (fastq or fasta) to equal size and
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Fig. 3: De Bruijn graph construction workflow in ParaHash

extract reads from the partitions. From each input partition,
it generates a subset of superkmers for each of the superkmer
partitions, and the superkmer partitions are accumulated as the
entire input is processed. In Step 2, it inputs the superkmer
partition files, and constructs a subgraph for each partition.
Since the cutting edges among subgraphs are maintained
during Step 1, all subgraphs generated in Step 2 together
constitute the entire De Bruijn graph.

In both steps, an input partition is transferred to the main
memory on the CPU. Then an idling CPU or GPU consumes
this partition and produces an output partition. This output
partition is subsequently transferred to disk by the CPU.
Each step finishes its work until all the input partitions are
processed and all the output partitions are generated. We use
asynchronous data transfer to pipeline the data input / output,
the CPU computation, and the GPU computation.

B. De Bruijn Graph Partitioning

In order to partition the graph construction problem into
non-overlapping subsets, duplicate vertices, i.e., the equal
kmers, must go to the same partition, and the adjacent vertices
must be recorded as well. Directly generating and partitioning
kmers to disks creates an output with tens of times of the
input read size. Recording the adjacency lists for these kmers
incurs even more overhead in both the space cost and the data
transfer.

The high redundancy in the string vertices from input
data is thus exploited to reduce the storage space. A key
observation is that, since adjacent kmers overlap, they are
likely to share a common P-minimum-substring (Definition
1). Hence a superkmer compacts adjacent kmers from the
size O(MK) to size O(M +K), where M is the number of
kmers contained in a superkmer. Minimizers [9] were used to
partition kmers with a compacted storage.

Therefore, the MSP algorithm in [2] uses superkmer parti-
tions to count distinct vertices for big De Bruijn graph. How-
ever, their output superkmers lost information for recording
adjacent vertices. As such, the final De Bruijn graph cannot
be constructed from the superkmers. To fix this problem, we
modify their MSP algorithm by appending two extra base pairs
to each superkmer to record the adjacency information in both
directions, so that we can construct the entire De Bruijn graph
from partitions.

Our MSP-based graph partitioning algorithm partitions the
De Bruijn graph based on input reads. We generate superk-
mers read by read and these superkmers represent pairs of
adjacent vertices. Each superkmer is assign an ID and written
to the corresponding partition file. The superkmer ID is a
value computed from the minimizer’s hash bit value with a
modulo of the number of partitions. The minimizer of each

superkmer is identified by searching and comparing every
length-P substring in a read. Since the identical vertices share
the same minimizer, all duplicate vertices are finally stored in
the same superkmer partition, and their adjacent vertices are
appended in the extra base pairs. This way, we partition the
entire graph into subgraphs, and each subgraph is stored in a
superkmer partition.

To further reduce the output superkmer partition size and
the involved disk IO overhead, we encode superkmers with
bit values. Since the input reads are transferred to characters
in the alphabet Σ, a character in reads or superkmers can be
represented with log24 bits, i.e., 2 bits. Our encoded output in
the MSP step cuts the storage space to about 1/4 of the size
of the non-encoded counterpart in [2].

C. Subgraph Construction

We construct the subgraphs from superkmer partitions, and
build a hash table for each subgraph construction. When
candidate vertices, i.e., kmers, are generated from superkmers,
they are indexed by their bit values and a hash function.
Duplicate vertices are merged to the same hash table slot with
hash entry lookup / insertion / update. The adjacent vertices
for each distinct vertex are also inserted and counted in the
entry.

To utilize all the available compute cores on the proces-
sor for each subgraph construction, we need to develop a
concurrent hashing algorithm. However, there are two major
concerns that impact the hashing performance. First, resizing
a hash table is necessary when the number of elements can not
be predetermined; unfortunately, rebuilding the hash table is
expensive. Second, the number of contentious data reads and
writes intuitively depends on the number of duplicate vertices;
it is tens of times of the graph size, i.e., the number of distinct
vertices.

To address these problems, we utilize both the characteristic
of genome data and the hashing operation patterns in the
algorithm. We analyze the expected number of distinct vertices
in the graph and allocate enough space for each partitioned
hash table, thus the costly hash table resizing is avoided.
Furthermore, we limit the number of contentious multi-word
operations with the number of distinct vertices, using a state-
transfer mechanism. Since the number of distinct vertices is
roughly 1/5 of the entire set, we reduce the contentious lock
on the keys by 80% (shown in Table I). Based on these two
optimizations, we design the concurrent lookup / insertion /
update algorithm, and construct a subgraph with the open-
addressing hash table.

1) Expected Number of Distinct Vertices: An error-free
input for the De Bruijn graph construction will produce a graph
with the number of distinct vertices to be the same as the
genome size. However, the practical input reads contains errors
in some base pairs, e.g., the original read AT T GGCCA is read
as ATT CGCCA. Since a single error in a read generates a
maximum number of K erroneous kmers, one erroneous base
pair results in tens of erroneous kmers. Each erroneous kmer is
likely to be a distinct vertex in the graph, and these erroneous
vertices can only be filtered by the number of their occurrences
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Fig. 4: State transfer in hash table entries

after the graph is constructed. As a larger input brings more
erroneous kmers, the number of distinct vertices in the De
Bruijn graph is proportional to the big input size.

To estimate the graph size more precisely, we calculate
the expected number of distinct vertices. This result helps
to estimate the hash table size, which determines the space
allocation for the hash tables. Hence the subgraphs can be
constructed efficiently without resizing the hash tables.

Property 1: Assume that sequencing error occurrences are
independent from each other. Given a sequencing error rate,
the event that the number of errors occurs in a read follows a
Poisson distribution. Then the expected number of vertices in
a De Bruijn graph is Θ(λ

4 LN +Ge), where λ is the average
number of errors in a read. (See Proof in Appendix.)

In practice, the average number of errors in a read is one
or two bps (λ = 1,2) [20]. Intuitively, the expected number
of distinct vertices can be as large as Θ(LN), when K << L.
With this upper bound, we estimate the graph size from the
input data, and further estimate the subgraph size from each
superkmer partition size. Therefore, we reduce the expected
hash table size by half, when λ = 2.

2) Hash Table Lookup / Insertion / Update: For each
superkmer in a partition, we generate multiple <kmer, edge>
pairs according to the superkmer length, and insert the <kmer,
edge> pairs in the hash table. Our result outputs the adjacency
list in a form of <vertex, list of edges>, where the vertex
is the key and the list of edges is an array to store the
multiplicities for edges, i.e., the number of occurrence for each
pair of adjacent vertices. Since there are (K−1) overlapping
characters between two adjacent vertices, only the rightmost
or leftmost character on the destination vertex is needed to
represent the edge, and this character is used as the array index.

3) State transfer mechanism for partial locking: To insert
or update a vertex in the graph involves memory reads / writes
with multiple words. In this situation, the memory should be
locked each time a read or write occurs. It incurs performance
penalty in that memory is accessed sequentially by threads.
However, we can reduce the lock contention significantly by
locking partial data structure, i.e., the vertex field, only once
for its entire life. This partial data structure is exclusively
written once, but concurrently read tens of times for updating
the rest of the data structure, i.e., the list of edges.

We develop a state transfer mechanism for concurrent
lookup / insertion / update operations. More specifically, we
use a state flag named occupancy with three possible values
{empty, locked,occupied}. If a thread accesses an entry with
occupancy = empty, the slot is empty and ready for insertion.
Then the thread changes occupancy atomically to locked. If
this atomicCAS on occupancy succeeds, other threads trying
to access the kmer are blocked. Until the thread finishes its
insertion of the kmer, it changes occupancy to occupied. A

kmer with an occupancy = occupied will never be modified
and thus is concurrently read for the rest in the hash table.
Threads looking up entries with an identical hash value will
access the same entry slot, and be scheduled by the state valued
occupancy. Progress of this subset of threads are temporarily
blocked on the entry. Other threads in the program on other
hash entries will make progress independently.

Fig. 4 shows an example to illustrate the state transfer in
inserting and updating entries in the hash table. The three
states are marked with white (empty), gray (locked), and
black (occupied). In this example, the machine word size is
8-bit, and the kmer occupies two words. The entry slot in
the hash table with black state flag indicates that this slot
is occupied with <kmer, list of edges>. Accessing the kmer,
e.g., “00100101,01110011”, is concurrent read. When a thread
holding a <kmer, edge> visits this slot, it first compares
its kmer with the kmer in the entry; if they are equal, it
updates the edge count lists; otherwise, it continues to visit
other entry slots until it finds an empty slot (in white state),
or finds an entry holding the same kmer. Concurrent updates
on the edge counts lists are supported by atomic increment.
In comparison, the entry slot in gray indicates that the kmer
is locked, and the kmer value is not finished with write from
some thread. Other threads that read this entry are blocked
until the state changes to black.

D. Parallel Implementations

To fully utilize the processors on the heterogeneous ar-
chitecture, we implement the algorithms on both the CPU
and the GPU. Since the number of parallel threads on the
GPU are much greater than the CPU, we adopt different data
parallelism granularity for their implementation. Specifically,
we use one CPU thread to access a group of data elements
(reads or superkmers) that are located nearby in memory,
but use each GPU thread to handle each data elements. For
the GPU implementation, shared memory is utilized if the
data for a block of threads is accessed multiple times. In the
implementation of the partial locking algorithm, we use fast
atomic operations supported on both the CPU and the GPU.

In Step 1, identifying minimizers is of O(LKP) computation
complexity for each read, and memory access on each read is
aligned by the read length. Hence we take advantage of the
GPU’s high parallelism and memory bandwidth, and offload
computing superkmer ids and offsets in reads to the GPU.
On the other hand, because generating superkmers involves
memory movement of irregular lengths, we leave this part
of work to the CPU. However, offloading work to GPUs
incurs data transfer overhead. To reduce such overhead, we
implement the MSP computation on the GPUs based on
encoded bit values for the reads, kmers and superkmers. This
way, we reduce the data size transferred between the CPU and
the GPU, and the string processing on the GPU becomes faster
due to encoding.

In Step 2, inserting or updating <vertex, edge> pairs
in the hash table exposes parallelism for massive threads.
However, implementing the concurrent hashing algorithm on
GPU suffers performance penalty in thread divergence and
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random memory access. The processing unit on the GPU is the
stream multiprocessors (SMs), and a warp of threads executes
the same instruction simultaneously. Different threads assigned
with different kmers within a warp diverge to different walk
length when visiting the hash table slots. Memory access to the
hash entries from threads within a warp can not be coalesced.
Hence the memory bandwidth benefit is limited in hashing on
the GPU.

Parallel hashing techniques on the GPU focus on optimizing
the memory access locality [19], [21]. In our De Bruijn
graph construction, the graph partitioning approach provides a
straightforward method to optimize the memory access locality
in hashing. Since the subgraph size distribution is controlled
by the minimizer length (shown in Section V-B1), we can
use the number of superkmer partitions to set the subgraph
size, and thus set the hash table size. Therefore, the memory
access is localized by configuring the hash table size. Such
optimization works for the implementation on the multi-core
CPU as well.

E. Co-processing and Pipelining

Using the GPU to assemble big genomes is still an open
problem, because the string processing and graph structure
processing involve intensive and irregular memory access.
Advantages underlying the GPU hardware cannot be fully
exploited in such applications [22]. Therefore, we do not
offload the major workloads to the GPU, but use both the
CPU and the GPU as co-processors.

Furthermore, pipelining is efficent in overlapping disk trans-
fer with computation, as well as the work between the host and
the device [14], [23]. To fully exploit the advantages of our
co-processing workflow, we design an execution pipeline to
overlap the input data transfer, the computation on processors
and the output data transfer. The pipeline consists of three
stages: input partitions, consuming and producing, and output
partitions. The first stage transfers a partition of input data
from the disk and parses it to the required format for the
second stage. Then the idling CPU or GPU consumes this
input partition and produces an output partition. The third
stage parses each output partition to the required format and
transfers it to the disk.

As shown in Fig. 5, both Step 1 and Step 2 in our
system are decomposed into three stages, and these stages
are pipelined. Step 1 consists of extracting read partitions,
superkmer generation, and superkmer output. Step 2 consists
of superkmer partition loading, hashing, and subgraph output.
Processor 0 or Processor 1 gets an input partition based on
the input data transfer speed and its computation speed.

To dynamically distribute partitions to the CPU and the
GPU, we develop a work-stealing based pipelining algorithm
that uses an input queue and an output queue to synchronize
the data input, the computation and the data output. We use
a shared variable srv pointing the tail of the input queue, and
a shared variable cns pointing to the head of the input queue.
srv is incremented only by the thread that inputs partitions and
read by the threads that distribute partitions to processors. This
way, inputting partitions is synchronized with the consuming

Fig. 5: Time line for pipelined co-processing

and producing from the processors. To fix the consuming order
of different processors, we use cns to assign a queuing id to
the processor. When an input partition is available (srv≥ cns),
it is assigned to the processor according to its unique queuing
id. When an output partition is produced and placed in the
output queue, a shared variable prd for the output queue is
incremented. Output data transfer is synchronized with this
prd. Only when prd ≥ wrt, where wrt points to the head
of the output queue, the output partitions are dequeued and
transfered to disk.

IV. PERFORMANCE MODEL

Since ParaHash works on partitioned data in each step,
setting parameters for a balanced partitioning is critical in
performance. We focus on the input data (superkmer par-
titions) distribution in Step 2, because it is determined by
the MSP algorithm. Furthermore, the superkmer partition size
distribution decides the average hash table size for the hashing
step, and the hash table size impacts the hashing performance.

Therefore, we introduce two parameters in the system
settings, i.e., the number of superkmer partitions, and the
minimizer length. Section IV-A investigates the performance
impact of the parameters in ParaHash. Section IV-B proposes
a model to estimate the performance of our co-processing and
pipelining.

A. System parameters
Minimizer length P. In Step 1, the workload is uniformly

distributed by partitioning input into equal size. In Step 2, the
superkmer partition size is determined by the MSP algorithm.
Since the minimizer is identified by the lexicographical string
comparison, a larger value of P decreases the probability
that adjacent kmers share a common P-minimum-substring.
Correspondingly, when the number of superkmers increases,
the average length for a single superkmer decreases. Therefore,
setting a suitable value of P determines both the average
superkmer partition size and the variance in the sizes of
partitions.

Number of superkmer partitions. A larger number of su-
perkmer partitions gives a smaller average superkmer partition
size. With a fixed minimizer length, the number of superkmer
partitions determines the average superkmer partition size.

Hash table size. ParaHash partitions the hash table of the
entire graph by the superkmer partitions. Since the hash table
size in a partition affects the memory access locality in hash-
ing, as well as the data contention, it decides the concurrent
hashing performance. Property 1 provides an estimation for
the average hash table size. Note that O(LN) = O((L−K +
1+K−1)N) = O(Nkmer), where Nkmer is the number of kmers
generated by all input reads. Since the number of kmers Ni

kmer
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in the i-th superkmer partition determines the hash table size
for the subgraph, we use it with a load ratio α to set the hash
table size as λ

4α Ni
kmer.

B. Performance modeling
To justify the evaluation of the overall performance for the

system, we develop a performance model to determine the
major components. This model defines the following variables:
the overall elapsed time (T ), the elapsed time for a single
step in the system (T i), the CPU / GPU computation time
(T i

CPU/GPU ), the input / output transfer time (T i
input / T i

out put ).

We assume that with asynchronous data transfer, the CPU
computation, the GPU computation, and the input / output
transfer time are independent with each other.

In ParaHash, the total elapsed time is T = ∑i Tstepi , i = 1,2.
With our execution pipeline, each input partition will generate
an output partition. We denote the number of input / output
partitions in Step i to be ni, and use 1

ni
T i

input and 1
ni

T i
out put to

estimate the data input and output time for a partition. Then
the elapsed time for Step i is estimated as follows:

T i = Max{T i
CPU ,T i

GPU ,T i
I/O}+

1

ni
(T i

input +T i
out put),where

T i
CPU = T i

CPU compute,

T i
GPU = T i

GPU compute +T i
DH trans f er,

T i
I/O =

ni−1

ni
Max{T i

input ,T
i

out put}.

(1)

We use TGPU to denote the maximum elapsed time of all GPU
devices, when the number of GPUs (NGPU ) is greater than
1. We do not overlap the device computation (TGPU compute)
and the host and device data transfer (TDH trans f er) due to
the limited amount of device memory. Since we overlap the
CPU computation, the GPU computation and the input / output
transfer, the elapsed time T i is estimated as the maximum of
T i

CPU , T i
GPU and T i

I/O. We further overlap the input and output

with multiple partitions in both steps, thus the T i
I/O depends

on the maximum between input transfer and output transfer.
To evaluate the scalability with respect to processors in our

system, we estimate the elapsed time under the following two
conditions:
Case 1. TI/O << Min{Tonly CPU ,Tsingle GPU}.
On a single machine, we only consider the increment of the
number of GPUs. We use 1/T i

only CPU and 1/T i
single GPU to

estimate the CPU and single GPU processing speeds in Step
i. Then the ideal elapsed time for Step i can be estimated as

1

1/T i
only CPU +NGPU/T i

single GPU
. (2)

Case 2. TI/O > Max{Tonly CPU ,Tsingle GPU}.
Under this condition, the overall elapsed time for Step i is
estimated as TI/O + 1

ni
(T i

input +T i
out put).

V. EVALUATION

First, we evaluate the performance of our concurrent hash-
ing, under the impact of the hash table size. Then we study the
efficiency of the co-processing and pipelining in our system.
Furthermore, we experimentally evaluate our work in compar-
ison with the state-of-the-art shared-memory assemblers, i.e.,
SOAP [11] and bcalm2 [3]. Finally, we compare the measured
performance of our system with the performance model.

TABLE I: Test datasets properties
Genome Human Chr14 Bumblebee

Fastq file size (GB) 9.4 92
Read length (bp) 101 124
# Reads (Million) 37 303

Genome size (Mbp) 88 250
# Distinct vertices (Million) 452 4,951

# Duplicate vertices (Million) 2,725 29,391

A. Experimental Setup
Data sets. We use the two largest genome datasets in the

GAGE project [24]. Table I shows the properties of Human
Chr14 and Bumblebee. We use the number of distinct vertices
(“# Distinct vertices”) to measure the graph size. Results
obtained from the output graph show that the graph size of
Bumblebee is about ten times larger than that of Human Chr14.

Hardware configuration. The experiments are conducted
on a machine with two 2.20GHz Intel Xeon E5-2660 CPUs (10
cores on each CPU) and two Nvidia Tesla K40m GPUs. Mem-
ory on the host is 64GB, and memory on each device is 12GB.
To evaluate the system performance with our performance
model, we use the memory cached file, i.e., a file that resides
in memory, to simulate Case 1 condition on HumanChr14, and
use the disk file for Case 2 condition on Bumblebee dataset.

Software in comparison. We compare the De Bruijn
graph construction performance in ParaHash with two shared-
memory assemblers. Both SOAP [11] and bcalm2 [3]
use multi-threaded parallelization, and bcalm2 is the most
memory-efficient in constructing big De Bruijn graphs. We do
not compare with distributed assemblers [1], [8], [12], [13],
since they focus on using distributed memory. Kmer counters
and other GPU based assembly tools are also excluded from
the comparison, because kmer counters [2], [5], [14] do not
generate the complete De Bruijn graph in the output, and the
source code of GPU assemblers [15], [16] are not currently
accessible.

Parameter setup. Initially, P ranges from 1 to K (the kmer
length); the number of superkmer partitions ranges from 1 to
1000, where the upper limit 1000 is the largest number of file
handles allowed on our experimental platform. In the hashing
step, we set λ = 2, α ∈ [0.5−0.8], and calculate Ni

kmer from
the prefix sum of the superkmer lengths in Partition i. Using
P and the number of superkmer partitions (# Partitions), we
set the hash table size.

Measurement. Time measurement begins at the time the
system reads file, and ends at the time all the subgraphs are
constructed in main memory. The time of writing the sub-
graphs to disk files are excluded in performance comparison
with other assemblers, since the constructed graphs are the
same for all the systems. Measurement for ParaHash includes
the write-out and read-in of the superkmer partitions. We
measure the GPU computation time with the host and device
data transfer time included.

B. Parameter Setting
We experimentally study the system parameters, i.e., the

minimizer length P, and the number of superkmer partitions.
The default values are set from the sampled results on Human
Chr14 dataset. Since our system works in a partition-by-
partition manner, these parameters work for data sets of
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Fig. 6: Distribution of the number of superkmers and kmers. Test
dataset is Human Chr14; P is the minimizer length; the number of
superkmer partitions is 32.

TABLE II: Hash table size with Human Chr14
NP1 16 32 64 128 256 512 960

#Kmers2 170 85 43 21 11 5 3

Size3 5400 2600 1400 700 320 160 90
1 The number of superkmer partitions
2 The number of kmers per partition (Million)
3 The maximum hash table size per partition (MB)

arbitrary sizes. The subsequent experiments on performance
evaluation are conducted with the default settings of the
parameters.

1) Minimizer Length P: We investigate the superkmer
partition size distribution with the minimizer length P varied,
when the number of partitions is fixed. Fig. 6 shows that
the variance of partition sizes decreases significantly, when
P increases from 5 to 17. In contrast, the total number of
superkmers increases when P increases. This result indicates
superkmers are more fragmented with a shorter average length
when P is larger. When the number of partitions is set, a larger
P generates a more balanced distribution for the number of
kmers / superkmers. It will also result in a smaller value for
the upper bound of the hash table sizes. We set P to be greater
than 11 to get a more balanced partition size distribution in
experiments.

Default setting. The default value P is 11 for Human Chr14
and 19 for Bumblebee. Kmer length for both datasets is 27.

2) Number of Superkmer Partitions: Table II shows the
maximum hash table size for a single partition for dataset
Human Chr14. With the number of partitions increases, the
maximum size for a single hash table decreases. Furthermore,
experiment results in Fig. 7 indicate that a less than 1GB sized
hash table ensures good performance in the hashing step. Thus
with a fixed value P, we use the number of partitions, the input
data size (LN), and Property 1 to initiate the hash table size.

Default setting. We set the default value to 512 for datasets
of several to tens of gigabytes, and set it to 960 for data sets
with 100GB or more.

C. Performance Results
1) Concurrent Hashing: We evaluate our concurrent hash-

ing in three aspects: the performance on the CPU and the GPU,
the scalability of concurrent hashing on the CPU with respect
to the number of working threads, and the CPU hashing
performance comparison with a state-of-the-art assembler.

With a fixed minimizer length, we study the performance
of hashing with the number of superkmer partitions varied.
Fig. 7 shows when the hash table size decreases with the
increment of the number of partitions, both the CPU hashing
(with 20 threads) time and the GPU hashing time decrease.
GPU hashing time breakdown in Fig. 8 shows the device and
host data transfer time remains constant when the number of

Fig. 7: CPU hashing vs. GPU
hashing

Fig. 8: GPU hashing time
breakdown

Fig. 9: Concurrent CPU hashing
scalability

Fig. 10: CPU hashing
comparison with time breakdown

partitions varies. This is because the total size of the hash
tables is fixed, and the data transfer overhead depends on the
total data size. On the other hand, a comparison between Fig.
7 and Fig. 8 shows the gap between the CPU hashing time
and the GPU hashing time is nearly the host and device data
transfer time, when the number of partitions is larger than 16.
It indicates that the hashing performance on the 20-core CPU
is comparable to the performance on a Nvidia K40 GPU with
15 SMs, when the memory access is random in hashing.

To evaluate the scalability of our concurrent hashing, we set
the number of threads to be 1, 2, 4, 6, ..., 20, and measure the
CPU hashing time. In Fig. 9, when the number of threads is
greater than 2, the line fits the function log(y) = alog(x)+b,
where a and b are constants, x is the number of threads, and y
is the elapsed time. By fitting the data points to the function,
we find a is close to -1, which means xy is a constant that
represents the execution time for the total amount of work.
This result shows the scalability of the CPU hashing is close to
linear, even with the presence of data contention from multiple
threads.

We further compare the CPU hashing performance with
SOAP. Since SOAP requires the number of local hash tables
to be the same as the number of threads, we set the number
of superkmer partitions in ParaHash to 20, and set P = K to
directly generate kmers in each partition. We break down the
hashing time into reading data time (Read data) and insertion /
update time (Insertion / Update). The Read data is measured
by the time a thread reads its <vertex, edge> entries from
main memory to local variables. Fig. 10 shows our hash
algorithm is fast both in accessing <vertex, edge> pairs and
in inserting or updating the table entries.

2) Co-processing and pipelining: To evaluate the effi-
ciency of co-processing with both the CPU and the GPU, we
first measure the elapsed CPU and GPU time separately, and
use it to estimate the CPU and GPU processing speed. Then
we evaluate whether the workload is distributed to processors
according to their processing speeds. We calculate the ratio of
the number of reads (in Step 1) or distinct vertices (in Step 2)
processed on the CPU or the GPU to the total number of reads
or distinct vertices, to measure the workload on the processors.

The left figure in Fig. 11 shows the elapsed time on each
processor. It demonstrates that the processing time of different
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Fig. 11: Workload distribution with co-processing

Fig. 12: Time breakdown without pipeline vs. Elapsed time with
pipeline

processors in both steps are close to each other. In the right
figure, we estimate the ideal number of processed reads or
vertices on processors based on their processing speeds, and
measure the real numbers. Results show the workload is
distributed to processors according to their processing speeds.
Since the real distribution (marked in solid line) matches the
ideal distribution (marked in dotted line) better in hashing, it
indicates that the workload is more balanced in hashing.

The factor that influences the workload distribution in Step
1 and Step 2 is the involvement of the CPU threads in inputting
and outputting partitions. In Step 1, the CPU does more input
and output data parsing work, e.g., extracting and encoding
reads from the input, and encoding superkmers as the output,
hence it spends less time in the computation. In contrast,
the input and output on the CPU is simply disk transfer in
the hashing step, and the workload for computation is more
balanced between the CPU and the GPU.

We evaluate the pipelining efficiency in the two steps by
comparing the accumulated time of non-pipelined stages with
the pipelined elapsed time. Since the data transfer from /
to disk overlaps the data parsing on the CPU, we can not
measure the disk transfer time separately. Instead, we measure
the entire input or output process that involves disk IO. With
time breakdown of the three stages (Input, CPU Compute, and
Output), Fig. 12 shows that pipelining significantly improves
the overall performance, when the IO time does not dominate
the performance (with dataset Human Chr14). In the case of
Bumblebee where the IO time dominates, the elapsed time is
saved by half, since we overlap the input and output, and hide
the computation in the data transfer.

3) Comparison with Other Assemblers: We compare the
performance of ParaHash with SOAP [25] and bcalm2 [3]
in both the running time and peak memory consumption on
the host. SOAP and bcalm2 are both run with 20 threads
for their best performance. To study the overall scalability of
ParaHash with respect to processors, we run ParaHash sepa-
rately with CPU only (ParaHash-CPU), two GPUs (ParaHash-
2GPU), CPU and two GPUs (ParaHash-CPU-2GPU) for the
computation. For ParaHash running on both host and devices,
the peak memory usage on the host still dominates the memory

TABLE III: Performance comparison with assemblers

System
Dataset Human Chr14 Bumblebee

Time1 Memory2 Time1 Memory2

bcalm2* 1124 3 18101 5
SOAP 159 16 NA NA

ParaHash-CPU 132 2 1992 4
ParaHash-2GPU 72 2 1770 4

ParaHash-CPU-2GPU 49 2 2013 4
1 Elapsed time (s)
* Time measured for bcalm2 includes kmer counting time and the

MPHF hashing time for junction kmers
2 Peak memory usage on the host (GB); the number of intermediate

partitions are the same for ParaHash and bcalm2.

usage of the system, since the host always maintains a copy
of the data on the devices.

Table III shows the performance comparison. In the ex-
periments with Human Chr14, the elapsed time of ParaHash
reduces with the increment of processors. ParaHash running
with all processors is 3 times as fast as SOAP, with the
presence of graph partitioning overhead. It is 20 times faster
than bcalm2. In the experiments of Bumblebee, SOAP cannot
run with the hardware configuration, since it require the entire
graph to reside in the 64GB main memory. With this data set,
ParaHash is 9-10 times faster than bcalm2. For the memory
usage, ParaHash is as efficient as bcalm2. Such memory
efficiency ensures the scalability with respect to the data size.

4) Comparison with Model Estimation: To understand the
performance of ParaHash, we compare it with the estimated
ideal performance. Experiments are conducted with cases
whether the disk transfer dominates the performance. We
evaluate the time with different processor configurations for
the computation, i.e., the consuming and producing stage in
the pipeline: CPU-only, offloading to 1 GPU, offloading to
2 GPUs, co-processing with the CPU and 1 GPU, and co-
processing with the CPU and 2 GPUs.

TI/O << Min{Tonly CPU,Tsingle GPU}: Our experiment
with Human Chr14 was done with a memory cached file.
This way, we got the simulated disk IO bandwidth to be
several gigabytes, which is much higher than the computation
throughput on a single GPU or the CPU.

Fig. 13 compares the real elapsed time with the estimated
ideal time, in both Step 1 and Step 2. We use the best
CPU-only and single GPU-only performance as ideal single
processor baselines for the computation, and estimate the
ideal co-processing elapsed time with Equation (2). Results
show when the number of processors increases, the elapsed
time decreases according to the processing speeds of different
processors. Offloading the computation work to more devices
improves the performance better.

TI/O > Max{Tonly CPU,Tsingle GPU}: Table I shows that
the graph for Bumblebee contains about 5 billion vertices. With
each <vertex, list of edges> occupying 32 bytes in memory,
it costs 160 GB space. The input file for this dataset is 92GB;
the total superkmer partition size is 81GB; and the output De
Bruijn graph file is about 20GB (with invalid vertices filtered).
Therefore, the disk IO bandwidth becomes the bottleneck.

In Fig. 14, we use Max{CPU compute, GPU compute} to
denote the maximum computation time on processors, and
use Max{Input, Output} to denote the maximum between
inputting partitions time and outputting partitions time. We
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Fig. 13: Real vs. Estimated, TI/O << Min{TCPU ,TGPU}

Fig. 14: Real vs. Estimated, TI/O > Max{TCPU ,TGPU}
compare the real elapsed with the ideal estimated time from
Equation (1). In Step 1, running with only CPU, the CPU
computation time is longer than the input and output time.
With the acceleration on GPUs, the input / output time
becomes dominant, and the overall time is almost the same
as the estimated time. In Step 2 the real elapsed time is nearly
the input / output time, with different processor configurations.
Furthermore, comparing the computation time with a single
GPU configuration between Human Chr14 and Bumblebee,
we see the GPU computation time increases linearly with
the increment of the total data size, indicating that the GPU
computation performance is scalable with the data size. In
contrast, the CPU computation performance degrades when it
processes input / output for big data size.

VI. CONCLUSION

With the advances in sequencing technology, more and more
genome-wide studies will become feasible and assemblers will
have to deal with various kinds of big genomes efficiently.
To construct De Bruijn graphs for big genomes, we partition
the entire graph into subgraphs, generate and output compact
partition data, and take it as input for subgraph construction.
This way, we are able to construct graphs with billions of
vertices on a single commodity computer. Furthermore, we
utilize heterogeneous processors on the single computer to
perform both steps for efficiency.

To improve the in-memory parallel processing, we design
concurrent hash tables on partitioned superkmers so that the
massive number of CPU / GPU threads can perform hash-
based De Bruijn graph construction efficiently. We develop a
work-stealing based algorithm to dynamically distribute com-
putation to processors. Hence pipelining is further employed
to overlap the data transfer and computation on processors.
When constructing medium-size genomes, e.g., Human Chr14,
ParaHash is up to 20 times faster than the state-of-the-
art shared-memory assemblers. When constructing big-size
genomes, e.g., Bumblebee, the overall elapsed time is reduced
by the overlapped input, output and computation. ParaHash is
9-10 times faster than the state-of-the-art assembler, with only
several-gigabyte memory requirement.

We also study the co-processing performance under the con-
dition whether the disk transfer bandwidth dominates compu-
tation throughput in the hardware configuration. Results show
that increasing the number of processors improves the overall
performance, when the computation cost dominates. Workload
is also balanced among all available processors. Experiments
also indicate that increasing the number of devices to offload
computation achieves nearly ideal performance improvement.
Finally, the overall elapsed time is approximately the disk
transfer time when the disk IO bandwidth becomes the bottle-
neck with big genome dataset.
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APPENDIX

PROOF OF PROPERTY 1

Proof: Suppose random variable X is the number of errors
that occur in a read S[0,L−1]; Y is the number of erroneous
kmers generated by the read. Then the expected number of
erroneous vertices generated by a read is

E(Y ) = E(E(Y |X)) = ∑
j

E(Y |X = j)P(X = j)

= ∑
j
∑

i
iP(Y = i|X = j)P(X = j)

≤ λ (∑
i

iP(Y = i|X = 1))

(3)

Suppose that an error occurs at any position in the read
S[0,K−1] with an equal probability 1

L . At some position in a
read, i.e., S[i], i = 0, ...,L−1, the number of kmers that covers
S[i] decides the number of erroneous kmers. If 0≤K ≤ �L+1

2 �,
we have

P(Y = K|X = 1) =
L−2(K−1)

L

P(Y = m|X = 1) =
2

L
,1≤ m≤ K−1.

Then

∑
i

iP(Y = i|X = 1) = K
L−2K +2

L
+

K−1

∑
m=1

m
2

L
≤Θ(

L
4
) (4)

If �L+1
2 	 ≤ K ≤ L, we have

P(Y = L−K +1|X = 1) =
2K−L

L

P(Y = m|X = 1) =
2

L
,1≤ m≤ L−K.

Then

∑
i

iP(Y = i|X = 1) = (L−K +1)
2K−L

L
+

L−K

∑
m=1

m
2

L
≤Θ(

L
4
) (5)

Applying (4) or (5) in (3), we get

E(Y ) = E(E(Y |X))≤Θ(
λL
4
)

If L+1
2 < K < L, E(Y ) is less than the result in the case of

0≤ K ≤ L+1
2 .

Therefore, the expected number of erroneous kmers gen-
erated by N reads from a Ge-size genome is bounded by
Θ(λ

4 LN +Ge).
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