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Abstract—The Hamming distance, a fundamental measure of
dissimilarity between data points, plays a crucial role in various
fields, including error detection, machine learning, and genomic
sequence alignment, where it is commonly used for identifying
mismatches in nucleotide or protein sequences. This work intro-
duces two implementations for computing Hamming distances
for sequence alignment: synchronous and asynchronous matrix-
based approaches. While most existing implementations rely on
vector-based methods due to their simplicity and ease of use,
they are not efficient for large-scale data. Our work focuses on
enhancing performance by introducing matrix-based implemen-
tations that significantly improve computational efficiency and
scalability. Our asynchronous implementation showcases Julia for
sequential task flow and PaRSEC for parameterized task graph
execution models on homogeneous and heterogeneous architec-
tures. CPU computations use INT§ GEMM from oneMKL, while
GPU implementations employ Tensor/Matrix Core INT§ GEMM
from cuBLAS/hipBLAS and 1-bit TensorOps GEMM capabilities
from CUTLASS. For constructing bitmask matrices on GPUs, we
develop both a naive CUDA implementation using global memory
and an optimized implementation utilizing shared memory at the
warp level, with the optimized version achieving a 5X speedup
over the naive approach. The results demonstrate significant
performance improvements, with the asynchronous matrix-based
implementation achieving up to 284X speedup over the vector-
based approach on CPUs, while the asynchronous GPU-enabled
implementation on A100 GPUs delivers a 15X speedup compared
to the CPU matrix-based approach and a three orders of
magnitude improvement over the CPU vector-based approach.
Furthermore, the asynchronous implementation of PaRSEC
scales well on up to 256 nodes of Summit and Frontier.
These advancements highlight the scalability and efficiency of
matrix-based Hamming distance computation, leveraging GPU
acceleration and advanced asynchronous execution, paving the
way forward for large-scale genomic sequence alignment and
data analysis.

Index Terms—Hamming Distance, Matrix Multiply, Genomics,
1-bit Integer, Julia, PARSEC, CUTLASS, Mixed-Precision, GPU

I. INTRODUCTION

The Hamming distance, a fundamental measure of dis-
similarity between strings of equal length, plays a critical
role in various applications, including error detection and
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correction, bioinformatics, machine learning, and genomic
sequence alignment. In sequence alignment, the Hamming
distance quantifies mismatches in genomic and proteomic
data, enabling researchers to identify mutations, trace evolu-
tionary relationships, and analyze biological sequences effi-
ciently [30], [24]. However, as biological and computational
data continue to grow exponentially, traditional methods for
computing Hamming distances struggle to scale, necessitating
optimized approaches that leverage advanced algorithms and
hardware accelerators [29].

Conventional vector-based approaches, while intuitive and
easy to implement, are inherently limited in their scalability
due to sequential operations and inefficient memory usage. To
address these challenges, this work introduces synchronous
and asynchronous matrix-based approaches. By reformulating
the problem in terms of matrix operations, we harness the
inherent parallelism and computational efficiency of modern
multi-core CPUs and multi-GPU architectures.

Several studies have explored methods to accelerate similar-
ity measures to overcome the computational challenges associ-
ated with large-scale data analysis. For instance, [6] and [21]
propose scalable methods for efficiently computing Jaccard
similarity. In the context of Hamming distance, [32] introduces
a GPU-based approach that accelerates both Hamming and
Levenshtein distance computations. Furthermore, FPGA-based
methods for accelerating Hamming distance computations
have been explored in [18] and [29]. In this paper, we
leverage Julia for asynchronous sequential task flow (STF) [3]
and PaRSEC as an asynchronous parameterized task graph
(PTG) [9] framework, demonstrating scalability and efficiency
across CPU and GPU architectures. Additionally, we explore
the CUTLASS (CUDA Templates for Linear Algebra Subrou-
tines and Solvers) C++ library for synchronous matrix-based
transformations.

In this work, the matrix-based Hamming distance transforms
the traditional element-wise comparison into efficient matrix
operations. It begins by constructing binary matrices and their
complements to identify matches and mismatches for each



unique value. The computation proceeds iteratively, using ma-
trix multiplication to aggregate results for each unique value.
The asynchronous implementation extends this approach by
leveraging task-based runtime systems to overlap computa-
tional phases, thereby improving efficiency. Additionally, it
avoids repetitive computations by exploiting the symmetry of
the resulting distance matrix, skipping the redundant calcula-
tion of both upper or lower triangular parts.

For matrix multiplication on CPUs, INT8 GEMM oper-
ations from oneMKL are utilized. On CPUs, transitioning
from the vector-based approach to the synchronous matrix-
based implementation, we achieve a 280X speedup. For GPU
acceleration, we utilize cuBLAS Tensor Core and hipBLAS
Matrix Core operations, as well as NVIDIA’s CUTLASS
library. cuBLAS/hipBLAS provides highly optimized GEMM
kernels for Tensor/Matrix Core operations, delivering high per-
formance for matrix computations with various precision for-
mats. CUTLASS complements this by offering a rich library of
GEMM kernels that support a wide range of precisions, includ-
ing 1-bit, 4-bit, and 8-bit integer, as well as FP16, FP32, and
FP64 floating-point formats. The flexibility of CUTLASS en-
ables us to fully exploit GPU Tensor Core capabilities for both
synchronous and asynchronous implementations, achieving a
15X speedup compared to the CPU matrix-based approach
and a three orders of magnitude improvement over the CPU
vector-based approach. Furthermore, for constructing bitmask
matrices on GPUs, we implement a CUDA naive approach
using global memory and an optimized approach leveraging
shared memory at the warp level, achieving a 5X speedup.

Our main contributions are as follows. First, we redesign
the Hamming distance algorithm and transform its traditional
element-wise comparison into efficient matrix operations. Sec-
ond, we implement the algorithm leveraging CUTLASS for
optimized GPU performance and using the Julia programming
language for high user-productivity and the PaRSEC runtime
system for targeting distributed-memory systems. Third, we
conduct extensive large-scale experiments on homogeneous
and heterogeneous architectures on leading HPC systems,
equipped with NVIDIA and AMD GPUs, achieving up to three
orders of magnitude improvement compared to the reference
implementations.

This paper is organized as follows. Section 2 discusses
related work, highlighting existing methods for Hamming
distance computation and different task-based runtime sys-
tems. Section 3 provides background on Hamming dis-
tance, sequence alignment, and the computational frameworks
used. Section 4 details the proposed algorithms for vector-
based, synchronous matrix-based, and asynchronous matrix-
based implementations. Section 5 outlines the implementation
specifics for CPU and GPU, including the use of Julia, PaR-
SEC, and CUTLASS. Section 6 presents experimental results
demonstrating the performance improvements and scalability
of our approaches. Finally, Section 7 concludes the paper and
discusses potential directions for future research.

II. RELATED WORK
A. Similarity measure

Most available implementations of similarity measures rely
on vectorized operations on the CPU for their computations.
However, in high-performance computing (HPC) and large-
scale applications, there is a growing need to optimize these
operations and offload computations to hardware accelera-
tors. The authors in [6], [21] propose scalable methods
for efficiently computing Jaccard similarity on distributed-
memory systems using bitmask operations. Similarly, the study
in [32] presents a GPU-based approach that utilizes non-
deterministic finite automata (NFAs) to accelerate Hamming
and Levenshtein distance computations. FPGA-based methods
have also been explored, such as in [29], which introduces
a scalable, streaming-based system architecture to accelerate
binary string comparisons using FPGAs. In addition, [18]
focuses on genomic sequence alignment, leveraging FPGA-
based XOR and shift bit operations for efficient computation.

This paper advances the state-of-the-art by accelerating
Hamming distance computations for identifying mismatches
in nucleotide sequences using matrix transformations and task-
based runtime systems, incorporating Tensor Core operations
with bit-masking. To our knowledge, this is the first time
to optimize Hamming distance computation down at the bit
level on GPUs, utilizing Tensor/Matrix Core operations while
deploying GPU-resident matrix construction and bit-masking.

B. Runtime Systems

In the last decade, several engines have emerged to sup-
port task-based programming models, enabling scientific ap-
plications to scale on today’s fastest supercomputers [12],
[2]. OpenMP [28], a prominent standard for shared-memory
parallelism, incorporates task-based capabilities that enable
dynamic and flexible task execution. By combining directives
with library functions, OpenMP empowers developers to ef-
fectively manage concurrency through cooperation between
the compiler and runtime environment. Extending OpenMP’s
functionality, OmpSs [20] introduces mechanisms for sup-
porting heterogeneous platforms, asynchronous execution, and
task dependencies, thereby offering enhanced adaptability.
Similarly, the COMP Superscalar (COMPSs) framework [25]
provides a user-friendly interface and runtime system designed
to exploit application parallelism across distributed systems.
StarPU [4] addresses the needs of distributed, heterogeneous
multicore platforms by allowing kernel-specific annotations
and ensuring optimal task scheduling and data handling
through its runtime layer. The HPX (High-Performance Par-
alleX) runtime system [22], developed using the ParalleX
execution model, is tailored for scalable, parallel, and dis-
tributed HPC applications using modern C++ features. Finally,
Legion [5] presents a novel approach tailored for distributed
and heterogeneous environments. Its programming model fo-
cuses on decoupling the specification of tasks and data from
the hardware mapping process, enabling automatic parallelism
discovery, improved data locality, and better scalability for
complex workloads.



In this work, we focus on Julia [7] and PaRSEC [9],
[11]. We demonstrate how Julia offers a high-level, expressive
programming environment that facilitates algorithms with both
flexibility and ease of use, and how PaRSEC serves as a task-
based runtime system to enable high-performance computa-
tions on large-scale platforms.

III. BACKGROUND

This section provides an overview of the programming
models and libraries utilized in this study, comprising two
asynchronous task-based programming models and one syn-
chronous approach. The first is Julia, paired with the Dagger.jl
package, which implements the Sequential Task Flow (STF)
programming model to manage task dependencies and execu-
tion efficiently. The second is PaRSEC, a runtime system for
dynamic and scalable task scheduling on distributed multi-core
heterogeneous systems. Lastly, we incorporate CUTLASS, an
NVIDIA library specifically designed for GPU-accelerated
linear algebra computations, offering a wide range of highly
optimized GEMM kernels.

A. Julia

Julia [7], as a high-performance programming language,
combines the expressiveness of a dynamic language with the
speed of compiled code, making it an ideal choice for scientific
computing [33]. Built on LLVM, Julia provides powerful
type inference, just-in-time compilation, and multiple dispatch,
enabling users to develop optimized algorithms without requir-
ing deep expertise in low-level programming. Julia manages
STFs via Dagger.jl [31] on CPUs and GPUs, providing an
accessible and high-performance implementation for domain
applications, especially for non-expert users. Dagger is a
powerful Julia package designed to simplify parallelization. It
allows users to write Dagger-based applications in a manner
as close as possible to sequential code. In this model, users
focus on (i) identifying tasks for asynchronous execution, and
(ii) annotating these tasks with data direction. Dagger analyzes
this information and builds a task execution flow represented
as a Directed Acyclic Graph (DAG), where nodes are computa-
tional tasks and edges are data dependencies. The DAG-based
runtime system then effectively exposes concurrency, reduces
synchronization points, ensures load balancing, shortens the
critical path, and abstracts hardware complexity, similar to out-
of-order task scheduling on superscalar processors.

B. PaRSEC

PaRSEC [9], [11] is a versatile framework for architecture-
aware scheduling and micro-task management on distributed,
multi-core, heterogeneous architectures. It encompasses a run-
time system; various programming interfaces for expressing
task graphs, which are employed in both dense matrix opera-
tions [8], [15] and irregular applications (e.g., mixed-precision
algorithms [1], [13], [26], low-rank approximation [16], and
sparse computations [14]); support libraries to assist with tran-
sitioning algorithms from legacy programming paradigms; and
performance analysis tools [17] to aid developers in optimizing

applications for large-scale hybrid environments. PaRSEC’s
interaction with users is facilitated through a suite of Domain-
Specific Languages (DSLs), including the Parameterized Task
Graph (PTG) [19], Template Task Graph (TTG) [10], and
Dynamic Task Discovery (DTD) [23]. These DSLs offer
significant flexibility, enabling scientists to intuitively express
complex algorithms. PTG, in particular, represents the entire
DAG in a compressed and parameterized form, enabling the
identification and utilization of collective communications and
the decoupling of data distribution from task operations. This
level of abstraction forms the technical foundation of our
research. Consequently, PTG is employed herein.

C. CUTLASS

CUTLASS [27] is a high-performance library developed by
NVIDIA for accelerating dense linear algebra operations on
NVIDIA GPUs. It leverages CUDA Tensor Core operations
to achieve optimized performance for matrix multiplications,
including mixed-precision and low-precision computations.
CUTLASS is designed with a modular and template-based
architecture, enabling developers to customize operations for
various data types and computational needs. A key strength of
CUTLASS lies in its support for low-bit TensorOps, including
1-bit operations. This allows efficient binary matrix operations,
such as those required for Hamming distance computations,
where the matching mask matrix and its complement are
efficiently represented at the 1-bit level. By explicitly con-
structing these matrices and performing operations at a low
precision, CUTLASS maximizes throughput while utilizing
the full computational capabilities of modern NVIDIA GPUs.

IV. ALGORITHM

This section provides details of two approaches for comput-
ing Hamming distances: the vector-based algorithm and the
matrix-based algorithm. The vector-based method processes
individual row pairs iteratively, focusing on element-wise com-
parisons, while the matrix-based approach leverages matrix
operations to exploit computational efficiency and parallelism.
The methods are compared in terms of computational com-
plexity and suitability for large-scale datasets.

A. Vector-Based Hamming Distance Computation

The typical vector-based Hamming distance algorithm com-
putes the number of differing elements between all pairs of
rows in a given matrix as in algorithm 1. Starting with an
nXm input matrix, where n represents the number of rows and
m represents the number of columns, the algorithm initializes
an n X n matrix to store the results. For each pair of rows
1 and j, it compares their corresponding elements column by
column, incrementing a distance counter whenever a mismatch
is found. This computed distance is then stored symmetrically
in the result matrix, as the Hamming distance between row
i and row j is identical to the distance between row j and
row ¢. The final output is a fully populated distance matrix
representing the pairwise Hamming distances for all rows of
the input matrix.



Algorithm 1 Pairwise Hamming distance computation.

1: Input: Matrix X of size n X m

2: Output: Matrix H of size n X n where H|[i][j] is the Hamming distance
between row ¢ and row j of X

3:fori=0ton—1do

4 for j=i4+1ton—1do

5: distance < 0 {Initialize distance counter for row pair (z,7)}

6 for k =0 tom — 1 do

7 if M[i][k] # M[j][k] then

8 distance < distance + 1

end if
10: end for
11: H{i][j] « distance {Store the computed distance}
12: H{[j][3] + distance {Use symmetry property }
13:  end for
14: end for

15: return H // Return matrix H containing Hamming distances

B. Matrix-Based Hamming Distance Computation

The matrix-based Hamming distance Algorithm 2 trans-
forms traditional element-wise comparisons into efficient ma-
trix operations, making it highly scalable for large datasets.
The algorithm identifies unique values in the input matrix
X and constructs binary (matching bit-mask) matrices B
to capture matches and their complements B¢ to capture
mismatches. It computes pairwise distances iteratively by ag-
gregating matrix multiplications involving B and B¢, updating
the distance matrix H at each step. This matrix transforma-
tion approach is highly compatible with modern accelerators,
which are specifically designed to support highly optimized
matrix multiplication kernels, a key component in many Al
workloads.

Figure 1 demonstrates the matrix-based Hamming distance
algorithm with an example focused on genomic sequence
alignment, as it is essential for mutation analysis, evolution-
ary studies, and other bioinformatics applications. The input
matrix X represents a set of DNA sequences, where each
row corresponds to a sequence and each column represents a
nucleotide (A, T, G, ). The algorithm begins by identifying
the unique nucleotides in the input matrix. For each unique
nucleotide, a matching bitmask matrix B is constructed to
indicate where the nucleotide matches, and a complement
bitmask matrix B¢ identifies mismatches. The Hamming dis-
tance matrix H is updated iteratively by aggregating results
from matrix multiplications involving B and B€. Each step
of the process is illustrated, with intermediate results showing
how contributions from individual nucleotides are combined to

Algorithm 2 Matrix-based Hamming distance calculation.

1: Input: Matrix X of size n X m

2: Output: Matrix H of size n X n

3: unigs < unique(X) /I Get unique values in X

4: H < zeros(m,n) // Initialize H as a matrix of zeros

5: for each uni in unigs do

6: B, B¢+ (X ==uni), (X! = uni) // Calculate a binary matrix and
its complement for current unique value

77 H+B°xBT+H // Calculate matrix H

8: end for

9: Return H /I Return matrix H containing Hamming distances

AT A A 000100 111 1
11 111
T A T A ol
Bo_ |0 1000 Baeo |1 111
AT “=li o000 10 °7 111 1
X = T A 00100 11011
010000 1 1111
T AT 0233371
A T A 303323
- 430322
- - Avc =
For every unique element perform the following: :ggggg
uniqs:[/l T] 232330
¢ Construct the matching bit-mask B matrix ggo 0 gg 11 111
: 111 11
and its complement B¢ B 000 0 111 1
« Compute the distance matrix H iteratively ('78 gggo Bat =y 111
ing: 1 1111
byperformlng.HchXBT%»H 00 00 1 1
035542
011100 405535
1 11
0?3301 101110 Moo |54 0534
001000 pBeo|tl0111 ATCHE=T 15 405 0 2 4
Ba=|o 00100 4=l 11011 534305
111011 2 44 4 40
000100
L1000 10 011101
010000 101111
011110 100010 011101
201112 L hhiio1a
g_lpzo112 Bngg‘l’éggB,-:llnlll
A3 21002
srroe 100010 011101
111011
121110 000100
056663
506636
- Harorco— |6 6065 4
AYCEEHT =16 6 6 0 4 5
S 6 35406
D 36456 0 .
ona a Prten

Fig. 1: Matrix-based Hamming distance.

form the final distance matrix. The final matrix H accurately
captures the pairwise Hamming distances between DNA se-
quences, validating the correctness of the algorithm.

This algorithm is extended in a task-based programming
model to utilize asynchronous fine-grained tasks to compute
only the triangular part of the matrix, effectively exploit-
ing its symmetry. By decomposing the matrix into tiles,
computational tasks are launched for the relevant triangular
region, avoiding redundant operations. Each tile corresponds
to a submatrix, and GEMM kernels are used to compute the
contributions from these tiles iteratively. This approach allows
the binary matrices to be constructed on-the-fly during tile
computation, eliminating the need for explicit preconstruction.
This not only streamlines the computation process but also
reduces the memory footprint, enabling large datasets to reside
higher in the memory hierarchy. We provide implementations
of this asynchronous approach using the Dagger.jl package
in Julia and the PaRSEC runtime system. These frameworks
enable efficient task scheduling and execution, ensuring scal-
ability across heterogeneous computing architectures.

C. Computational Efficiency of Hamming Distance

When comparing the computational efficiency of the vector-
based, synchronous matrix multiplication-based, and asyn-
chronous symmetry-based approaches for Hamming distance
computation, the number of operations highlights significant
differences. The vector-based approach iterates through all
possible row pairs (i, j) and computes the Hamming distance
by comparing each element, resulting in O(n?-m) operations,
where n is the number of rows and m is the number of
columns. This approach is conceptually straightforward but
computationally expensive, primarily due to repeated element-
wise operations that exhibit low arithmetic intensity.



Matrix-based approaches, on the other hand, leverage binary
matrices and compute distances through matrix multiplication
(B¢-BT), which requires 2-p-n?-m operations, where p is the
number of unique values in the matrix. This approach lever-
ages level-3 BLAS GEMM operations and takes full advantage
of Tensor/Matrix Cores available on modern NVIDIA/AMD
GPUs, ensuring efficient and high-performance computations.
While more efficient for large n, this method redundantly
computes the upper and lower triangular parts of the resulting
symmetric matrix. The asynchronous approach improves upon
exploiting the symmetry of the distance matrix, reducing
the number of operations to p - n? - m. This reduction cuts
the operation count by half compared to standard matrix
multiplication, making the symmetry-based approach the most
efficient choice when working with symmetric output.

V. ALGORITHM CORRECTNESS

In this section, we provide a formal proof to establish the
correctness of the proposed matrix-based Hamming distance
algorithm.

A. Problem Definition

Given a matrix X of size n X m, where each row represents
a sequence (e.g., DNA, RNA, or any categorical sequence), the
Hamming distance between two rows ¢ and j is defined as:

m

H(i,j) = ZW(XM # Xjk) )]

k=1

where }(-) is the indicator function, which returns 1 if the
condition is true and O otherwise.

Our goal is to prove that the algorithm computes this
function efficiently using matrix operations.

B. Reformulation Using Binary Matrices

Instead of direct pairwise comparisons, we construct match-
ing bit-mask matrices for each unique symbol in X.
C. Matching Bit-Mask Matrices

For every unique symbol uni appearing in X, define a binary
mask B where:

BU™ — (X, = uni) )

This matrix has 1s wherever the symbol appears in X and
Os elsewhere.
Similarly, define the complement matrix (BC)(““i):

(B = 1 — B — (X # uni) 3)

which has 1s where the symbol is absent and Os where it
is present.

D. Formulating the Hamming Distance Calculation

We initialize a zero matrix H of size n X n:

H= Onxn (4)

For each unique symbol uni, the algorithm updates H using
the formula:

H <+ H+ (Bc)(uni) . (B(uni))T (5)

Expanding this formula for each pair of rows i, j:

H(i,j) < H(i,j) + Y _W(Xi # uni) - (X5 = uni) (6)
k=1
This counts how many times row ¢ has a different symbol
from row j at position k£ due to the current unique symbol.

E. Summing Over All Unique Symbols

Since every element in X belongs to exactly one unique
symbol, summing over all unique symbols ensures that we
count every position where two rows differ:

H(i,j) = Y > W(Xip #uni) W(Xj, =uni) (7)

unie X k=1

Rearranging the summation:

m
H(i,j) = Y W(Xi # uni) - (X5 = uni) (3)
k=1unie X
Since exactly one unique symbol satisfies X, = uni, the
inner sum reduces to:

H(i,j) = Z%(X’L‘k # Xjk) 9)

k=1
which is precisely the definition of the Hamming distance.

VI. IMPLEMENTATION DETAILS

This section details the implementation of the matrix-based
Hamming distance algorithm.

A. Using Daggerjl

The implementation in Table I of Hamming distance lever-
ages Dagger.jl, a task-based parallel programming framework
in Julia, to enable efficient and asynchronous computation.
Designed with generality in mind, it takes advantage of
Julia’s powerful type inference capabilities to support any
numeric data type, ensuring flexibility and adaptability for
diverse applications. The approach partitions the matrices A
and H into tiles manageable for parallel processing. For
each unique value in a specified set, the algorithm constructs
binary matrices on-the-fly and performs GEMM operations,
specifically using the cblas_gemm_s8u8s32 routine from
OneMKL. Furthermore, Julia’s multiple dispatch feature is
employed to overload the multiplication operation, providing



function Binary_ GEMM(Al::AbstractMatrix{T}, where

{T<:Number}

A2::AbstractMatrix{T}, H::AbstractMatrix{T}, unique)

m, k = size(Al) # Get the size of matrix Al (rows and columns)

m, n = size(H) # Get the size of matrix H (rows and columns)

Bc = ones (T, m, n) - (Al .== unique) # Compute the complement of the mask for matrix Al
B = A2 .== unique # Create a mask for matrix A2

H += Bc » B' # Multiply and update using BLAS-level operations (e.g., cblas_gemm_s8u8s32)

end

# Function to compute the Hamming distance asynchronously using Dagger.jl
# A and H are distributed arrays (DArray), and ‘uniques_array' contains unique values for masking.
function HammingDistanceAsync (A::DArray{T,2}, H::DArray{T,2}, uniques_array) where {T<:Number}

Ac = parent (A) .chunks # Access the chunks of the distributed array A
Hc = parent (H) .chunks # Access the chunks of the distributed array H

Amt, Ant = size (Ac)
Cmt, Cnt = size (Hc)

Dagger.spawn_datadeps ()
for unique in uniques_array[l:end]

for m in range(1l, Cmt)

for n in range(l, m)

for k in range(l, Amt)

# Get the dimensions of the chunked representation of A
# Get the dimensions of the chunked representation of H

do # Use Dagger.jl to handle asynchronous data dependencies
# Iterate over unique values

# Iterate over chunk rows of H

# Iterate over lower triangular chunks of H

# Iterate over chunk columns of A

# Spawn asynchronous tasks to compute BitMask_GEMM for each chunk

Dagger.@spawn Binary_GEMM(In (Ac[m,

end end end end end
end

k]1), In(Ac[n, k]), InOut(Hc[m, n]), unique)

TABLE I: Julia Dagger asynchronous matrix-based implementation.

a unified interface. On architectures that do not support this
specific GEMM variant, the implementation seamlessly falls
back to existing GEMM operations available in Julia, ensuring
compatibility across different platforms. Using Dagger.jl, tasks
are dynamically spawned for each chunk combination within
the triangular part of the matrix, respecting data dependencies.
The scheduler executes these tasks according to the DAG,
optimizing parallelism and ensuring efficient task execution.

B. Using PaRSEC

Table II provides a code snippet defining a PARSEC’s PTG-
based implementation for matrix-based Hamming distance
computations, executed for each wni in Algorithm 2. The
implementation defines two task classes, HAMM and READ_ X,
which operate on tiled matrices. The HAMM task class performs
the core computation of the Hamming distance, while READ_ X
handles the retrieval of input data from matrix X. Dependen-
cies between tasks are expressed through data flows, ensuring
proper synchronization and efficient data access across tasks.
The datatypes of the flows are defined based on the associated
matrices: flows related to X use INT8, while flows associated
with H use INT32. The task body is designed to execute on
either GPUs (NVIDIA or AMD) or CPUs, providing flexi-
bility in deployment. The body’s precision is not inherently
bounded; however, in this matrix-based Hamming distance
computation, we adopt specific precision formats based on the
underlying hardware and libraries used. Specifically: (1) B and
B¢ are represented in INT8, while H is stored in INT32,
for computations executed on CPUs, NVIDIA GPUs (using
cuBLAS), and AMD GPUs; (2) B and B¢ are represented in

1-bit precision, while H remains in INT32, for computations
leveraging CUTLASS, as detailed in the following section.
This design enables asynchronous execution and fine-grained
parallelism, offering unprecedented flexibility and efficiency
on multi-core heterogeneous architectures.

C. Enhancing Hamming Distance using CUTLASS

Here, we describe the matrix-based Hamming distance cal-
culation, utilizing a custom CUDA kernel to construct efficient
matching bitmask matrices and leveraging the bit-level GEMM
Tensor Core operations provided by the CUTLASS library.

1) Matching and Complement Mask Matrix: CUTLASS
requires matrices of type uintlb_t (I-bit integers) to be
packed as multiples of bytes. Since each uintlb_t repre-
sents a single bit, eight such bits must be packed together
to form a single byte. This packing ensures efficient memory
access and alignment when performing operations on Tensor
Cores, which are optimized for such compact data layouts. To
construct this matching bit-mask matrix and its complement
we provided incremental custom CUDA kernels. The first one
directly accesses global memory for each element without
leveraging shared memory or other caching mechanisms. In
the second one, we optimize this step to maximize GPU
occupancy utilizing shared memory for bit aggregation.

Table III shows the implementation details of the naive
approach. The kernel initializes binary matrices B and B¢ by
mapping elements of the input matrix to their corresponding
1-bit positions in memory. Each CUDA thread processes one
element of the input matrix, identified through its global index.
From this index, the byte and bit positions within the binary
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// Task class for hamming distance computations

HAMM (m, n, k)

// Execution space

m 0 .. descH->mt-1 // >tor for H;
n=20..m //

k 0 .. descX->mt-1 // de or

//

/ Parallel partitioning

mt: number of tiles in the row dimension

: descH(m, n)
// Flows
READ X <- X READ_X(k, m) [ type_remote = FULL_INTS8 ]
READ Y <- X READ_X(k, n) [ type_remote = FULL_INTS8 ]
RW H <- (k == 0) ? descH(m, n)
<- (k !'=0) ? H HAMM( m, n, k-1 ) [ type_remote = FULL_INT32 ]
-> (k == (descX->mt-1)) ? descH(m, n)
-> (k != (descX->mt-1)) ? H HAMM( m, n, k+1 ) [ type_remote = FULL_INT32 ]
BODY [ type = CUDA / HIP / CPU ] // List the BODY type; there can be multiple of them
{
Computations on Nvidia GPUs / AMD GPUS / CPUs
}
// Task class for reading X, ensuring proper data retrieval acrc istributed til
READ_X (k, m)
k=0 . descX->mt-1 // mt: number of ti s in the row dimension
m =0 . descX->nt-1 // nt: number of tiles in the column dimension
: descX(k, m)
READ X <- descX(k, m)
-> X GEMM (m, O . m, k) [ type_remote = FULL_INTS8 ]
-> Y GEMM(m .. descH->mt-1, m, k) [ type_remote = FULL_INTS8 ]
BODY [ type = CPU ] // Specify the BODY type
{
// Nothing

}

TABLE II: PaRSEC’s async-matrix-based implementation using
B¢ x BT + H. “0 .. m” represents a loop from 0 to m (inclusive)

matrices are determined, where the byte index is idx/8, and
the bit index within the byte is idx%8.

The kernel then evaluates the value of the current matrix
element against a unique value. If the matrix value matches
the unique value, a corresponding bit in the binary matrix
B is set. If it does not match, the bit in the complement
matrix B¢ is set. To achieve this, the kernel constructs bit
masks using bitwise shift operations. Specifically, the bit mask
for B is generated as 1U < bit_position if the condition
matrix[idx] == target_value holds true, and similarly for
B¢ when the condition is false. The bit mask shifts the
value 1 to the appropriate position within the byte, allowing
precise control over individual bits. To ensure thread safety
when updating the binary matrices in global memory, the
kernel uses atomicOR operations. These operations atomi-
cally combine the newly generated bit masks with the existing
values in the memory, preventing race conditions when mul-
tiple threads attempt to update the same byte simultaneously.
While this approach works as intended, it is not optimized
due to direct global memory accesses coupled with atomic

PTG. Computations include B¢ < X, B < Y and H +
with an incremental of 1, introducing a broadcast operation.

operations. Without leveraging shared memory, this method
incurs significant memory latency and leads to underutilization
of the GPU’s computational resources.

Table IV demonstrates an optimized kernel for matrix
construction that leverages shared memory as an intermediate
buffer to reduce global memory access overhead. Each thread
calculates a global index to determine the byte and bit posi-
tions within the binary matrices as before. Instead of directly
updating global memory, shared memory is dynamically al-
located for both matrices, with each warp having dedicated
regions to store intermediate results. The shared memory
index for tensor_b is calculated as shared_index b =
threadIdx.x /32, ensuring all threads in a warp share the same
memory region. For tensor_bc, an offset equal to the num-
ber of warps blockDim.x /32 ensures its memory region starts
after tensor_b. This mapping allows threads within a warp
to aggregate bit updates efficiently using atomic operations
in shared memory. This significantly reduces contention on
global memory because atomic operations occur within the
low-latency shared memory space. After all threads in the




__global__ void BitMaskNaive
cutlass::uintlb_t =xtensor_bc
Calculate the global

uint64_t idx = blockIdx.

//

//

Compute the tc
uint64_t num_elements

// Ensure the current th
if (idx < num_elements)

>tal numbe

(int8_t #*matrix, cutlass::uintlb_t =xtensor_b,
, int m, int k, int unique) {
index for the current thread
X * blockDim.x + threadIdx.x;
¥ f elements in the matrix
m
within bounds

read’s index is

{

// Calculate the
int byte_index =
int bit_index =

byte index and bit
idx / 8; // 1d
idx % 8; // Iden

position

1itify the bit

/

//

1tify which byte the element

pute pointers to the 4-byte aligned mem

element
bel
position within the

for the current

to

ongs
byte

ory locations for and tensor_bc
b[byte_index &

tensor_b

unsigned intx ptr_b = (unsigned intx) &tensor_| “31; // 4-byte aligned pointer for
tensor

unsigned int* ptr_bc = (unsigned intx)&tensor_bc[byte_index & ~3]; // 4-byte aligned pointer fo
tensor_bc

// Calculate the exact bit position within the aligned 4-byte rd

int bit_position = ((byte_index & 3) * 8) + bit_index; // Determine the bit offset in the 32-bit
region

// Create a bitmask for tensor_b: set the bit if the matrix value matches the unique value

unsigned int mask_b = (matrix[idx] unique) ? (1lU << bit_position) 0;

// Create a bitmask for tensor_bc: the bit if the matrix value does not match the unique value

unsigned int mask_bc = (matrix[idx] != unique) ? (1U << bit_position) 0;

//

if

Perform an atomic OR operation to safely
(mask_b 0)
atomicOr (ptr_b, mask_Db);

// Perform an atomic
if (mask_bc != 0)
atomicOr (ptr_bc,

OR operation to safely

mask_bc) ;

update the bit

upd

in tensor_b if the mask is

ate the bit in tensor_bc if the mask is non-zero

TABLE III: Bit-mask matrix construction (naive).

block finish updating shared memory, a synchronization point
__syncthreads () ensures that all updates are complete
before writing back to global memory.

To write results back, only one thread per warp, referred to
as the warp leader (determined by threadldx.x%32 == 0),
writes the aggregated results from shared memory back to
global memory. This avoids redundant memory accesses and
reduces contention on global memory. The global memory
pointers for tensor_b and tensor_bc are calculated by
aligning the byte index to a 4-byte boundary, ensuring efficient
and coalesced memory operations. The aggregated bitmasks
stored in shared memory are written back to global memory
as 4-byte integers, minimizing the number of memory trans-
actions. This approach amortizes the cost of global memory
writes across threads within a warp, as all threads first con-
tribute their updates in shared memory, and only the warp
leader performs the final write.

The next step is to instantiate the CUTLASS GEMM object.
The CUTLASS framework divides the GEMM kernel into a
hierarchical tile-based structure to efficiently map computa-
tions to GPU hardware. At the threadblock level, we compute
tiles of size 64 x 128 x 512. These tiles are further subdivided

into warp tiles of size 64 x 64 x 512, with each warp responsible
for a specific section of the computation. At the lowest level,
we use Tensor Core operations to compute MMA (Matrix
Multiply-Accumulate) tiles of size 16 x 8 x 256. In CUTLASS,
this multi-level tiling strategy ensures high utilization of the
GPU’s computational resources, minimizing memory access
latency and improving data reuse.

VII. PERFORMANCE RESULTS

A. Experimental Settings

The experiments utilized five distinct computing platforms.

e Guyot: This platform consists of a single compute node,
including two 64-core EPYC 7742 CPUs running at 2.25
GHz, 2063 GB of memory, and eight NVIDIA A100-
SXM4-80GB GPUs.

e Qaysar: This platform consists of a single compute
node, including two 28-core Intel(R) Xeon(R) Gold 6330
CPU running at 2.00 GHz, 1008 GB of memory, and four
NVIDIA A100-SXM4-80GB GPUs.

e Vulture: This platform consists of a single compute
node, including two 20-core Intel(R) Xeon(R) Gold 6148




__global__ void BitMaskOptimized (int8_t #matrix,
*tensor_bc, int m, int k, int unique) {

cutlass::uintlb_t =*tensor_b,

cutlass::uintlb_t

extern __ shared__ unsigned int shared_datal]; // Shared memory for both tensors’ bit aggregation
uint64_t idx = blockIdx.x » blockDim.x + threadIdx.x;
uint64_t num_elements = m *» k;
int byte_index = idx / 8;
int bit_index = idx % 8;
if (idx < num_elements) {
// Calcul > the index within the shared memory (doubling the allc tion for tensor_b and
tensor_bc)
int shared_index_b = threadIdx.x / 32; // For tensor_b
int shared_index_bc = (blockDim.x / 32) + shared_index_bc; // Offset for tensor_b
if (threadIdx.x % 32 == 0) {
shared_data[shared_index_b] = 0; // Initialize sha
shared_data[shared_index_bc] = 0; // Initialize
}
__syncthreads(); // Ensure initialization s completed before proc ng
// Calculate bit position and mask
int bit_position = (threadIdx.x % 32) » 8 + bit_index; // Local bit position within shared memory

(unsigned intx)&tensor_b[byte_index &
(unsigned intx) &tensor_bc[byte_index &

? (1U << bit_position) : 0;
? (1lU << bit_position) : 0;

bits

“31;
“31;

unsigned int mask_b = (matrix[idx] == unique)
unsigned int mask_bc = (matrix[idx] != unique)
// Use atomic operations within shared memory to set
if (mask_b != 0)

atomicOr (&shared_data[shared_index_a], mask_Db);
if (mask_bc != 0)

atomicOr (&shared_data[shared_index_b], mask_bc);
__syncthreads(); // Ensure all threads have updated
// Write back to g al memory from shared m
if (threadIdx.x % 32 == 0) {

unsigned intx global ptr_ b =

unsigned intx global_ptr_bc =

*global_ptr_b = shared_datal[shared_index_Db];

*global_ptr_bc = shared_data[shared_index_bc];
b}

TABLE IV: Bit-mask matrix construction (optimized).

CPU CPU running at 2.40 GHz, 377 GB of memory, and
four NVIDIA V100-PCIE-16GB GPUs.

e Summit: This system is built on GPU-based IBM tech-
nology, comprising 4,356 nodes. Each compute node
features two 22-core Power9 CPUs clocked at 3.07 GHz,
paired with 256 GB of memory. Additionally, every CPU
integrates three NVIDIA Tesla V100 GPUs.

e Frontier: This AMD GPU-based supercomputer fea-
tures 9,408 nodes. Each node is equipped with a 64-
core AMD Optimized 3rd Generation EPYC processor,
complemented by four AMD MI250X GPUs and 512 GB
of DDR4 memory.

For the dataset, we use simulated DNA sequences generated
using the msprime package. Each sequence consists of four
unique nucleotide symbols—A (Adenine), C (Cytosine), T
(Thymine), and G (Guanine).

B. Comparing Vector- and Matrix-based Implementation

Figure 2 illustrates the time-to-solution for Hamming dis-
tance computation, comparing a vector-based implementa-
tion with three matrix-based implementations on a CPU.
The vector-based implementation employs Julia’s threading
parallelism. The matrix-based implementations include one
using Julia’s Dagger.jl framework with a task-based scheduler
and another utilizing the PaRSEC task-based runtime system.
All matrix-based implementations leverage the same matrix
multiplication kernel, cblas_gemm_s8u8s32, provided by
OneMKL. Notably, the task-based approaches achieve up to a
280X speedup over the vector-based implementation.

Fig. 3 illustrates the performance of matrix-based imple-
mentations, measured in TeraOps Per Second (TOPS). Four
configurations are compared: Julia’s CPU implementation,
Julia’s Dagger.jl framework with a task-based scheduler, PaR-
SEC on CPU, and PaRSEC on the Qaysar machine and a sin-
gle NVIDIA V100 GPU on Vulture. The GPU-accelerated
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Fig. 2: Comparison of time to solution on Qaysar CPU
for a vector-based Hamming distance and three matrix-based
approaches: (1) Julia threading parallelism, (2) Julia Dagger.jl
task-based framework, and (3) PaRSEC task-based runtime.
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Fig. 3: Performance comparison of matrix-based (8bi * 8bi +
32bi = 32bi) implementations measured in TOPS. The config-
urations include Julia CPU, Julia Dagger CPU, PaRSEC CPU,
and PaRSEC on Qaysar and single NVIDIA V100 GPU on
Vulture.

PaRSEC implementation significantly outperforms all CPU-
based approaches. Among the CPU-based methods, PaRSEC
and Julia Dagger consistently outperform the synchronous
approach, benefiting from their efficient task-based runtime
systems. This comparison highlights the performance advan-
tages of leveraging GPUs and optimized task-based runtimes
for large-scale matrix operations.

Fig. 4 describes the shared-memory performance on Guyot
and Frontier. The performance is compared between using
a single GPU (red triangles) and eight GPUs (blue stars).
Guyot achieves a performance improvement of 6.72X with
eight GPUs compared to one GPU, while the Frontier
node achieves a 7.17X improvement. This near-linear scaling
observed for eight GPUs highlights the ability to effectively
distribute workloads across multiple GPUs, maximizing com-
putational efficiency, particularly for larger matrix sizes.
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Fig. 4: Performance on shared memory. Left, Guyot; right,
one Frontier node using PARSEC with (8bi * 8bi + 32bi =
32bi) GEMM from cuBLAS and hipBLAS.

TABLE V: Performance on Summit and Frontier (TOPS).

Number of Nodes 1 4 16 64 256
Summit 259 1,046 4,184 17,093 65,172
Summit Parallel Efficiency 100%  101% 101% 103% 98%
Summit % Theoretical Peak 70% 70% 70% 72% 68%
Frontier 931 3,604 14,748 53,900 198,361
Frontier Parallel Efficiency 100% 97% 99% 90% 83%

Frontier % Theoretical Peak 61% 59% 60% 55% 51%

Fig. 5 depicts the weak scaling performance on Summit.
The x-axis indicates the number of compute nodes, while the
y-axis presents the normalized performance per node in TOPS.
Each curve represents a specific matrix size, scaled with the
square root of the number of nodes. The results demonstrate
that performance remains almost constant as the number of
nodes increases, achieving over 68% of the theoretical peak
in all cases for larger matrix sizes, as showcased in Table V.
This experiment underscores the capability to sustain high
throughput in a weak scaling configuration.

Table V summarizes the maximum performance achieved
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Fig. 5: Performance scalability on Summit: normalized per-
formance per node (i.e., 6 NVIDIA V100 GPUs) in a weak
scaling setting. The dashed gray line is the theoretical peak
per node. Each solid line represents a normalized size NV, i.e.,
the matrix size on n nodes is N x sqrt(n).
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Fig. 7: Performance comparison of matrix-based implementa-
tions between CUTLASS with GEMM (16 ~ 1b+ 32 =
132) and PaRSEC with GEMM 8bi x 8bi 4+ 32bi = 32bi on a
single NVIDIA A100 GPU.

on Summit and Frontier for various node counts, along
with the corresponding parallel efficiency and the ratio to
the theoretical peak performance. On Summit, performance
scales from 259 TOPS on a single node to 65,172 TOPS
across 256 nodes, achieving 98% parallel efficiency and 68%
of the theoretical peak. On Front ier, the results exhibit even
higher performance, starting at 931 TOPS on a single node and
scaling to 198,361 TOPS with 256 nodes. While the parallel
efficiency decreases slightly as node count increases—likely
due to the increased impact of communication overhead caused
by faster computations—Frontier still achieves 83% par-
allel efficiency and 51% of the theoretical peak with 256
nodes. These findings highlight the exceptional performance
and efficient scalability on Summit and Frontier.

Fig. 6 highlights the significant impact of shared memory
optimization and warp-level cooperation on execution time.
The naive approach, represented by the blue bars, directly
performs atomic operations on global memory. In contrast,
the novel optimized approach, represented by the orange bars,

TABLE VI: Improvement of different implementations.

Vector-based  Matrix-based
CPU CPU
40877.9 241.23

Async-Matrix-based
CPU 8-bit Int
143.943

Async-Matrix-based ~ Async-Matrix-based
GPU 8-bit Int GPU 1-bit Int
16.699 8.84

Time (s)
Incremental

Speedup - 169x 1.67x 8.62x 1.89x

Overall

Speedup - 169x 284x

2447x 4624x

utilizes shared memory at the warp-level to aggregate updates
within a thread block before writing back to global memory.
By assigning one thread per warp (the warp leader) to handle
the final write-back, the approach minimizes redundant mem-
ory transactions and ensures efficient use of shared memory.
This approach achieves a 5X speedup over the naive one.

Figure 7 compares the GPU-based performance across
different implementations. It includes the pure CUTLASS
resident implementation using 1-bit integers to showcase the
performance of GPU-resident matrices without accounting for
data movement. Additionally, it evaluates the pure CUTLASS
implementation while considering data movement, represent-
ing the ideal scenario for typical applications. The figure
further highlights the performance of PaRSEC-CUTLASS
with 1-bit integers, incorporating data movement in 8-bit pre-
cision, and PaRSEC with the cuBLAS 8-bit integer standard-
ized implementation in CUDA. Notably, PARSEC-CUTLASS
achieves performance comparable to pure CUTLASS with data
movement. From a memory perspective, CUTLASS explicitly
constructs both the matching mask matrix and its complement,
requiring storage for the entire symmetric matrix H. In con-
trast, the PARSEC asynchronous implementation leverages the
symmetry of H, allocating storage only for its upper or lower
triangular part while dynamically constructing the matching
mask and its complement on-the-fly.

Table VI summarizes the performance improvements of
various implementations, along with their overall speedup to
the vector-based CPU approach and the incremental speedup.
The results demonstrate a substantial reduction in execution
time, transitioning from the vector-based CPU implementa-
tion to asynchronous matrix-based implementations on GPUs,
achieving improvements of up to three orders of magnitude.

VIII. CONCLUSION

This paper introduces a novel matrix-based Hamming dis-
tance algorithm that achieves unprecedented efficiency and
scalability on modern heterogeneous architectures. The algo-
rithm leverages the combined strengths of CUTLASS, Julia,
and the PaRSEC runtime system to deliver high performance
for large-scale computations. By transforming the traditional
element-wise comparisons into efficient matrix operations,
this approach significantly enhances both computation and
resource utilization, making it well-suited for diverse hardware
platforms, including NVIDIA and AMD GPUs.

Looking forward, we plan to reduce the communication
volume in Julia’s and PaRSEC’s implementations to as little
as 1 bit, as our current experiments indicate a communication
bottleneck for low-precision computations. We also intend to
explore sparsity in the data, particularly in scenarios where the
number of unique elements is large.
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