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Abstract. Zhang’s six-frame Alignment algorithm is a type of sequence
alignment used to identify similarities between DNA and protein sequences
and has a wide range of applications in bioinformatics. Zhang’s six-frame
translates the DNA sequence across all six possible reading frames to specif-
ically account for frameshift errors and variations. Implementing Zhang’s
six-frame sequentially can be computationally expensive, particularly when
dealing with large datasets. To address the said issue, this study explores a
parallel computing approach using NVIDIA’s CUDA programming model to
speed up the implementation of Zhang’s six-frame algorithm. Results showed
speedups averaging 3.51x up to 6.03x for the Drosophila melanogaster dataset
and speedups averaging 3.44x up to 6.44x for the Arabidopsis thaliana dataset
when compared to the sequential implementation.

Keywords: Zhang’s six-frame alignment, DNA-Protein alignment, SIMT,
CUDA, Parallel Computing, High Performance Computing

1 Introduction

Sequence alignment is the process of arranging DNA, RNA, or protein sequences
to detect regions of similarity [1], which is crucial in understanding the functional,
structural, and evolutionary connections between them [2]. Achieving faster and
more efficient sequence alignment is highly crucial given its role as the foundational
first stage in genomic workflows [3]. As such, the acceleration of this process ben-
efits researchers, enabling them to proceed more rapidly with downstream analy-
sis, such as evolutionary biology, proteomics, and genomics. Consequently, sequence
alignment provides valuable information for applications like personalized medicine,
where aligning patient sequences helps uncover mutations, and drug research, where
finding conserved protein domains can help with target selection.

DNA-protein alignment is a type of sequence alignment that compares DNA read
sequences to a reference proteome. Zhang’s six-frame alignment algorithm [5] is a
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DNA-protein alignment algorithm used to compare DNA sequences that experience
sequencing errors with a reference protein sequence. It uses six frames that are
obtained from the forward and reverse complement strands of the DNA sequence.
The algorithm computes the alignment of the six frames by using the three-frame
alignment algorithm [6] twice, accounting for both directional strands. Although
Zhang’s six-frame alignment algorithm can be considered a well-established method
[7], its sequential implementation can be computationally expensive [8]. Thus, a
need for efficient solutions to sequential implementations arises to keep pace with
the growth of data used in such algorithms.

Researchers often utilize parallel computing techniques to enhance the execution
of these algorithms, leading to faster alignments and the ability to process larger
datasets. Single Instruction, Multiple Data (SIMD) and Single Instruction, Multiple
Threads (SIMT) are two parallel computing paradigms that enable effective parallel
processing [9]. SIMD achieves parallelism by allowing a single instruction to operate
on multiple data elements simultaneously through vectorization, utilizing multiple
execution units. It provides a variety of feasible approaches for faster algorithm
executions and is used in most applications that require large data processing [4].
A SIMD implementation of Zhang’s six-frame algorithm [5] using AVX2 applied a
staircase-like method to respect the data dependencies inherent in the three-frame
alignment algorithm. This resulted in a threefold increase in execution speed over the
sequential implementation. On the other hand, Graphics Processing Units (GPUs)
use the SIMT execution model for parallel computing. This method allows a large
number of distinct threads to execute the same instruction concurrently while oper-
ating on different data [10]. This makes the utilization of GPUs a viable approach
for computational workloads that can be divided across multiple processing units.
NVIDIA’s Compute Unified Device Architecture (CUDA), an asynchronous SIMT
programming model, is a parallel computing platform developed for general-purpose
computing on graphics processing units (GPGPU) specifically for NVIDIA GPUs.

At the time of this study, no direct implementations of DNA-protein alignment
algorithms exist in the SIMT paradigm. Hence, this research aims to implement
Zhang’s six-frame Alignment Algorithm in CUDA. Given that, this paper will discuss
the following: Frameshift Alignment Algorithm in Section 2, the SIMT execution
model and CUDA parallel computing platform in Section 3, the system overview
in Section 4, the parallel implementation of the scoring phase of the algorithm in
Section 5, the tests, results, and discussion in Section 6, and finally, the conclusion
and future works will be discussed in Section 7.

2 Frameshift Alignment Algorithm

2.1 Three-Frame Alignment

The original Zhang’s three-frame alignment algorithm [11] was designed to perform
global alignment between DNA and protein sequences. It operates solely on the
forward strand of DNA, examining three possible reading frames, as seen in Figure
1, from the 5’ to 3’ direction.
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DNA Sequence ATGCACTGCACTGCAGTGCATC

Frame 1 M H C T A v T
Frame 2 C T A L Q C T
Frame 3 A L H C S A
Protein Sequence M H S H C H C T

Fig.1: Three-Frame DNA-Protein Alignment (Asterisks mean frameshift)

The approach utilizes a set of matrices, namely the scoring (C), insertion (I), and
deletion (D) matrices, that are initialized with penalties for gaps, which produces
an alignment that stretches across the entire length of the input sequences. The
approach requires the I and D matrices to first be initialized, as seen in Equations
1-3, since the initialization of the C matrix is dependent on the values found in the
two matrices, as seen in Equations 4-10.

1(,0) = o0 1)
D(0,5) = D(2,j) = D(3,j) = —o© (2)
D(1,j) = C(0,5) — gop — gep (3)
C(0,0)=0 (4)
C(0,7) = 1(0, ) (5)
C(4,0) = D(j4,0) (6)
I1(1,5)
C(1,j) =max< D(1,5) (7)
C(0,5 = 1) + S[by, ay]
L 1(2,5)
C(2,4) = max {C(O,j—l)—i—S[bl,aj] —r ®)
N 1(3,7)
C(3,) = max {C’(O,j— 1) + S[by, a;] — 7 ®)
1(4,5)
C(4, 7) = max 3 D7) (10)

C(laj - 1) + S[b47aj]
C(2,j—1)+ Sy, a;] — 7

Once initialized, the algorithm begins processing the remainder of the matrix.
For each cell, the algorithm uses the recurrence relations found in Equations 11-13 to
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decide the best possible scores by comparing the different alignment paths. Finally,
Equation 14 is used to fill up the last cell of matrix C.

16,3) = max 70T 1) 7 9P (1)
C(i,j —1) — gep — gop
D(i,j) = max { D\~ 37) 9 (12)
C(i,j — 1) — gep — gop
I(i,j)
D(i, j)
C(i,j) =max ¢ C(i — 2,5 — 1)+ Slbi,a;] — 7 (13)
C(i—3,5 — 1)+ S[bi, ay]
C(i—4,j—1)+ S, a;] — =

C(N, M) = max ¢
C

2.2 DModified Three-Frame Alignment

In 2021, a modified three-frame alignment version [6] was developed. The modified
version of the algorithm adopts local alignment instead of global alignment. This
shift is reflected in the initialization of the C matrix, where the first row is set to
zero instead of applying a gap penalty as seen in Equation 15. Additionally, for the
computation of the scores in the C matrix, negative values will be set to 0 to allow
for local alignment.

C(0,7) =0 (15)

2.3 Six-Frame Alignment

On the other hand, Zhang’s six-frame alignment algorithm [5] expands the analysis to
cover all six possible reading frames. This includes the three frames from the forward
strand and three additional frames from the reverse complement strand, as seen in
Figure 2. The algorithm runs the modified three-frame local alignment twice: first
on the original strand, and second on its reverse complement. Because each three-
frame alignment involves a dynamic programming matrix with strong inter-cell data
dependencies, performing two such passes significantly increases runtime—making
the six-frame variant especially suitable for parallel acceleration.
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DNA Sequence ATGCACTGCACTGCAGTGCAC
R. Complement AGTGTGCACTGCAGTGCAGTG
Frame 4 S \% H C S A \
Frame 5 v c T A \" Q Cc
Frame 6 Cc A L Q C

Protein Sequence M H S H c H C T

Fig. 2: Six-Frame DNA-Protein Alignment

3 SIMT & CUDA

CUDA, specifically designed for NVIDIA GPUs, offers a full programming environ-
ment for GPGPU processing [12].

CUDA’s interface enables high-performance computing tasks that would other-
wise be inefficient in traditional CPU implementations. CUDA’s design allows sev-
eral threads to execute identical instructions on different data streams, resulting in a
massively parallel computation. Unlike CPU-based vectorization (SIMD), which pro-
cesses fixed-width data lanes, SIMT on GPUs dynamically schedules thousands of
lightweight threads, allowing irregular or dependency-constrained workloads—Ilike
dynamic programming—to be parallelized across wavefronts of independent cells.
CUDA utilizes two forms of parallelism: data parallelism, and task parallelism. Data
parallelism is concurrently running the same operation across multiple data streams,
which is typically used in large-scale matrix or vector operations. In contrast, task
parallelism is concurrently running various operations on different threads [13].

4 System Overview

4.1 Dataset & Inputs

The datasets used in this research consist of reference proteomes and DNA reads
for Drosophila melanogaster and Arabidopsis thaliana from UniProt and ENA [14—
16]. The program accepts two inputs: the DNA read sequences and the reference
proteome dataset.

4.2 Setup Configuration

The implementation uses the BLOSUM62 substitution matrix [17] with gap-open
(gop = 2), gap-extend (gep = 3), and frameshift (7 = 4) penalties.

4.3 Matrix Initialization

Before matrix scoring can be done, the C; I, and D matrices, along with their cor-
responding traceback matrices, must be initialized. The first few rows and columns
of the matrices are initialized, as shown in Equations 1-4, 6-10, and 15. This prepa-
ration ensures that the algorithm’s data dependencies are fulfilled before the matrix
scoring recurrence is performed.



408 A.Z. Arceta et al.

4.4 Matrix Scoring

Due to Zhang’s data dependencies, both implementations must respect computation
order. The Sequential Implementation processes the matrix in a straightforward
row-major order, computing each cell one at a time from left to right and top to
bottom. However, for the CUDA Implementation, a hybrid multi-level anti-diagonal
wavefront technique was implemented (further discussed in Section 5).

4.5 Traceback

After scoring, traceback is performed to obtain the optimal alignment. It will start
at the index where the highest score in the scoring matrix is located, and traces back
from that position based on the values of the traceback matrix until a zero score is
encountered.

5 Matrix Scoring Parallelization with CUDA

Zhang’s recurrence relations impose strong data dependencies: computing cell (4, 5)
requires values from (i —2,5—1), (¢ —3,j —1), and (i —4, j — 1). This prevents row-
or column-wise parallelization but permits computation along anti-diagonals (where
i+j is constant), as all cells on the same anti-diagonal are mutually independent. To
exploit this, we use a hybrid multi-level anti-diagonal wavefront: — The host iterates
over anti-diagonals of 32x32 tiles, launching one kernel per tile anti-diagonal. —
Each kernel computes cells within its assigned tiles along internal anti-diagonals,
using block synchronization to respect intra-tile dependencies. This two-tiered design
enables maximal concurrency while preserving correctness.

5.1 CUDA Configuration

Given the hybrid nature of the implementation, the block size was set to 1024 (32x32)
to fully leverage in-kernel block synchronization across the largest feasible submatrix.
The grid size, in constrast, is dynamically determined within each iteration of the
host-side loop based on the number of submatrices in the current antidiagonal.

5.2 Matrix Parallelization

The implemented hybrid anti-diagonal wavefront technique divides the overall prob-
lem matrices into submatrix tiles that can be processed concurrently along the
macro-level matrix anti-diagonals.

Host Side The implementation utilizes a host-side loop that iterates through the
macro-level anti-diagonals to manage the launching of kernels, as seen in Figure
3. In each iteration of the loop, a CUDA kernel is launched to compute one full
anti-diagonal of 32x32 tiles across the matrices. This host-driven orchestration en-
sures that all tiles within a macro anti-diagonal are ready for concurrent execution,
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respecting the inter-tile data dependencies imposed by Zhang’s recurrence. The im-
plementation also utilizes CUDA streams to enable the concurrent launching of the
forward strand and reverse complement alignment kernels.

Fig. 3: Macro-Level Matrix Anti-Diagonals

CUDA Kernel The CUDA kernel is responsible for calculating the insertion, dele-
tion, and substitution scores and updating the respective matrices in place. In addi-
tion to the scores, traversal values that will be used in the traceback are computed
and stored. Within each assigned 32x 32 tile, the kernel processes cells along internal
anti-diagonals, using block-level synchronization to enforce intra-tile dependencies.
The kernel utilizes a conditional anti-diagonal loop to ensure that only cells belonging
to the current micro anti-diagonal are computed at each step. Block synchroniza-
tion calls are performed in every iteration of the loop to guarantee that threads
wait for required values from the previous anti-diagonal, preventing race conditions.
Grid-stride calculations are performed within the kernel to allow a single kernel
launch to process all tiles in the current macro anti-diagonal. A visualization of this
implementation is seen in Figure 4.

Fig. 4: Visualization of Grid-Stride Anti-Diagonal Computation in CUDA Kernel
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6 Results & Discussion

This section presents the results and analysis from various tests conducted on the
implemented system. The evaluation includes correctness validation (Section 6.1),
execution time performance (Section 6.2), and scalability (Section 6.3).

Tests were conducted on a system with an Intel i7-12700F and an NVIDIA RTX
4070 Super with 32 GB of RAM. The source code is available at https://github.
com/Shiray427/Zhangs-six-frame-in-CUDA.

6.1 Correctness

The correctness of the implementation was confirmed through manual inspection
and external validation using BLASTX [18]. Both tests showed that the outputs,
traceback outputs, scores, and matched protein IDs were consistent and accurate.

Manual Checking To verify the correctness of the implementation, DNA reads
were aligned to known protein sequences using Excel. The matrices were manu-
ally computed based on the recurrence relations above. The computed alignments,
including start and end indices, scores, and selected protein IDs, matched the imple-
mentation outputs. Several test cases, such as perfect matches, insertions, deletions,
and combinations, were tested and returned correct results.

Sequential Parallel Correctness Test

Protein Length Score s_index e_index ime(in sec) Protein Indey Length Score s_Index  e_index Time (in ms) Score s_Index  e_index
0 774 48 561 596 558.071 Top Score 0 774 48 561 596 3759821 TopScore TRUE TRUE TRUE
1 88 38 56 76 610324 198 1 88 38 56 76 321792 198 TRUE TRUE TRUE
2 2718 48 1092 1131 1909.944 Found in 2 2718 48 1092 1131 1076316 Foundin TRUE TRUE TRUE
3 1866 47 850 879 130069 30 3 1866 47 850 879 8023142 30 TRUE TRUE TRUE
4 965 45 806 852 668 9748 4 965 45 806 852 6336205 TRUE TRUE TRUE
5 780 42 714 753 542543 5 780 42 74 753 56.43776 TRUE TRUE TRUE
6 343 46 26 60 2372557 6 343 46 26 60 4067533 TRUE TRUE TRUE
7 834 36 110 138 576.932 7 834 36 110 138 56.05376 TRUE TRUE TRUE
8 2036 53 334 366 1411.246 8 2036 53 334 366 87.3943 TRUE TRUE TRUE
9 400 40 293 334 2746718 9 400 40 293 334 5959885 TRUE TRUE TRUE

10 2176 62 1919 1960 1509.137 10 2176 62 1919 1960 9627853 TRUE TRUE TRUE
" 446 38 58 101 306.3408 " 446 38 58 101 48.13926 TRUE TRUE TRUE

Fig.5: Correctness Verification of Alignment Results

External Cross Checking To further ensure correctness, the results of the im-
plementation were compared with the results of a certified gold standard algorithm
[19], BLASTX. Using the same dataset and inputs, both the CUDA implementation
and BLASTX produced similar alignment paths and identified the same matched
proteins. Differences in alignment scores were attributed to BLASTX’s early ter-
mination heuristics, but the output regions and protein IDs remained consistent,
confirming the accuracy of the implementation.
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6.2 Execution Time

To evaluate the performance of the implementation, the runtime of both sequential
and CUDA (SIMT) implementations were tested. Results were averaged over 30 runs
of the program to eliminate variability and observe consistent behavior. The inputs
used were two 150 length DNA read sequences and the entire reference proteome
datasets, with the fruit fly dataset containing 21,449 protein sequences ranging from
lengths 11 to 22,949, and the mouse-ear cress dataset containing 39,116 protein
sequences ranging from lengths 5 to 5,400.

Drosophila melanogaster For the fruit fly dataset, the program obtained a total
runtime of 153.15 s for sequential and 37.10 s for SIMT, which results in a total
speedup of 4.13x. The average runtimes obtained are 7.14 ms and 1.73 ms respec-
tively, and has a mean speedup of 3.51x and a median speedup of 3.48x. Results are
summarized in Tables 1-2 and visualized in Figures 6-7.

The results show that the CUDA implementation offers significant speedups, es-
pecially for longer sequences; however, for shorter sequences, it can become slower.
This performance behavior is expected in GPU-based systems, where parallel over-
head favors batch processing of larger, more complex workloads. For shorter se-
quences, this overhead may overtake any potential speedups by the implemented
parallelism, resulting in slowdowns.

Table 1: Summary Statistics for Sequential and SIMT Implementation (for Fruit Fly
Dataset)

Sequential (in ms)|SIMT (in ms)|Speedup
Mean 7.1402 1.7300 3.5104x
Median 4.5557 1.3112 3.4797x
Standard Deviation 10.8383 1.9551 -
Min 0.1606 0.2903 0.5468x
Max 245.6083 48.7752 6.0252x

Table 2: Total Runtime and Speedup for Sequential and SIMT Implementation (for
Fruit Fly Dataset)

Sequential (in ms)|SIMT (in ms)|Speedup
153150.4721 37106.7840 4.1273x
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Fig. 7: Speedup vs. Sequence Length for Fruit Fly Dataset

Arabidopsis thaliana For the mouse-ear cress dataset, the program obtained a
total runtime of 134.91 s for sequential and 35.29 s for SIMT, which results in a
total speedup of 3.8224x. The average runtimes obtained were 3.45 ms and 0.90 ms,
respectively. Similar results for the mean and median speedups were also obtained,
3.44x and 3.41x, respectively. Results are summarized in Tables 3-4 and visualized
in Figures 8-9.
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Table 3: Summary Statistics for SIMT and Sequential Implementation (for Mouse
Ear Cress Dataset)

Sequential (in ms)|SIMT (in ms)|Speedup
Mean 3.4489 0.9023 3.4412x
Median 2.5876 0.7459 3.4098x
Standard Deviation 3.1978 0.6162 -
Min 0.0822 0.1450 0.2954x
Max 65.0062 10.9524 6.4371x

Table 4: Total Runtime and Speedup for Sequential and SIMT Implementation (for

Mouse Ear Cress Dataset)

Sequential (in ms)|SIMT (in ms)|Speedup
134908.8647 35293.6498 3.8224x
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Fig. 8: Runtime vs. Sequence Length for Mouse Ear Cress Dataset
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Fig. 9: Speedup vs. Sequence Length for Mouse Ear Cress Dataset

These results further demonstrate the consistent behavior of the CUDA imple-
mentation across datasets: very short sequences incur GPU overhead, leading to
reduced speedups or slowdowns, while longer sequences increasingly benefit from
parallel execution.

6.3 Scalability

In theory, the sequential implementation of Zhang’s six-frame Alignment has a time
complexity of O(nm), where n is the DNA length and m is the protein length, due
to nested cell dependencies. The CUDA-based parallel version, using a hybrid multi-
level anti-diagonal wavefront technique, reduces this to O(n+m — 1) in practice by
enabling concurrent computation along anti-diagonals. To assess this scalability, a
2x2F test was conducted, aligning two DNA inputs against increasing numbers of
reference sequences, from 28 to 2'* for Fruit Fly, and 2% to 2'° for Mouse-Ear Cress.
See Figures 10 and 11 for results.

These results align well with theoretical expectations, where the scalability of the
parallel approach shows reduced complexity. Results show that the CUDA imple-
mentation achieves significantly better performance as input sizes grow, validating
the effectiveness of the implementation. Initially, at smaller sequence counts, the dif-
ference in execution times is also relatively small. As the sequence count increases,
however, the absolute difference between the two implementations becomes signifi-
cantly larger. This indicates that the parallel implementation scales more favorably
as datasets become larger. While both implementations curve upward, the parallel
execution time curve’s slope is noticeably less steep. Thus, the results clearly show
that the parallel implementation exhibits significantly better scalability as compared
to the sequential one, and grows at a much slower rate.
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7 Conclusion

This study demonstrated the capabilities of CUDA, a SIMT execution model, to
speed up the execution of Zhang’s six-frame algorithm that possesses inherent data
dependencies. This work demonstrates that the anti-diagonal paradigm can be ef-
fectively implemented in CUDA SIMT, and achieved this by leveraging a hybrid
multi-level anti-diagonal wavefront technique, a modified version of the anti-diagonal
technique to fit the parallel framework of the SIMT model. The implementation
achieves a mean speedup of approximately 3.5x, validating the effectiveness of the
hybrid wavefront design.

Future work includes a purely device-side implementation to eliminate host-side
overhead and enable deeper GPU optimization using tools like NVIDIA Nsight,
helping to analyze performance bottlenecks in the researchers’ implementations.
Speedups can also be explored in the other phases of the program, such as ini-
tialization and setup.

Finally, this study serves as proof of concept for the utilization of GPUs in the
field of bioinformatics, especially for more complex algorithms such as Zhang’s Six
Frame. This will enable faster processing of data in the field of bioinformatics, which
will allow faster downstream analysis in the field of genetics.
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