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Abstract

Summary: TENET reconstructs gene regulatory networks from single-cell RNA sequencing (scRNAseq) data using the transfer entropy (TE),
and works successfully on a variety of scRNAseq data. However, TENET is limited by its long computation time for large datasets. To address
this limitation, we propose FastTENET, an array-computing version of TENET algorithm optimized for acceleration on manycore processors
such as GPUs. FastTENET counts the unique patterns of joint events to compute the TE based on array computing. Compared to TENET,

FastTENET achieves up to 973 performance improvement.

Availability and implementation: FastTENET is available on GitHub at https://github.com/cxinsys/fasttenet.

Graphical abstract

Accelerated TENET algorithm
based on manycore in Python
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1 Introduction

The advent of single-cell RNA sequencing (scRNAseq) has rev-
olutionized our understanding of cellular dynamics. To date, a
large amount of scRNAseq data has been accumulated, requir-
ing the development of various algorithms and software for
scRNAseq data analysis (Eisenstein 2020, Andrews et al.
2021, Granja et al. 2021). The reconstruction or inference of a
gene regulatory network (GRN) is one of the most important
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approaches to understand biological mechanisms by analyzing
the regulatory relationships between genes at the system level
(Pratapa et al. 2020, Kim et al. 2024).

TENET is a GRN reconstruction tool that employs the transfer
entropy (TE) concept in information theory to quantify the
strength of the causal relationships between genes from
scRNAseq expression data (Kim et al. 2021). It has been used to
successfully reconstruct GRNs and identify key regulators from
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various datasets, including mouse embryonic stem cells, cardio-
myocyte reprogramming (Kim ef al. 2021), and mouse embryonic
fibroblasts during autophagy (Kim ez al. 2022).

Furthermore, TENET has broad applicability because it
applies the concept of transfer entropy to infer causal rela-
tionships between time-dependent variables. TENET has
demonstrated superior performance in identifying key regula-
tory factors in areas such as stem cell differentiation, autoph-
agy, and Parkinson’s disease. It can be used to analyze and
elucidate key regulatory factors across various cellular trajec-
tories, including developmental processes and complex dis-
ease progression. By identifying critical regulators, TENET
can advance the understanding of stem cell engineering and
facilitate the discovery of therapeutic targets for complex dis-
eases such as neurodegenerative disorders and cancer.

However, the sequential flow of multiple loops with multi-
ple branches in the original implementation of TE computa-
tion creates a performance bottleneck for TENET. This issue
becomes more pronounced when analyzing larger datasets or
when combining various types of heterogeneous datasets. To
improve the performance of TENET, we have developed
“FastTENET,” an accelerated implementation of TENET
that leverages parallel processing on manycore processors.
We have designed array structures specialized for parallel
computing and developed parallel algorithms to compute TE
based on these structures. In our experiments, FastTENET
running on four NVIDIA GeForce RTX 4090 GPU devices
has achieved up to a 973X performance improvement over
the original TENET running on 32 CPU cores. The perfor-
mance improvement of FastTENET depends on the charac-
teristics of the given data; specifically, the less diverse the
gene expression values within the time series data of a gene
pair, the better the performance of FastTENET. FastTENET
supports a variety of computing resources, such as CPUs,
GPUs, and TPUs (Tensor Processing Units), as its array com-
puting functionality is powered by various acceleration
frameworks including NumPy (Harris et al. 2020), CuPy
(Okuta et al. 2017), JAX (Bradbury et al. 2018), TensorFlow
(Abadi et al. 2015), PyTorch (Paszke et al. 2019), and
PyTorch Lightning (Falcon et al. 2019).

2 Materials and methods
2.1 Basic concept

TENET quantifies the amount of putative causal relation-
ships between genes from scRNAseq data by calculating bidi-
rectional pairwise TEs for selected genes. The TE from Y to
X is defined by Equation (1).

TEy . x = H(X;11|X:) - H(X 1 1/Xs, Y1)

p(Xev1, X, Y)p(X,) (1)
Y (X1, Xo V)l ,
2 X r, X ) OgP(XHhXt)P(Xt»Yt)

where H(X) is Shannon’s entropy of X and ¢ is the time. The
TE calculates the amount by which the uncertainty in X, 1 is
reduced by the information in Y, (Supplementary Fig. S1).
According to the definition of Shannon’s entropy, TE can be
expressed as a sum of joint probabilities. To obtain the joint
probabilities, TENET counts the occurrence of joint events,
(Xe41, X, Yy), (Xp41,X4), (X, Yy), and (X;), in the time series
data of a gene pair (X, Y). Given that the gene expression val-
ues in scRNAseq data are typically continuous, it is necessary
to discretize the values (i.e. a bin index must be assigned to
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each value) to count the joint events and thereby approximate
the TE (Supplementary Figs S2-S5). TENET performs ,,P, TE
computations, considering all possible bidirectional relation-
ships between all 7 genes.

2.2 Data structures for array computing

To accelerate the computation of TENET, we have employed
an array computing approach with parallel processing on
manycore processors (Fig. 1A). The first step in array com-
puting is the creation of array data structures that can be dis-
tributed evenly to multiple workers for parallel processing.
As the TE computation requires counting the four types of
joint events to calculate the joint probabilities in Equation
(1), it is necessary to design the count array for array comput-
ing. The most intuitive way to design the count array is to in-
terpret the discretized values or bin indices of the gene
expression at time ¢ as the indices of the count array (Fig. 1B
and Supplementary Figs S6 and S7). For example, if we count
the joint event (X, 1,X;,Y,) for a gene pair (X, Y), then the
count array of joint event (X; 1, X, Y;) can be represented as
C(x,.1,x.v,) in Equation (2).

-1
C(XHLX,,Y,)[LL k] = Z][(Bx[t-’- 1],Bx[t],By[tD,
et S (2)
1, if x=i,y=jz=k,
f(x,y,2) :{

0, otherwise,

where I, is the length of time and By is the bin index of the ex-
pression values of gene X. The size of the count array C is de-
termined by the size of the largest bin index array B in
Equation (2). However, this approach has a critical limita-
tion. The count array exhibits extreme sparsity due to the
wide range of expression values present in the time series
data for each gene, as well as the low frequency of joint
event patterns.

Figure 1B shows a toy example of the count array with ex-
treme sparsity. The expression of gene X and gene Y is syn-
thetic data. These values are discretized into five categories
and represented as discrete patterns. The occurrences of four
joint events are counted from the bin index array. In this ex-
ample, the count array Cx,., x,v, has extreme sparsity: the
proportion of zero values is 89.6%. This sparsity frequently
leads to out-of-memory errors, thereby constraining the
batch size applicable for parallel processing.

To overcome this limitation by ensuring that memory
space is not wasted, we have developed array data structures
that consider only the patterns of joint events present in the
discretized time series data, rather than all possible patterns
(Fig. 1C). FastTENET identifies and counts the four joint
event types from the discretized time series data of all gene
pairs to create the four count arrays of joint events. A crucial
step in creating the four count arrays involves repeating and
sorting the patterns in each count array, thereby ensuring the
alignment of pattern positions across the count arrays for ar-
ray computing (Fig. 1C and Supplementary Figs S8-517).

2.3 Parallel processing on manycore processors

FastTENET supports parallel processing on manycore pro-
cessors to compute the TE. Users can select multiple CPU
cores for multiprocessing and manycore processors for accel-
erating the array computing. FastTENET divides scRNAseq
data into multiple batches according to the available
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Figure 1. Overview of FastTENET and performance comparison. (A) Workflow of parallel processing. (B) A toy example of the count array Cix, , x,.v,) In
Equation (2), illustrating extreme sparsity. (C) An example of creating count arrays specialized for parallel computing in FastTENET. (D and E) Relative
performances of FastTENET on the (D) mESC neural differentiation dataset and (E) skin cancer dataset across various computing systems. All
experiments of original TENET were conducted with Intel Xeon Silver 4214R 32 CPU cores. (F and G) Execution times of FastTENET across various
manycore acceleration frameworks on the (F) mESC neural differentiation dataset and (G) skin cancer dataset, utilizing NVIDIA A5000 GPUs in System 4.
Refer to Supplementary Table S1 for detailed configurations of the computing systems.
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computing resources. In other words, it spawns multiple pro-
cesses, and each process is assigned to a specific manycore de-
vice to compute the TE of a single batch. Users need to set the
available manycore devices, number of processes per device,
and batch size per device for parallel processing. The results
of each batch are combined into a single array through the
shared memory among the multiple processes (Fig. 1A). The
mathematical operations of array computing can be signifi-
cantly accelerated by manycore processors, such as GPUs or
TPUs. The array computing of FastTENET is supported by
various acceleration frameworks such as CuPy, JAX,
TensorFlow, PyTorch, and PyTorch Lightning.

2.4 Experimental setup

We conducted experiments with two scRNAseq datasets
(Supplementary Section S4.2) to evaluate the performance of
FastTENET compared to TENET. The first dataset is the
mESC neural differentiation dataset; it was utilized for evalu-
ating TENET (Setty et al. 2016, Tuck et al. 2018). In our ex-
periment, we used the mESC dataset consisting of 3281
highly variable genes and 459 cells. The second dataset is the
skin cancer dataset, which is constructed by integrating mul-
tiple datasets obtained from the GEO database (Ji et al. 2020,
Gaydosik et al. 2020, Kfoury et al. 2021). In our experiment,
the skin cancer dataset consists of 1960 highly variable genes
and 7490 cells.

The performance comparison was conducted on eight dif-
ferent computing systems (Supplementary Table S1). The
baseline for the performance comparison was defined as the
execution time of TENET on System 4 with 32 CPU cores.
The execution times of FastTENET were measured by vary-
ing the number of GPU devices. The maximum number of
GPU devices varies from system to system due to heteroge-
neous hardware configurations. The batch size of each pro-
cess was determined by the given dataset to maximize the
GPU memory usage. The experiments were repeated 10 times
for both datasets. The relative performance of FastTENET
was obtained by dividing its execution time by that of
TENET. In addition, we have also analyzed the performance
of the manycore acceleration frameworks of FastTENET on
System 4. Each experiment was repeated 10 times on both
datasets, with incremental scaling up to eight GPU devices.

3 Results
3.1 Performance improvement

The maximum performance improvement of FastTENET on
the mESC dataset was 67X when utilizing the maximum ca-
pacity of the GPU resources in System 5 (Fig. 1D). On System
5, the average computation time of TENET on the mESC
dataset was 1361 s (22.68 min), whereas FastTENET re-
quired only 20 s (0.34 min) with the maximum hardware uti-
lization (Supplementary Fig. S24A). For the skin cancer
dataset, FastTENET achieved a significant performance im-
provement of up to 973x (Fig. 1E). The performance of
FastTENET was further improved on both datasets by utiliz-
ing more GPU devices (Fig. 1D and E). On the skin cancer
dataset, the average execution time of TENET was 7783 s
(129.71 min). FastTENET, on the other hand, could reduce
the execution time to 7.8 s (0.13 min), which was about 973
times faster than TENET (Supplementary Fig. S24B).
Interestingly, the actual execution time for the skin cancer
dataset is much lower than that for the mESC neural
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differentiation dataset, even though the size of the skin cancer
dataset is approximately 9.7 times larger than that of the
mESC dataset. This is because the number of unique patterns
associated with the joint events, rather than the data size,
critically affects the execution time of FastTENET
(Supplementary Figs S23 and S24, Supplementary Tables S3
and S4). The overall experimental results for the mESC and
skin cancer datasets suggest that FastTENET is considerably
faster than TENET. However, it is noteworthy that the extent
of performance improvement may vary depending on the
scRNAseq data under consideration.

3.2 Manycore acceleration framework

The computation time of FastTENET with PyTorch
Lightning was minimal compared to the other frameworks
(Fig. 1F and G). In contrast, the average computation time of
FastTENET with CuPy on the mESC dataset was 8520 s (142
min), demonstrating the slowest performance when utilizing
a single A5000 GPU (Fig. 1F). On the skin cancer dataset,
JAX was the slowest framework when utilizing a single
AS5000 GPU, with the average computation time of 1308 s
(21.8 min) (Fig. 1G). The variation in performance ranking
between CuPy and JAX across datasets is attributed to differ-
ences in their implementations of “unique” and “repeat”
functions (Supplementary Fig. S18).

3.3 In-depth performance analysis

Further experiments were conducted to analyze the impact of
parameter conditions and data size on the execution times of
FastTENET (Supplementary Figs S19-S22). The results indi-
cate that utilizing the maximum available resources is recom-
mended for FastTENET. However, optimal parameter
conditions should be heuristically decided due to the impact
of the data characteristics (e.g. the number of unique pat-
terns) on the performance of FastTENET. The TE approxi-
mations of FastTENET and TENET were compared to
identify key hub regulators by varying the discretization
methods used in FastTENET (Supplementary Figs $26-S28).
Moreover, we evaluated the performance of FastTENET in
terms of execution time and its ability to identify key hub reg-
ulators, comparing it with other GRN reconstruction algo-
rithms. Additionally, we analyzed the impact of discretizing
and smoothing functions on the discovery score achieved by
FastTENET (Supplementary Figs S25, S29 and S30).

4 Conclusion

FastTENET is an accelerated implementation of TENET
based on manycore parallel processing. To accelerate the
TENET algorithm, we have developed the array data struc-
tures specialized for array computing on manycore process-
ors with multiprocessing. FastTENET demonstrates scalable
performance improvement in inferring GRNs from large-
scale scRNAseq datasets by leveraging manycore devices.
FastTENET incorporates an abstraction layer that unifies
various manycore acceleration frameworks into a single AP
Consequently, the performance of FastTENET is expected to
improve as the acceleration frameworks evolve alongside fu-
ture manycore devices. We expect that the advancement of
manycore devices will lead to improvements in the computa-
tion speed of FastTENET without requiring any
modifications.
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