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Abstract

Self Organizing Maps (SOMs) are unsupervised, shallow, artificial neural networks, built on top of
the competitive learning principle, and typically employed for clustering, dimensionality reduction and
high-dimensional data visualization. This paper presents XPySom, a high-performance and parallel
implementation of SOMs for Python, with a focus on acceleration of the computations through the use
of multicore processors and GP-GPUs. After describing the major design and implementation choices, we
present results from an extensive experimental evaluation of XPySom on the Extended MNIST openly
available dataset of handwritten digits. On this dataset, the training time is shown to be up to two
orders of magnitude faster than existing open-source SOM implementations, taking as little as 2 seconds
to train the model on the 240000 images in the dataset for 100 epochs. The implementation is released
under an open-source GPLv3 license, and made publicly available as the xpysom package for Python.

Keywords: self-organizing maps (SOMs), performance comparison, experimental evaluation, GP-GPU
acceleration

1. Introduction

In recent years, the adoption of data-driven
techniques for decision-support services has grown
steadily across a variety of application domains.
This growth has been driven by the rapid evolu-
tion of Information and Communication Technolo-
gies (ICTs) over the last two decades. First, the
widespread availability of affordable, high-speed In-
ternet connectivity has enabled the collection and
sharing of increasingly massive quantities of on-
line data. Second, the Internet-of-Things (IoT)
paradigm [1] has interconnected a vast number of
data sources and sinks, causing an unprecedented
surge in daily data traffic. Third, the rise of
cloud and big data technologies [2] has introduced

1Riccardo Mancini was at Scuola Superiore Sant’Anna
while working on this paper. Now, he is a software engineer
in AWS Lambda.

ubiquitous, on-demand scaling to process and ex-
tract critical value from these ever-expanding data
streams [3]. Finally, heterogeneous hardware ar-
chitectures have evolved to deliver greater pro-
cessing power with significantly lower energy foot-
prints. Key milestones in this hardware transi-
tion include the development of multi-core and
many-core processors, and more recently, General-
Purpose Graphics Processing Units (GPUs). To-
gether, these advancements have enabled complex
processing scenarios that were practically unimag-
inable just a decade ago.

These technological shifts have enabled the de-
ployment of highly sophisticated data processing
pipelines. This drove the transition towards the
modern era of data science, where Machine Learn-
ing (ML), Artificial Neural Networks (ANNs), and
Deep Neural Networks (DNNs) are trained on vast
datasets, learning their behavior directly from data
rather than relying on manually written code.
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This rapid ICT revolution has driven the emer-
gence of highly complex data processing services
that demand substantial computational power [4].
To keep computations within reasonable time limits
and at sustainable costs, smart optimizations and
hardware acceleration techniques, including many-
core processors and heterogeneous computing with
GPU and FPGA accelerators, have become fun-
damental building blocks for supporting modern
high-performance embedded systems [5, 6, 7, 8, 9].
In this context, the use of GP-GPUs has be-
come the de-facto standard to accelerate ML ser-
vices [10, 11, 12], coupled with the use of the in-
creasingly popular Python programming language,
thanks to the availability of good libraries with ef-
ficient native implementations.
As an instance of this growing trend, researchers

have been investigating the acceleration of Self-
Organizing Maps [13, 14, 15], given their suitabil-
ity to analyze huge quantities of data available in
a multitude of diverse domains, including: medical
images analysis [16]; defect classification in the steel
industry [17, 18, 19]; analysis of web network traf-
fic [20]; and behavioral analysis of virtualized net-
work functions within Telecommunication infras-
tructures [21, 22].

1.1. Paper Contributions

This paper presents XPySom, a high-
performance, parallel and efficient implementation
of SOMs in Python focusing on multicore and
GPU acceleration, leveraging on the use of the
numpy [23] and cupy [24] libraries. It is released
as the open-source xpysom package for Python2.
XPySom achieves high efficiency and performance
by exploiting the linear algebra optimizations pro-
vided by native BLAS libraries3, such as the Intel
Math Kernel Library (MKL) [25] and cuBLAS4.
We rearrange the data processing operations to
avoid slow interpreted loops in Python, replacing
them with matrix-based operations that leverage
highly optimized native library functions. This
design makes optimal use of the available paral-
lelism and GPU acceleration. With a streamlined

2More information at: https://github.com/Manciukic/

xpysom.
3More information at: http://www.netlib.org/blas/.
4More information at https://docs.nvidia.com/cuda/

cublas/index.html

codebase, XPySom invokes the underlying NumPy
or CuPy libraries only a few times per training
batch, resulting in a high-performance implemen-
tation that outperforms alternative open-source
SOM libraries.

An experimental comparison of XPySom is per-
formed on the Extended MNIST [26] data set,
which contains 240000 28x28-pixel pictures of
handwritten digits, against other popular open-
source implementations: MiniSom [27], Tensor-
Flow SOM [28], Somoclu [29, 30], SOMvec [31], and
SuSi [32, 33]. The experiments show how XPySom
is an order of magnitude faster than the other eval-
uated SOM implementations, both for multicore
and GPU-accelerated platforms, and it is up to 2
orders of magnitude faster in some benchmarks.

1.2. Differences from prior conference version

This paper extends our prior conference publi-
cation [13], introducing: (1) algorithmic optimiza-
tions via caching of constant terms for pairwise
Euclidean distances and generalized Minkowski p-
norm formulations (Sections 4.1 and 6.5); (2) an
expanded comparative evaluation in Section 6.3 in-
cluding two additional SOM implementations (SuSi
and SOMvec); (3) new experimental results per-
formed on an upgraded hardware (Intel Xeon E5-
2698 v4 CPU and NVIDIA Tesla V100 GPU), com-
plementing the ones on the older setup in [13]
(i7-4790K CPU and GTX 1080Ti GPU); and (4)
updated scaling and quantization error conver-
gence benchmarks comparing all seven implementa-
tions and different distance functions (Section 6.4).
These additions provide a comprehensive evalua-
tion of the performance-accuracy trade-offs achiev-
able through XPySom.

1.3. Paper Organization

This paper is organized as follows. Section 2 pro-
vides an overview of SOMs and their state-of-the-
art implementations. Section 3 briefly discusses rel-
evant works found in the research literature. Sec-
tion 4 presents XPySom, discussing the most im-
portant choices in its design regarding optimized
execution and parallelization, while Section 5 pro-
vides additional implementation details. Section 6
shows an experimental evaluation of XPySom, com-
paring against other widely used open-source SOM
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implementations. Section 7 provides some final re-
marks, along with a brief discussion of possible di-
rections for future work on the topic.

2. Background

This section presents background concepts about
Self Organizing Maps, explaining the general work-
ing of the algorithm (Section 2.1), and then de-
scribing the two most common variations: the on-
line learning algorithm (Section 2.2) and the batch
learning algorithm (Section 2.3).

2.1. Self Organizing Maps

A Self Organizing Map (SOM) [34] is a particular
type of unsupervised and shallow Artificial Neural
Network, based on the competitive learning prin-
ciple, used mainly in clustering and dimensional-
ity reduction. The core idea is that a SOM maps
a high-dimensional space into a lower-dimensional
one (most commonly 2D), while preserving topology
and distribution of the original data. This lower-
dimensionality representation can be used for visu-
alization, decision-making, and anomaly detection.
The dimensionality reduction is performed in a

SOM through an unsupervised vector quantiza-
tion technique that maps a set of N-dimensional
input data samples V ⊆ RN into a finite set
W = w1, ..., wM , wi ∈ RN of vectors, called code-
books or weights. The codebooks correspond to
two-dimensional nodes L in a finite lattice graph,
called neurons or units {ri}. The lattice graph is
embedded in a (usually bi-dimensional) euclidean
space, forming a regular tiling. For example, a fi-
nite grid lattice L ⊂ R2 of dimensions LW × LH ,
with LW , LH ∈ N, can be obtained as follows:

L = {hA+ kB | 0 ≤ h < LW , 0 ≤ k < LH , h, k ∈ N} ,

where A,B ∈ R2 determine its shape. For ex-
ample, a rectangular grid is obtained by using
A = (1, 0), B = (0, 1), while a triangular one with

A = ( 12 ,
√
3
2 ), B = (1, 0). Elements ri of the lattice

are usually indexed from 1 to M = LW × LH .
Formally, a SOM can be defined as a pair (w, b),

where:

• w : L → RN , wi = w(ri) is a discrete map
from the two-dimensional lattice L into the
N-dimensional vector space of samples in V ,
called features space;

• b : RN → L returns the best-matching unit
(BMU) for each input data depending on a dis-
tance d within the feature space:

b(x) = argmin
ri∈L

d(x,w(ri)).

Usually, the Euclidean distance is used, but other
choices are possible, like the cosine distance [35],
shown in Equation (1a), or the Minkowski p-
norm [36], shown in Equation (1b), where for exam-
ple the Manhattan distance can be obtained with
p = 1, or the Euclidean one with p = 2:

dcosine(x,wi) = 1− x · wi

||x|| · ||wi||
; (1a)

dminkowski(x,wi, p) = p

√∑
j

|xj − wi,j |p. (1b)

When an input sample x is mapped to a trained
SOM, its associated BMU b(x) identifies the neuron
whose weight vector w(b(x)) is as close as possible
to x according to the chosen distance d, i.e., the
best “approximation” of x is identified, among the
weight vectors. Therefore, a SOM is trained by in-
crementally adjusting the weights of the individual
neurons to decrease the average distance between
the input samples and their looked-up BMU weight
vectors. This can be done either through an online
or batch learning procedure, as detailed below.

2.2. Online learning

With the SOM online learning algorithm, for
each training epoch T , the weights are updated at
each iteration t from a given input vector x ∈ V .
An epoch ends when all input vectors in V have
been processed exactly once. At each iteration
t, the BMU b(x) is found and the weights of all
units are updated according to a given neighbor-
hood function h : (L,L,N) → R, a learning rate
function η : N→ R, and a radius function δ : N→
R, as shown in Equation (2a), where w

[t]
i represents

the weights of neuron i at the previous iteration t

and w
[t+1]
i are its new weights.

w
[t+1]
i = w

[t]
i +h(b(x), ri, t)(x−w

[t]
i ) ∀ri ∈ L. (2a)

h(r, s, T ) = η(T )e−
||r−s||2

δ(T ) , r, s ∈ L. (2b)
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A popular choice for h is for example the Gaus-
sian neighborhood function [37] shown in Equa-
tion (2b). The learning rate η(T ) and radius δ(T )
decrease with the current epoch T , to make the
algorithm converge. Usually, exponentially or lin-
early decreasing functions are used for both. The
neighborhood function h acts as a magnet to at-
tract units close to the BMU in order to preserve
the lattice topology. Thus, not only the winning
neuron is updated, but all of them, depending on
their distance from the BMU. Optionally, the h
function may be forced to zero beyond a maximum
distance between the BMU b(x) and ri, to keep
neuron updates compact, local to neurons close to
the BMU.
Before starting the training, the weights are ini-

tialized, either randomly sampling the V dataset,
or using Principal Components Analysis [38].

2.3. Batch learning

Although conceptually simple, the online SOM
learning algorithm is not suited for parallel imple-
mentation because each iteration depends on the
previous one. Consequently, multiple input sam-
ples cannot be evaluated concurrently, as each one
of them modifies the weights. The batch learning
algorithm [39] resolves this serialization bottleneck
by enabling concurrent evaluation of multiple in-
put samples. Instead of updating the weights at
each data sample, the algorithm processes a batch
B ⊆ V of data samples and computes the weight
updates using their weighted average, as shown in
Equation (3). This formulation allows parallel com-
putations of all terms in both numerator and de-
nominator sums.

w
[t+1]
i =

∑
x∈X h(b(x), ri, T )x∑
x∈X h(b(x), ri, T )

, ∀ri ∈ L. (3)

2.4. Quantization error

The quality of a trained SOM is usually measured
in terms of the average distance of the samples in V
to their respective BMUs in the final weights after
training. This is done recurring to the so called
quantization error, defined as:

ϵ =
1

| V |
∑
x∈V

d(x,w(b(x))). (4)

This metric decreases through the training epochs.
Using batch learning to train the SOM usually

results in the need for a higher number of train-
ing epochs, compared to using online learning, to
achieve a target accuracy in terms of quantiza-
tion error. However, the performance advantages
obtained through parallelization make this worth-
while. Therefore, when comparing different SOM
implementations in terms of their performance and
execution time, it is important to keep an eye on
the quantization error, to make sure that the com-
parison is carried out at equal or comparable final
accuracy. This will be highlighted in Section 6.4.

3. Related Work

Practically, most data-intensive algorithms, like
ML ones, can take advantage of the parallelism
in modern hardware architectures. This includes
clustering techniques [40], like SOMs, visualiza-
tion methods for many-dimensional spaces [41],
and classic statistical algorithms [42]. In partic-
ular, SOMs, in their batch formulation, can easily
take advantage of parallel computations in multi-
ple processors and, also SIMD architectures, like
GP-GPUs and the SIMD extensions available in
modern high-end processors, like Advanced Vec-
tor eXtensions (AVX) [43], and Streaming SIMD
Extensions (SSE). However, in these architectures,
most of the time memory accesses become the bot-
tleneck for high-performance, and implementations
that make smart use of caches and memory lo-
cality exhibit superior performance. For this rea-
son, highly optimized libraries, called BLAS, have
been developed for performing the most common
linear algebra operations, like Intel MKL [25] and
cuBLAS [44]. In the research literature, multiple
works addressed further the performance and opti-
mization of SOMs, many of which focusing on ac-
celerating computations via multicores and GPUs.

3.1. Concurrent computation of SOMs

In [45], a proposal for the parallelization of SOMs
using online learning is proposed. In order to con-
currently compute the BMU for each input sample,
the lattice is subdivided into P partitions, where
P is the number of processes. Each process is
then responsible for computing the local minimiza-
tion problem and finding the BMU in its partition.
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Then, the partial results are aggregated to find the
final BMU, and the result is propagated back to the
other processes, to update the weights of the neu-
rons they are responsible for. The authors show
experimentally that the synchronization overhead
is negligible compared to the cost of the floating
point operations involved in the calculations, and
report that the results could be improved by ex-
ploiting better the L2 cache.
In [46], the authors implemented a SOM combin-

ing both data and model parallelism, pushing the
parallelization capability of the batch training al-
gorithm to the extreme. Not only the training set
is split into independently-processed batches, but
also the map is partitioned at unit weights-level, as
in [45]. This enables a single (CPU or GPU) thread
to handle updates for only a neuron. The method
is shown experimentally to perform best when deal-
ing with many input samples, but its effectiveness
is reduced as the features per data point increase.
Some researchers tackled the problem of dis-

tributed architectures for training SOMs on vast
amounts of input data. In [47], the Spark frame-
work was used to efficiently scale the computa-
tions onto massive datasets of up to 100 million
points. In [29], the researchers developed an im-
plementation based on the MapReduce-MPI [48]
framework, which is used to distribute the compu-
tation over multiple processes, and also on GPUs.
The approach is refined in a following work [30],
which presents an open-source parallel SOM li-
brary, called Somoclu. In this renewed imple-
mentation, the MapReduce framework is replaced
with MPI (for inter-node communications), and
OpenMP (for single-node parallelism). For GPU
execution, the Thrust [49] and cuBLAS [44] li-
braries are used. This results in a flexible solution
that can be used both on single machines and on
clusters, capable of exploiting both multicore CPUs
and multiple GPUs. Furthermore, the library ex-
poses interfaces compatible with widely-used data
analysis ecosystems, like Python, R and MATLAB.
However, despite the claimed efficiency of the im-
plementation, in Section 6 we will see how the much
simpler design of our proposed XPySom results in
a processing efficiency that is an order of magni-
tude better on both multicores and GPU-equipped
platforms.
Finally, Lachmair et al. [14] performed an in-

depth analysis of the energy efficiency and per-

formance of multiple architectures, and concluded
that none of them performs consistently better than
the other in terms of energy efficiency for the com-
plete design space. In particular, ARM-based SoCs
achieved the highest efficiency for small network
sizes, while FPGAs and GPUs performed best for
large data sets. Large simulations especially bene-
fit from the FPGA implementation, outperforming
the optimized CPU implementation by a factor of
220, and providing a 28-times higher energy effi-
ciency. In the comparison presented in this paper,
we did not perform energy consumption measure-
ments, as our focus was on reducing the execution
time of SOM training tasks, but this might be a
possible dimension to consider in the future.

3.2. GPU acceleration of SOMs

Regarding GPU implementations, an OpenCL-
and CUDA-based approach combined with MPI is
evaluated compared to a multi-processor only base-
line in [50]. The approach is suitable for both single
and multiple GPUs, but is shown not to provide sig-
nificant gains in the latter, due to the synchroniza-
tion requirements during the training procedure.
Furthermore, the CUDA implementation is faster
than the OpenCL one, given the specificity to the
NVIDIA GPUs being used.

In [51], Xiao et al. remark that GPU implemen-
tations of SOMs are inefficient when big neighbor-
hoods are used, due to the large number of weights
update operations that need to be serialized. To
address it, the researchers developed a novel ap-
proach that implements the distance computation
between the training samples and the weights ex-
ploiting the parallelism of the compute shader in
the rendering capabilities of GPUs.

Liu et al. [52] proposed a heterogeneous parallel
implementation based on MPI and CUDA, that is
particularly efficient in distributing the load onto
multiple GPUs thanks to the process- and thread-
level data parallelism that is employed. Partic-
ularly, the batch learning algorithm with a sin-
gle weight update per epoch (batch size equal
to training data size) is used, where the most
computationally-intensive parts can be turned into
matrix operations that can be performed with
cuBLAS, fully exploiting the computational capac-
ity of GPUs.

Only a few of the approaches described above are
generally available as up-to-date open-source soft-
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ware that can be run on modern platforms. In what
follows, our proposed open-source XPySom is first
described in Section 4, then evaluated experimen-
tally in Section 6, where we show evidence of the
effectiveness of its streamlined design and efficient
implementation, compared to the available open-
source alternatives.

4. A Novel “Matrix” Approach for SOM

This section introduces the “matrix approach” to
the batch learning algorithm that is implemented
by XPySom. Writing efficient, custom vectorized
code for CPUs and GPUs is a complex task. Per-
formance depends not only on the raw number
of executed operations, but also heavily on mem-
ory access patterns that exploit data locality and
hardware caches, which vary significantly across
architectures. To address this complexity, ready-
made Basic Linear Algebra Subprograms (BLAS)
libraries are widely available. These libraries lever-
age SIMD extensions on CPUs and highly opti-
mized memory access patterns to maximize cache
utilization and data locality.
Rearranging the batch learning algorithm formu-

las (Section 2.3) into matrix operations allows us
to leverage these highly optimized BLAS routines,
outperforming custom implementations. Further-
more, this matrix-based abstraction simplifies port-
ing the algorithm between CPU and GPU plat-
forms. For more implementation details, see Sec-
tion 5.
In the following, we will assume that the batch

X of input data samples is arranged in a B × N
matrix (i.e. X ∈ RB×N ), where B is the number
of data samples in the batch, and N the number
of dimensions. The weights of the neurons are in
turn arranged into a matrix W of size M ×N (i.e.
W ∈ RM×N ), where M = LW × LH is the number
of neurons.
The remaining sections are organized in the or-

der in which the operations are executed in the
algorithm. First, the pair-wise distances between
batch input samples and the weights are computed
(Section 4.1). The result is a matrix D = {di,j} ∈
RB×M , where each item di,j is the distance between
the ith input sample in X and the jth weight vector
in W . Next, the best matching units (BMUs) for
each input data sample in the batch are found (Sec-
tion 4.2). This means finding the index of the small-

est value in each row of D as a vector BMU ∈ NB .
Then, the neighborhood function is computed for
each element of the BMU vector, yielding a ma-
trix H ∈ RB×M (Section 4.3). Finally, the nu-
merator and denominator sums are aggregated and
the weights of the neurons are updated, after all
batches in input, by diving element-wise the nu-
merator matrix N ∈ RM×N by the denominator
vector D ∈ RM (Section 4.4).

4.1. Calculating pair-wise distances

In the SOM batch learning algorithm, the first
step of each iteration is computing the pair-wise
distances between the B data samples in the batch
X and the M weights in W , with operations in RN .
This is the most expensive computation to perform,
resulting in O(B×M×N) number of computations.

This section first presents the optimized formula-
tion for the euclidean distance (Section 4.1.1), then
generalizes it for all Minkowski distances with an
even norm p (Section 4.1.2).

4.1.1. Euclidean distance

The pair-wise distance D = {di,j} between X
and W is defined as:

di,j = ∥xi − wj∥ =

√√√√ N∑
k=1

(xi,k − wj,k)2 (5)

Note that, since to find BMUs we are inter-
ested in comparing distances in a row of D, we can
drop the square-root operation, without changing
the ordering between the elements. Next, we can
note that this requires 2 × B ×M × N Multiply-
Accumulate operations5 (MACs):

• B×M ×N subtractions to compute all differ-
ences

• B ×M ×N MACs to sum all powers

This can be improved if we rewrite the formula-
tion of D = dij in Equation (5), similarly to what

5Multiplying by a value and adding the result to an accu-
mulator can be efficiently calculated with common dedicated
hardware.
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done in [53, 54], obtaining the formulation in Equa-
tion (6), shown below:

d2i,j = ∥xi∥2 − 2 ⟨xi, wj⟩+ ∥wj∥2

d2i,j =

N∑
k=1

x2
i,k − 2 ∗

N∑
k=1

xi,kwj,k +

N∑
k=1

w2
j,k

(6)

With this approach, the number of operations is:

• B ×N MACs to sum all squared items of X;

• B × M × N MACs to sum the dot product
⟨xi, wj⟩;

• M ×N MACs to sum all squared items of W ;

• 2 ×M × B ops for the final sum of the three
parts.

The sum can be rewritten as B ×M ×N × (1 +
1
M + 1

B + 2
N ) ≃ B ×M × N , as the coefficient in

parentheses is in practice very close to 1 for big
values of M , B, and N . Furthermore, this formu-
lation can leverage on the highly-optimized matrix
multiplication functions from BLAS libraries, ex-
ploiting better memory locality to further improve
the efficiency.
Finally, we can also note 2 further optimizations:

• Since ∥xi∥2 is constant on every row of D, and
we are only interested in the minimum across
the row, we can remove it.

• Since the weights do not change during the
epoch, we can compute the vector of squares
∥wj∥2 only once per epoch, and reuse it for
each batch.

The final version of the algorithm used by
XPySOM is shown in Equation (7) below:

d̃2i,j = ∥wj∥2cached − 2⟨xi, wj⟩. (7)

4.1.2. “Norm-even” distance

We can extend the just described optimization
to every even Minkowski norm p as follows:

dpi,j =

N∑
k=1

|xi,k − wj,k|p =

N∑
k=1

(xi,k − wj,k)
p =

=

N∑
k=1

p∑
t=0

(−1)p−t

(
p

t

)
xt
i,kw

p−t
j,k =

=

p∑
t=0

(−1)p−t

(
p

t

) N∑
k=1

xt
i,kw

p−t
j,k .

(8)

Dp =

p∑
t=0

(−1)p−t

(
p

t

)
X◦t ·

(
WT

)◦(p−t)
. (9)

Note that at line 1 in Equation (8), we need p to
be even. In this formulation, all p+ 1 parts of the
sum are accumulated by adding at each step the dot
product of the element-wise t-power of X (denoted
as X◦t) with the element-wise (p− t)-power of W .
This is efficiently implemented by BLAS libraries.

4.2. Best Matching Unit

For each input sample xi, its best matching unit
(BMU) is the unit whose weight wj is closer to it,
minimizing di,j . In this matrix formulation, we will
call BMU ∈ NB the vector that associates every
input vector xi to the index j of its BMU. This
can be calculated element-wise as in Equation (10),
where each computation is independent, and can
therefore be embarrassingly parallelized.

BMU i = argminj di,j . (10)

4.3. Neighborhood function

The neighborhood function is computed as a ma-
trix H ∈ RB×M , where hi,k represents the weight
of the update to be applied to the unit wk by the in-
put vector xi. While we describe a Gaussian neigh-
borhood function on a standard rectangular grid
layout, the same approach easily generalizes to al-
ternative functions and topologies.

Let G ∈ NM×2 be the matrix where each row
gj is the (x, y) coordinates of neuron j in the grid.
Similarly, let U ∈ NB×2 be the matrix where each
row ui is the (x, y) coordinates of BMU i in the grid.
In a rectangular grid, we can simply unravel the
BMUi indices found earlier to obtain directly the
coordinates of the winning neuron in the LW ×LH

grid as follows:

ui,1 = BMU i mod LW ∈ [0, LW )

ui,2 = BMU i divLW ∈ [0, LH).
(11)

With G and U , we can finally compute the H
neighborhood matrix from Equation (2b) as fol-
lows:

hi,j = η(T )e−
∥ui−gj∥

2

δ(T ) . (12)

where δ(T ) and η(T ) are, the neighborhood ra-
dius and the learning rate at epoch T , respec-
tively. Note that each row can be independently
computed, enabling straightforward parallelization
across samples.
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Figure 1: Visualization of the data flow for SOM training in XPySom from our published conference paper [13].

4.4. Weights update

To update the weights at the end of the epoch,
we need to keep track of the numerator matrix N ∈
RM×N and the denominator vector D ∈ RM as
per Equation (3). These are updated after each
batch by computing the updates N ′ and D′ as in
eq. (13), and accumulating them on N ← N +N ′

and D ← D +D′.

N ′ = HT ·X, where n′
j,k =

B∑
i=1

hi,jxi,k

D′ =
∑
row

H, where d′k =

B∑
i=1

hi,k

(13)

Finally, at the end of the epoch, after all batches
have been processed, the new weights W [t+1] are
obtained by division:

W [t+1] = diag(D)−1N , where w
[t+1]
j,k = nj,k/dj .

(14)

5. XPySOM Implementation Details

XPySom implements the “Matrix approach” de-
scribed above. The code is a fork of the popular
MiniSom [27] library, which is a very simple and
versatile library that implements the online learn-
ing algorithm for Self Organizing Maps in Python.

The source code for XPySom is openly available on
GitHub2 under a GPLv3 license.
XPySom has been designed to run on top of

any Python library implementing the NumPy API.
Therefore, it is able to run without changes on
GPUs using CuPy, a CUDA-powered NumPy-like
library for Python. Internally, CuPy uses a combi-
nation of custom kernels, and calls to the cuBLAS
library to efficiently implement all operations.

The resulting data flow is exemplified in Figure 1,
where the various steps XPySom goes through in
order to perform a SOM training operation are
visualized, in connection with the corresponding
equations defined in the previous subsections. Core
features of the XPySom architecture are its capabil-
ity to perform SOM training operations in batches
of input samples, arranged as matrix/vector opera-
tions that are executed very efficiently through rel-
atively few calls to the underlying NumPy or CuPy
libraries. XPySom is able to use either of them in-
terchangeably, thanks to their compatible APIs.

6. Experimental Results

In this section, our proposed XPySom is eval-
uated, presenting extensive experimental results
comparing its training and inference performance
and accuracy to other open-source solutions.

First, in Section 6.1 the experimental setup for
the experiments is presented. Next, in Section 6.2
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the distance calculation is benchmarked across the
different algorithms shown in Section 4. Then,
in Section 6.3 the execution time of the different
SOM training implementations is compared against
XPySom. In Section 6.4, the quantization error of
the algorithms is discussed. Finally, Section 6.5
evaluates the performance of the SOM training
with different distances in XPySom and Somoclu.

6.1. Experimental setup

The experiments have been performed on
an NVIDIA DGX Station6 server featuring 4x
NVIDIA Tesla V100 GPUs, an Intel Xeon E5-2698
v4 CPU, and 256 GiB of system memory. For the
experiments, only one of the GPUs was used. The
NVIDIA Tesla V100 uses the Volta architecture
(compute capability 7.0), and has 32 GiB of mem-
ory and 5120 CUDA cores. The Intel Xeon E5-2698
v4 CPU is a 20-core CPU with SMT, it has a base
clock of 2.20 GHz, and a boost clock of 3.60 GHz.

Software Configuration. Experiments were con-
ducted on Ubuntu 18.04 with Linux kernel 4.15.0
in a Docker container 7 with CUDA 11.7, CuDNN
8, Ubuntu 20.04, and Python 3.10. The NVIDIA
driver version used in the experiments is 515.65.01.
Key packages: NumPy 1.23.x (Intel MKL build
from Anaconda channel), CuPy 11.3.0, Tensor-
Flow 2.10.0, Somoclu (commit 63895f4), SOMvec
0.1.2, SuSi 1.2.2, MiniSom (commit 0540834),
and scikit-learn 1.1.x. Thread parallelism used
MKL/OpenMP defaults to use all available CPU
cores. GPU execution used a single V100 for bench-
marks.

6.2. Distance benchmarking

6.2.1. Compared algorithms

In this section, the performance of the following
distance algorithms are compared, to show the im-
pact of the different optimizations in Section 6.5:
Euclidean distance matrix : the algorithm for cal-
culating the pair-wise euclidean distance between
two matrices from Equation (6).

6https://www.nvidia.com/content/dam/en-
zz/Solutions/Data-Center/dgx-station/nvidia-dgx-station-
datasheet-uk.pdf

7From the following NVIDIA CUDA base image: nvcr.

io/nvidia/cuda:11.7.0-cudnn8-devel-ubuntu20.04

Euclidean distance matrix optimized : the algorithm
for calculating the pair-wise euclidean distance be-
tween two matrices with the optimizations from
Equation (7).
Norm-p non-optimized : the algorithm for calcu-
lating the pair-wise norm-p distance using the
straightforward calculation from Equation (8).
This is equivalent to Equation (5) for p = 2.
Norm-p optimized (even): the optimized algorithm
for calculating the pair-wise norm-p distance in
Equation (9).

6.2.2. Euclidean distance calculation time by input
sample size

Figure 2 shows the computing time of the eu-
clidean distance for the different algorithms, at
varying input sample sizes. On the left, the
performance on GPU is shown using cupy. We
can observe that every algorithm, except the non-
optimized norm-2, has practically the same execu-
tion time until 10000 samples. This is due to the
overhead of executing on GPU dominating the ac-
tual on-GPU execution time. The difference be-
tween the different algorithms is determined by
the number of computations that need to be per-
formed, with the “optimized matrix” algorithm
dominating the others, followed by the “matrix”
(non-optimized), and the “norm-2 optimized”. The
“norm-2 non-optimized” algorithm is actually as
fast as the “matrix optimized” algorithm up to
1000 samples, due to the simpler formulation yield-
ing less on-GPU operations. However, its ineffi-
ciency is evident at 10k samples, where it is up
to 10x slower than the others. At 100k samples,
the “matrix optimized” algorithm is 4x faster than
the “matrix” (non-optimized) at 300 microseconds,
and 5x faster than “norm-2 optimized”. “Norm-2
non-optimized” is 67x slower at 20ms.

On the right, the CPU performance is shown us-
ing numpy. In this case, the execution time is al-
most linearly dependent on the input sample size
after 1000 samples, where the effect of fixed over-
heads gets offset. Note how the “norm-2 opti-
mized” algorithm is faster than the “matrix” (non-
optimized) algorithm on CPU. The simple calcula-
tions of “norm-2 non-optimized” are always slower
than the rest. At 100k samples, the “matrix op-
timized” algorithms lead the pack with 10ms (33x
slower than on GPU), followed by the “norm-2 opti-
mized” one (20x slower), and by the “matrix” (non-
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Figure 2: Distance calculation time for a grid of 16x16 neurons (256) and 300 dimensions for different values of the input
sample array size. The average of 10 runs is shown with 95% CI.

optimized) algorithm (30x slower, but only 50%
slower than the norm-2 optimized), and finally the
“norm-2 non-optimized” (700x slower at 7 seconds,
350x slower than GPU).

6.2.3. Euclidean distance calculation time by grid
size

Figure 3 shows the time to compute the euclidean
distance for the different algorithms, at varying
numbers of neurons (M) in the grid. The same
rankings among algorithms can be observed as in
the previous section. The only difference is that on
CPU the matrix algorithm is faster than the norm-
2 optimized one for big grid sizes, showing almost
no difference in execution time across different grid
sizes. The relative speeds between algorithms re-
main similar as before.
Figure 4 compares the euclidean distance compu-

tation times for the different algorithms, at varying
numbers of dimensions, where similar observations
as above can be made.

6.2.4. Norm-p distance calculation time by power

Finally, Figure 5 shows the time to compute
the norm-p distance for the different algorithms,
a varying values of the power p. We can note how
the execution time of the non-optimized algorithm
is approximately constant at 20ms for GPU and 30s
on CPU, with the only exception of p = 2 on CPU
at 7s. On GPU, the optimized algorithm is faster

than the non optimized up to 16 power p. It is 5x,
3x, and 2x faster, for 4, 8, and 16, respectively. Also
on CPU, the optimized algorithm is faster than the
non optimized up to 16 power p. It is 10x, 3x, and
1.5x faster, for 4, 8, and 16, respectively.

This is coherent with the expectations: the sim-
ple algorithm does the same computations irrespec-
tively of p, while the optimized algorithm has to
do linearly more computations to compute all the
terms of the binomial expansion. At p = 2 the
squaring operation is optimized by a simple multi-
plication instruction on CPU, resulting in a faster
computation.

6.2.5. Final remarks

In summary, the optimized algorithm for cal-
culating the euclidean distance using matrices is
faster than the simpler matrix algorithm, and much
faster than the textbook equation. The norm-p op-
timization presented in Section 4.1.2 is also signifi-
cantly faster than the straightforward formula, but
only for small values of p (up to 16), after which
it becomes slower than the non-optimized formula-
tion, since the latter does not depend on p for the
execution time.

6.3. SOM benchmarks

6.3.1. Compared SOM implementations

Among the multiple approaches available in the
literature, only a few of them have been made
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Figure 3: Distance calculation time for an input data array of size 100,000, and 300 dimensions for different grid sizes
(number of neurons). The average of 10 runs is shown with 95% CI. The last data point of “Norm-2 non-optimized” on
GPU is missing due to an out-of-memory error.

widely available as open-source projects exhibit-
ing a Python API, actively maintained and well
documented with online examples. For these rea-
sons, the following projects were chosen to compare
against XPySom:
MiniSom [27], a widely-used Python library based
on the online learning algorithm. Due to its sim-
plicity, and wide usage, its codebase has been used
as a starting point for XPySom, which implements
the same API, and can be used as a drop-in re-
placement for it. Despite its simplicity, MiniSom
does not make use of parallel computation, relying
on Numpy to optimize vector-to-vector and vector-
to-matrix operations. The processing of only one
input data vector at a time cripples its performance
due to the limited parallelism and frequent slow
Python code calls.
Somoclu [29, 30], a widely-used C++ implemen-
tation of the batch learning algorithm using MPI,
OpenMP and CUDA, that provides interfaces into
several other programming languages, including
Python. It is very flexible, and able to execute on
single to multicore systems, with GPUs, and across
clusters.
TensorFlow SOM [28], implements batch SOMs in
Python using the well-known TensorFlow frame-
work, and can run on multiple processors, and both
single and multiple GPUs.
SuSi [32, 33], which implements both the online

and batch algorithms on CPU.
SOMvec [31], providing online learning on CPU.

Both online and batch algorithm implementa-
tions have been included for completeness. Imple-
mentations of the online algorithm don’t have a
GPU implementation, nor a parallel CPU imple-
mentation, resulting slower in time for each epoch,
but converge with fewer epochs. This trade-off is
explored in section 6.4.

6.3.2. Experimental setup

Different tests have been performed comparing
different training situations. Each test run has
been repeated 3 times with a 30-minute timeout
per run (the timeout is shown as a red horizon-
tal line on the plots). All tests below use the Ex-
tended MNIST (EMNIST) dataset [26] that con-
tains 240000 data samples, each composed of 784
features (28x28 gray-scale images). In all the ex-
periments, the input data values are scaled in the
[0, 1] range by dividing by 255, and are represented
using 32-bit floating point numbers. In the exper-
iments that use different numbers of features, all
input images have been rescaled to the desired size.

In the TFSom implementation, the batch size
is set to 1000, which shows a nice compromise in
terms of memory usage and computation time. The
learning rate starts every time with a value of 0.5
and decays exponentially over epochs in all the
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Figure 4: Distance calculation time for an input data array of size 100,000, and a grid of 16x16 neurons (256) for number
of dimensions. The average of 10 runs is shown with 95% CI.

tested implementations.

6.3.3. Training time at varying training samples

In this experiment, the number of epochs, fea-
tures, and neurons are kept constant at 10, 784,
and 100 respectively, while the number of input
data samples is varied by randomly sampling the
EMNIST dataset. The results are shown in Fig-
ure 6. Note that the training time increases lin-
early with the number of samples (the graph uses
a logarithmic y-axis).

On GPU, the implementations of Somoclu and
TFSom take approximately the same time, from
20s at 30k samples to 150s at 240k samples. On
the other hand, XPySom is 500x faster, going from
40ms at 30k samples to 300ms at 240k samples. It
seems that both Somoclu and TFSom do not fully
utilize the GPU, and instead show significant load
on the CPU, which indicates a non-optimal use of
the accelerator resources.

On CPU, XPySom is still the fastest, going from
1.2s to 10s (30x slower than on GPU). Somoclu fol-
lows but is only 4x slower, while TFSom is 20x
slower, and MiniSom and SOMvec are both 100x
slower than XPySom. SuSi online times out af-
ter half of the dataset (120k), where it is 200x
slower than XPySom. Its batch counterpart per-
forms worse, taking more than double the time and
timing out at 60k samples (a fourth of the dataset).

Comparing these findings with our prior con-
ference results [13] shows how upgrading to the
server-class heterogeneous platform yields a 10×
speedup for XPySom on the GPU (Tesla V100
vs. GTX 1080 Ti), but results in a 2× slow-
down on the CPU (Xeon E5-2698 v4 vs. Core i7-
4790K) [13] due to platform differences, including
lower clock frequency. In terms of relative perfor-
mance against the baseline configurations: (1) On
the GPU, XPySom’s advantage over the best al-
ternative has expanded from 100× faster on the
older platform [13] to 500× faster on the newer
one, where alternative GPU implementations fail
to fully utilize the upgraded hardware resources.
(2) On the CPU, XPySom’s performance gap over
the best multi-core competitor has narrowed from
7× faster on the desktop Core i7 [13] to 4× faster
on the server Xeon.

6.3.4. Training time with different SOM grid sizes

In this experiment, the number of input data
samples, features, and epochs are kept constant at
240000, 784, and 10 respectively, while the num-
ber of neurons composing the grid is changed. The
results are shown in Figure 7.

As expected, the training time (y-axis) increases
with the number of neurons (x-axis). Both in CPU
and GPU implementations, XPySom is the fastest,
outperforming all others.

On GPU, the second best is TFSom that scales

12



2 4 8 16 32
norm power

10-2

10-1

100

101

102

se
cs

cupy

2 4 8 16 32
norm power

10-2

10-1

100

101

102

se
cs

numpy
Execution time by norm power

Norm-p optimized (even) Norm-p non-optimized

Figure 5: Norm-p distance calculation time for an input data array of size 100,000, a grid of 16x16 neurons (256), and 300
dimensions, for different values of the power p. The average of 10 runs is shown with 95% CI.

50000 100000 150000 200000 250000
#samples

10-2

10-1

100

101

102

103

104

Ti
m

e 
(s

)

GPU

XPySom euclidean (GPU)
Somoclu euclidean (GPU)
TFSom (GPU)

50000 100000 150000 200000 250000
#samples

10-2

10-1

100

101

102

103

104

Ti
m

e 
(s

)

CPU

XPySom euclidean (CPU)
Somoclu euclidean (CPU)
TFSom (CPU)
MiniSom (CPU)
SOMVec (CPU)
SuSi online (CPU)
SuSi batch (CPU)

dataset=emnist-digits, #feats=784, #neurons=10x10, #epochs=10

Figure 6: Training time as a function of the number of training samples (EMNIST, 240000 samples, 784 features)

much better than the others with the number of
neurons, outperforming Somoclu after 100 neurons.
Both are however, much slower than XPySom as
in the previous experiment. XPySom takes only
300ms on a 10x10 grid, beating both other imple-
mentations by more than 500x.

On CPU, the other algorithms are closer to
XPySom, with the resulting order being XPySom
(30x slower than on GPU on a 10x10 grid), Somo-
clu (3x slower than XPySom on a 10x10 grid), TF-
Som (20x slower than XPySom on a 10x10 grid),
SOMvec and MiniSom. SuSi times out both in the
online and batch implementations.

6.3.5. Training time at varying training epochs

In this third experiment, the number of input
data samples, features, and neurons are kept con-
stant at 240000, 784, and 100 respectively, while
the number of epochs is changed. The results are
shown in Figure 8.

In this experiment, we can notice how the train-
ing time increases linearly with the number of
epochs. Furthermore, XPySom takes less than
2 seconds on GPU to compute even 100 epochs,
which is two orders of magnitude faster than TF-
Som and almost three orders of magnitude faster
than Somoclu.
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Figure 8: Training time as a function of the number of training epochs (EMNIST, 240000 samples, 784 features)

For the rest, we notice the same behavior and
ranking between the algorithms as in the previous
experiment, with many more timeouts caused by
the elevated number of epochs.

6.3.6. Training time at varying input features

In this final experiment, the number of epochs,
data samples, and neurons are kept constant at 10,
240000, and 100 respectively, while the number of
features is changed, by resizing the images through
interpolation using OpenCV in a range from 7x7 to
56x56. The results are shown in Figure 9.

The TensorFlow implementation, TFSom, can-
not start the training session on GPU with 3136
features due to an out-of-memory error using a
batch size of 1000, while it times out on the same

picture size on CPU. Furthermore, SOMvec, Mini-
Som, and SuSi time out on the last data point.

At 49 dimensions, for the first time Somoclu
records an execution time close to XPySom, sug-
gesting that it might perform similarly on datasets
with low dimensionality.

6.3.7. Discussion

In almost all benchmarks, XPySom is up to two
orders of magnitude faster on the GPU and one or-
der of magnitude faster on the CPU compared to al-
ternative implementations. The only exception oc-
curs when the input dataset has fewer than 100 fea-
tures, where Somoclu achieves performance compa-
rable to XPySom. However, real-world SOM appli-
cations typically exhibit high-dimensional inputs.
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Figure 9: Execution time vs Increasing number of training features (EMNIST, 240000 samples, 784 features)

Furthermore, all evaluated online learning imple-
mentations remain substantially slower than the
batch-based versions, despite promoting speedups
via optimized per-sample updates.

6.4. Quantization error measurements

To verify that the compared SOM algorithms
were actually working and converging towards a so-
lution, we computed the average quantization error
over 3 runs on the full EMNIST dataset, on a 10x10
grid, over 10 epochs. SuSi was excluded to this
evaluation due to timeout issues in computing the
quantization error using the built-in method, while
SOMvec, MiniSom and TFSom (CPU) timed out
from 20 epochs onwards.

The results are shown in Figure 10 that shows
how Somoclu and XPySom are very close, since
they both implement the batch algorithm. Mini-
Som achieves the fastest convergence in terms of
epochs, given the use of the online learning algo-
rithm. However, it is important to note that even
at only 10 epochs its execution time is more than
10x slower than XPySom (CPU) at 100 epochs,
which has a similar quantization error. Further-
more, SOMvec which also implements the online al-
gorithm has the worst quantization erorr, and also
times out at 20 epochs. Finally, TFSom (GPU)
does not seem to get a better quantization er-
ror with increasing number of epochs, which raises
some doubts on the implementation, but are con-
sistent with what previously observed in [13].

6.5. Evaluation of different distances

In this experiment, we evaluate the impact of
different distances on the training time of the SOM
in XPySom and Somoclu. The experiment is per-
formed by changing the number of training fea-
tures, while keeping constant the number of sam-
ples (240k), epochs (10), and neurons (10x10). The
results are shown in Figure 11.

From the results we can note how the non-
optimized matrix euclidean distance from Equa-
tion (6) is 50% slower on GPU and 3x slower on
CPU than the optimized version used by default in
XPySom. We can note how the edge of XPySom
over Somoclu is actually coming mostly from this
optimization, as using the non-optimized euclidean
distance in XPySom achieves a similar performance
to Somoclu.

The norm-8 (Minkowski norm with p = 8) is 3x
slower than the euclidean norm on GPU and 10x
slower on CPU. The implementation in Somoclu
(only for CPU) is slightly faster than XPySom, ex-
cept for the last point with 3k features.

7. Conclusions

This paper has presented the design and imple-
mentation of XPySom, an open-source SOM imple-
mentation for Python that successfully exploits the
parallelization potential of batch learning. By refor-
mulating the training algorithm into matrix oper-
ations, we leverage highly optimized linear algebra
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Figure 10: Evolution of the quantization error for a 10x10 SOM throughout training epochs (EMNIST, 240000 samples,
784 features).
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Figure 11: Execution time vs Increasing number of training features for multiple distances (EMNIST, 240000 samples, 10
epochs, 100 neurons)

routines via NumPy and CuPy. This design re-
sults in a high-performance yet minimalistic code-
base that remains easy to maintain, adapt, and ex-
tend.

XPySom has been experimentally tested on mul-
ticore and GPU platforms, outperforming other
available open-source implementations, including
the popular Somoclu package. For example, on the
EMNIST dataset, XPySom was as much as two or
three orders of magnitude faster, obtaining similar
quantization error results.

We also performed a similar comparison on a
(non-public) time-series dataset from the Telco sec-
tor [55], where the daily resource consumption pat-

terns of thousands of VMs in a production NFV en-
vironment have been clustered using XPySom and
the other alternatives considered in this paper. We
obtained essentially similar results and conclusions
about the performance of XPySom compared to
other open-source implementations. More details
about this dataset are available in [55], but the
dataset is not openly available, so we preferred to
include in this paper only results from the EMNIST
dataset, for the sake of reproducibility.

8. Future Work

Further investigations could be performed in the
future, on the topics presented in this paper, ei-
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ther using XPySom, or by enhancing it further.
For example, the current XPySom implementa-
tion is limited to the use of a single GPU and a
single machine. However, it is common to have
multi-GPU platforms, or even multi-node clusters,
nowadays. By cleverly distributing the input data
across different GPUs, or even different comput-
ing nodes, it could be possible to further improve
the performance on multi-GPU architectures for
very large datasets. Furthermore, the host CPU
remains largely idle while the GPU processes the
input data samples. A promising future direction
is to leverage these idle CPU resources concur-
rently to further accelerate training. Our study
focused on Euclidean and norm-p distance metrics
only, probably the most popular choices when us-
ing SOMs; however, integrating further distance
metrics in XPySom, and evaluating their impact
on the obtained performance, might be an inter-
esting future extension. Finally, additional ex-
perimental evaluations could be performed possi-
bly on additional datasets, for a more detailed as-
sessment of the achievable convergence, stability,
and accuracy trade-offs, or even comparing with
other and more recent clustering methods, includ-
ing deep-learning based ones [56]. In this context,
advanced representation-learning backbones, such
as token-selective transformers [57] or state-space
models [58], could be explored in future exten-
sions to extract compact, localized features from
high-dimensional inputs before applying topologi-
cal clustering.

Despite these current limitations, XPySom pro-
vides a highly efficient tool that other researchers
and practitioners can readily leverage, extend, and
integrate to build high-performance, SOM-based
services. Indeed, XPySom was recently adapted to
support cutting-edge biomedical research published
in Nature [59].
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