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Abstract. Dimensionality reduction is widely used in machine learning
and big data analytics since it helps to analyze and to visualize large,
high-dimensional datasets. In particular, it can considerably help to per-
form tasks like data clustering and classification. Recently, embedding
methods have emerged as a promising direction for improving cluster-
ing accuracy. They can preserve the local structure and simultaneously
reveal the global structure of data, thereby reasonably improving cluster-
ing performance. In this paper, we investigate how to improve the perfor-
mance of several clustering algorithms using one of the most successful
embedding techniques: Uniform Manifold Approximation and Projection
or UMAP. This technique has recently been proposed as a manifold learn-
ing technique for dimensionality reduction. It is based on Riemannian
geometry and algebraic topology. Our main hypothesis is that UMAP
would permit to find the best clusterable embedding manifold, and there-
fore, we applied it as a preprocessing step before performing clustering.
We compare the results of many well-known clustering algorithms such
ask-means, HDBSCAN, GMM and Agglomerative Hierarchical Cluster-
ing when they operate on the low-dimension feature space yielded by
UMAP. A series of experiments on several image datasets demonstrate
that the proposed method allows each of the clustering algorithms stud-
ied to improve its performance on each dataset considered. Based on
Accuracy measure, the improvement can reach a remarkable rate of 60%.
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1 Introduction

Clustering is a fundamental pillar of unsupervised machine learning and it is
widely used in a range of tasks across disciplines. In past decades, a variety
c© Springer Nature Switzerland AG 2020
A. El Moataz et al. (Eds.): ICISP 2020, LNCS 12119, pp. 317–325, 2020.
https://doi.org/10.1007/978-3-030-51935-3_34

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-51935-3_34&domain=pdf
http://orcid.org/0000-0002-1175-6087
http://orcid.org/0000-0003-1017-1113
http://orcid.org/0000-0003-1204-1507
https://doi.org/10.1007/978-3-030-51935-3_34


318 M. Allaoui et al.

of clustering algorithms have been developed [5] such as k-means [6], Gaussian
Mixture Models (GMMs) [14], HDBSCAN [1], and hierarchical algorithms [15].
However, these clustering algorithms typically require features to be hand crafted
or learned for each dataset and task. Then, those features should be analyzed
using feature selection, in order to eliminate redundant or poor quality features.
Those requirements are more challenging in the unsupervised setting. Addition-
ally, this process is time-consuming and brittle [17], since the choice of features
has a large influence on the performance of the clustering algorithm. In this
paper, we formulate the following hypothesis: if we apply an adequate embed-
ding on our raw data, i.e., an embedding which allows to find a good distance
preserving manifold, than this could help clustering algorithms in doing their
job. One key question was: which embedding technique to apply it to find the
best embedding manifold. Many methods exists, including those performing a
linear transformation of data like the well-known Principal Component Anal-
ysis (PCA) [10]. However, PCA is a linear method and does not perform well
in cases where relationships are non-linear. Thankfully, alternative non-linear
manifold learning methods exist, and can be categorized by their focus on find-
ing local or global structure. Isomap [7] is well known globally focused method.
While T-SNE [8] is considered as locally focused method. More recently man-
ifold learning technique is UMAP [11], UMAP showed better performance to
preserve both the local and global structure. In this paper, we will investigate
the use of this latter technique: because it outperforms its concurrents [11] and
it has proven to be able to exactly meet our needs [16,18]. In this paper, Our
main focus was on measuring the improvement achieved by each clustering algo-
rithm thanks to the application of UMAP embedding manifold, and in order to
validate our method we conduct a number of experiments on five datasets. We
empirically observe that this method allows to the clustering algorithms to be
competitive with state-of-the-art techniques. The rest of this paper is organized
as follows. We present more details about UMAP technique in Sect. 2. In Sect. 3
we introduce our idea. Section 4 discusses the experimental results in five image
datasets. Section 5 concludes our work.

2 UMAP Embedding Technique for Dimensionality
Reduction

Uniform Manifold Approximation and Projection (UMAP) is a recently proposed
manifold learning method, which seeks to accurately represent local structure
and better incorporate global structure [9]. Compared to t-SNE it has a number
of advantages. UMAP has been shown to scale well with large datasets, while
t-SNE typically struggles with them. UMAP relies on three hypothesis, namely
that 1) the data is uniformly distributed on a Riemannian manifold, 2) the
Riemannian metric is locally constant 3) the manifold is locally connected. From
these assumptions it is possible to represent the manifold with a fuzzy topological
structure of high dimensional data points. The embedding manifold is found by
searching for a fuzzy topological structure of low dimensional projection of the
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data. To construct the fuzzy topological structure UMAP represents the data
points by a high-dimensional graph. The constructed high-dimensional graph is
weighted graph, with edge weights representing the likelihood that two points
are connected. UMAP uses exponential probability distribution to compute the
similarity between high dimensional data points:

pi|j = exp(−d(xi, xj) − ρi
σi

) (1)

Where d(xi,xj) is the distance between the i-th and j-th data points and ρ is the
distance between i-th data points and its first nearest neighbor. In cases that the
weight of the graph between i and j nodes is not equal to the weight between j
and i nodes. UMAP uses a symmetrization of the high-dimensional probability:

pij = pi|j + pj|i − pi|jpj|i (2)

As we said above the constructed graph is a likelihood graph, and UMAP
needs to specify k the number of nearest neighbor:

k = 2
∑

i pij (3)

Once the high-dimensional graph is constructed, UMAP constructs and opti-
mizes the layout of a low-dimensional analogue to be as similar as possible. For
modelling distance in low dimensions, UMAP uses probability measure similar
to Student t-distribution:

qij = (1 + a(yi − yj)2b)−1 (4)

where a ≈ 1.93 and b ≈ 0.79 for default UMAP.
UMAP uses binary cross-entropy (CE) as a cost function due to its capability

of capturing the global data structure:

CE(P,Q) =
∑

i

∑

j

[pij log(
pij
qij

) + (1 − pij) log(
1 − pij
1 − qij

)] (5)

Where P is the probabilistic similarity of the high dimensional data points,
and Q is for the low dimensional data points.

The derivative of the cross-entropy used to update the coordination of the
low-dimensional data points to optimize the projection space until the conver-
gence. UMAP applied Stochastic Gradient Descent (SGD) due to its faster con-
vergence and it reduces the memory consumption since we compute the gradients
for a subset of the data set.

UMAP has a number of important hyper-parameters that influence its per-
formance. These hyper-parameters are:

– The dimensionality of the target embedding
– The number of neighbor k, choosing small value means the interpretation will

be very local and capture fine detail structure. While choosing a large value
means the estimation will be based on larger regions, and thus, will missing
some of the fine detail structure.
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– The minimum allowed distance between points in the embedding space. Lower
values of this minimum distance will more accurately capture the true mani-
fold structure, but may lead to dense clouds that make visualization difficult.

3 Our Method

Our method relies primarily on the application of clustering algorithms on
embedding manifold extracted by manifold learning methods UMAP [9] due
to its success in preserving both the local and the global structure. We chose
four of well-known algorithms as clustering algorithms which are represented
in k-means [6], HDBSCAN [1], GMM [14] and Agglomerative Clustering [15].
We will show that by augmenting the clustering task with a manifold learning
technique which explicitly takes local structure into account, we can increase the
quality of clustering performance of the different algorithms. Figure 1 represents
the architecture of our method.

Fig. 1. The structure of our method.

4 Experiments

To assess the improvement of using UMAP with the clustering algorithms stud-
ied, we conduct experiments on a range of diverse datasets, including standard
datasets widely used to evaluate clustering algorithms.

4.1 Datasets

We conducted our experiments on five diverse image datasets, including stan-
dard datasets used to evaluate deep clustering algorithms. Those datasets are
MNIST [2], Fashion MNIST [3], USPS [13], Pen Digits [4] and UMIST Face
Cropped [12]. Table 1 summarizes the main characteristics of each dataset.
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Table 1. Datasets statistics.

Dataset Number of images Number classes Feature vector length

MNIST 20000 10 784

F-MNIST 20000 10 784

USPS 9298 10 256

Pen digits 1797 10 64

UMIST face 575 20 10304

4.2 Evaluation Metrics

In order to validate the performance of unsupervised clustering algorithms,
we use the two standard evaluation metrics, accuracy (ACC) and Normalized
Mutual Information (NMI).

ACC = maxm

∑n
i=1 1{yi = m(ci)}

n
(6)

NMI =
2I(y, c)

[H(y) + H(c)]
(7)

4.3 Results

Figure 2 shows the resulting clusters when using k-means for visualization pur-
poses. We could see that the visualization is better when we apply the algorithm
on the UMAP embedded manifold of the five datasets. However, in order to bet-
ter understand the effectiveness of our method at clustering we will study each
clustering algorithm via measuring its own results on the different datasets using
the accuracy and NMI, as well as when we apply it on the extracted features by
UMAP.

Table 2 and Table 3 show the accuracy and NMI results for the clustering
algorithms on five different datasets comparable to the same algorithms applied
on embedding manifold of the datasets extracted by UMAP. In both tables,
improvement score rows represent the difference between the results of the algo-
rithms and the results after the application of these algorithms on the features
extracted by UMAP. By doing so, we can see clearly how UMAP can help the
four clustering algorithms and to what extent the results improved. Actually,
great results were achieved by the algorithms on embedded data points, where
the results are improved by an increase of up to 60% in term of accuracy, and
in range of 5% to 48% in term of NMI. What is striking is how UMAP helped
HDBSCAN to improve its result by 60 % points on USPS dataset. Also, it had
an improvement better than the other algorithms in 2 of the 5 datasets with
at least 50% in term of accuracy and over than 38% in term of NMI measure.
GMM is improved better than the other, on 3 of the 5 datasets, with percentage
over than 34% in term of accuracy, and over than 25% in term NMI measure.
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Fig. 2. Visualization of K-Means applied to all five datasets. The first row represents
the K-Means visualization of the five datasets themselves, and the second row repre-
sents the visualization of K-Means on the UMAP embedded manifold of these datasets.

Table 2. Comparison between the different clustering algorithms on the five datasets
according to the accuracy measure.

MNIST F-MNIST UMIST face Pen digits USPS

K-means 0.5278 0.4750 0.4348 0.7028 0.6678

UMAP + K-means 0.9054 0.5865 0.7409 0.8843 0.8105

Improvement score 0.3776 0.1115 0.3061 0.1815 0.1427

Agglomerative 0.5751 0.5766 0.4539 0.7451 0.6834

UMAP + Agglomerative 0.8918 0.5925 0.7270 0.8737 0.9584

Improvement score 0.3167 0.0159 0.2731 0.1286 0.2740

HDBSCAN 0.2765 0.2140 0.4904 0.5453 0.3529

UMAP + HDBSCAN 0.7765 0.3458 0.6730 0.9004 0.9553

Improvement score 0.5000 0.1318 0.1826 0.3551 0.6024

GMM 0.4507 0.4579 0.3826 0.4836 0.4802

UMAP+GMM 0.9159 0.5885 0.7287 0.8748 0.6727

Improvement score 0.4652 0.1306 0.3461 0.3912 0.1925

The accuracy and NMI measures showed us that the studied clustering algo-
rithms in general and HDBSCAN as a particular case had bad results and espe-
cially in MNIST and Fashion MNIST datasets. The problem here is all the clus-
tering algorithms tend to suffer from the curse of dimensionality: high dimen-
sional data requires more observed samples to produce much density. If we could
reduce the dimensionality of the data more we would make the density more
evident and make it far easier for those algorithms to cluster the data. What
we need is strong manifold learning, and this is where UMAP can come into
play. One of the reasons which help the studied algorithms to perform well on
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Table 3. Comparison between the different clustering algorithms on the five datasets
according to the NMI measure

MNIST F-MNIST UMIST face Pen digits USPS

K-means 0.4774 0.5139 0.6647 0.6998 0.6266

UMAP + K-means 0.8494 0.6377 0.8663 0.8545 0.8602

Improvement score 0.3720 0.1238 0.2016 0.1547 0.2336

Agglomerative 0.6360 0.6080 0.6673 0.7965 0.7250

UMAP + Agglomerative 0.8463 0.6511 0.8764 0.8456 0.9000

Improvement score 0.2103 0.0431 0.2091 0.0491 0.1750

HDBSCAN 0.3674 0.2535 0.6933 0.5804 0.4442

UMAP + HDBSCAN 0.8315 0.6323 0.8427 0.8871 0.8923

Improvement score 0.4641 0.3788 0.1494 0.3067 0.4481

GMM 0.3882 0.5471 0.6160 0.5203 0.4232

UMAP+GMM 0.8654 0.6424 0.8648 0.8447 0.8231

Improvement score 0.4772 0.0953 0.2488 0.3244 0.3999

the learned manifold is to set the min distance (the hyper-parameter of UMAP)
to be 0. And thus make the points packed together densely as well as making
cleaner separations between clusters.

Table 4. The execution time before and after applying UMAP on the different clus-
tering algorithms on the five datasets.

Time in second MNIST F-MNIST UMIST face Pen digits USPS

K-means 112.13 74.69 17.24 0.94 12.93

UMAP + K-means 1.22 1.20 0.33 0.26 0.57

Agglomerative 710.08 674.14 6.57 0.48 47.93

UMAP + Agglomerative 88.31 100.14 0.03 0.28 8.51

HDBSCAN 1603.26 1660.25 17.77 1.14 117.56

UMAP + HDBSCAN 5.13 4.49 0.03 0.12 0.75

GMM 24.51 26.27 3.49 0.58 25.26

UMAP+GMM 0.51 0.42 0.06 0.03 0.14

Table 4 gives us the execution time taken for each clustering algorithm on
the different datasets compared to the run-time of these algorithms applied to
the embedding manifold of the five datasets. We can observe that the run-time
is also improved, where it was reduced to a few seconds and sometimes to a few
split-seconds, and this is really a good achievement for our method compared to
the size of the datasets. Especially for agglomerative and HDBSCAN algorithms,
the run-time of HDBSCAN is reduced from over than 26 min until around 5 s in
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MNIST and Fashion MNIST datasets. From these results, we demonstrate that
these clustering algorithms can now handle large databases well.

5 Conclusion

In this paper, we investigated the use of UMAP technique for dimensionality
reduction before applying a number of well-known clustering algorithms on
datasets. We showed that it can drastically improve the performance of the
studied algorithms, both in terms of clustering accuracy and time. Experimental
results indicate that the proposed approach can improve clustering performance
obviously, we show how our proposed method can make the mentioned clustering
algorithms competitive with the current state-of-the-art clustering approaches.
It is also validated by experiments that our method allows to the clustering
algorithms considered to deal better on larger data sets.
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