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ABSTRACT

In the supplemental materials we provide example DR results using
our use case dataset and the detailed results of our runtime evaluation.
The performance analysis of each DR method is shown in a separate
figure providing detailed information about the runtime in relation
to the dataset size and the dimensionality of the dataset.

Index Terms: Software and its engineering—Software notations
and tools—Software libraries and repositories

A EXAMPLES

Fig. 1 shows the projections of the Palmer Penguin [5] dataset with
each of DRUIDJS’s DR method with its default parameters. For
LDA [2] the species are used as classes.

1 new druid.DR(penguins).transform();
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Figure 1: Visualizations of projections with each DR method
in DRUIDJS of the 4D Palmer Penguin dataset, which con-
sists of 342 different specimens of penguins of the species

Adelie, Gentoo, and Chinstrap, living on one of the
islands Torgersen, Biscoe, or Dream of the Antarctica.
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B EVALUATION

We performed three evaluations to compare DRUIDJS with state-
of-the-art methods. First we did a runtime analyis of DRUIDJS
under different scales of data. Second, a runtime comparison to
Scikit-learn [14] and UMAP-learn [11] (as sklearn*), and to
the existing JavaScript DR libraries [6–8] (as js). Third, a
case study comparing usability and runtime of DRUIDJS to existing
JavaScript DR libraries.

Due to the page limit, we put just six of the ten DRUIDJS DR
methods in the paper. Here in the supplemental material, we provide
(a) the data of all 10 methods as well as the actual average runtimes
(to enrich the color aggregations found in the paper).

The figures show a legend for the colorscale, then an overview
which library is the fastest on which scale of data where each cell
represents a dataset of N points and D dimensions. Each figure has
such a table (appearing as line). For each dataset cell, we let the
available sklearn*, js (the existing JavaScript libraries), and
our DRUIDJS implementations run 5 times each, and measured
the runtimes. We selected the two fastest runs and color-coded them.
This results in a single color cell if the two fastest were from the
same implementation, and in stripes if they were from two different
libraries. Below that, we show the average runtime of the five runs.
Each cell shows in color (gray, white to red, and hatched) the mean
time of the 5 runs of the respective DR method using a generated
random dataset according N points (x-axis), and D dimensions (y-
axis). The gray cells indicate a runtime under 100ms, which
allows for on-the-fly user interactions [3, 12].

DR Method Libraries Figures
PCA [13] 1a, 2, 12b, 12c, 12d
LLE [15] 1b, 3, 12e, 12f

t-SNE [17] 1c, 4, 12g, 12h, 12i
MDS [9] 1d, 5, 12j, 12k

Isomap [16] 1e, 6, 12l, 12m
UMAP [10] 1f, 7, 12n, 12o, 12p
LTSA [18] 1g, 8, 12q

FASTMAP [4] 1h, 9, 12r
LDA [2] 1i, 10, 12s

TriMap [1] 1j, 11, 12t

Table 1: Table of evaluations with references to the Figures.
Column with libraries is colorcoded: DRUIDJS, js [6–8],
sklearn* [11,14].
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Figure 2: PCA [13] is a linear technique, which results in the linear projection with the highest variance of its points. DRUIDJS uses
the QR-algorithm to compute the needed eigenvectors, MachineLearn.js [7] uses the SVD algorithm of numeric.js to compute the
principal components, as a required step the user needs to compute the projection with the principal components (Ex. 8 in the
main document).
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Figure 3: LLE [15] creates a sparse matrix, where each datapoint’s entries are the coefficients needed to linearly reconstruct the
datapoint. The d smallest eigenvectors of the sparse matrix represent then the projection.
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Figure 4: t-SNE [17] tries to preserve local distances with a stochastic approach. DRUIDJS ’s t-SNE implementation is based on
the python variant of Scikit-learn and the existing JavaScript library, but tailored to work with the druid.Matrix class.
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Figure 5: MDS [9] tries to preserve all distances of a dataset as good as possible. DRUIDJS uses the classic MDS approach,
computing the projection directly with a eigendecomposition. Scikit-learn uses a iterativ approach.
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Figure 6: Isomap [16] computes the geodesic distances between the points on a k neighborhood graph, and applies then MDS [9]
on this geodesic distance matrix.
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Figure 7: UMAP [10] tries to preserve local neighborhoods, but also respect farther distances. DRUIDJS ’s UMAP implementation is
a JavaScript translation of the python variant UMAP-learn, with the difference that it starts with a random generation instead of a
spectral embedding. Which is the reason for the differences in runtimes of UMAP-learn to DRUIDJS or the other JavaScript library.
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Figure 8: LTSA [18] approximates the tangent space at each data point. The projection is then, the alignment of those tangent
spaces.
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Figure 9: FASTMAP [4] is a linear DR technique. With each step FASTMAP projects the data to a line defined by the two most
distant datapoints, reducing its dimensionality step by step.
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Figure 10: LDA [2] is a linear technique, which computes a projection of a dataset with cluster labels, in a way that clusters get
preserved as good as possible while maximize the distance between the clusters.
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Figure 11: TriMap [1] tries to preserve the distances of random triplets of a dataset.
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(t) DRUIDJS TriMap [1]

Figure 12: Another visualization of the evaluation. Both axes have a log-scale, the y-axis shows the runtime, the x-axis shows the
dataset length N. The colors of the lines correspond to the dimensionality D. The gray line respresents 100ms.


