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Abstract—Contents that are left out from the paper for conciseness are documented in this supplemental material. Derivatives used
for computing the implicit differentiation—for MDS and t-SNE—are reported. We show results of all examples used in the evaluation.
Finally, further examples comparing our method and traditional point-based visualization are presented.

1 PARTIAL DERIVATIVES OF MDS
The following results are derived from the SMACOF version of
MDS [1].
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1.3 Second Derivatives of the Objective Function w.r.t. Y
The following equations are referenced in Section 4.4—MDS in our
paper.
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2 PARTIAL DERIVATIVES OF T-SNE
Our method is based on the original t-SNE [5].
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and σi is determined by the perplexity of t-SNE.

2.2 Partial Derivative of Objective Function w.r.t. Y
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2.3 Second Derivatives of Objective Function w.r.t. Y

Equations that are referenced in Section 4.4—t-SNE in our paper are
shown as follows.
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3 EVALUATION

In our paper, only visualizations of the Iris data (Fig. 3) are included
due to the page limit. Here, we show results that are left out from the
paper.
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Table 1: Statistics of transformed basis vectors of non-border data points of the planar data

mean length of the first basis vector mean length of the second basis vector mean angle std of angles

Our 0.10068096 0.10068095 89.92020374 0.00502165
Rand [3] 0.10005878 0.09957406 89.03798816 0.50298048

Table 2: Computation time (in seconds) of transformation methods
evaluated on test datasets.

Dataset Ours Rand [3]

MDS

Iris 0.55 3.13
Wine 0.86 3.30

Digits40 59.69 131.67

t-SNE

Iris 2.11 21.17
Wine 3.58 36.23

Digits40 49.60 332.36

3.1 Synthetic Data
In order to verify the correctness of our implicit function method.
A synthetic planar data sampled on a 3D regular grid is generated
and projected to 2D using MDS. With a neighborhood of k = 8, the
transformed basis vectors of all data points that are not on the border of
the plane should be, theoretically, orthogonal, i.e., having an angle of
90 degrees, and having the same magnitude.

It can be seen in Fig. 1 that glyph of transformed basis vectors
with our method appear identical(Fig. 1 (a)), whereas glyph of dif-
ferent shapes are clearly visible in the result of the random approach
(Fig. 1 (b)). Quantitatively, Table 1 summarizes basic statistics of
transformed basis vectors of non-border data points of both methods.
Distributions of the lengths of the two transformed basis vectors can be
seen in Fig. 2 (a, b), and distributions of angles between basis vectors
are seen (Fig. 2 (c, d)). These are evidence showing that our method is
more accurate compared to the random method.

(a) implicit function method (b) random method

Fig. 1: Transformed basis vectors visualized as glyph by (a) our implicit
function method and (b) the random method [3]. The data points are on
a plane in 3D sampled using a regular grid, and projected to 2D with
MDS.

3.2 Real-World Data
We show results of the wine data (Fig. 4), and digits data (Fig. 5)
that are left out from the paper. It can be seen that compared to our
implicit function-based vector transformation, the random perturbation
method [3] generates more abnormal glyphs that are excessively long
and thin.

We measure computation times for the two methods for transforming
the top five (four for the Iris data) basis vectors, and visualize projected
basis vectors using our glyph drawing technique. Table 2 summarizes
the computation times for each method.

4 FURTHER EXAMPLES OF OUR METHOD

In this section, we include interesting examples that are left out from
the paper. For each dataset, we compare results of our method to

0.10055 0.1006 0.10065 0.1007 0.10075
0

10

20

30

40

50

60

70

80

90

100

(a)

0.092 0.094 0.096 0.098 0.1 0.102 0.104 0.106 0.108
0

20

40

60

80

100

120

(b)

0.10055 0.1006 0.10065 0.1007 0.10075
0

10

20

30

40

50

60

70

80

90

100

(c)

0.09 0.095 0.1 0.105 0.11 0.115
0

10

20

30

40

50

60

70

80

(d)

89.7 89.75 89.8 89.85 89.9 89.95 90
0

20

40

60

80

100

120

(e)

87 87.5 88 88.5 89 89.5 90
0

10

20

30

40

50

60

70

80

90

(f)

Fig. 2: Histograms of the lengths of first transformed basis vectors
with our method (a) and the random method (b). Second transformed
basis vectors: (c) our method, and (d) random method. Distributions
of angles of the two basis vectors are shown as histograms: (e) our
method, and (f) the random method.

the point-based visualization. Local features of interest in computer
vision data are shown with zoom-ins and compared with the image
data. Specifically, results of multidimensional datasets including “Iris”,
“olive”, and “Shuttle” (all obtained from the UCI machine learning
repository [2]). The “pendigits” data of 7494 data points of 16-D
Computer vision datasets “digit1s”, “fashion” are shown in Fig. 6
and Fig. 7, respectively. The “digit1s” is a subset of the “digits”
dataset [4] with handwritten 1s, and the “fashion” data is a subset of
the “fashionMNIST” dataset [6] with three classes. The pendigits data
(obtained from the UCI machine learning repository [2]) is the largest
dataset we have experimented on our machine, it contains 7494 data
points of 16-D, and is shown in Fig. 18.
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(a) MDS

(b) t-SNE

Fig. 3: Glyph visualizations comparing basis vectors transformed by our implicit function method (left) and the random method [3] (right) on the
Iris data.

(a) MDS

(b) t-SNE

Fig. 4: Glyph visualization with basis vectors transformed by our implicit function method (left) and the random method [3] (right) on the wine
data.
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(a) MDS

(b) t-SNE

Fig. 5: Glyph visualization with basis vectors transformed by our implicit function method (left) and the random method [3] (right) on the digits
data.
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(a) PCA-scatterplot (b) PCA-ours (c) PCA-image

(d) MDS-scatterplot (e) MDS-ours (f) MDS-image

(g) t-SNE-scatterplot (h) t-SNE-ours (i) t-SNE-image

Fig. 6: Visualizations of a subset of the digits data with hand-written digit 1s, projected with (a, b, c) PCA, (d, e, f) MDS, and (g, h, i) t-SNE.
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(a) PCA-scatterplot (b) PCA-ours 

(c) MDS-scatterplot (d) MDS-ours 

(e) t-SNE-scatterplot (f) t-SNE-ours

Fig. 7: Visualizations of the fashion data projected with (a, b) PCA, (c, d) MDS, and (e, f) t-SNE.
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(a) PCA-ours (b) PCA-scatterplot

(c) MDS-ours (d) MDS-scatterplot

(e) t-SNE-ours (f) t-SNE-scatterplot

Fig. 8: Visualizations of the olive data projected with (a, b) PCA, (c, d) MDS, and (e, f) t-SNE.
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(a) PCA-ours (b) PCA-scatterplot

(c) MDS-ours (d) MDS-scatterplot

(e) t-SNE-ours (f) t-SNE-scatterplot

Fig. 9: Visualizations of the Iris data projected with (a, b) PCA, (c, d) MDS, and (e, f) t-SNE.
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(a) PCA-ours (b) PCA-scatterplot

(c) MDS-ours (d) MDS-scatterplot

(e) tsne-ours (f) tsne-scatterplot

Fig. 10: Visualizations of Blood Transfusion Service Center data projected with (a, b) PCA, (c, d) MDS and (e, f) t-SNE.
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(a) PCA-ours (b) PCA-scatterplot

(c) MDS-ours (d) MDS-scatterplot

(e) t-SNE-ours (f) t-SNE-scatterplot

Fig. 11: Visualizations of Statlog(Landsat Satellite) data projected with (a, b) PCA, (c, d) MDS and (e, f) t-SNE.
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(a) PCA-ours (b) PCA-scatterplot

(c) MDS-ours (d) MDS-scatterplot

(e) t-SNE-ours (f) t-SNE-scatterplot

Fig. 12: Visualizations of Statlog(Shuttle) data projected with (a, b) PCA, (c, d) MDS and (e, f) t-SNE.
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(a) PCA-ours (b) PCA-scatterplot

(c) MDS-ours (d) MDS-scatterplot

(e) t-SNE-ours (f) t-SNE-scatterplot

Fig. 13: Visualizations of Statlog(Vehicle Silhousettes) data projected with (a, b) PCA, (c, d) MDS and (e, f) t-SNE.
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(a) PCA-ours (b) PCA-scatterplot

(c) MDS-ours (d) MDS-scatterplot

(e) t-SNE-ours (f) t-SNE-scatterplot

Fig. 14: Visualizations of ecoli data projected with (a, b) PCA, (c, d) MDS and (e, f)t-SNE.
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(a) PCA-ours (b) PCA-scatterplot

(c) MDS-ours (d) MDS-scatterplot

(e) t-SNE-ours (f) t-SNE-scatterplot

Fig. 15: Visualizations of the Vertebral Column data projected with (a, b) PCA, (c, d) MDS, and (e, f) t-SNE.
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(a) PCA-ours (b) PCA-scatterplot

(c) MDS-ours (d) MDS-scatterplot

(e) t-SNE-ours (f) t-SNE-scatterplot

Fig. 16: Visualizations of WineQuality-Red data projected with (a, b) PCA, (c, d) MDS and (e, f) t-SNE.
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(a) PCA-ours (b) PCA-scatterplot

(c) MDS-ours (d) MDS-scatterplot

(e) t-SNE-ours (f) t-SNE-scatterplot

Fig. 17: Visualizations of Congressional Voting Records data projected with (a, b) PCA, (c, d) MDS and (e, f) t-SNE.
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(a) PCA-ours (b) PCA-scatterplot

(c) MDS-ours (d) MDS-scatterplot

(e) t-SNE-ours (f) t-SNE-scatterplot

Fig. 18: Visualizations of pendigits data (7494 data points of 16-D) projected with (a, b) PCA, (c, d) MDS and (e, f) t-SNE.
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