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W H AT ?

Figure 13.12. Dimensionality reduction of a large document collection using Glimmer for multidimensional scaling.
WHY?
HOW?
The results are laid out in a single 2D scatterplot, allowing the user to verify that the conjectured clustering shown
with color coding is partially supported by the spatial layout. From [Ingram et al. 09, Figure 8].
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• At iteration i, given set of projections A = {A0, …, Ai-1}
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we consider an affine transformation of each projection that is given
by a 2 × 2 matrix Qi and a translation vector ri . We define
E = B · Data −

1 r
..., ri ) )
∑ ( Qi · Ai · Data + (r!i , "#
$
r i=1

(2)

m

and search for the Qi and ri that minimize the Frobenius norm of E.
This gives the dissimilarity of B to A1 , ..., Ar :
d(B, A1 , ..., Ar ) =

1
m

min

Q1 ,...,Qr ,r1 ,...,rr

∥E∥2Fr .

(3)

MEASURING DISSIMILARITY

Figure 2 illustrates the dissimilarity function for n = 3, m = 65, r = 1.
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We introduce the used benchmark data in Sec. 6.1, we illustra
Ai+1 = B j+1 . The whole algorithm stops if A0 , ..., Ai are complete, the interaction tool in Sec. 6.2 and the optimal set of projections
i.e., for any new projection B we have d(B, A0 , ..., Ai ) = 0. In (9), Sec. 6.3, which are compared with the commonly used PCA-bas
the function orth() computes a matrix orth(A), by applying a Gram- approach for visual data exploration. In Sec. 6.4, we investigate t
Schmidt orthonormalization to the row vectors of A, which guarantees stability of the gradient ascent regarding the influence of convergen
an orthographic projection of the data to the visualization space [17]. parameter ρ and, in Sec. 6.5, regarding the initial projection A0 (
Due to the scaling behavior of d described in (8), it is required to re- Sec. 4).
strict the length of row vectors in B j+1 to one, which is done by this
orthonormalization. (6), (7) give that gradient ∇B d of d in the vari- 6.1 The High-Dimensional Test Datasets
• Apply gradient ascent to increase the dissimilarity
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Fig. 2. Dissimilarity function for n = 3, m = 65, r = 1; a) n-dimensional
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the inherent structure of data needs to be considered for the selection
of a good projection. We introduce a data-driven strategy for choosing
a small set of optimal projections. Regarding this, the ProjInspector [20] proposes an interactive exploration technique for a set of basic projections in order to find interesting combinations of them. Our
approach does not require an interactive stage to find interesting projections. In addition, the set of projections our approach produces can
be utilized as such basic projections, and thus our approach can be
well combined with the ProjInspector.
Distance-based Projection Techniques: The Multidimensional scaling
(MDS) [27] preserves distances between the data records under projection via the spectrum of a data-dependent centered distance matrix.
PCA-based techniques also belong to this family of techniques. With
Glimmer [13], a high-performance approach for multilevel MDS on
graphic processing units is known. The large amount of distance information required to build up a projection can be reduced by partlinear multidimensional projection (PLMP) [21] to a small number of
pairwise distances between a number of representative data samples,
which substantially increase performance of the projection process.
The devil’s
in the(Lamp)
details….
Local affine multivariate
projection
[14] provides a local data
projection technique by minimizing the distances of the projected data
points with the aid of (interactively) initialized seed or control points
in the visualization space. Our approach does not optimize data-based
distances to find a good projection. Instead, it optimizes a measure
between different projections in order to discard affine transformations. In fact, it could be combined with distance-based projection
techniques.
Data Tours: A data tour is given by a set of (relevant) projections being a subset of the projection space, which can be investigated by the
user for the purpose of visual data analysis. A time sequence of a set of

• Greedily find linear projection B that is most dissimilar
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T E R M I N AT I N G T H E A L G O R I T H M

• Given A = {A , …, A } start by setting B A .

• Apply gradient ascent to increase the dissimilarity

• Terminate when d(B A , …, A

• Stop when B converges and it to A

• i.e. We have a complete set of linear projects up to

) = 0.

d(B, A)

affine transforms.

done…

HOW DO WE CHOOSE {A }?

• This occurs after at most n/2 projections.

SUMMARY

• The algorithm produces the optimal set of linear

projections up to affine transforms.

• Default choice: radial layout.

• Produces < n/2 independent projections.

• Stable to alternative choices - the

• Relatively robust to initialisation and convergence

data patterns remain visible even if
the projections change.

d(B, A)

6.2 Path-based Interaction
We illustrate the interaction concept of Sec. 5. Figure 3 presents a
representative coordinate axis interaction for the Wine (Figure 3 (top))
and Yeast dataset (Figure 3 (bottom)): A coordinate axis is moved
along a (green colored) path to yield time-varying projections A(t),
shown by Figure 3 (middle). We present the projections A(t)· Data
at time-points ti , i = 1, . . . , 4 for both the minimal deformation (Figure 3 (left)) and maximal deformation case (Figure 3 (right)). It can
be seen that the maximal deformation projections are different to each
other, reflecting the maximization of the dissimilarity measure during
the interaction. In contrast to that, the minimal deformation projections produce similarly shaped outcomes and are similar to the initial
projection.

quadratically in the dimension number n, while the number of our set
of optimal projections grows linear in n. For instance, the Wine dataset
with n = 14 dimensions has a total number of 91 PCA-based projections (which can be found in the supplemental material), while our
optimal set only requires 7 projections. However, in order to provide
a fair comparison that reflects the use of PCA in practice, a subset of
the largest pairwise eigenvalues is presented for each case, which has
the same number of projections as our optimal set.
For our optimal sets in the figures, the annotated dissimilarity
label d of a projection Ai describes the dissimilarity to the subset of predecessor projections {Ao , . . . , Ai−1 } referring to (7) as
d(B, Ao , . . . , Ai−1 ) = d(Ai ) with B = Ai . Consequently, we treat the
PCA projections similarly: the dissimilarity label d of a PCA projection ei/ j also describes the dissimilarity to the subset of predecessor
PCA-based projections. This comparison setup facilitates an empiri1
2
1
2
cal comparison of the dissimilarity behavior for both techniques. Keep
in mind that a larger dissimilarity means that more data insight is given
with a certain projection. Finally, the dissimilarity behavior is summarized by a graph at the end of each projection sequence for each dataset
1
2
and projection technique.
For our optimal sets, it can be seen that the dissimilarity rapidly de3
4
3
4
3
creases with growing index i, i.e., d(Ai ) > d(Ai+1 ) with i ≥ 1, . . . r −1.
This appears to be plausible, since the degree of freedom to find a projection that cannot be generated as affine transformation gets small if
LEHMANN
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a sufficient number of projections is available. In fact, only the first
two, three or occasionally four projections of the optimal projection
1
1
2
2
set show relevant data patterns. Clearly, stopping the ascent in early
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0
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To preserve minimal or cause maximal dissimilarity between projec- 6.4 Influence of Convergence Parameter
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nsion number n, while the number of our set
tions might lead to fluctuations of eigenvectors (cf. Sec. 5), even The convergence parameter ρ influences both the dissimilarity
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tion. This effect is caused by data characteristics and might lead to and the algorithm’s performance and convergence behavior. In fact,
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and thus provide new data insights. On the other hand, if ρ is chosen
For our optimal sets, it can be seen that the dissimilarity rapidly de3
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The gradient ascent of Sec. 4 is applied to the test data. For this, the too small, then the algorithm’s performance decreases. In order to
flects the use of PCA in practice, a subset of
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of617an appropriate initial projection arises: An established ini- find a good choice of the convergence parameter ρ, we investigate
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FINDING THE “MOST DISSIMILAR”
PROJECTION

• Stop when B converges and it to A
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parameters.

• Scalability could be an issue? Distance is expensive.

• Needs testing to see if the affine assumption reasonable
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