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Motivation: SciVis Contest 2025

Figure: Me being lost at (the east) sea. (Deadline +2 days)
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Motivation: SciVis Contest 2025

■ Scrap metal recycling is crucial!

■ Mixture of scraps influences outcomes.

■ Task: enable material scientists to explore
combinations effectively!

. . . and steer them towards their goal!
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Related Works
Parallel Coordinates in Manufacturing

■ Goguelin et al. [1]: additive manufacturing
with parallel coordinates

■ Yang et al. [2]: hierarchical displays of
parallel coordinates for exploration

Figure: Goguelin et al. [1]
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shape significantly different from the others. For
example, the two highlighted clusters (lower right) have
longer arms at 511 than all the other clusters, and the
highlighted cluster on the right has a shorter arm at 2571
than the other highlighted cluster. According to the
glyph key (511 corresponds to the number of cylinders,
2571 is the year of manufacture), we find that the
highlighted clusters are 8 cylinder cars. Cars in the right-
most selected cluster are older than cars in the other
highlighted cluster. For another example, the band of
the rightmost cluster in the second row is quite thin in all
the arms except in the arm at 2061 (acceleration). It
means cars in this cluster are quite similar in all the
dimensions except in the acceleration dimension. Major
trends and prevalent glyph shapes in this data set are
revealed in Fig. 19, yet are hard to see in Fig. 18.

3.3. Hierarchical scatterplot matrix

In a scatterplot matrix (Fig. 20), each data item is
projected to N *N plots, with N being the number of
dimensions of the data set. The position of the projected
point in a plot is decided by the values of the data item
in the two dimensions that compose this plot.
We apply the meanpoint-band method to generate a

hierarchical scatterplot matrix (Fig. 21), by displaying
the clusters in the N *N plots. The mean of a cluster is
drawn as an ordinary data item in the flat scatterplot
matrix. The extents of each cluster form rectangles
around the projected mean in each plot. The projections
of a cluster on different plots are drawn in the same
color, which gives users the convenience of linking a
cluster from one plot to another. In the flat form
scatterplot matrix, all the data items have the same

color. Hence users can have difficulty linking a data item
when they move from one plot to another.
In Fig. 21, the unbrushed region is at a low LOD

while the brushed region is at the highest LOD (all
individual data items are shown). Notice that the
highlighted spots form a group of similar data items
that is hard to pick out in Fig. 20, as they are
overwhelmed by other spots in many of the plots. For
example, in the year–horsepower plot, they overlap with
the data items forming the blue cluster, while in the
horsepower–acceleration plot, they overlap with the

Fig. 19. Hierarchical star glyphs. Big trends and prevalent
glyph shapes in the data set are revealed. Fig. 20. Basic scatterplot matrix.

Fig. 21. Hierarchical scatterplot matrix. The highlighted spots
are a group of similar data items which are hard to be picked
out in Fig. 20 since they are overwhelmed by other spots in
many plots in Fig. 20.

J. Yang et al. / Computers & Graphics 27 (2003) 265–283 275

Figure: Yang et al. [2]
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Related Works
Exploring the Pareto Front

■ Cibulski et al. [3]: Pareto front with parallel
coordinates

■ Chen et al. [4]: Self-Organizing Maps
(SOM) in combination with Pareto front for
optimal strategies.

Figure: Cibulski et al. [3]
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Related Works
Exploring the Pareto Front

■ Cibulski et al. [3]: Pareto front with parallel
coordinates

■ Chen et al. [4]: Self-Organizing Maps
(SOM) in combination with Pareto front for
optimal strategies.

Figure 3: A screen-shot of the Self-Organizing Maps for Multi-Objective Pareto Frontiers (SOMMOS) as part of the PPM system. The decision
maker decides she would like to gain in revenue at least $60M , so she filtered out the solutions with low revenue. She then adds a solution to the
basket (outlined in + signs) that she sees as a good compromise between all the objectives. Given that she does not want to compromise too
much on risk but still would like to increase her revenue, she examines another solution within the cluster that maximizes revenue. She notices
that by compromising on 0.5 in risk she can maximize her revenue and still have a decent cost reduction. She can now either add that solution
to the basket and compare the two more rigorously or continue exploring other options.

Congestion-
Reduction
[lane-km/
vehicle]
max: 67.0

Safety
max: 10.00

Cyclist/Pe-
destrian
Trails
[km]
max: 984

Economic
Growth
max: 10.00

Air
Quality
max: 15.0

Figure 4: A five-objective Transportation Asset Management problem. Focusing on the yellow cluster, which aims at maximizing air quality, the
decision maker can clearly identify that she can maximize both air quality and congestion reduction. She can compromise a bit on congestion
reduction to gain higher economic growth. Unfortunately, there is no option for a decent compromise with cyclist/pedestrian trails without
hindering the air quality. Note that both the glyph fill color and the order of the objectives contribute to the decision maker’s ability to understand
the above insights.
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Figure: Chen et al. [4]
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AlloyInter
Overview

a. Input
selection (x)

b. Guided output
adjustments (yj , wj)

c. Interpolation
Overview (ŷλ, yλ)similarity

search
matched
outputs

select intermediate point
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AlloyInter

a. Input selection (x)

■ Adjust x ∈ ∆6

■ Similar points from input dataset X
retrieved

■ Shown in t-SNE Ŷ

Kantz et.al.
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AlloyInter

b. Guided output y selection

■ Adjust output y ∈ Y

■ Suggestions using XAI1 [5, 6]

w = Φf∗(x)

■ Search for similar output y ∈ Y ,
hovered selection shown in t-SNE Ŷ

1Using Light Gradient Boosting Machine (LightGBM), prior research indicates good
performance.
Kantz et.al.
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AlloyInter

c. Interpolation Overview ŷλ, yλ

■ Interpolation between selections

xλ = λx0 + (1 − λ)x1.

■ Use learned

y∗
λ = f ∗(xλ)

& find closest matches yλ ∈ Y .

Kantz et.al.
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Demo Time!

Demo: http://hereditary.cgv.tugraz.at/alloy-inter

Kantz et.al.
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Complete System

■ Optimization of alloy mixture using interactive exploration.

■ Select one input x0.
■ Select another input x1 based on close output by adjusting target y.
■ Interpolate xλ to explore intermediate suitable compositions.

■ All in an integrated web view using t-Distributed Stochastic Neighbor
Embedding (t-SNE).

Kantz et.al.
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Future Work

■ Exploring the Pareto Front

. . . by allowing custom composition of target
costs.

■ Guided gradient optimization based on XAI.

■ Further (biomedical?) datasets.

Kantz et.al.
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Future Work

■ Exploring the Pareto Front

. . . by allowing custom composition of target
costs.

■ Guided gradient optimization based on XAI.

■ Further (biomedical?) datasets. Figure: Simulation of a Tumor
cell [7].
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Thanks for coming by :) 1

Paper: https://arxiv.org/abs/2509.19202v1

1Feel free to come by the poster!
Kantz et.al.
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More Ideas?
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