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Figure 1: Our proposed exploration workflow within the AlloyInter approach. The input selection (a.) allows the users to select their
initial mixture parameters. Next, the guided output adjustments (b.) foster the understanding of the dependencies between input
parameters and output parameters. Once the intended output parameters have been chosen, the interpolation overview (c.) shows
a possible path between the start and intended end composition in the embedding space. Any intermediate point can be chosen
to return to the input selection and continue the search for an intended mixture and output parameter combination. The colors of
the embedding space represent similarity to the start sample, guiding the user.

ABSTRACT

This entry description proposes AlloyInter, a novel system to enable
joint exploration of input mixtures and output parameters space in
the context of the SciVis Contest 2025. We propose an interpola-
tion approach, guided by eXplainable Artificial Intelligence (XAI)
based on a learned model ensemble that allows users to discover
input mixture ratios by specifying output parameter goals that can
be iteratively adjusted and improved towards a goal. We strengthen
the capabilities of our system by building upon prior research within
the robustness of XAI, as well as combining well-established tech-
niques like manifold learning with interpolation approaches.

Index Terms: Dimensionality reduction, Dataset Exploration,
Gradient Exploration.

1 INTRODUCTION

We propose AlloyInter, Manifold Exploration by Explanations (and
Interpolation) as our entry in the SciVis Contest 2025 [2]. The
challenge intends to support the discovery of optimal mixtures of
scrap metal by promoting innovative approaches to guided visu-
alization of a simulated dataset. This dataset contains a sampled
hypercube of the six input ratios and 64 resulting elemental com-
position and various physical properties relevant for additive man-
ufacturing. The dataset contains a total of 324632 data samples.

Our contest entry aims to solve this challenging visualization
setting using an iterative approach to guide the user towards a vi-
sual optimization of the mixture, utilizing interpolation techniques
over the manifolds, dimensionality reduction, and XAI. This itera-
tive process is illustrated in Fig. 1. We use t-Distributed Stochastic
Neighbor Embedding (t-SNE) [9] to embed the output categories

and input spaces into an overview visualization. These embeddings
enable the user to interactively explore the output space and pre-
view the selections. This exploration is aided by an initial intu-
itive search interface, followed by targeted parameter optimization
and similar next-step search employing SmoothGrad (SG) [8] to
guide the user. The selected data points are then interpolated using
a learned model ensemble of Light Gradient Boosting Machines
(LGBMs) [11] and k-Nearest Neighbors (kNN). This unique com-
position of exploration techniques and choice of robust Machine
Learning (ML) approaches enables our system to provide a tailored
visual analytics flow for the mixture optimization process.

2 RELATED WORKS

Prior works have already tackled similar optimization problems
in additive manufacturing and optimization. Goguelin, et al. [5]
also investigate how different input parameters affect their output
choices using cost-metrics with Spider charts as input visualization,
and parallel coordinates for grouped visualization. Parallel coordi-
nates are also at the focus within the work of Yang, et al. [10], which
investigates effective exploration of large datasets using interactive
hierarchical displays. Other works within the high-dimensional op-
timization field focus on the variation within the Pareto front [4],
like the work of Chen, et al. [3] exploring joint cost-optimization
problems in various settings. Their system enables discovery of
choices with the same costs; exploring the trade-offs between vari-
ous cost-optimal points.

Both approaches, however, are limited to a few discrete units
with no sensitivity analysis between them, hindering the compari-
son of instances. We furthermore add a novel interpolation scheme
to arbitrary dimensionality-reduced high-dimensional output space
and demonstrate it on the use case within the SciVis contest.
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3 METHODOLOGY

Our system, AlloyInter, starts from a uniform sample x ∈ ∆6 from
the input hypercube ∆6. The user can then adjust this sample by
dragging along each dimension within the Spider chart to adjust
them, which automatically rescales the other dimensions to still be
within the hypercube. The selected input parameters are used to
search for the k closest samples xs ∈X from the provided data set
X ⊂ ∆6 using kNN. While hovering, and later selecting a mixture
x0 from the proposed search results, we highlight the correspond-
ing simulated output variable ys ∈ Y from the provided output
dataset Y within the manifold Ŷ learned using t-SNE. We illus-
trate these capabilities in Figure 2. The selection also highlights
points in the learned manifold Ŷ most similar to the selection by
color coding closer ones in lighter colors.

Once a suitable input mixture x0 is chosen, the user can adjust
the output values to match their target specification to optimize their
mixture towards a specific goal required for their application. We
additionally show a sensitivity indicator over the Spider chart when-
ever the user hovers over one output parameter. This indicator is
based on a learned LightGBM on the individual parameter y j, i.e.

y j = f ∗(x) ,

j being the output dimension. We calculate the sensitivity w j =
Φ f ∗(x) using the XAI method SG, effectively approximating the
gradient ∇x f ∗(x). This method has been shown to be quite robust
in the face of noise, especially when using this combination of tree-
based method and densely sampled input space [6]. The sensitivity
display and data point adjustment view is shown in Figure 3. The
adjustments of the output parameters is used to provide suggestions
of possible data samples using kNN search over Y , re-weighting
the distance metric by placing more emphasis on the changed pa-
rameters. This selection process is shown in Figure 4. The choice
of the next data point is then used as the basis for the interpolation.

Once the next data sample x1 has been chosen, we interpolate
between them in both input and output space and visualize the re-
sults, as shown in Figure 5. First, the input space is interpolated
using the convex combination

xλ = λx0 +x1(1−λ ) ,

over a discretized λ = (0,1). We then feed each sample into our
learned model ensemble f∗ to get all outputs y∗

λ
= f∗(xλ ). These

samples are then used to find the closest real data point

yλ = arg min
y∈Y

∥∥y−y∗
λ

∥∥ ,

which are then used to show the path over the manifold ŷλ by con-
necting them within the lower-dimensional visualization. We also
display the change of each output variable between the interpolated
variables as small charts. This interface also enables previews and
selection of intermediate values to progress the optimization.

This flow enables the users to iteratively refine their mixture, al-
ternating between input and output spaces, while being alerted to
sensitivities with respect to the outputs. AlloyInter should there-
fore foster the discovery of advantageous mixtures by showing the
intermediate steps between a target output sample and initial input
mixture, while also providing iterative means to exploration if the
composition of output parameters are not satisfactory – providing
immediate feedback through small multiples and guidance through
the low-dimensional representation. The user is, however, also free
to choose any points within the low-dimensional space by just hov-
ering over it, revealing the input mixture ratios, and clicking it.

4 IMPLEMENTATION

AlloyInter is implemented as a web application, using vue.js
(vuejs.org) as the framework, D3 [1] and its wrapper D3FC (d3fc.io)

to build the visualizations. We use the WebGPU functionality of
D3FC to visualize the large number data points efficiently, and em-
ploy the cuml [7] package in the backend to quickly compute the
dimensionality reductions. The code for AlloyInter can be found at
github.com/Dakantz/AlloyInter.

5 DISCUSSION & CONCLUSION

Our system, AlloyInter, provides an iterative, visual, and guided
optimization tool enabling users to discover relevant compositions
of materials and achieve their targeted material parameters. The op-
timization process is based on an alternating process between out-
put parameter selection and the interpolation from a starting input
mixture. This iterative process is connected to a low-dimensional
representation of all parameters, displaying the hovered data points
as small mixture indicators and allowing free selection if the user
chooses a more explorative flow.

Further improvements to the visual guidance could include a
tighter integration of the sensitivity results to steer the user not only
visually, but also incorporate the gradient estimation in the inter-
polation algorithm. This could be achieved by performing gradient
descent (or ascent) for a selected point and chosen output parame-
ter to optimize a specific one arbitrarily, and visualizing the results.
Further research directions could be an improved output parameter
search window, where the user could fix a set of parameters to spe-
cific values for later recall in the iterative search. This could also be
integrated into a custom cost function driving the aforementioned
gradient descent towards a cost minimum.
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