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A single trained model visualizes unseen datasets directly
'— no hyper-parameter tuning, no retraining.



Motivation

Conventional HDV Per-dataset fitting
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Problem Formulation

Definition 1 (AutoDV) Suppose we have L labeled historical datasets (X1,y1), (Xo2.y2), ...
(X 1.yp), where X; € RN:X% js the data matrix with N; samples and d; features, and y; € R
are the labels, i = 1,...,L. Let Ap be an effective data visualization algorithm, with hyper-

5 - » * - / ® -
parameters 6. For each X;, an optimal low-dimensional embedding Z € RNixd" s obtained by
Z; = Ay (X;), where 0% denotes the optimal hyper-parameters selected using y; with respect to
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some metric M. The goal of AutoDV is to train an end-to-end model fz : RN1*di — RNixd" grom

(X, ZF)}YL,, such that, for any unseen dataset X ey € RN >4 with Z*, = Ag+ (Xpew), it
holds that

Al X} B J x5 (1)

new

where dist(-,-) denotes some distance metric and £ > 0 is a small constant.

Cl Designing the end-to-end model fy4 is non-trivial, especially when the model is expected to
handle input datasets with different sizes and dimensions, ie., N; # N; and d; # d; for
some ¢ and j. cross-Dimension Challenge

C2 There exist multiple optimal low-dimension embeddings Z:* for the same input X; if we
apply translation, rotation, and scaling to Z, e.g., Z; and Z]Q with any orthonormal
matrix @ are equivalent in terms of visualization. This will result in a one-to-many problem

and will be difficult to converge (Arridge et al.,2019). Translation, Rotation, and Scaling Ambiguity
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Figure 2: AutoDV framework. The input datasets will first be converted into & graphs. Then,
positional encodings are extracted from the graph. Each graph is processed by an independent GIN
network. The output node features of GINs are concatenated and sent to a graph transtormer. Finally,
an MLP head is responsible for outputting the low-dimensional embedding. Ground truth label y;,

HDV algorithm A, and Bayesian optimization are only used at the training stage to produce Z.



Main Results

Table 2: Comparative data visualization results on image datasets. Average NMI, NMI precision,
SC, and SC precision are reported on the test set. 500 subsets of MNIST and FMNIST are sampled
for training. 50 subsets of CIFAR-10 are sampled for testing. The best performance on test sets is
bold. Selected visualization results are plotted in Figure
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Table 3

Data visualization results on gene datasets. Average NMI, NMI precision, SC, and SC

precision are reported on the test set. 2918 subsets of Baron Human, Campbel. and PBMCG68k are

sampled for training.

performance on test sets is bold.

113 subsets of the Mouse Retina dataset are

sampled for testing. The best
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Main Results

Table 4: Data visualization results on UCI tabular datasets. Average NMI, NMI precision, SC, and
SC precision are reported on the test set. 519 subsets are sampled from 26 datasets, of which 156
subsets are split for testing. The best performance on test sets is bold.

Methods t-SNE° UMAP | D.t-SNE D. UMAP PCA AE p-UMAP itSNE  i-UMAP |AutoDV-tSNE AutoDV-UMAP
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(a) UMAP* on CIFARI10 (b) AutoDV-UMAP on CI- (c) UMAP* on CIFAR10 (d) AutoDV-UMAP on CI-
with 120 points. FAR10 with 120 points.  with 2759 points. FAR10 with 2759 points.

Figure 3: (a) and (b) are results of UMAP* and AutoDV-UMAP on the same small test subset of
CIFAR10, where AutoDV is better. (c) and (d) are results of UMAP* and AutoDV-UMAP on the
same large test subset of CIFARI10.



Transferability, Efficiency, and Theory

Avg. NMI of t-SNE

AutoDV-Image 23.37
AutoDV-Gene 26.61
AutoDV-Tabular 33.45
t-SNE” 30.92

Image Gene Tabular

Figure 4: Cross-domain transferability performance using t-SNE and UMAP. Each heatmap shows
average NMI results for (left) t-SNE and (right) UMAP. Within each map, columns denote the source
domain and rows the target domain for the first three rows; the fourth row (“TSNE*” or “UMAP*”)

reports the within-domain performance of the optimal low-dimensional embedding. Test sets for
each domain are the same as in Tables 2|[3] and 4|
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Transferability, Efficiency, and Theory

Theorem 1 Given a dataset X withn samples, let {P9), SUWYE_ with PU3) € R"* 9 be the input
of AutoDV model f4, where the output is Z = _fqg,(;[PU)j SU)};P’:I). Denote X as a perturbed
counterpart of X, where the output is Z = f,({PY), SU)}‘;’ZI). Suppose fy is Lg-Lipschitz

(10H.f."-.'3i|'0“5, .fht?”
f(‘?} _|_ 1 -
1Z = Z||r < QALM/ max ( — >||X _ Ejw )
7

(i) . -

where ) = Am” A” ﬂ”rsMemgwuwpbwwethUJameUJAg&usM&nmnnmm
min

(7)

mmrsmenmnmmnHmw&Jhe@ﬂnumebm%fmzSU)amiSUI

eigenvalue ome, and A

Running Time Comparison for Visualizing a Datast

800 1
700 A
600
' 500 A
, 400
300 A
200
100 -

O_

AutoDV AutoDV
(precomputed PE)

763.30

t-SNE UMAP



Conclusion

* Takeaways:
* Train once, visualize directly
* Works across varying dimensions and domains
e Affine-invariant supervision stabilizes learning

e Core Contributions:
* End-to-end HDV across varying feature dimensions and domains by
converting each dataset into multi-scale similarity graphs.

* Affine-invariant supervision aligns pairwise geometry instead of raw
coordinates, resolving rotation / translation / scale ambiguity.

* Strong generalization on unseen datasets with competitive or even better
results than optimized t-SNE / UMAP on gene and tabular data.



