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Abstract. Neighbor embedding methods effectively preserve local struc-
tures in low-dimensional spaces but are difficult to interpret due to their
nonlinear nature. Post-hoc explanations offer only approximate insights.
We propose an interpretable neighbor embedding approach that projects
each point via a linear combination of shared basis directions, yielding
exact explanations through global bases and point-specific coefficients.
We demonstrate the method using a t-SNE loss on a single-cell dataset.
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1 Introduction

Visual exploration of high-dimensional (HD) data is often performed using neigh-
bor embedding (NE) techniques such as t-SNE [7] and UMAP [8]. Despite their
effectiveness, NE methods are nonlinear, making it difficult to relate LD coordi-
nates to HD features [9]. Linear methods like PCA [5] provide interpretable pro-
jections but fail to capture complex structures, highlighting a trade-off between
DR quality and interpretability. Post-hoc approaches attempt to explain non-
linear embeddings using surrogate models [3][2][6], but these only approximate
the embedding and may be inconsistent across the LD space. Our approach ad-
dresses this problem by learning a structured locally-linear mapping that enables
direct reasoning about the contribution of HD features to each LD coordinate
while preserving the flexibility of nonlinear neighbor embeddings.

2 Structured Parametrization

In previous work [4], we explored point-wise local linear mappings and showed
that such mappings can produce low-dimensional embeddings with minimal
loss in DR performance. However, interpreting individual weight matrices re-
mained challenging. To improve interpretability, we propose a more structured
parametrization. Let & € R? denote the HD coordinates of point i and x; € R?
its LD embedding. We define the point-specific linear map as W; = Z§=1 ¢i;jB;
and the corresponding embedding as x; = W, &;, where B, ¢ R¥*2 are global
basis projections, c;; € R are point-specific coefficients, and p < n.
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Interpretability arises from the bases B; capturing global directions and the
coefficients c;; describing how each point combines these directions. To enable
flexible out-of-sample embeddings, the coeflicients ¢; = [¢;1, .. .,cip]T can be
predicted from x; using a simple parametric mapping: ¢; = fp(&;). The model
can then be trained end-to-end with a neighbor-embedding loss.

3 Implementation and Preliminary Results

We implemented the method using a ¢-SNE loss. The basis projections B; and fp
(a two-layer neural network with softmax outputs) were optimized jointly in an
end-to-end fashion using PyTorch’s automatic differentiation. We illustrate the
results on the Genomics 10x brain cells dataset [1]. The dataset was subsampled
to 25,000 points and preprocessed as in [11]. PCA was applied to retain the
first 50 components, with loadings V' € R%*% and our method was applied
in this PCA space. The proposed parametrization enables various interpretation
options. For instance, we can assess the effect of removing a basis to highlight its
contribution. We can also identify most represented genes in a basis by projecting
it back to gene space as G; = VB; € R%*? and rank genes by their L2 norm
across the two LD coordinates, i.e., scoreq, = ||[(G)g,:|l2. The top genes are then
selected as argmaxg(score,). These examples are illustrated in Figure 1.
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Fig. 1. a t-SNE embedding produced by our method. Cluster assignements and col-
ors are from [10]. b Embedding obtained by removing the first basis (no retraining
needed). ¢ Difference between a and b. d Standardized gene expression for the 3 most
represented genes in B. Black arrows indicate the corresponding directions (G1)g.

4 Conclusion and Further Work

Our method aims to combine the power of neighbor embeddings with direct
interpretability through structured local mappings. We are currently conducting
broader experiments and evaluation. Future work will explore adding structure
to the coefficients c;, for example to enable hierarchical interpretations.
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