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Abstract. This paper introduces LMAP (Local PCAModels with Global
MDS Embeddings), a geometric method for nonlinear dimensionality re-
duction that combines local PCA-based tangent charts with global MDS
alignment to obtain smooth embeddings with coherent local and global
structure. Landmark points define locally linear models that approximate
the manifold’s tangent geometry, while classical multidimensional scaling
aligns these charts into a consistent low-dimensional representation. The
resulting atlas admits a closed-form out-of-sample extension via weighted
blending of multiple tangent charts, yielding a continuous and reproducible
mapping from the ambient space to the embedding. Experiments on syn-
thetic manifolds analyze the influence of landmark density and neighbor-
hood size and show that LMAP produces globally consistent embeddings
that bridge the gap between linear PCA and stochastic neighbor-based
methods, achieving low global distortion while maintaining reliable trust-
worthiness and out-of-sample stability.

1 Introduction

High-dimensional datasets often concentrate near low-dimensional manifolds,
motivating dimensionality reduction techniques that map data from an ambient
space RD to a latent representation Rd (d ≪ D) while retaining geometric struc-
ture. Classical learners like Isomap [1], LLE [2], and LTSA [3] exploit local linear-
ity but struggle with curvature and noise. Modern approaches like UMAP [4] im-
prove efficiency via stochastic optimization, though they may compromise global
smoothness and reproducibility. Notably, recent work suggests that distance-
based methods can rival t-SNE by using robust pseudo-distances like the sym-
metrized Kullback-Leibler divergence across neighborhoods (SKLAN) [5], revi-
talizing global alignment as a viable alternative to graph-based methods.

A complementary direction employs local PCA to characterize tangent ge-
ometry. While previous work used local PCA for patch-based unfolding [6, 7]
or curvature estimation [8], these methods often lack a unified mechanism for
integrating charts into a coherent global representation or providing closed-form
out-of-sample extensions. In the following, we introduce LMAP, a method that
couples local tangent modeling with global MDS alignment to bridge this gap.
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2 LMAP

LMAP approximates a nonlinear manifold by constructing a set of locally linear
tangent charts around selected landmark points and aligning these charts into
a coherent low-dimensional coordinate system. Taken together, these aligned
charts form an atlas of the manifold: each chart provides a valid local parame-
terization, and their overlaps ensure a smooth transition between regions. The
atlas structure enables both a globally meaningful embedding and a principled
out-of-sample mapping based on interpolating between local models.

2.1 Landmark Sampling

Given a dataset X = {xi}ni=1 ⊂ RD, LMAP selects a subset of m ≪ n landmark
points C = {cj}mj=1 that act as centers of local coordinate charts. Landmarks
are chosen to cover the data distribution while keeping the global alignment step
computationally efficient. Because subsequent operations scale cubically in the
number of landmarks, reducing the problem from n points to m representative
centers decreases complexity from O(n3) to O(m3) without discarding essential
geometric information. Each landmark serves as a “reference location” around
which the manifold is locally approximated and later contributes one chart to
the atlas.

2.2 Local Tangent Modeling via PCA

For every landmark cj , a neighborhood

Pj = {xi | xi is among the klocal nearest neighbors of cj}

is determined in the ambient space. Applying PCA to Pj yields a tangent basis
Tj ∈ RD×d that captures the dominant directions of variation and provides a
first-order approximation of the manifold around cj . These PCA-based tangent
charts supply locally valid coordinate systems that approximate the nonlinear
geometry in each region, and their collection forms the local structure of the
atlas.

To characterize the scale of each neighborhood, we compute

σj = median
(
∥xi − cj∥ : xi ∈ Pj

)
,

which later determines the strength of interpolation between overlapping charts.
Smaller σj emphasize locality, while larger values yield smoother transitions.

2.3 Global Alignment via MDS

To merge the locally linear charts into a common global coordinate system,
LMAP constructs a kgraph-nearest-neighbor graph over the landmarks using
pairwise distances dij = ∥ci − cj∥. Shortest-path distances on this graph ap-
proximate inter-landmark geodesic structure and define a distance matrix DL

that captures coarse global geometry.
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Classical MDS is then applied to DL,

YC = MDS(DL) ∈ Rm×d,

producing coordinates for all landmark centers in the embedding space. This
step aligns all tangent charts into a single global coordinate system, ensuring
that the atlas reflects consistent large-scale geometric relationships.

2.4 Out-of-Sample Projection

General data points xi are embedded by interpolating between multiple tangent
charts. Let N (xi) denote the q nearest landmarks. Each chart supplies an
affine approximation YC [j] + T⊤

j (xi − cj) of the embedded position, and these
approximations are blended using Gaussian weights:

yi =

∑
j∈N (xi)

wj(xi)
(
YC [j] + T⊤

j (xi − cj)
)∑

j∈N (xi)
wj(xi)

, (1)

wj(xi) = exp
(
−∥xi − cj∥2/2σ2

j

)
, (2)

where σj is the neighborhood scale of chart j.
This weighted blending provides a smooth transition across overlapping charts,

yielding a continuous mapping from the ambient space to the global embedding
defined by the atlas.

3 Experimental Analysis

This section presents an experimental evaluation of LMAP and examines the
effects of its key hyperparameters

3.1 Landmark Density and Neighborhood Size

To analyze the influence of hyperparameters on geometric fidelity, we conduct
a study varying the number of landmarks m, the local neighborhood size klocal,
and the graph connectivity kgraph in the LMAP algorithm. Figure 1 shows the
resulting embeddings and local tangent visualizations for nine parameter combi-
nations. Local quality is measured using trustworthiness (TW) for neighborhood
preservation, and global geometric accuracy using Sammon stress (SA) for dis-
tance distortion.

Increasing m improves global smoothness and manifold coverage, as more
landmarks provide finer sampling of curvature and topology. Larger klocal values
yield more stable but smoother tangent estimates, while smaller neighborhoods
preserve sharper local variations. A higher kgraph enhances global consistency by
connecting distant regions more effectively, reducing fragmentation at the cost
of slightly coarser local detail. Together, these parameters govern the trade-
off between local geometric precision, curvature continuity, and global manifold
coherence.
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3D Tangents
m=100, k=10, g=5

2D Embedding
TW=0.948, SA=0.936

3D Tangents
m=100, k=40, g=10

2D Embedding
TW=0.922, SA=0.504

3D Tangents
m=100, k=100, g=20

2D Embedding
TW=0.910, SA=0.381

3D Tangents
m=500, k=10, g=5

2D Embedding
TW=0.993, SA=2.667

3D Tangents
m=500, k=40, g=10

2D Embedding
TW=0.951, SA=0.895

3D Tangents
m=500, k=100, g=20

2D Embedding
TW=0.946, SA=0.553

3D Tangents
m=1000, k=10, g=5

2D Embedding
TW=0.993, SA=2.795

3D Tangents
m=1000, k=40, g=10

2D Embedding
TW=0.991, SA=1.479

3D Tangents
m=1000, k=100, g=20

2D Embedding
TW=0.974, SA=0.849

Fig. 1: Influence of the number of landmarks m, local neighborhood size klocal,
and graph connectivity kgraph on the LMAP embedding. Each pair shows 3D
local tangent models (left) and the resulting 2D embedding (right).

3.2 Quantitative Evaluation on High-Dimensional Data

To assess representational performance, two configurations of LMAP were eval-
uated: LMAP-1 (m = 500, klocal = 10, kgraph = 5) and LMAP-2 (m = 1000,
klocal = 40, kgraph = 10). Table 1 reports TW and SA for PCA, MDS, t-SNE,
UMAP, and both LMAP variants on three high-dimensional datasets.

Data PCA MDS LMAP-1 LMAP-2 t-SNE UMAP

Blobs 0.86/0.31 0.87/0.22 0.86/1.41 0.87/0.78 0.94/2.56 0.90/0.64
Cancer 0.87/0.29 0.89/0.19 0.88/0.95 0.87/0.33 0.95/2.82 0.92/0.57
Digits 0.82/0.61 0.89/0.29 0.88/2.22 0.90/1.59 0.99/3.66 0.97/0.54

Table 1: Comparison of PCA, MDS, LMAP-1, LMAP-2, t-SNE, and UMAP.
Entries show TW/SA (higher TW, lower SA are better).

Across datasets, both LMAP variants achieve trustworthiness scores in the
range 0.86–0.90, clearly below those of t-SNE and UMAP but higher than PCA
and roughly on par with MDS. This indicates that LMAP preserves local neigh-
borhoods reasonably well, but not at the level of stochastic neighbor-embedding
methods. In terms of global structure, LMAP-2 substantially improves over
LMAP-1, reducing Sammon stress by roughly 40–50% across datasets. Never-
theless, its global distortion remains higher than PCA and MDS, which achieve
consistently lower SA values. UMAP shows moderately low distortion, while
t-SNE exhibits the highest distortions. Overall, LMAP-2 provides a meaningful
trade-off between local and global structure: it preserves local neighborhoods
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better than PCA and MDS while maintaining notably lower global distortion
than t-SNE. However, LMAP does not surpass UMAP or MDS in either metric,
positioning it as a transparent mid-spectrum method rather than a replacement
for state-of-the-art neighbor embeddings.

3.3 Comparison with Baseline Methods

Both variants are also compared with classical linear and nonlinear embedding
techniques, PCA, MDS, t-SNE, and UMAP, on three nonlinear benchmark man-
ifolds: Swiss Roll, Y-Branches, and Sparse Corridor. Figure 2 illustrates the

Fig. 2: Comparison of LMAP-1 and LMAP-2 with PCA, MDS, t-SNE, and
UMAP on the Swiss Roll, Y-Branches, and Sparse Corridor datasets. LMAP
produces globally coherent embeddings balancing local fidelity and global geom-
etry.

results, where each row corresponds to one dataset and each column to an
embedding method. The first LMAP configuration uses fewer landmarks and
smaller neighborhoods, while the second employs denser local models and higher
graph connectivity. Both variants produce smooth embeddings that unfold the
manifolds coherently, bridging the gap between global linear methods (PCA,
MDS) and stochastic neighbor embeddings (t-SNE, UMAP), which emphasize
local detail but often distort global geometry. Notably, while t-SNE and UMAP
may offer higher local trustworthiness, they exhibit visible discontinuities and
fragmented clusters on the Y-Branches and Sparse Corridor manifolds. In con-
trast, LMAP maintains topological continuity through its atlas-based blending,
ensuring that the global structure remains identifiable and reproducible across
different runs.
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4 Conclusion

This paper introduces LMAP, a geometric method for nonlinear dimensionality
reduction that combines PCA-based tangent charts with global MDS alignment
to produce smooth embeddings with coherent local and global structure. The
method further provides a closed-form out-of-sample extension through weighted
blending of multiple tangent charts, yielding a continuous and reproducible map-
ping from the ambient space to the embedding.

Experiments on synthetic manifolds demonstrate that LMAP yields globally
consistent embeddings that bridge the gap between linear PCA and stochastic
neighbor-based methods. While the atlas-based blending introduces a trade-
off in local trustworthiness, this behavior reflects a deliberate design choice to
prioritize topological continuity and out-of-sample stability over strict neighbor
preservation. Moreover, the substantial reduction in global distortion achieved
by increasing landmark density, observed in the transition from LMAP-1 to
LMAP-2, highlights the robustness and scalability of the method. LMAP there-
fore provides a transparent and reproducible alternative for applications in which
global manifold coherence is of primary importance.
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The open-source implementation of LMAP is available here.
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