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Abstract

We present a scalable manifold learning approach to represent galaxies in a low-
dimensional embedding space based on the geometry of their surrounding structure.
We validate this method on a toy dataset consisting of points in balls and lines in
space, and demonstrate its utility for astrophysics research on the realistic TNG100
galaxy simulation box. For both datasets, our method effectively captures the local
structure around each galaxy. For the TNG100 simulations we show that our first
embedding dimension correlates with halo mass and star-formation rate, which
aligns with known physical relationships.

1 Introduction

Characterizing structures in the cosmic web, such as filaments or clusters of galaxies, is a key aspect
of understanding the physical processes underlying the distribution of matter throughout the Universe.
There are known relationships between the physical properties of galaxies and their surrounding
structure; at low redshifts, galaxies in clusters are likely to be more massive, less star-forming, and
have higher metallicity than galaxies in the field [1, 2, 3].

Previous work identifies galaxy clusters using clustering algorithms such as friends-of-friends [4, 5, 6]
or DBSCAN [7] that yield binary cluster labels. Recent work has also utilized the eigendecomposition
of the Hessian of the density field to identify nodes, filaments, and sheets in distributions of galaxies
or stars [8, 9]. While the Hessian captures important second-order information that allows for detailed
characterization of structures, it is computationally expensive to calculate for every galaxy in a dataset.
Scalable methods are increasingly necessary in the age of large-scale astronomical surveys such
as the Dark Energy Spectroscopic Instrument [DESI; 10], and the Vera C. Rubin Observatory [11],
which aim to provide large 3D maps of tens of millions of galaxies.

Manifold learning is a branch of Geometric Machine Learning that aims to find a low-dimensional
nonlinear representation of a higher-dimensional dataset such that key structural properties are
preserved. Examples of such methods include Isomap [12], Locally Linear Embeddings [LLE;
13], and Laplacian Eigenmaps [14], all of which characterize the data’s intrinsic geometry to learn
low-dimensional representations optimized for downstream tasks. We present a new, scalable
manifold learning approach for learning low-dimensional representations of galaxies based on
their local geometric structure. In contrast to existing methods, our approach compares similarity
distances between local galaxy neighborhoods to produce a continuous embedding space that captures

Machine Learning and the Physical Sciences Workshop, NeurIPS 2025.



higher-order structures without expensive Hessian calculations. Our code is publicly available at
https://github.com/asmuzsoy/galaxy-manifolds.

2 Methods

Given a dataset of n points in a 3D box, we aim to create an m-dimensional embedding space (where
m < 3) in which points cluster based on the structure of their local neighborhoods. We first define a
neighborhood radius r, which is necessarily much less than the box size. We then create an n× n
distance matrix Dp (denoting “physical distances”) that contains Euclidean distances between points
if they are less than r and zeros otherwise. We use periodic boundary conditions when calculating
physical distances between points in space to avoid edge effects. The size r of the local neighborhood
is a tunable hyperparameter and allows for representation of structures at different scales.

Under this framework, every row Dp,i denotes a vector of length n with the distances from point i to
every other point that is within distance r, and zeros otherwise. Dp is then sorted along this axis, so
that the distances are in order of smallest to largest, with most vectors having a significant number
of leading zeros due to points being further than distance r away. We then calculate a new n × n
matrix Ds (denoting “similarity distances”), containing the Euclidean distances between these sorted
distance vectors.

Points with similar local structure will have more similar sorted distance vectors, and thus lower
similarity distances than points with more different local structure. The number of nonzero values
in each point i’s distance vector (Dp,i) denotes the number of other points within distance r and
serves as a proxy for local density. A comparison between two points’ distance vectors with different
numbers of nonzero values will result in a larger similarity distance, which is desired behavior as it
denotes differences in their neighborhood structure.

From here, we use classical multidimensional scaling [MDS; 15], to create a low-dimensional
representation of this data. First, the n× n matrix of pairwise similarity distances Ds is converted to
a matrix of “centered” distances B by applying a centering matrix C on both sides:

B = −1

2
CDsC where C = I− 1

n
Jn (1)

where I is the identity matrix and Jn is an n× n matrix of ones.

The low-dimensional representation X is then determined by taking the eigendecomposition of B
and scaling the top m eigenvectors by the square root of their corresponding eigenvalues, where m is
the desired dimensionality of the final embedding space. In this work, we use m = 1 or 2.

Through this procedure, MDS optimizes a low-dimensional representation of the data by minimizing
strain S:

S(x1, x2, ..., xn) =

(∑
i,j(bij − xT

i xj)
2∑

i,j b
2
ij

)1/2

(2)

where bij denotes each element in the centered matrix B and xi denotes the new low-dimensional
representation of point i.

Our approach is reminiscent of Isomap [12], which constructs a similarity graph with edges between
a point and its nearest neighbors; the shortest-path distances between nodes in the similarity graph
are then used to approximate geodesic distances in a suitable low-dimensional representation space,
which are then used as input to MDS. Our approach differs from Isomap in that the MDS routine is
applied to the neighborhood similarity matrix Ds instead of the geodesic distance matrix.

3 Results

Synthetic Data For a simple test of our method, we create a synthetic “barbell” dataset of 2,200
points in a box of size 20 on each side. This dataset consists of 500 points in each of the two
balls, 200 points in a line connecting the two balls, and 1,000 random points uniformly distributed
throughout the entire box. Points in the balls are sampled from 3D Gaussian distributions with means
of ±(3, 3, 3) and covariance matrices of 2I3. We use a neighborhood size r = 0.5.

2

https://github.com/asmuzsoy/galaxy-manifolds


0.6 0.4 0.2 0.0 0.2
Embedding Dimension 1

0.4

0.2

0.0

0.2

0.4

Em
be

dd
in

g 
Di

m
en

sio
n 

 2

Ball 1
Ball 2
Line
Random pointsx

10
5

0
5

10

y
10

5
0

5
10

z

10
5
0
5

10

0.6

0.4

0.2

0.0

0.2

Em
be

dd
in

g 
Di

m
en

sio
n 

1

Figure 1: (left) The synthetic “barbell” dataset, colored by the first embedding dimension. (right) The
points from the synthetic “barbell” dataset in the first two embedding dimensions, colored by the
structures they belong to (either of the two balls, the line, or randomly distributed).

Figure 1 shows the results of our method on the “barbell” dataset; the three different structures (balls,
line and random points) occupy different regions of the embedding space. The embedding of the two
balls are indistinguishable with no positional dependence. Since the balls are Gaussian-distributed,
points are more concentrated towards the center and more diffuse on the outsides. This can be seen in
their embedding, where the points in the balls range from the embedding values of points in the line
to those of the random points.

The neighborhood size r is a hyperparameter that specifies the scale of structure to be expressed in
the embedding space. While we primarily use a value of r = 0.5 for this dataset (shown in Figure 1),
we explored a variety of values that capture different neighborhood sizes around each point. Figure 2
shows the resulting embeddings calculated with r = 0.1 (left) and r = 5 (right) to show the diversity
of scales that can be represented by this method. Neighorhood sizes that are too small or too big do
not capture enough information about the structure around a point to effectively separate points with
different surrounding geometries. As seen in Figure 2, the embeddings of the points in the balls are
indistinguishable from those of the randomly distributed points at r = 0.1 and the points in the line
at r = 5.

r = 0.1 r = 5

Figure 2: The synthetic “barbell” dataset, colored by the first embedding dimension, with embeddings
calculated with a neighborhood size r of 0.1 (left) and 5 (right). The embeddings shown in Figure 1
use r = 0.5.

Realistic galaxy simulations The IllustrisTNG project is a realistic suite of galaxy formation simu-
lations that capture how visible and dark matter evolve over time. We use the TNG100 Simulations
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Figure 3: (left) The distribution of galaxies (subhalos) in the TNG100 dataset, in comoving coordi-
nates. (right) The same dataset, colored by the first embedding dimension.
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Figure 4: Median host dark matter halo mass (orange, right y-axis) and galaxy star-formation rate
(dashed blue, left y-axis) from TNG100, calculated across 30 bins of the first embedding dimension.

[16, 17, 18, 19, 20], which have a box size of 75 Mpc1 /h, and use the subhalo catalog at z ≈ 0,
which aims to simulate the universe at the present day. The TNG simulations use comoving distances
(scaled by the dimensionless Hubble constant h), which factor out the expansion of the universe,
and the size of the TNG100 box is small enough that we can approximate cosmological distances as
Euclidean. We select confirmed galaxies that have stellar masses greater than 109M⊙ and more than
1,000 star particles, yielding 17,611 galaxies. Here we use a neighborhood size of r = 5 Mpc/h.

Figure 3 shows the distribution of galaxies in the TNG100 simulation, and the resulting embeddings
using our method. Just as in Figure 1, there is no positional dependence in the embedding values, and
the embedding is able to separate points in clusters and filamentary structures from points in sparser
and more diffuse environments. A comparison to DBSCAN can be found in Appendix A.

The first embedding dimension provides a continuous variable that encodes something akin to the
“clusteriness” of an environment, and this can be useful in probing galaxy-environment interactions.

1Relevant astronomical units: 1 megaparsec (Mpc) ≈ 3.26 million light years ≈ 3.1× 1019 km, 1 M⊙ = the
mass of the Sun = 2× 1030 kg.
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The TNG100 simulations include physical parameters of galaxies as well as their positions, and
we can use our embedding to further examine the relationship between galaxy properties and their
environments.

Figure 4 shows the relationship between the first embedding dimension, galaxy star-formation
rate (SubhaloSFR) and host dark matter halo mass (Group_M_Crit200). Both of these quantities
correlate with our first embedding dimension as we would expect from known physical relationships.
Galaxies with lower embedding values, which denote more clustered regions, have higher halo masses
and lower star-formation rates than galaxies with higher embedding values, denoting field regions.

In addition to reproducing known differences between cluster and field galaxies, our embedding
allows us to probe environments between these two extremes. The halo mass and star-formation rate
both seemingly plateau between embedding values of -1 and -3, which appear to represent more
filamentary structures in Figure 3. A continuous embedding value allows us to examine the transitions
between clusters, filaments, and field galaxies, and show how physical parameters can vary smoothly
with environmental structure instead of just in discrete populations.

4 Discussion & Conclusion

Our manifold learning method improves on traditional discrete cluster-finding methods by providing a
continuous value that captures more nuance in the structure of galaxy neighborhoods. By calculating
similarity distances between points’ sorted neighborhood distance vectors, we are able to identify
many of the relevant structures in a dataset without having to do expensive Hessian calculations at
each point. One limitation of our method is that we compute radial distances between points, so two
neighborhoods with points at the same distances but distributed at different angles (i.e. colinear vs.
spherical) would encode as the same distance vector.

This method is extremely scalable, requiring only a fraction of pairwise distances (those within
a small neighborhood) to be computed. It includes only one eigendecomposition of a symmetric
matrix (which can be leveraged for further computational speedup) to compute an embedding of the
entire dataset. The combination of scalability and enhanced expressivity compared to discrete cluster
identification or local density estimation makes this method particularly well-suited for use with data
from large-scale astronomical surveys such as DESI and Rubin.

Potential areas for future work include creating a standardized low-dimensional representation space,
within which different data sets’ representations can be aligned using optimal transport. This would
simplify comparison between different data sets. Moreover, void regions could be identified by slowly
introducing uniformly distributed points and monitoring changes in the embedding space. While
being extremely relevant for the characterization of the cosmic web, our method works on any point
cloud, and could have additional applications in fields such as particle physics or atmospheric science.
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A Comparison to DBSCAN for identifying galaxy clusters in TNG100

As an additional comparison, we run the DBSCAN [7] clustering algorithm (using the implementation
from scikit-learn [21]) on the TNG100 dataset to identify galaxy clusters. We set the eps
parameter, which denotes the maximum distance between two points to be considered in the same
neighborhood, to the same neighborhood size as in our method (5 Mpc/h). We set the min_samples
parameter, denoting the minimum number of points in a cluster for a point to be considered a core
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point, to 50. This DBSCAN implementation returns an integer value for each point with a cluster
label, or a value of -1 if a point is not determined to belong to any clusters.

Figure 5 shows the 21 galaxy clusters identified by DBSCAN and how the in- and out-of-cluster
galaxies occupy unique regions of embedding space in the top two embedding dimensions from our
method on the same dataset. The clusters identified by DBSCAN could likely be reproduced with
reasonable fidelity by simply imposing a cut on a threshold value of our first embedding dimension,
while our embedding space allows for more expressivity of the galaxy structures outside of just binary
cluster labels.
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Figure 5: (left) 21 galaxy clusters identified by DBSCAN on the TNG100 dataset, each denoted
by its own color. (right) The same dataset in the top two embedding dimensions from our method,
with blue and orange points denoting galaxies inside and outside of clusters identified by DBSCAN,
respectively.
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