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Abstract

Machine learning (ML) has brought powerful tools to the visualisation community, particularly through neighbour embeddings
(NE). This family of algorithms enables the intuitive visualisation of high dimensional datasets, by representing these in 2-
or 3-dimensional spaces. This paper argues that as NE algorithms have progressed and diversified within the visualisation
domain, they have matured into powerful yet often simple methods whose potential remains largely underutilised in broader
machine learning contexts. This argument is illustrated by showing through two use cases, clustering and data preprocessing
before a supervised task, how NE can contribute meaningfully with little additional algorithmic effort.

1. Dimensionality reduction and neighbour embedding

Specialized by evolution to fit in a three-dimensional environment,
the human brain excels at extracting and interpreting visual infor-
mation. This helps for survival, but less so in data analytics, where
high-dimensional (HD) data are common. To circumvent the issue
and attempt to get the gist of HD data, methods of dimensionality
reduction (DR) for visualisation were developed by the machine
learning (ML) community.

Historically, one of the first DR algorithms was PCA [F.RO1],
which is a linear projection of the data such that the axes in the
low dimensional (LD) space best capture the variance in the data.
The method is a staple in ML, commonly used both for algorith-
mic processing (with the LD dimensionality generally higher than
2 or 3) and for data visualisation (LD dimensionality below 3).
The linear nature of PCA limits the amount of information that
can be captured on each axes, severely hampering its usefulness
when used for visualisation. To counter this limitation, the family
of neighbour embeddings (NE) was introduced in 2002 by G. Hin-
ton, with an original method called stochastic neighbor embedding
(SNE) [HRO2]. In this new paradigm, the data is embedded in a LD
space through iterative refinements of a non-linear, non-parametric
transformation of data, with the aim to preserve neighbourhoods
from HD to LD. This allows for much more expressive embed-
dings, as witnessed in Fig. 1. The figure shows the representation
of 60.103 images of handwritten digits in 2 dimensions, using ei-
ther PCA or t-SNE [vdMHO08], a method of NE significantly im-
proving on SNE. The NE reveals clearly separated clusters in the
data, corresponding to the different 10 digits despite not using any
supervised signals.
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Figure 1: PCA projection (left) and t-SNE embedding (right) of
the MNIST database of handwritten digits.

The impressive performance of NE for visualisation have pro-
pelled this family of algorithms to the centre of attention, both in
applied domains [TYG" 18, ADT*13, YSH*24] and in the research
community. This surge in interest has led to the development of
numerous methods of NE, each with unique characteristics, yet
all sharing the common goal of data visualization. In short, re-
cent advances in NE have increased their speed [MHM20,LRH* 19,
LCdBL24], offered more flexible ways to define neighbourhoods
[KLS*20, AMK21], (perhaps inadvertently) allowed NE to embed
in more than 3 dimensions [MHM?20, LCdBL24], and permit new
data points to be added to embeddings, either directly [LCdBL24]
or in a post-hoc manner [KB19].

The purpose of this paper is to take a step back and realise that
the advancements in the NE family now make them practical for
direct use in a wider ML context, beyond the visualisation use
case. This paper proposes two such use cases and shows that NE
can be applied to these meaningfully and with minimal algorith-
mic modification. In section 2 we propose a novel, natural exten-
sion to NE that performs hierarchical clustering. In section 3, we
show that preprocessing data using NE before a supervised task
can produce embeddings which facilitate generalisation and greatly
surpass other unsupervised methods, as was first hinted when para-
metric approximation was introduced to the community [vdMO09].
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In particular, the preprocessing application beats the state of the art
one shot learning performance on ImageNet when starting from a
latent representation of the images drawn from a vision-language
transformer trained in a self-supervised manner.

2. Harnessing the inductive bias of NE towards clustering

Neighbour embeddings produce embeddings such that, for each
point, neighbourhoods in the LD space match the neighbourhoods
in the original HD space, using Euclidean distance in LD and a
user-given distance metric in HD. The trick introduced by SNE
allowing the formulation of this objective in derivable terms is
to model neighbourhoods through a smooth kernel. Typically, the
kernel is Gaussian in HD, and has heavier tails in LD. This pur-
poseful mismatch in the HD and LD kernels is what essentially
distinguishes #-SNE, as well as other recent variants of NE, from
genuine SNE. Heavier tails in the LD kernel than in HD tends to
shorten short-range distances, while they stretch mid- to long-range
distances. This induced distance transformation, primarily meant
to address issues of norm concentration [FWV07] and embedding
space crowding [vdMHO8], has the often observed after effect of
also tightening clusters and magnifying gaps between them the LD
embedding space. Broader gaps help data visualisation and ease
interpretation, hypothesis formation or validation, as well as other
similar exploratory tasks. Recent works [AMK21, KLS*20] have
studied the effect of varying the kurtosis of the LD kernel and con-
cluded that, the heavier the tail, the more easily the manifold will
be torn in less dense regions, resulting in more clusters in the LD
space. This tendency can be witnessed in Fig. 2, where embed-
dings of the MNIST digits datasets have been produced with in-
creasing LD tail weights, from left to right. Looking at this figure,

Figure 2: Embeddings of the MNIST dataset of handwritten digits
with increasing LD kernel tails, from left to right.

two observations stand out at a glance. First, the visually identifi-
able clusters are clearly separated in the embedding by broad strips
of empty space. Second, the number of clusters in the LD space
seems to relate monotonically to the weight of the LD kernel tails.
From the first observation, one can intuit that a clustering algo-
rithm running in an embedding produced by a NE algorithm would
likely be less affected by the curse of dimensionality than in the
original HD space, where the norms and distances tend to concen-
trate [FWVO07]. This lead to works using NE to facilitate clustering
in genomics [LSH15]. The second observation leads to the hypoth-
esis that, if data has an underlying hierarchical structure, sweep-
ing the kernel tail weight hyper-parameter from light to heavy tails
could progressively reveal different levels of that hierarchy, with
light tails showing large-scale groupings of points and heavier tails
uncovering finer-grained relationships.

From these observations, one can devise a hierarchical clustering
procedure. Considering a data embedding starting with light LD
kernel tails, which progressively evolves as the LD kernel tails
grow heavier, as if transitioning from left to right in Fig. 2. Let

us take snapshots of the changing embedding at given intervals, the
saved embeddings can be written X’ ! the level ¢ indexes the ad-
vancement in growing kernel tail weight. On each embedding X’ ‘
a clustering algorithm is performed to extract all the clusters c.
Building on the observation that the number of clusters tends to in-
crease when the LD tails get heavier, one can now build a graph
capturing the fragmentation of large clusters into smaller ones by
considering each cluster as a node, and building edges e;; between

Cfg ) and C§h) such that
I
1 ncl?| {1 if [h—g| =1

ejj =0 . - s =
min ( \Cfg)|, |C](~h)|)

0 else

Once the graph is obtained, one can utilise the results algorithmi-
cally or visualise them using a graph embedding algorithm, like in
Figures 3 and 4, which use a force directed layout. For a cluster Cf,

the node displayed in the figures has a size proportional to 4/ |Cf l,
with bounds. The colour of the node is proper to the level ¢ of its
corresponding cluster, transitioning from blue for light LD tails,
to pink for heavy tails. A central node corresponding to the whole
dataset has been artificially added, for aesthetic purposes. The NE
was performed using an accelerated and flexible method introduced
in [LCdBL24]. Concerning the hyper-parameters, the NE uses a
perplexity of 35, an Euclidean distance metric in HD, and an em-
bedding dimensionality of 4. Clustering was carried out with DB-
SCAN [EKSX96]. The hyper-parameters of DBSCAN were tuned
manually, and this task was not as tedious as it can be when work-
ing directly with HD data, likely due to the lowered dimensionality
and to the tendency of NE to overemphasise the clusters by magni-
fying the gaps between them.

One might observe that, given the speed of the DBSCAN algorithm
along with the NE algorithm (with a complexity of O(N) per itera-
tion, modern GPU implementations can embed the MNIST dataset
in seconds), the proposed algorithm can be reasonably fast. More-
over it may be fully automatised by using a heuristic to drive the
hyper-parameter tuning of the DBSCAN algorithm, for instance by
requiring the number of clusters on level ¢ to be larger than the
number of clusters found on level ¢ — 1, ¢ increasing with the ker-
nel tails.

Figure 3 shows a global overview of MNIST by looking at 3 levels
of LD kernel tail weights, plus the central root node of the tree. The
representation concurs with the 101 basics of graphology. For in-
stance, the visually similar digits 5, 3, and 8 distinguish themselves
from the rest on the upper levels of the hierarchy, before speciating
into their own sub-graphs. The digits 1 with a short dash on top are
closely related to poorly-written 9, and the digits 1 with a wineglass
foot are considered as a mixture between 2 and 1, which makes sub-
jective sense. Figure 4 gathers a few zoom-ins from another graph
embedding with an additional level of depth, unveiling in a struc-
tured manner the myriad ways digits can be portrayed. The next
section proposes another application of NE to ML: reducing the
dimensionality of the data for downstream automatic processing.

3. Neighbour embedding as a pre-processing step

When using data for an automated ML task, it is common to reduce
data dimensionality first, generally using PCA or sometimes auto-
encoders, in order to get a tractable number of meaningful features.
Often-times, a good initial dimensionality reduction step can also
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Figure 3: Hierarchical representation of the MNIST data set of
handwritten digits, using the introduced methodology of clustering.

Figure 4: Close up views of the computed graph, with one more
level of depth.

de-noise the data, improving performance in downstream tasks. A
parametric approximation of #-SNE introduced in [vdMO09] hints
that NE can generate representations that facilitate generalisability.
The capacity of modern NE to natively produce embeddings of di-
mensionality greater that 3 and to allow new points to be added to
the embedding leads to this section, which revisits the use case of
data preprocessing using non-parametric NE across 6 datasets, in
Fig. 5 and Table. 1. The datasets investigated in these experiments
are staples in supervised ML tasks, freely available online. For each
dataset, the quality of different LD embeddings are evaluated in a
one-shot learning context as well as in the more traditional 10-fold
cross validation scenario. In the one shot scenario, the mean ac-
curacy of 100 trials is reported; in each trial, one random point per
label has its class revealed, and the remaining data points have their
labels inferred. Every featured NE embedding is performed using
an Euclidean metric in the HD space, and a arbitrarily set perplex-
ity hyper-parameter (or the analogue n_neighbours in UMAP)
of 35. The auto-encoder embeddings are performed using convolu-
tional auto-encoders for MNIST and COIL-20, and standard feed-
forward auto-encoders for the rest, each having one hidden layer
between the latent space and the input or output layers. In the fol-
lowing experiments, we use XGBoost [CG16] for the 10-fold cross-
validation and a 1-NN classifier for one-shot learning.

In Fig. 5, the first column shows the accuracy as a function of
the embedding dimensionality in the 10-fold cross validation sce-
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nario, and the second column in the one-shot learning scenario. The
dashed black line shows the performance if fitting the classification
models in the original HD space. The advantage of NE is evident,
as the accuracies using NE are systematically superior to those us-
ing auto-encoder or PCA, with significantly less dimensions. The
gain in accuracy is impressive in one-shot learning scenarios.
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Figure 5: Comparison of classification accuracies on embeddings
produced with different DR methods.

In addition to the 5 datasets that are reported in Fig. 5, the pro-
tocol is tested on the latent representation of the ImageNet dataset
pulled from a large vision-language model called EVA [FWX*22].
In this latent space, the 1.2 million images are represented as vec-
tors in a 1280-dimensional space. The ImageNet dataset has 1000
different classes, making high top-1 accuracies challenging to ob-
tain. Three representations of the data are evaluated in a similar
manner to the trials of Fig. 5: the bare latent representation, a
PCA projection keeping the first 192 principal components with
explained variance of 71.1%, and a r-SNE embedding with 32
dimensions in the latent space. These dimensionalities are cho-
sen arbitrarily, and #-SNE ran from the 192 dimensional space of
PCA rather than the initial EVA representation. Neighbour embed-
ding was carried out using increased attractive forces and learn-
ing rate, as customary on very large data sets [KB19]. Classifica-
tion performance in a 10-fold cross-validation for this dataset in-
volved a simple multilayer perceptron with one hidden layer, for
the sake of short running times. The one-shot learning evalua-
tion involved a 1-NN classifier using Euclidean distances, as for
the experiments in Fig. 5. The results of these experiments are
reported in the last 4 rows of Table 1. The first 3 columns cor-
respond to classifiers working in the EVA latent space, the PCA
space, and the 7-SNE space. The last column refers to a mix-
ture of experts (MoE) [RPM*21] and shows the current state-of-
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1280, EVA  192,PCA  32,NE MoE
zero-shot (top-1) 84.0% 0.0% 0.0%
one-shot (top-1) 47.3% 45.9% 76.2%  68.7%
one-shot (top-5) 67.3% 67.8% 92.0%
crossval (top-1, train) 84.9% 83.2% 87.2%
crossval (top-1, test) 87.2% 87.2% 88.7 %

Table 1: Comparison of classification performance on ImageNet
across various scenarios.

the-art top-1 one-shot accuracy using all 1000 classes on Ima-
geNet, as reported in their paper. These experiments show that the
32-dimensional #-SNE representation enables significant improve-
ments over the state of the art despite using a simple 1-NN clas-
sifier. The one-shot learning performance and the tighter train and
test accuracies spread in the cross validation scenario indicates that
the 32-dimensional #-SNE representation is a stalwart embedding
and that NE may yet possess untapped potential by generating data
representations that facilitate generalisation. The 32-dimensional
embedding is publicly available at https://github.com/
PierreLambert3/Imagenet-tSNE-embedding.

The elephant in the room concerns the ‘zero-shot’ accuracies in
Table 1. Vision-language transformers consist of a text encoder and
an image encoder, sharing the same latent space. They are generally
trained using a contrastive loss as illustrated in Fig. 6. The shared
latent space allows for so-called ‘zero-shot’ scenarios, where rep-
resentations of inexistent images are generated by prompts like ‘an
image of __’ and used as artificial points with a known label, from
which classification of true images can be initiated. The first row
of Table 1 shows the zero-shot performance on ImageNet, using
the same protocol as for the one-shot case, with the exception that
the PCA projection and r-SNE embedding were performed on a
dataset concatenating the representations of the actual ImageNet
data points, which constitute the test set, and 1000 prototypes, one
for each class label, which are generated by the text encoder. The
same prototypes as in [ZA24] are used. The impressive zero-shot
performance in the raw EVA space (84%) aligns with other works,
while the abysmal accuracies of PCA and ¢-SNE in that first row
call for further inquiry. A -SNE embedding of the dataset is shown
in the right panel of Fig. 6, the embedding hints that the text en-
coder generated points laying outside of the manifold of encoded
natural images. This is confirmed by computing ‘inter-label, intra-
modularity’ Euclidean distances in the EVA space between gen-
erated representations and comparing them to "intra-label, inter-
modularity" distances between representations of true images and
their generated prototypes. These distances average to 0.9 and
1.3, respectively. In other words, if ImageNet featured ducks and
witches, the representations generated for the prompts ‘An image
of a witch’ and ‘An image of a duck’ would lie closer to each other
in the EVA space than the representations of real duck images are to
their own prototype (i.e., the data point generated with ‘An image
of a duck’). From these observations, one can conclude that the text
and image encoders have accorded themselves to produce represen-
tations featuring meaningful Euclidean distances in the context of
classification using generated prototypes —this explains the high
zero-shot accuracy— but the encoders have not learned to align
manifolds in the latent space. In an artificial setting where proto-
types for each label are generated by taking the centroid of each

class in the vision encoder space (red points in 6), the top-1 accu-
racy in the EVA space rises from 84% for the zero-shot scenario
to 85.8%. This shows that a ‘better’ alignment between the vision
and text encoders could lead to enhanced zero-shot performances.
In this example of zero-shot learning, the train set and the test set
lie in separated manifolds, which is uncommon in data encountered
in ML, the proposed method of pre-processing data with #-SNE to
enhance generalisability fails in such cases.

Shared latent space:
contrastive loss ~ shorten's,, lengthen s, and s,

Fortai of Alan
uring. a great man

Figure 6: Schematic explanation of vision-language models (left),
and, (right) t-SNE embedding of the dataset built in the zero-shot
case (red: representations of ImageNet, blue: prototypes generated
from text).

Figure 7 shows the power of the inductive bias of NE towards
clustering, without the constraint of embedding in only two di-
mensions for visualisation. To illustrate that effect visually with-
out further bias or complicated nonlinear distortions, 2D PCA
projections are shown, starting from either the raw EVA 1280-
dimensional features directly down to two dimensions or the 32D
t-SNE embedding of the EVA features. The clusters clearly drift
away like galaxies in an expanding universe. Notice the typical
artifact of PCA projection, quite common too in spectral cluster-
ing [VL0O7,LS19,BNO3], where only a few clusters are visually sep-
arated in the two available dimensions, appearing like long spikes,
while the others collapse towards the centre of the linear projection.

Figure 7: Two-dimensional PCA projections of the 1280-
dimensional representation of ImageNet by EVA. Left: raw EVA
features (1280 (EVA) — 2 (PCA vis.)); right: EVA features after
embedding in 32D with t-SNE (1280 (EVA) — 192 (PCA init.) —
32 (t-SNE) — 2 (PCA vis.)) .

4. Conclusion

Experiments show that NE in new use cases, namely, clustering
and data pre processing, can lead to meaningful representations. In
particular, NE with dimensionality higher than 3 can lead to repre-
sentations that generalise better, yielding ground-breaking results
in scenarios of one-shot learning with simple classifiers. An excit-
ing perspective would be to take inspirations from the capacity of
NE to represent HD data robustly to devise new loss functions or
regularisation terms in deep learning approaches.

© 2025 The Authors.
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