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Abstract

T-SNE is widely used for visualising high-
dimensional data in lower dimensions. To reduce
the costs of parameter optimisation, t-SNE is
performed on a sample of the original data. After
sampling the points, the distances between them
need to be calculated, which is expensive due to
the high dimensionality of the data. We apply
Dijkstra’s algorithm to approximate the distances
and similarities between the sampled points. This
reduces the algorithm’s execution time by up
to 40% without degrading the quality of the
projections.

1 Introduction

Data is typically represented as numerical matrices because
that’s how computers process information. But humans find
it hard to get insight into high-dimensional data. In the
bioinformatics field, there exist such challenges as described
in [1; 2]. In the first example, when dealing with high-
dimensional feature spaces in breast cancer detection, the data
can be mapped to lower dimensions. This allows for easier
visualisation of the data and for classification of breast mass
lesions [1]. Another field where high-dimensional data needs
to be analysed is geophysics. In one study [3], such data was
embedded into a two-dimensional space, while preserving
similarities of the original data. This allowed for effective
visualisation and clustering of the data.

These are just a few of the use cases of the powerful
dimensionality reduction algorithm, t-SNE (t-distributed
Stochastic Neighbour Embedding). This algorithm visualises
high-dimensional data in lower dimensions, while capturing
non-linear data relations.

However, despite t-SNE’s capabilities, it is
computationally expensive. This becomes particularly
problematic when you combine it with the challenge of
tuning its parameters, requiring you to run several runs to
achieve the desired visualisations [4].

Sampling-based t-SNE improves on this by working on
subsets of the data and extrapolating optimal parameters to
the full dataset [5]. This method builds a distance matrix
(described in Subsection 2.1) on the full data, from which it
generates matrices needed for the visualisation of the sample.
After obtaining the desired parameters from the sample, we
run the algorithm on the full dataset. However, during this
step, the previously computed distance matrix on the full
dataset is not utilised.

We propose a more efficient sampling-based t-SNE
pipeline that reuses this distance matrix and applies a
modified version of Dijkstra’s algorithm to traverse it,
approximating the distances between the sample points.

The question we answer with our paper is:

Can Dijkstra’s algorithm be used to improve the speed of
sample-based t-SNE?

We answer this question by breaking it down into the
following research questions (RQs):

RQ1 Does our implementation produce similar matrices to the
original sample-based implementation?

RQ2 Does it result in a lower runtime compared to the original
sample-based implementation?

RQ3 How well do the visualisations compare to those of the
original sample-based implementation?

To achieve this, our paper introduces our modified
sampling-based t-SNE pipeline (detailed explanation
in Section 4) integrated with Dijkstra’s algorithm
(Subsection 2.2) to reuse the global distance matrix. Then, in
Section 5, we perform several experiments to compare our
approach with the original sample-based implementation and
present tables and figures of the results. Finally, we draw
conclusions and suggest future work in Section 7.

2 Background
This section gives needed background information on the
relevant algorithms for our research, namely t-SNE and
Dijkstra’s algorithm.

2.1 T-distributed Stochastic Neighbour
Embedding

T-SNE [4] is an algorithm used to visualise high-dimensional
data in lower dimensions (usually 2 or 3 dimensions). It
attempts to embed close points in the original space to close
points in the projected space. And the opposite, far points
in the high-dimensional space correspond to distant points
in the projection. First, it constructs a similarity matrix
(also referred to as an affinity matrix) where the weights are
modelled as probabilities. The similarity between two points
xi and xj in the high-dimensional space is calculated with:

pjji =
exp
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where piji = 0.
After that, the values are symmetrised using:

pij =
pjji + pijj

2
(2)

Adapting to local density by setting the Gaussian kernels �i

such that:
Perp(Pi) = 2H(Pi) (3)

where H(Pi) is the Shannon entropy of the distribution Pi.
Then, the values from the affinity matrix are embedded into
the low-dimensional space using:

qij =

�
1 + kyi � yjk2
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where qiji = 0.
Finally, the locations yi are calculated by minimising the
Kullback-Leibler divergence between the high-dimensional
distribution P and the low-dimensional distribution Q:

C = KL(PkQ) =
X
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X
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In the tree accelerated version of t-SNE[6] we use, perplexity
no longer determines the width of the Gaussian kernels� i .
Instead, it determines the number of nearest neighboursk =
3 � Perp which are considered when calculating similarities.

2.2 Dijkstra's Algorithm
Dijkstra's algorithm is a search algorithm performed on a
weighted graphG = ( V; E), with vertex setV and edges
E, with non-negative edge weights. It is used to �nd the
shortest distance from a given vertex to all other vertices. It
builds this distance matrix using a priority queue and runs
in O((V + E) log V ) time. In this paper, we make use of an
improved version of this algorithm[7] with a time complexity
of O(jE j + jV j log jV j) [8]. It is optimised for sparse graphs
using a Fibonacci heap, explained in Subsection 2.3. We
further modify this version to allow for early exit, further
improving runtime (explained in Section 4).

2.3 Fibonacci heap
The Fibonacci heap is a data structure used for implementing
priority queues. It uses a collection of min-heap trees,
allowing for more �exibility and some lazy operations. A
Fibonacci heap with sizen performs all standard heap
operations inO(1) amortised time except for deleting an
arbitrary element, which takesO(log n) amortised time[8].

3 Related Work
This section presents similar work that has been done before
writing this paper. Furthermore, it shows the research gap
between the current knowledge and our goal.

3.1 Similar Work
Several papers have discussed different ways to improve t-
SNE. One example[9] uses a different way to compute pair
similarities. Their implementation reduces the computation
cost of random walk-based t-SNE by computing the LDL
decomposition for the graph Laplacian. However, this is
different to our goal, as we are looking to increase the
performance of sample-based t-SNE using graph traversal.

Another paper[10] introduces an approximated solution,
like our method, that aims to reduce computational time.
Their approach incrementally constructs the neighbourhood
graph by sampling edges, enabling users to see early results
quickly. On the other hand, the sample-based approach,
which we use and improve upon, focuses on vertex sampling.

Prior work[11] attempts to create a ”shape-aware” version
of t-SNE. The authors make use of graph distances to
improve upon base t-SNE to achieve their goal of correctly
representing hierarchical relationships between clusters.
Furthermore, their goal is to improve the visualisations and
robustness of the algorithm. This differs from our goal to
improve the performance statistics of t-SNE.

Finally, in [12], they make use of a modi�ed version of
Dijkstra, similarly to our method. Another similarity is that
they also use it to accelerate the calculation of distances.
However, they apply it to the DIS-C algorithm, instead of t-
SNE.

3.2 Research Gap

None of these papers attempts to solve the same issue as
we do. Sampling-based t-SNE[5] tackled the problem of
making parameter selection easier. However, one area where
it could be improved, like most algorithms, is speed. The way
sampling-based t-SNE works is as follows. First, it samples a
portion of the original data. Then it builds a distance matrix
on the full data, which is used to construct the distance matrix
for the sampled data. Afterwards, it calculates a similarity
matrix for the sample. Then, it uses that matrix to visualise
the sampled data. However, instead of calculating the sample
distance matrix, we could use Dijkstra's algorithm to traverse
the initial distance matrix, obtaining the sampled distances.

4 Method

Instead of computing a new distance matrix for the sampled
data, we utilise the distance matrix built on the full data.
We build the distances by traversing the full distance matrix
with our modi�ed version of Dijkstra's algorithm. The rest of
this section gives a formal description of the problem at hand
before giving a detailed explanation of our method.

4.1 Formal Problem Description

Let X be the full dataset of sizen, and letG = ( X; E ) be
a distance matrix including at least3 � k nearest neighbours
per data point. Given a sampleS � X , with jSj = s � n,
existing methods recompute the distance matrix forS. We
aim to avoid this by reusing the global graphG. The formal
problem is:

Given a sampleS � X , and the distance matrix
G = ( X; E ), ef�ciently construct an approximate
distance matrixG0 = ( S; E0) without recomputing
pairwise distances from scratch.

4.2 Proposed Method

We propose the following solution (referred to as Dijkstra on
Distances) to the problem outlined in the previous subsection.
After computing the neighbourhood graphG = ( X; E ) on
the full dataset, we apply Dijkstra's algorithm. For each
sample point inS � X , we run the modi�ed Dijkstra's
algorithm to �nd the shortest paths to the3 � k nearest other
sample points inS. These shortest path distances are then
used, and an approximate neighbourhood graphG0 = ( S; E0)
is constructed. Finally, we feed these new distances into
the similarity calculations to continue the standard t-SNE
pipeline. This approach allows the reuse of the global graph
G while constructing a neighbourhood graph with distances.

During development, we found an alternative version
(which we refer to as Dijkstra on Af�nities). It
uses the similarity matrix instead of the distance matrix
(neighbourhood graph). Since Dijkstra's algorithm does not
work with similarities directly, we use the reciprocals of the
values from the similarity matrix. We perform the traversal
using these new values and �nally revert them to similarities
for further use from the pipeline for visualisation.



Algorithm 1 Dijkstra Modi�ed t-SNE

1: input data; sample ratio; perplexity; mode
2: sampled data  sample(data; sample ratio )
3: k  300 # example value
4: if mode== " distance" then
5: distance matrix  calculate distance matrix (data; k)
6: elseifmode== " af f inities "
7: af f inity matrix  calculate af f inity matrix (distance matrix; k )
8: reciprocal af f inity matrix  1=af f inity matrix
9: if mode== " distance" then

10: sampled dijkstra distances  modif ied dijkstra (distance matrix; sampled data; k)
11: sampled data af f inities  standard af f inity calculation (sampled dijkstra distances; perplexity )
12: elseifmode== " af f inities "
13: sampled data af f inities  1=modif ied dijkstra (reciprocal af f inity matrix; sampled data; k)
14: visualize (standard embedding(sampled data af f inities ))

Pseudo Code

Algorithm 2 shows a high-level overview of the modi�ed
version of Dijkstra's algorithm that we use. It is based on the
original version of the algorithm, while introducing an early
stopping technique to save time. We keep track of how many
sample points we have visited, and once we reach the desired
number of3 � k, we stop the algorithm early.

Algorithm 1 with mode=”distances” shows the modi�ed
pipeline for Dijkstra on Distances t-SNE. The new version
relies on our new way to calculate the sample distance matrix.

Algorithm 1 with mode=”af�nities” shows the modi�ed
pipeline for Dijkstra on Af�nities t-SNE. The new version
relies on our new way to calculate the sample af�nity
matrix. In contrast to Dijkstra on Distances, here we need to
calculate the af�nity matrix and not just the distance matrix.
Furthermore, in this algorithm, we need to turn the af�nities
into distances before running the Dijkstra algorithm.

Algorithm 2 Modi�ed Dijkstra's Algorithm

1: input graph; sample points; start; k � 1
2: dists  1
3: dists [start ]  0
4: heap  start
5: samples visited = 0
6: while heapis not emptydo
7: current  heap:pop()
8: if current is in sample points then
9: samples visited + +

10: if samples visited � k then
11: return dists
12: for eachneigh of current do
13: dist to neigh  dists [current ] + dist(neigh)
14: if dists [neigh] > dist to neigh then
15: dists [neigh]  dist to neigh
16: heap:push(neigh)
17: return dists

5 Experimental Setup and Results
In this section, we �rst describe the setup we used for our
experiments. Then, we show the results obtained from the
experiments.

Experimental Setup
Our environmental setup consists of the following. First, the
language and libraries used can be found in Subsection 6.2.
The modi�ed Dijkstra algorithm is based on SciPy's
implementation of sparse Dijkstra[7]. The relevant compiled
�les and their usage instructions can be found in the
repository mentioned in Subsection 6.2. The t-SNE methods
we have used come from the openTSNE library[13]. The
data that was used was �rst reduced to 50 by PCA (if it
had more than 50 dimensions to begin with)[14]. This was
done due to time and resource limitations. Furthermore,
the embedding was done using the Fast Fourier transform
(FFT) with early exaggeration, as part of the standard
t-SNE strategy. Annoy was used for the distance matrix
computations[15].

All experiments were conducted on a personal laptop
equipped with an Intel Core i7-11800H CPU (8 cores, base
2.3GHz, scaling up to 4.6GHz under load), 16 GB of RAM,
and running Windows 11.

5.1 Comparing Af�nity Matrix Quality
To answer our �rst research questionRQ1, we will analyse
the similarity between the af�nity matrices produced by
the three different approaches by performing three pairwise
comparisons. For this subsection, we have used a sample rate
of 0.1,k = 300 nearest neighbours (used for initialisation of
full distance and af�nity matrices), relying on three metrics.
Before de�ning these metrics, we introduce the following
notation:

• n: the number of rows (data points).

• A1: the �rst af�nity matrix,

• A2: the second af�nity matrix,

• N ( j )
i : the set of nearest neighbours in rowi of A j ,



(a) Normal t-SNE with Dijkstra sampled
distances t-SNE

(b) Normal t-SNE with Dijkstra sampled
af�nities t-SNE

(c) Dijkstra sampled distances t-SNE with
Dijkstra sampled distances t-SNE

Figure 1: Line graphs comparing the three methods based on the af�nity matrices for different perplexity values for the MNIST dataset. On
the Y axis, the three different measures are visualised. On the X axis lie the different perplexity values. The blue line with square markers
represents the Ratio of Neighbour Count. The orange line with circle markers represents the Ratio of Shared Indices. The green line with

triangle markers represents the Similarity.

The �rst metric is the ratio of the number of nearest
neighbours per row between the second and �rst af�nity
matrices, averaged over all entries. The closer this value is to
1, the more similar the number of neighbours per data point.

Ratio of Neighbour Count=
1
n

nX

i =1

jN (2)
i j

jN (1)
i j

The second measure is again a ratio, per row, averaged over
all rows. Its value is the size of the intersection of the indices
of the nearest neighbours of the �rst and second af�nity
matrices, divided by the larger count of the two neighbour
sets. This measure is in the range from 0 to 1, with higher
values meaning more shared neighbours between the matrices
per data point.

Ratio of Shared Indices=
1
n

nX

i =1

jN (1)
i \ N (2)

i j
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The last metric takes the indices which are already shared
between the matrices per row, and calculates a similarity
value between them. This value is obtained by taking the
smaller value of the two and dividing it by the larger value.
Finally, the average of all values is taken. This measure is
in the range from 0 to 1, with higher values meaning more
similar af�nities.
The set of shared indices:

Si = N (1)
i \ N (2)

i

Then we calculate the similarity per row

Similarity per row=
1

jSi j

X

j 2 Si

min (A1[i; j ]; A2[i; j ])
max (A1[i; j ]; A2[i; j ])

Finally, we use it to reach one value for similarity:

Similarity =
1
n

nX

i =1

(Similarity per row)

Effect of Changing Perplexity

For this comparison, we run the models with the set of
perplexities [5, 10, 20, 50, 100].

Figure 1a compares the standard t-SNE approach with
the �rst version of our algorithm, which builds the sampled
distances by performing Dijkstra's algorithm on the full
distance matrix. It shows that the average number of nearest
neighbours is quite similar, with the value being close to 1.
Furthermore, more than 75% of the nearest neighbours are the
same. On the other hand, the shared neighbours have rather
different values, with only around 0.3-0.35 similarity.

Figure 1b compares the standard t-SNE approach with the
second version of our algorithm, which builds the sampled
af�nities by performing Dijkstra's algorithm on the full
af�nity matrix. Most numbers are similar to the other
comparison graph in Figure 1a. However, here we can
observe a slightly worse ratio of shared neighbours and
number of neighbours and a slightly better similarity value.

Finally, in Figure 1c we compare our two approaches.
Although they performed similarly in their comparisons with
base t-SNE, here we see that they have differences. They
produce rather similar matrices with a high ratio of shared
neighbours and a high similarity value between them.

In Figure 1a, Figure 1b, and Figure 1c, all values stabilise
with increasing perplexity.

To further support our results, we also perform the
same experiments on the C. elegans dataset. These results
(Figure 6) show similar trends to the graphs from the
experiments on the MNIST data.

Effect of Changing Initialisation k

Now we will make the same comparison, but this time we
will compare for different initialisationk = 3 � Perplexity .
For example, if the perplexity is 5, for Normal t-SNE we will
use a perplexity of 5. For the other two methods, we will use
k = 3 � 5 for the initialisation steps, then use perplexity of 5.

In Figure 2 we see that our methods perform more similarly
to the base method with increasing initialisationk. We derive
this from the increasing similarity and ratio of shared indices.



(a) Normal t-SNE with Dijkstra sampled
distances t-SNE

(b) Normal t-SNE with Dijkstra sampled
af�nities t-SNE

(c) Dijkstra sampled distances t-SNE with
Dijkstra sampled distances t-SNE

Figure 2: Line graphs comparing the three methods based on the af�nity matrices for different values of initialisationk for the MNIST
dataset. On the Y axis, the three different measures are visualised. On the X axis lie the differentk values. The blue line with square

markers represents the Ratio of Neighbour Count. The orange line with circle markers represents the Ratio of Shared Indices. The green line
with triangle markers represents the Similarity.

(a) Normal t-SNE with Dijkstra sampled
distances t-SNE

(b) Normal t-SNE with Dijkstra sampled
af�nities t-SNE

(c) Dijkstra sampled distances t-SNE with
Dijkstra sampled distances t-SNE

Figure 3: Line graphs comparing the three methods based on the af�nity matrices for different perplexity values for the C. elegans dataset.
On the Y axis, the three different measures are visualised. On the X axis lie the different perplexity values. The blue line with square

markers represents the Ratio of Neighbour Count. The orange line with circle markers represents the Ratio of Shared Indices. The green line
with triangle markers represents the Similarity.

(a) Normal t-SNE with Dijkstra sampled
distances t-SNE

(b) Normal t-SNE with Dijkstra sampled
af�nities t-SNE

(c) Dijkstra sampled distances t-SNE with
Dijkstra sampled distances t-SNE

Figure 4: Line graphs comparing the three methods based on the af�nity matrices for different values of initialisationk for the C. elegans
dataset. On the Y axis, the three different measures are visualised. On the X axis lie the differentk values. The blue line with square

markers represents the Ratio of Neighbour Count. The orange line with circle markers represents the Ratio of Shared Indices. The green line
with triangle markers represents the Similarity.

Furthermore, we see that Dijkstra on distances is more similar
to the normal method (Figure 2a) compared to Dijkstra on
af�nities (Figure 2b). Finally, our two methods perform
differently as seen in Figure 2c, but their differences stay
somewhat consistent over differentk.

We repeat this experiment using C. elegans data to solidify
our results.

From Figure 4c we see that for this dataset, our two methods
differ more, compared to the MNIST dataset (Figure 2c).
Furthermore, from Figure 4a we can observe that our Dijkstra
on Distances method produces more similar results to the
normal method, compared to MNIST (Figure 2a). However,
the results from this dataset generally follow the same trends,
except for the few outlined differences.
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