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Abstract. Data generated by everyday applications may appear in dif-
ferent forms. Various important and frequently used machine learning
and data mining techniques have been designed assuming the tabular
data form. To apply those techniques to graph structured data, it neces-
sary to form graph embeddings. The crucial moment in creating a graph
embedding is to choose the best embedding technique that preserves all
the vital information when converting a graph into its tabular represen-
tation. Determining the best approach requires some form of evaluation
of the internal qualities of potential embeddings and their utility in con-
crete applications. In this paper, we present a comparative evaluation of
graph embeddings when used to cluster graph nodes in the embedded
space. The examined graph embedding methods are node2vec and two
recently proposed extensions of this algorithm based on local intrinsic
dimensionality. The results of both intrinsic and external clustering eval-
uation on real-world graphs indicate that LID-aware extensions improve
node clustering, especially when detecting a small number of clusters.
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1 Introduction

In the era of big data large amounts of information are produced that require
analysis and data mining (DM). Information from sources such as social me-
dia and sensors from IoT devices can be used to identify patterns, trends, and
new insights that can help with evidence-based decision making and strategic
planning. This data can also be used to train predictive models with machine
learning (ML) algorithms. There is a variety of ways to organize and store large-
scale data: tables, graphs, time series, etc. Numerous data processing techniques
developed in the last decades in the research communities of ML and DM usu-
ally require input data in tabular form. In the case of graph-structured data,
this requirement necessitates transformation of the original data into a suitable
format.

The main task of graph embedding methods is to transform graph data into
tabular data without losing essential information, but also without explicitly



Evaluation of LID-Aware Graph Embedding Methods for Node Clustering 3

specifying which two nodes are connected by an edge in the produced embedding.
It is expected that the application of a graph embedding method before applying
ML or DM algorithms produces equal or better results than algorithms natively
designed for graphs. The process of graph analysis is then conditioned by the
quality of the produced embedding. It should be emphasized that this approach
may also face potential problems characteristic for tabular data forms such as
the curse of dimensionality.

Tabular data is represented by rows and columns. Columns are features used
to describe objects of interest that correspond to rows in the table. The number
of columns is the dimensionality of the space in which data is located. When
creating the tabular representation in the form of a graph embedding, one of the
main problems is to select the suitable value for dimensionality. The measure
used to represent the minimal number of features required to describe a point
of information in the space is called intrinsic dimensionality (ID). Intrinsic di-
mensionality is usually viewed as a concept related to the entire dataset, and
corresponding ID measures are typically used in dimensionality reduction algo-
rithms. The use of such global ID measures is not always suitable because data
dimensionality may vary locally for different parts of a dataset. Local intrinsic
dimensionality (LID) was introduced by shifting the focus of ID estimation from
the global data view to the data space around a data point [6, 1]. A recent pa-
per by Savić et al. [16] addresses the issue of using LID-related measures in the
context of graph embedding generation. The authors proposed NC-LID, a LID-
related measure for quantifying the discriminative power of the shortest path
distance with respect to natural communities of nodes as their intrinsic locali-
ties. Based on this measure, new extensions of the node2vec [4] graph embedding
algorithm have been introduced and evaluated by examining to what extent the
produced embeddings preserve the structure of input graphs. This paper expands
the evaluation given in [16], with the main motivation to analyze the proposed
node2vec extensions for the particular application to node clustering.

Clustering is the task of dividing data points into a number of groups (clus-
ters) where similar data points are in the same cluster, and more distant points
reside in separate clusters. In terms of graph analysis we use nodes as data
points. In other words, clusters in a graph are groups of similar nodes (similar
by the shortest-path distance or some other node similarity metric). By per-
forming clustering validation over identified clusters, it is possible to compare
the quality of the used embedding methods. The clustering method used in this
paper is KMeans [11] which is the most commonly used algorithms to cluster
tabular data. KMeans belongs to the group of partitional clustering algorithms
in the sense that it generates a single partition with a specified number of non-
overlapping clusters. Clustering validation can be intrinsic and external. Intrin-
sic evaluation focuses on the cohesion of identified clusters based on a distance
measure. In our analysis the Silhouette score [15] is used to measure cluster co-
hesiveness. In external evaluation, identified clusters are compared to explicitly
stated node groups determined by labels assigned to nodes. For this purpose we
use Normalized Mutual Information [9].
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The rest of the paper is structured as follows. A brief summary of analyzed
graph embedding methods is given in Section 2. In the following Section 3 we
describe methods and measures used to evaluate graph embeddings in the con-
text of node clustering. The obtained results are presented in Section 4. The last
section concludes the paper and gives directions for future work.

2 Graph Embedding Methods

The embedding algorithms we analyze belong to the class of random walk al-
gorithms. The random walk approach has become a common technique for the
graph embedding problem in recent studies [3]. The main idea of random walk
based graph embedding algorithms is to sample a certain number of random
walks emanating from each node in a graph. In the case of the node2vec al-
gorithm, the random walks are treated as ordinary sets over the alphabet of
node identifiers. This means that the problem of generating graph embeddings
is essentially reduced to the problem of generating text embeddings.

The node2vec algorithm is an improvement of DeepWalk [14] with the main
idea to use biased random walks. The algorithm is based on finding the best
neighborhood selection strategy that allows seamless interpolation between depth
first search (DFS) and breadth first search (BFS) when creating a random walk.
Node2vec depends on two parameters: p and q. These parameters control how
fast the algorithm explores and exits the neighborhood of a given starting node.
The p parameter (return parameter) controls the probability of returning to the
previous node in the walk. The q parameter (in-out parameter) controls how
closely the walk resembles the DFS or BFS exploration strategy. The generated
walks are then passed to the Word2Vec algorithm [12], which creates the desired
graph embedding.

The aforementioned paper by Savić et al. [16] has raised the question of
a different direction to graph embedding generation in which hyperparameters
controlling random walk sampling are not globally fixed, but personalized per
node and edge with automatic adjustments from initially stated base values. In-
spired by the LID model introduced by Houle [6–8], the authors first defined the
NC-LID measure for quantifying the discriminatory power of the shortest-path
distance considering natural communities [10] of nodes as their intrinsic local-
ities. The lowest possible value of NC-LID is equal to zero and corresponds to
the case in which the shortest-path distance perfectly separates the natural com-
munity of a node from the rest of the graph. Higher NC-LID values imply more
structurally complex natural communities. The authors then proposed two LID-
aware node2vec variants (lid-n2v-rw and lid-n2v-rwpq) in which personalized
hyperparameters are adjusted according to NC-LID values.

Lid-n2v-rw is the first LID-aware node2vec modification that is focused on
the personalization of the number of random walks sampled per node, and the
length of random walks. The number of random walks for an arbitrary node
n is computed by the equation ⌊(1 + NC-LID(n)) · B⌋, where B is the base
number of random walks (by default B = 10). Additionally, the length of random
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walks sampled for n is equal to ⌊W/(1 + NC-LID(n))⌋ (by default W = 80).
This means that more random walks are sampled for nodes with more complex
natural communities. Additionally, random walks for such nodes are shorter in
order to keep the computational budget approximately constant and to lower
the probability of “escaping” from their natural communities.

Lid-n2v-rwpq is the second variant of LID-aware node2vec and it considers
a more biased approach to graph embedding construction. The main idea is
to personalize p and q parameters controlling biases during the random walk
sampling. The base values of p and q are pb = 1, and qb = 1, by default. The
lid-n2v-rwpq variant incorporates the following adjustments of p and q for a pair
of nodes x and y, denoted by p(x, y) and q(x, y), respectively, where x is the node
on which the random walk currently resides and y is one of its neighbors:

1. If x is in the natural community of y then p(x, y) = pb, otherwise p(x, y) =
pb + NC-LID(y). This adjustment lowers the probability of transitioning
between different natural communities.

2. If y is in the natural community of x then q(x, y) = qb, otherwise q(x, y) =
qb + NC-LID(x). This rule increases the probability of staying within more
complex natural communities.

3 Evaluation Methods

The evaluation of clustering algorithms applied to graph embeddings can be
done in two ways depending on whether nodes have explicit labels indicating
cluster assignments (external evaluation) or not (intrinsic evaluation). Let O
denote the partitioning of nodes into clusters according to explicit labels and
let C be the partitioning of nodes obtained by a clustering algorithm applied to
a graph. Then, the similarity between O and C can be obtained by computing
partitioning similarity metrics such as normalized mutual information (NMI).
Additionally, clustering algorithms can be intrinsically evaluated without having
explicit labels by computing metrics reflecting cohesiveness of obtained clusters,
such as the Silhouette score.

The Silhouette score indicates how similar data point d (node in our case)
is to its own cluster c compared to other identified clusters. It calculates the
average distance of d to data points in c and the average distance of d to data
points in all other clusters. Its values range from −1 to 1. In our evaluation, the
Silhouette score is used as the measure of intrinsic clustering validation being
one of the most commonly used indices for assessing clustering quality. Higher
Silhouette scores indicate better clustering quality suggesting a more adequate
graph embedding for the purpose of clustering, which enables us to examine the
impact of graph embedding algorithms in this particular task.

NMI is the normalized variant of the mutual information measure. It is cal-
culated for two partitions of data points into clusters and its value varies from 0,
meaning that sets have no mutual information, to 1 which denotes perfect cor-
relation between sets. The value of NMI does not depend on the label naming
scheme. Clustering partitions we compare by computing NMI are the following:
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– the partition induced by explicit labels present in graph data,
– partitions obtained by community detection on original graphs, and
– partitions identified by KMeans clustering of graph embeddings.

The KMeans algorithm requires parameter K which is the number of non-
overlapping clusters that will be detected in the given dataset. In particular,
we use the number of detected communities and the number of explicitly stated
labels in the original graph. Additionally, we include fixed values for K from
{2,3,4,5,10}. In our evaluation we rely on the implementation of KMeans from
the scikit-learn library [13]. The greedy modularity clustering algorithm [2] im-
plemented in the NetworkX library [5] is used for detecting communities.

4 Results

This section describes the results of the comparison between clustering on graph
embeddings obtained by node2vec and its two LID-aware variants. The experi-
mental corpus of datasets used for the evaluation is the same as in [16] and con-
sists of five citation networks (Cora, Cora ML, Citeseer, DBLP and Pubmed),
two Amazon datasets (Amazon electronics computers and Amazon electronics
photo), and one small social network (Zachary karate club). All datasets from
the corpus are explicitly labeled.

The results of our analysis indicate that the best results, in terms of NMI
and Silhouette scores, are obtained when embeddings are generated for dimen-
sionality equal to 10. Other parameters can be seen in Table 4. These node2vec
parameters are determined by reconstructing graphs from embeddings according
to Euclidean distance and comparing reconstructed graphs to original ones. It
should be emphasized that we use the same values of hyperparameters for our
LID-elastic node2vec extensions (base values of p and q as in Table 4) in order to
have an unbiased comparison to node2vec. The best value of K in KMeans varies
between datasets. In case of Zachary karate club the best K is 2, for Cora ML
K = 7, Citeseer K = 6, Amazon electronics photo K = 8, Amazon electronics
computers K = 10, DBLP K = 4, Pubmed K = 3, and Cora K = 70.

4.1 Intrinsic Evaluation

Figure 1 shows Silhouette scores for node2vec, lid-n2v-rw and lid-n2v-rwpq for
KMeans when K values (K ≤ 10) are chosen such that the Silhouette score
is maximal possible. It can be seen that the highest Silhouette score for the
majority of datasets is obtained for embeddings generated by lid-n2v-rw. The
largest difference in the Silhouette score can be observed for Cora ML where LID-
aware node2vec variants have significantly higher values compared to node2vec.
Lid-n2v-rwpq is the best performing embedding algorithm for Zachary karate
club and Pubmed. The original node2vec is the best option only for one dataset
(Cora). Thus, it can be concluded that clusters obtained from LID-aware variants
of node2vec are more cohesive suggesting that LID-aware extensions improve the
node clustering process.
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Table 1: The best values of embedding parameters p and q for node2vec and its
LID-aware variants.

DATASET node2vec lid-n2v-rw lid-n2v-rwpq

p q p q p q

Zachary karate club 0.25 2 0.25 2 0.25 2
Cora 4 0.25 4 0.25 4 0.25
Cora ML 4 0.25 4 0.25 4 0.25
Citeseer 0.5 0.25 0.5 0.25 0.5 0.25
Amazon electronics computers 4 0.5 4 0.5 4 0.5
Amazon electronics photo 4 0.5 4 0.5 4 0.5
DBLP 4 1 4 1 4 1
Pubmed 2 0.5 2 0.5 2 0.5

Fig. 1: The best Silhouette scores for KMeans clustering when K ≤ 10.

Values of Silhouette scores for KMeans clustering when K is equal to the
number of communities detected by the greedy modularity optimization (GMO)
are shown in Figure 2. For 6 datasets from our experimental corpus, Silhou-
ette scores for different graph embedding methods are very similar. Only for 2
datasets (Zachary and Citesser) we have that node2vec performs slightly better
than its LID-aware variants. The number of detected communities is larger than
100 for all datasets except Zacahary where GMO detected 3 clusters. With a
larger number of smaller clusters, Silhouette scores tend to have higher values.
Consequently, it can be concluded that the intrinsic evaluation for the best K
that is lower than or equal to 10 is more reliable than the same evaluation when
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K > 100 for to two reasons: (1) it is hard to expect an extremely large number
of clusters in our datasets considering their size, and (2) for large K the obtained
Silhouette scores are almost equal indicating that the clustering results do not
depend on the used graph embedding method.

Fig. 2: Silhouette score for KMeans clustering when K is equal to the number of
detected communities.

4.2 External Evaluation

In the external evaluation we compute NMI scores between explicitly stated
labels in datasets and labelling assignments resulting from KMeans for different
K values. The obtained results are summarized in Tables 2 and 3. Table 2
shows the best NMI scores when K ≤ 10. It can observed that on only two
datasets (DBLP and Cora) node2vec has higher NMI scores than its LID-aware
variants. For other datasets one of the LID-aware variants is the best performing
algorithm. Considerable improvements in the NMI score are present for 3 graphs
(Pubmed, Citeseer and Zachary) where NMI of LID-aware variants is higher by
0.1 than NMI of node2vec.

NMI scores when K is equal to the number of clusters detected by GMO
are given in Table 3. The largest NMI for Amazon electronics photo is achieved
by two algorithms, node2vec and lid-n2v-rw. However, on the same dataset lid-
n2v-rwpq has slightly lower NMI indicating that all three algorithms perform
similarly. The situation is similar for other datasets where NMI of the best per-
forming algorithm is not considerably higher than NMI of two other alternatives.
For 2 datasets (DBLP, Pubmed) node2vec achieves the highest NMI, lid-n2v-rw
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Table 2: NMI scores for explicit labels and labeling assignments obtained from
KMeans for the best K ≤ 10.

DATASET node2vec lid-n2v-rw lid-n2v-rwpq

Zachary karate club 0.693 0.826 0.727
Cora 0.545 0.523 0.418
Cora ML 0.548 0.583 0.597
Citeseer 0.489 0.577 0.572
Amazon electronics computers 0.554 0.554 0.569
Amazon electronics photo 0.649 0.675 0.657
DBLP 0.557 0.478 0.471
Pubmed 0.368 0.479 0.483

is also the best option for 2 datasets (Cora and Amazon electronics computers),
whereas lid-n2v-rwpq reaches the highest NMI for 3 datasets. The best NMI
score per dataset considering both cases (when K ≤ 10 and K equal to the
number of detected clusters) is indicated in Table 4, where it can be seen that
for 6 out of 8 datasets LID-elastic node2vec extensions outperform the original
node2vec.

Table 3: NMI scores for explicit labels and labeling assignments from KMeans
when K is equal to the number of detected communities.

DATASET node2vec lid-n2v-rw lid-n2v-rwpq

Zachary karate club 0.727 0.826 0.861
Cora 0.546 0.548 0.545
Cora ML 0.640 0.639 0.651
Citeseer 0.857 0.855 0.858
Amazon electronics computers 0.403 0.404 0.401
Amazon electronics photo 0.489 0.489 0.486
DBLP 0.574 0.557 0.557
Pubmed 0.574 0.529 0.523

We also examined the correlation between Silhouette and NMI scores for
LID-aware node2vec variants. Figure 3 shows the highest Silhouette and NMI
across all datasets from our experimental corpus. It can be seen that those
two metrics are perfectly correlated, i.e. larger Silhouette score implies larger
NMI. Consequently, it can be concluded that the metric we selected for intrinsic
evaluation is consistent with the metric used for external evaluation. This is also
evident in the results of the evaluation itself:
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Table 4: The best NMI score per dataset.

DATASET Best NMI score Method

Zachary karate club 0.861 lid-n2v-rwpq
Cora 0.548 lid-n2v-rw
Cora ML 0.651 lid-n2v-rwpq
Citeseer 0.858 lid-n2v-rwpq
Amazon electronics computers 0.569 lid-n2v-rwpq
Amazon electronics photo 0.675 lid-n2v-rw
DBLP 0.574 node2vec
Pubmed 0.574 node2vec

1. for a small number of detected clusters (K ≤ 10) LID-aware node2vec vari-
ants perform better than pure node2vec according to both intrinsic and
external evaluation, while

2. for a large number of detected clusters corresponding to the number of com-
munities detected by GMO all three algorithms achieve similar performance.

5 Conclusion and Future Work

The main focus of this paper was on the evaluation of LID-aware graph em-
bedding methods when they are used prior to node clustering. Both intrinsic
and external evaluation of KMeans were conducted on embeddings produced by
pure node2vec and two its LID-aware extensions that personalize hyperparam-
eters controlling random walk sampling. For the purpose of intrinsic evaluation
we selected the Silhouette score to quantify cohesiveness of clusters. The exter-
nal evaluation was based on NMI considering labels explicitly given in datasets
and label assignments obtained by KMeans for different K values.

The obtained results indicate that LID-aware node2vec extensions in general
achieve better intrinsic and external evaluation scores, especially when detecting
a small number of clusters (equal to or less than 10). In the case of a large num-
ber of clusters, corresponding to the number of communities detected by greedy
modularity optimization applied directly to graphs, all three examined graph
embedding algorithms achieve comparable evaluation scores. The intrinsic eval-
uation should be considered more reliable since external evaluation depends on
explicitly assigned labels that do not necessarily represent natural clusters. How-
ever, it was shown that the selection of metrics in different evaluation methods
gives consistent results.

Regarding future work, our evaluation could be expanded by including addi-
tional datasets, community detection algorithms and other clustering algorithms
designed for tabular data (e.g., agglomerative hierarchical clustering, DBSCAN,
etc.). LID-aware extensions evaluated in this paper are based on local commu-
nity detection, but in addition we could also detect communities globally. For
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(a) lid-n2v-rw (b) lid-n2v-rwpq

Fig. 3: Comparison of maximal Silhouette and NMI scores across all datasets.

example, an additional parameter controlling the probability of a random walk
leaving a global community could be incorporated into LID-aware extensions of
node2vec. In this way we force random walks to stay within the global commu-
nity of a starting node. Furthermore, this idea might as well be expanded to
overlapping communities where special attention is given to nodes belonging to
multiple communities.
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