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Abstract
The growing scale of knowledge graphs demands scalable systems
for their subsequent processing. However, accurate benchmark-
ing requires large knowledge graphs. While data-driven synthetic
generators based on versioned datasets are promising to generate
large realistic graphs, current approaches generate the graph at a
triple level without considering higher-order structures. This work
introduces SimplexKG, a simplex-based synthetic knowledge graph
generator. Our approach analyzes d-dimensional simplices within
input knowledge graphs and leverages the identified simplicial net-
works to generate a synthetic graph of arbitrary size. We explore
whether leveraging higher-dimensional structures enhances the re-
alism of synthetic graphs by evaluating the structure and the utility
of the generated graphs. Our approach consistently outperforms 2
baseline generators and 6 variants of the state-of-the-art generator
LEMMING in structural fidelity and triple store benchmarking sce-
narios across 3 datasets. Specifically, compared to the second-best
approach, our graphs achieve a structuredness value up to 26.62%
closer to the target graph, while reducing the query throughput
error by up to 6.59% across storage solutions.

CCS Concepts
• Information systems→ Resource Description Framework
(RDF); • Networks→ Topology analysis and generation.
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1 Introduction
The increasing variety, complexity, and capacity of Knowledge
Graph (KG)-processing systems lead to an increased demand for
scalability benchmarking. However, data grows too rapidly for
benchmarks to remain valid for an extended period. While syn-
thetic data generation addresses this limitation, it often produces
clean graphs that do not approximate real-world workloads [30]
with fixed graph properties (e.g., fixed degree distributions). Data-
driven KG generation addresses these concerns [20, 32] by mir-
roring the structure of real-world graphs. A variant within this
paradigm is version-aware generation [40], which leverages suc-
cessive releases of the same dataset as structural blueprints, e.g.,
Linked Geo Data’s periodic releases [43]. By generating synthetic
graphs from previous versions of a dataset, the generated graph
inherits a stable structure, as random fluctuations in a single version
are smoothed out. Consequently, the generated graph preserves the
average structure of input graphs without retaining any real-world
information. These approaches focus on generating the graph at
an assertion level, rather than considering higher-order structures.
Simplices [15, 21]—sets of interconnected 𝑛 vertices—can model
multi-entity interactions and can capture higher-order relationships
present in graphs [38]. To the best of our knowledge, simplicial
modeling remains unexplored for KG generation.

We propose SimplexKG, a version-aware data-driven KG genera-
tor that leverages observed simplices and their connectivity pattern
in different versions of a real-world KG. Furthermore, SimplexKG
generates a KGs of arbitrary size, while retaining the structure of
the original KGs. We hold out the latest version of each dataset as
the ground-truth graph, and compare the generated graphs against
it. We evaluate the generated graphs based on three dimensions:
generation runtime, graph structure, and downstream task util-
ity. For the downstream study, we benchmark five triple stores on
both synthetic graphs and real target graphs through the SPARQL
benchmarking platform IGUANA [13], following query workloads
generated by Sparqloscope [4]. Within our evaluation, SimplexKG
achieved a higher structural similarity and lower error scores in
query throughput than two baseline generators and six variants
of the state-of-the-art generator LEMMING [40]. It also achieved
a lower generation runtime than LEMMING in all datasets. We
summarize our contributions as follows:

• We propose SimplexKG, the first KG generator to leverage
simplices.
• We perform a comprehensive evaluation based on generation
runtime, graph structure, and downstream task utility.
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• We present empirical evidence that SimplexKG yields graphs
closer to real releases than existing generators.
• Our experiments corroborate that simplex-modeling in KG
generation improves the realism of synthetic KGs.
• We release the full source code and generated datasets.

2 Related work
Synthetic data has been used across multiple fields for its proxy
learning and benchmarking potential. In machine learning, syn-
thetic data is used to train models that require access to sensitive
information, e.g., medical datasets, that later predict based on real-
world data [6]. In graph neural networks, synthetic graphs are used
to benchmark different architectures of graph neural networks,
e.g., GraphWorld [34]. As such, generating graphs with real-world
properties is a vital research direction.

Watts-Strogatz [47] introduced a model that generates graphs
with small diameters and a high clustering coefficient. Barabási-
Albert [2] introduced a generator based on preferential attachment,
where new vertices are attached to already well-connected ver-
tices. Darwini [23] mimics the degree distribution and the local
clustering coefficient from an example graph. Kronecker [31] gen-
erates real-world graphs with small-world properties, power-law
degree distribution, and community structure. More recently, there
have been approaches that leverage simplex structures to generate
general graphs [5, 8, 14, 15, 46, 48, 49]. Wang et al. [46] propose a
parametric model based on the dimension of a simplex. The graph is
generated by combining a 𝑑-dimensional simplex with a complete
graph, where a simplex is added to each edge of the complete graph
and connected to all the vertices in the added simplex. Bianconi
and Rahmede [8] introduce a model that relies on simplex-based
distributions and takes two parameters: the simplex dimension 𝑑
and a network geometry flavor 𝑓 . The flavor variable describes the
simplex space and dictates the evolution over time of the algorithm.
Courtney and Bianconi [15] introduce a model that generates both
directed and undirected simplicial complexes. The graph starts with
a 2-dimensional simplex. Afterward, the model selects a new source
node through the Pitman-Yor process [3, 27, 35] and selects the tar-
get node randomly from the graph. If the simplex to which the new
edge forms already exists, this is reflected in the weights of the
existing simplex. Despite simplices having been leveraged exten-
sively for general graphs, they have not been applied to generate
knowledge graphs.

General graph generators generate graphs with specific proper-
ties that real-world graphs have been shown to follow, i.e., specific
degree distributions, clustering coefficients, community structures,
and small diameters [11, 31]. However, they do not consider KG-
specific properties [26, 45]. Several synthetic KG generators have
been proposed that mimic KG-specific properties, but are specific
to a schema [1, 10, 24, 28, 30, 42, 44]. On the other hand, domain-
agnostic approaches have been introduced and are not bound to
a single schema [29, 34, 36]. Thus reflecting the current state and
needs of the KG community. However, schema-driven approaches
still require the manual configuration of properties. KG-mimickers
mine the properties from real-world input graphs, and replicate
these in a synthetic KG. RBench [37] generates a graph of arbitrary
size, similar to an input graph, requiring a size scaling factor and

a degree scaling factor. However, the degree scaling factor cannot
be inferred from a single input graph. LEMMING [40] produces
synthetic KGs of arbitrary size given several versions of an input
dataset. The first version of the graph is generated from statistics
collected from the set of input graphs. LEMMING then optimizes
this initial version based on learned graph-specific invariant arith-
metic expressions. LEMMING is the only KG-generator that can
process multiple versions of the same dataset and mimic their char-
acteristics. However, LEMMING operates only at an assertion level.
In this work, we explore whether modeling simplices in version-
aware KG generation improves the realism of synthetic KGs.

3 Preliminaries
Knowledge Graph. Let R, B, and L be mutually disjoint sets of all

RDF resources, blank nodes, and RDF literals, respectively. Further-
more, letA be the set of all RDF predicates withA ⊂ R. An RDF KG
𝐺 is a set of triples of the form (𝑠, 𝑝, 𝑜) ∈ (R∪B)×A×(R∪B∪L) [40].
A set of KGs is denoted by G = {𝐺1, ...,𝐺𝑁 } with 𝑁 elements.

Directed edge-labeled graphs. A directed edge-labeled graph rep-
resenting an RDF KG is defined as 𝐺∗ = (𝑉 , 𝐸) with a vertex set
𝑉 ⊆ I ∪ B ∪ L and an edge set 𝐸 ⊆ 𝑉 × A × 𝑉 representing the
directed edges [39]. Let 𝑉𝐺∗ and 𝐸𝐺∗ denote the sets of all vertices
and edges of a corresponding graph𝐺∗, respectively. A vertex 𝑣 ∈ 𝑉
is isolated if ∀(𝑘, 𝑟, 𝑡) ∈ 𝐸 : 𝑘 ≠ 𝑣 ∨ 𝑡 ≠ 𝑣 , and connected otherwise.

Simplex. A 𝑑-simplex, 𝜙𝑑,𝐺 = {𝑛𝑖 | 𝑛𝑖 ∈ 𝑉𝐺 , 𝑖 = 0, 1, ..., 𝑑 } for
0 ≤ 𝑑 < |𝑉𝐺 |, is a set of 𝑑 + 1 nodes interconnected with one
another [7]. Its 1-skeleton representation is a complete graph of 𝑑
nodes. Given 𝛼 as the function that maps a node to its respective
set of classes, 𝛼 : 𝑉 ↦→ 2𝐶 , and 𝐶 as the set of classes existing in 𝐺 ,
the respective class 𝑑-simplex is defined as 𝜅 (𝜙𝑑,𝐺 ) = { 𝛼 (𝑛𝑖 ) | 𝑛𝑖 ∈
𝜙𝑑,𝐺 , 𝑖 = 0, ..., 𝑑 }. The faces of a 𝑑-simplex are all the lower-order
simplices of order 0 ≤ δ < 𝑑 formed from the proper subset of nodes
of the𝑑-simplex, 𭟋δ (𝜙𝑑,𝐺 ) = {𝜙δ,𝐺 | 0 ≤ δ < 𝑑∧𝜙δ,𝐺 ⊂ 𝜙𝑑,𝐺 }. In the
case of a 2-simplex, the faces would be the set of 1 and 0-simplices
that form it, i.e., the 3 links for δ = 1 and the 3 vertices for δ = 0. A
𝑑-dimensional simplicial network is a set of connected 𝑑-simplices–
that is, simplices that share one of its faces. A 𝑑-simplex is isolated
otherwise.

4 Approach
Our approach first identifies the simplices of dimensions up to 𝑑
and their interactions within a set of input graphs. It then analyzes
the simplices and their interactions to estimate the underlying prob-
ability distributions, which are conditioned on the classes of the
involved nodes and the properties of the associated edges. Sim-
plexKG generates a new output graph by leveraging the estimated
distributions. Finally, the graph is converted to an RDF KG that
mirrors the structure of the input graphs.

4.1 Locating simplices
We preprocess each graph by extracting all edges with the property
rdf:type from the input graphs G. We retain the class information
by annotating each node in the graph with its corresponding set
of classes. After this step, the graph contains only relationships
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Simplex Types Set Example Fig.
Networks of 𝑑-simplices 𝑆𝑑,𝐺𝑖

1
Isolated 𝑑-simplices 𝐼𝑑,𝐺𝑖

2
Equal-dimension link 𝑋𝑑,𝐺𝑖

3a
Cross-dimension link 𝑈𝑑,𝐺𝑖

3b
Dangling simplices 𝐷𝑑,𝐺𝑖

4
Table 1: Types of identified simplices.

between instances, ensuring the subsequent analyses focus on in-
stance assertions rather than class definitions. We then identify
two types of simplices: connected simplices and isolated simplices.
The main objective of this step is to locate sub-graphs representing
𝑑-dimensional simplicial networks and simplices that interact with
these networks. For each graph 𝐺𝑖 ∈ G, we classify the simplex
interactions in five categories:

In this work, we consider simplices of dimensions 𝑑 ≤ 2.

4.1.1 Find simplices of𝑑 ≤ 2. Wefirst identify the higher-dimensional
simplices in all input graphs. For each graph𝐺𝑖 ∈ G, we distinguish
between connected 𝑑-simplices, stored in 𝑌𝑑,𝐺𝑖

where 1 ≤ 𝑑 and
isolated𝑑-simplices 𝐼𝑑,𝐺𝑖

for 0 ≤ 𝑑 . The set of connected𝑑-simplices
includes 𝑑-dimensional networks and their interactions: networks
of 𝑑-simplices 𝑆𝑑,𝐺𝑖

, simplex links 𝑈𝑑,𝐺𝑖
, network links 𝑋𝑑,𝐺𝑖

, and
dangling simplices 𝐷𝑑,𝐺𝑖

. The isolated simplices are identified from
their non-existent neighbourhood. To find the 2-simplices in an
input graph, we adapt the node triangle iterator algorithm from
[41] as presented in the appendix A.2. Figure 1 illustrates networks
of 𝑑-simplices.

(a) 𝑑 = 2 (b) 𝑑 = 1

Figure 1: Networks of 𝑑-simplices.

Once the 2-simplices and their connections are identified, 𝑆1,𝐺𝑖

and 𝐼1,𝐺𝑖
are populated with the remaining 1-simplices. The set of

0-simplices, 𝐼0,𝐺𝑖
, contains all isolated nodes for each input graph

𝐺𝑖 ∈ G. Figure 1 illustrates isolated 𝑑-simplices.

Figure 2: Isolated 𝑑-simplices for 𝑑 = {0, 1, 2}.

4.1.2 Simplex links. We consider two types of simplex links: one
between simplices of equal dimensions and a cross-dimensional
link. As the maximum dimension is 𝑑𝑚𝑎𝑥 = 2, linking entails the
creation of 1-simplices between an existing node of a simplex and
another existing node of another simplex. Links between simplices
of equal dimensions are stored in𝑈𝑑,𝐺𝑖

between simplices in 𝑆𝑑,𝐺𝑖

for a given d. While links between simplices of equal dimensions

(a) Cross-dimension link. (b) Equal-dimension link.

Figure 3: Simplex interactions.

are between simplices in 𝑆𝑑,𝐺𝑖
for a given d, cross-dimensional links

are links between a simplex in 𝑆1,𝐺𝑖
and another simplex in 𝑆2,𝐺𝑖

.
Equal-dimension links are stored in𝑈𝑑,𝐺𝑖

and cross-dimension links
in 𝑋𝑑,𝐺𝑖

. Figure 3 exemplifies interactions between these simplices.

4.1.3 Dangling simplices. Dangling simplices are represented by
𝑎-simplices connected to 𝑑-simplices where 𝑎 < 𝑑 . For each graph
𝐺𝑖 ∈ G, the dangling simplices are stored in 𝐷𝑑,𝐺𝑖

. Figure 4 illus-
trates three dangling 1-simplices connected to a 2-simplex.

Figure 4: Three dangling 1-simplices connected to a 2-
simplex.

4.2 Analyzing the simplices
After simplex identification, we analyze the structural and semantic
characteristics of the identified simplices. We estimate the output
graph’s density and compute probability distributions for classes
and properties. This analysis is done for all applicable simplex sets
from Step 4.1.

4.2.1 Node and edge density. Let N(Z) and L(Z) be the func-
tions that retrieve the number of unique nodes and the number of
unique edges in a simplex set Z𝑑,𝐺 ∈ {𝑆𝑑,𝐺 ,𝑈𝑑,𝐺 , 𝑋𝑑,𝐺 , 𝐷𝑑,𝐺 , 𝐼𝑑,𝐺 }.
We estimate the number of nodes 𝜗Z and the number of edges
𝜉Z that each previously populated simplex set should have in the
output graph by considering the desired number of nodes in the
output graph |𝑉𝐺𝑁+1 | and the average node and edge density over
all input graphs. The node, 𝜗Z , and edge, 𝜉Z , estimates are defined
as

𝜗Z𝑑,𝐺𝑖
= |𝑉𝐺𝑁+1 | ×

1
𝑁

𝑁∑︁
𝑖=1

L(Z𝑑,𝐺𝑖
)

|𝑉𝐺𝑖
| , (1)

𝜉Z𝑑,𝐺𝑖
= |𝑉𝐺𝑁+1 | ×

1
𝑁

𝑁∑︁
𝑖=1

N(Z𝑑,𝐺𝑖
)

|𝑉𝐺𝑖
| . (2)

4.2.2 Class distribution. We compute class distributions for 𝑑 =

{0, 1, 2}, separately. For 2-simplices, this operation involves model-
ing the distribution of the classes of all 3 nodes, P(𝐶1,𝐶2,𝐶3), for the
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Figure 5: Example of the graph generation process.

sets of 2-simplices 𝑆2,𝐺𝑖
and 𝐼2,𝐺𝑖

on each input graph 𝐺𝑖 ∈ G.1 Let
E(𝜙) be a function that retrieves the number of edges that connect
3 nodes of classes 𝜅 (𝜙). YZ𝑑,𝐺𝑖

(𝜅 (𝜙𝑑,𝐺𝑖
)) is a function that returns

the edge density of 𝜅 (𝜙) and is defined as

YZ𝑑,𝐺𝑖
(𝜅 (𝜙𝑑,𝐺𝑖

)) =
|{E(𝜙 ′) | 𝜙 ′ ∈ Z𝑑,𝐺𝑖

∧ 𝜅 (𝜙 ′) = 𝜅 (𝜙𝑑,𝐺𝑖
)}|

|{𝜙 ′′ | 𝜙 ′′ ∈ Z𝑑,𝐺𝑖
∧ 𝜅 (𝜙 ′′) = 𝜅 (𝜙𝑑,𝐺𝑖

)}| .

(3)
We compute the class probability for a set of classes (𝐶1,𝐶2,𝐶3)

as defined by

PZ2,𝐺𝑖
(𝐶1,𝐶2,𝐶3) =

1
𝑁

𝑁∑︁
𝑖=1

YZ2,𝐺𝑖
({𝐶1,𝐶2,𝐶3})∑

∀𝜙 ′∈Z2,𝐺𝑖
YZ2,𝐺𝑖

(𝜅 (𝜙 ′)) . (4)

For 1-simplices, we compute the probability of the classes of the 2
nodes PZ (𝐶1,𝐶2) defined as

PZ (𝐶1,𝐶2) =
1
𝑁

𝑁∑︁
𝑖=1

|{𝜙 | 𝜙 ∈ Z1,𝐺𝑖
∧ 𝜅 (𝜙) = {𝐶1,𝐶2}}|
|Z1,𝐺𝑖

| . (5)

Similarly, this probability is also computed for all possible class
combinations found in 1-simplex sets, 𝑆1,𝐺𝑖

, 𝑋1,𝐺𝑖
, and 𝐷1,𝐺𝑖

.
For 0-simplices, we compute the probability of a class P(𝐶) as

shown in Equation 6. As 0-simplices represent nodes, P(𝐶) is only
computed for the set of isolated 0-simplices 𝐼0,𝐺𝑖

, defined by

P(𝐶) = 1
𝑁

𝑁∑︁
𝑖=1

|{𝜙 | 𝜙 ∈ 𝐼0,𝐺𝑖
∧ 𝜅 (𝜙) = {𝐶}}|
|𝐼0,𝐺𝑖
| . (6)

4.2.3 Class distribution for simplex faces. We compute the class
distributions for (𝑑 −1) faces of 𝑑-simplices, required for connected
2-simplices and 1-simplices. For 2-simplices, it means we compute
the probabilities of classes 𝐶1 and 𝐶2 for a 1-simplex present in a

1Within our implementation, we use a canonical form to reduce the number of pos-
sible combinations of 𝐶1,𝐶2, and 𝐶3 . This reduces the memory requirement and
improves the generation runtime. However, we do not include this canonical form in
the description of our approach since this optimization is not in the focus of our work.

2-simplex for every possible pair of distinct classes, as defined in

P(𝐶1,𝐶2) =
1
𝑁

𝑁∑︁
𝑖=1

��{𝜙1 |𝜅 (𝜙1) = {𝐶1,𝐶2} ∧ ∃𝜙2 ∈ 𝑆2,𝐺𝑖
: 𝜙1 ∈ 𭟋1 (𝜙2)

}��
3|𝑆2,𝐺𝑖

| .

(7)
For 1-simplices, we compute the probability for every possible

head class P(𝐶) defined by

PZ1,𝐺𝑖
(𝐶) = 1

𝑁

𝑁∑︁
𝑖=1

|{𝜙 | 𝜙 ∈ Z1,𝐺𝑖
∧ 𝜅ℎ (𝜙) =𝐶}|

|Z1,𝐺𝑖
| , (8)

with 𝜅ℎ representing the classes of the head node of a 1-simplex.

4.2.4 Conditional distribution. We compute the conditional dis-
tribution given classes of (𝑑 − 1) faces. This is required to sample
classes for a node, given classes of a face, which is essential for net-
work growth. For example, if we are growing a 2-simplex network,
it involves adding a new node and connecting it to 2 existing nodes.
Let Γ𝑑 denote the set of all class permutations of 𝑑-simplices. The
conditional distribution allows us to sample the class of the new
node, given the classes of the 2 other existing nodes in the network,
as defined by

P(𝐶3 | (𝐶1,𝐶2)) =
P𝑆 (𝐶1,𝐶2,𝐶3)∑

(𝐶1,𝐶2,𝐶′ ) ∈Γ2 P𝑆 (𝐶1,𝐶2,𝐶′)
. (9)

For 1-simplices, this entails computing the probability of a tail
class 𝐶𝑡 given a class 𝐶ℎ defined as

PZ (𝐶𝑡 |𝐶ℎ) =
PZ (𝐶𝑡 ,𝐶ℎ)∑

(𝐶′,𝐶ℎ ) ∈Γ1 PZ (𝐶′,𝐶ℎ)
. (10)

4.2.5 Property distribution. Finally, we analyze property distribu-
tions conditioned on the classes of the tail and head nodes, as shown
in Equation 11. For this reason, we need to collect the triples repre-
senting 𝑑-simplices in the form of (𝐶𝑡 , 𝑝,𝐶ℎ). Let 𝛾 be a function
that retrieves all triples from the KG that represent a simplex setZ.
We denote the set of retrieved triples as 𝛾 (Z), where 𝛾 (Z) ⊆ 𝐺𝑖 .



A Simplex Approach to Synthetic Knowledge Graph Generation WWW ’26, April 13–17, 2026, Dubai, United Arab Emirates

The probability of a property 𝑟 connecting a node of class 𝐶𝑡 with
a node of class 𝐶ℎ is defined as

PZ (𝑟 | (𝐶𝑡 ,𝐶ℎ)) =
1
𝑁

𝑁∑︁
𝑖=1

|{(𝑠, 𝑝, 𝑜) ∈ T𝑑,𝑖 (𝐶ℎ,𝐶𝑡 ) : 𝑝 = 𝑟 }|
|T𝑑,𝑖 (𝐶ℎ,𝐶𝑡 ) |

, (11)

where
T𝑑,𝑖 (𝐶ℎ,𝐶𝑡 ) = {(𝑠, 𝑝, 𝑜) ∈ 𝛾 (Z𝑑,𝑖 ) : 𝛼 (𝑠) =𝐶ℎ ∧ 𝛼 (𝑜) =𝐶𝑡 }. (12)

The property distributions are computed for all of the 1 and 2-
simplex sets previously identified in Step 4.1.

4.3 Generating the graph
We generate the KG incrementally using the distributions com-
puted in the analysis phase. The graph generation process is ex-
emplified in Figure 5. The approach prioritizes the generation of
higher-dimensional simplices and integrates the simplex interac-
tions analyzed in Step 4.1:

(1) Initialize local networks for 𝑑 = {1, 2},
(2) Connect 2-simplices via 1-simplices,
(3) Add dangling 1-simplices to 2-simplices,
(4) Connect 2-simplices with 1-simplices via 1-simplices, and
(5) Add isolated simplices for 𝑑 = {0, 1, 2}.

4.3.1 Local networks of 𝑑-simplices. We adapt the algorithm from
[15] to generate directed edge-labeled graphs that consider edge
properties and node classes, as presented in Algorithm 1. When
creating a new 2-simplex, we first sample the classes for each node.
Then, for each edge in the simplex, we assign a direction based on
semantic constraints by checking valid tail and head class pairs.
This means that we check which tail and head class pairs from
the classes of the three nodes are valid based on the input graphs
G. The edge directions are assigned accordingly. This process ad-
dresses the limitation of fixed-direction assignments, especially
in directed 𝑑-simplices, as edge directions in knowledge graphs
must reflect semantic relationships between nodes. Another dis-
tinction from [15] is that we base our algorithm on distributions
from the input graphs, instead of fixed distributions. The function
evaluateDistribution evaluates whether the computed distribu-
tion would validate a newly proposed class. We generate networks
iteratively by considering 2 cases. We either expand the network
by proposing a new node and attaching it to an existing simplex’s
face, or if that is no longer possible, we create a new simplex. Con-
sequently, this algorithm forms local networks, instead of one net-
work. This process stops when the estimated edge counts for each
simplex type are reached. We also consider a maximum number
of retries in the simplex expansion step when the newly proposed
simplex is not a valid one. In this case, we retry the operation by
sampling a different simplex.

Similarly, the network of connected 1-simplices is also generated
by Algorithm 1. However, the number of nodes in 1-simplices is
determined by:

𝜗1,𝑆 = |𝑉𝐺𝑁+1 | −
( 2∑︁
𝑑=0

𝜗𝑑,𝐼 + 𝜗2,𝑆 + 𝜗1,𝐷

)
. (13)

This ensures consistency in the output graph, as it ensures that the
output graph always has |𝑉𝐺𝑁+1 | vertices.

Algorithm 1 Generating networks of 𝑑-simplices based on [15].
Input: Estimated node count 𝜗𝑑,𝑆 and edge count 𝜉𝑑,𝑆

Sample classes for the nodes of a new 𝑑-simplex (𝜙𝑑 )
Choose properties for every pair of classes in 𝜅 (𝜙𝑑 )
Create nodes for each 𝐶 ∈ 𝜅 (𝜙𝑑 )
Add edges with determined properties to form a simplex 𝜙𝑑
Add 𝜙𝑑 to 𝑆𝑑,𝑁+1
Initialize edge 𝑔𝑒 and node count 𝑔𝑛
while 𝑔𝑒 < 𝜉𝑑,𝑆 do

if 𝑔𝑛 < 𝜗𝑑,𝑆 then
Select an existing face of a simplex 𝜙𝑑−1 : ∃𝜙𝑑 ∈ 𝑆𝑑,𝑛+1 ∧
𝜙𝑑−1 ∈ 𭟋𝑑−1 (𝜙𝑑 )
Find set of classes assigned to face nodes 𝜅 (𝜙𝑑−1)
Propose new classes 𝐶𝑛 for new node
if evaluateDistribution(𝜅 (𝜙𝑑−1), 𝐶𝑛) then

Create a new node 𝑞 with classes 𝐶𝑛

Create a new simplex 𝜙 ′
𝑑
by connecting 𝜙𝑑−1 to 𝑞

Assign properties to new edges
Add 𝜙 ′

𝑑
to 𝑆𝑑,𝑁+1

Update 𝑔𝑒 and 𝑔𝑛
else

Create a new 𝑑-simplex 𝜙𝑑
Sample classes for the nodes to nodes of 𝜙𝑑
Assign properties to edges of 𝜙𝑑
Add 𝜙𝑑 to 𝑆𝑑,𝑁+1
Update 𝑔𝑒 and 𝑔𝑛

end if
else

Select an existing simplex 𝜙𝑑 ∈ 𝑆𝑑,𝑁+1
Find set of classes 𝜅 (𝜙𝑑 ) assigned to nodes of 𝜙𝑑
Determine property 𝑟 for any pair in 𝜅 (𝜙𝑑 )
Add an edge with property 𝑟
Add 𝜙𝑑 to 𝑆𝑑,𝑁+1
Update 𝑔𝑒

end if
end while

4.3.2 Connect 𝑑-simplices. In this step, we link 2-simplices via
1-simplices. To do this, we first sample a pair of head and tail
classes. We then randomly select 2 simplices such that one con-
tains at least one node of the head class and the other contains
at least one node of the tail class. From each simplex, we choose
one node that matches the criteria. Finally, we connect these nodes
with a 1-simplex and assign a property to the edge according to
the head and tail classes. This process repeats until 𝜉1,𝑈 edges are
added, prioritizing connections between isolated simplices. For
1-simplices between connected 2-simplices, we verify that no addi-
tional 2-simplices are formed during this operation. This means that
the two selected nodes should have no common neighbour before
the connection. Creating additional 2-simplices would otherwise
invalidate the estimated counts established in the analysis step.

4.3.3 Add dangling simplices. We create lower-order simplices and
connect them to higher-dimensional simplices. First, we propose
head and tail classes for the new 1-simplex, then we search for
an appropriate candidate 2-simplex from 𝑆2,𝐺𝑁+1 to connect with,
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Table 2: Proposed types of simplex generators.

Generator Classes Properties
BPBC B B
BPUC U B
UPBC B U
UPUC U U

which has at least a node that matches either the proposed tail or
head class. The property is then sampled for the given head and
tail classes and used to create the 1-simplex. This step creates 𝜗1,𝐷
nodes.

4.3.4 Connect local networks. In this step, 𝜉1,𝑋 edges are created to
connect local networks in 𝑆1,𝐺𝑁+1 and 𝑆2,𝐺𝑁+1 . First, the head and
tail classes are proposed. The 2 candidate simplices are selected,
one from each set. The nodes are then selected, and the edge is
formed with the sampled property.

4.3.5 Add isolated simplices. We create isolated 𝑑-simplices of 𝑑 =

{0, 1, 2}. For 1 and 2-simplices, new simplices are created until the
number of nodes𝜗𝑑,𝐺𝑁+1 and the number of edges 𝜉𝑑,𝐺𝑁+1 have been
reached. Once the number of nodes is reached, but the number
of edges is still not satisfied, edges are added between already
connected nodes.

4.4 Finalize graph
The graph is finalized as in LEMMING [40]. This involves material-
izing the rdf:type triples, generating literal nodes, and generating
URI representations for the resources.

4.5 Generator types
We propose 4 types of generators based on different sampling strate-
gies of classes and properties as presented in Table 2.U represents
that a feature was sampled from a uniform distribution, and B from
the computed distribution of the input graphs G as estimated in
Step 4.2.

5 Evaluation
We evaluate the runtime of our generators, the structural fidelity
of the created graphs, and the performance in triple store bench-
marking as a downstream task. In our experiments, we always
compare the performance of the synthetic graphs against that of
the real-world graph.

5.1 Evaluation Setup
All the graphs were generated and benchmarked on a machine
with 4x Intel Xeon Platinum 8462Y+ and 32 GB RAM. As all the
approaches rely on sampling, the results reported below are the
average of three runs for each respective configuration.

5.1.1 Other Approaches. We compare our performance against 6
generators from LEMMING [40], as it is the only existing data-
driven graph generator that accepts multiple versions of a KG as in-
put. All other data-driven generators are designed for a single static
graph and thus address a different use case. The 6 variants from

Table 3: Dataset statistics of the target graph.

Feature Datasets
SWDF LGD ICC

Resources 45,221 591,237 1,243
Edges (with rdf:type) 325,896 4,224,003 8,757
Edges 181,967 583,257 5,499
Node triangles 19,260 0 4,279
Edge triangles 66,594 0 47,680
Max. in-degree 816 6,195 197
Max. out-degree 621 1,850 170
Std. dev. in-degree 12.15 9.48 11.38
Std. dev. out-degree 10.07 6.55 11.43

LEMMING are UCS-UIS, UCS-BIS, CCS-UIS, CCS-BIS, BCS-UIS,
and BCS-BIS. We also compare our system’s performance against
2 baseline generators based on the Barabási-Albert (BL-BA) [2]
and Watts-Strogatz (BL-WS) [47] models. We use LEMMING’s im-
plementation of the Barabási-Albert model for RDF KGs. We also
adapted the Watts-Strogatz model to generate a KG based on the
average node degree of G and with the desired number of vertices
|𝑉𝐺𝑁+1 |. For a fair comparison, the same graph preprocessing and fi-
nalization stages were used on the baseline graphs as in SimplexKG
and LEMMING. In both baselines, the rdf:triples were assigned
such that the average class distribution from G was preserved in
the output graph.

5.1.2 Datasets. We re-use the datasets of Röder et al. [40]: a subset
of Linked Geo Data (LGD) [43] from 2013 to 2015, Semantic Web
Dog Food (SWDF) [33] from 2001 to 2015, and the International
Chronostratigraphic Chart (ICC) [16–19] datasets from 2004 to 2018.
The latest version of each graph was held out from the graph gener-
ation process and used as a target performance in the experiments.
The dataset statistics of the target graphs without class assertions
are presented in Table 3.

5.2 Runtime
The summary of the graph generation runtimes is presented in
Table 4. BL-BA is the fastest approach across all 3 datasets, which
is expected since it operates as a general graph generator and does
not have the added complexity of handling semantics of KG. On
average, the simplex approaches are 43.15% faster than the six
variants of LEMMING for LGD (the largest dataset). For ICC, the
smallest dataset, they are 26.68% faster, but 18.94% slower for the
SWDF dataset. Among the simplex variants, BPBC is faster for the
SWDF dataset, BPUC for the LGD dataset, and UPBC for the ICC
dataset.

5.3 Graph Structure
The structural fidelity is measured by comparing the structuredness
and the overall graph characteristics of the synthetic graphs against
those of the target graph.

5.3.1 Structuredness. We compute the Mean Absolute Error (MAE)
between the structuredness [22] of the synthetic and the target
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Figure 6: Comparison of graph characteristics for different datasets. Darker colours represent a higher similarity.

graph. We present the results in Table 5, where lower values indi-
cate higher structural similarity. As expected, the baseline graphs
(BL-BA and BL-WS) show the highest difference to the target’s
structuredness across all datasets. Our simplex-based approaches
consistently show a smaller divergence than all other approaches.
Among our approaches, the UPBC and UPUC show a higher stan-
dard deviation specifically for the LGD dataset. We hypothesize that
the increased standard deviation produced by UPBC and UPUC on
the LGD dataset stems from the lack of 2-simplices in the LGD input
graphs, leading to degeneration when the properties are selected
at random.

5.3.2 Graph Properties. We compare seven different graph prop-
erties: 1. number of edges, 2. number of node triangles, 3. number
of edge triangles, 4. maximum in-degree, 5. maximum out-degree,

Table 4: Runtime in seconds reported by the approaches.
The values in bold represent the lowest runtimes for the
respective dataset.

Approach SWDF LGD ICC

LE
M
M
IN
G
[4
0] UCS-UIS 195 1,645 35

UCS-BIS 236 10,527 32
CCS-UIS 141 1,902 76
CCS-BIS 175 15,277 100
BCS-UIS 83 1,844 10
BCS-BIS 110 15,048 21
BL-BA 9 130 0
BL-WS 37 1,322 0

Si
mp

le
xK

G BPBC 160 1,422 12
BPUC 193 514 29
UPBC 216 1,804 10
UPUC 236 720 24

and 6. standard deviation of the in- and 7. out-degree. The graph
properties were evaluated on graphs without class assertions. We
disregard the number of vertices, since all the approaches ensure
the generated graphs have the same number of vertices as the target
graph. We establish the target graph similarity by first computing
the absolute difference between each of the feature counts and
the target graph, and normalizing this score. The summary of the
similarity scores is illustrated by the heatmaps in Figure 6. The
rows in the heatmaps represent the different approaches, and each
column represents a feature. The darker the cell colour, the higher
the similarity in the corresponding feature for a given approach to
the target graph. Thus, the darker a row is, the more similar that
approach is to the target graph. The baseline generators performed
the poorest on the LGD and the ICC datasets, while LEMMING’s

Table 5: Structuredness difference between generated graphs
and target graph. Bold values indicate the best performance
(mean ± standard deviation) in each dataset column.

Approach SWDF LGD ICC

LE
M
M
IN
G
[4
0] UCS-UIS 0.108 ± 0.006 0.111 ± 0.012 0.244 ± 0.007

UCS-BIS 0.107 ± 0.004 0.141 ± 0.029 0.261 ± 0.003
CCS-UIS 0.088 ± 0.004 0.105 ± 0.001 0.246 ± 0.028
CCS-BIS 0.094 ± 0.003 0.105 ± 0.002 0.236 ± 0.016
BCS-UIS 0.088 ± 0.004 0.115 ± 0.010 0.237 ± 0.023
BCS-BIS 0.090 ± 0.001 0.104 ± 0.004 0.246 ± 0.009
BL-BA 0.122 ± 0.001 0.212 ± 0.002 0.358 ± 0.004
BL-WS 0.120 ± 0.000 0.209 ± 0.001 0.354 ± 0.005

Si
mp

le
xK

G BPBC 0.080 ± 0.001 0.083 ± 0.002 0.184 ± 0.002
BPUC 0.086 ± 0.003 0.047 ± 0.002 0.279 ± 0.007
UPBC 0.067 ± 0.006 0.033 ± 0.239 0.236 ± 0.016
UPUC 0.079 ± 0.006 0.143 ± 0.201 0.315 ± 0.010
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Table 6: QPS Root Mean Squared Error (RMSE) of the syn-
thetic graphs for the datasets SWDF, LGD, and ICC. Values in
bold represent the best performance, and underlined values
represent the second-best performance.

Approach SWDF LGD ICC

LE
M
M
IN
G
[4
0] UCS-UIS 48.057 47.577 258.936

UCS-BIS 51.494 42.077 272.191
CCS-UIS 46.420 46.500 280.580
CCS-BIS 44.670 47.808 264.217
BCS-UIS 47.816 41.586 251.107
BCS-BIS 46.931 37.415 263.641
BL-AB 67.839 39.042 285.227
BL-WS 56.197 39.925 302.377

Si
mp

le
xK

G BPBC 40.197 32.065 244.759
BPUC 46.046 208.129 328.510
UPBC 51.551 388.246 263.716
UPUC 54.743 403.705 335.592

UCS-BIS performed the poorest on the SWDF dataset. For the SWDF
dataset, SimplexKG demonstrated the highest similarity across all
features. Especially the BPBC and BPUC generators successfully
approximate the node and edge triangles—something that the other
approaches failed to do. For the LGD dataset, LEMMING’s UCS
generators are the most similar, likely because SimplexKG, lacking
2-simplices in the dataset, were restricted to modeling 1-simplices
networks and lost their leverage of modeling higher-order struc-
tures. The LGD dataset’s very low node degree may further impact
approaches that operate beyond the assertion level. For the ICC
dataset, the SimplexKG generators are consistent and competitive
across all features, though slightly outperformed by BCS-UIS.While
other approaches’ performance varied significantly in each dataset,
SimplexKG demonstrated the most stable performance overall.

5.4 Triple Store Benchmarking
In our third experiment, we test whether benchmarking a system,
e.g., a triple store, with a generated graph leads to similar results
as with the real-world target graph. We use Sparqloscope [4] to
generate a set of queries for each dataset. We use the same query
templates to generate the set of queries for all datasets. Sparqloscope
generates 67 queries for ICC, and 69 queries for LGD and SWDF
datasets. The benchmarking experiments were conducted using
IGUANA [13] version 4.1.1 with 100 query mixes. The following
triple stores were benchmarked: Tentris 0.19.5+beta [9], GraphDB
11.0.0, Virtuoso Open Source Edition 7.2.15 [25], Apache Jena Fuseki
5.5.0 [12], and Blazegraph 2.1.6. 2 The performance is measured
through the Queries per Second (QPS) metric, which measures
the query throughput of each triple store. We compute the RMSE
between the achieved QPS by the synthetic graph and the QPS of
the target graph on all triple stores. The RMSE scores are present
in Table 6. The average QPS values per triple store are presented

2The triple stores are available at their respective webpages: https://tentris.io/, https:
//graphdb.ontotext.com/, https://virtuoso.openlinksw.com/, https://jena.apache.org/,
and https://blazegraph.com/.

in the Appendix Tables 7, 8, and 9. For the interested reader, we
also defer the Normalized RMSE (NRMSE) scores to the Appendix
Table 10. SimplexKG-BPBC consistently outperforms the other
approaches, achieving the lowest RMSE in all three datasets. 3 While
the other SimplexKG generators have a comparable performance
on the SWDF and the ICC datasets, they experience a significant
performance degradation on the LGD dataset. We attribute this
to the graph’s low degree and absence of higher-order structures,
which amplify errors when the properties and/or the classes are
uniformly sampled. LEMMING’s optimization of synthetic graphs,
based on invariant arithmetic expressions, can also be applied to
graphs generated by SimplexKG. The experiments on the optimized
graphs are presented in Appendix C.

6 Findings
The experimental results show that SimplexKG consistently out-
performs the baselines and the previous state-of-the-art generators
of LEMMING on the majority of the evaluated metrics. Although
the baseline methods are faster, they ignore KG-specific constraints.
SimplexKG is on average 17% faster than the LEMMING generators.
Across all datasets, SimplexKG achieves the lowest structuredness
error, producing graphs that are on average 18.71% closer to the
target graph compared to the second-best approach. When measur-
ing graph characteristics, SimplexKG achieves high similarity for
the SWDF and ICC datasets. The advantage in the LGD dataset is
reduced as it does not have node triangles. SimplexKG-BPBC also
exhibits the lowest RMSE on QPS, reducing the error on average
by 3.27% compared to the next best approach. These findings cor-
roborate that explicitly modeling simplices in KGs leads to more
realistic synthetic structures and better downstream performance
overall. However, the experiments also highlight that the choice
of generator should be dependent on the structure of the graph at
hand. Using simplicial modeling provides limited benefits when the
input graphs do not contain higher-order simplices.

7 Conclusion
We introduce SimplexKG, a simplex-based KG generator with four
variants: BPBC, BPUC, UPBC, and UPUC. Our experiments demon-
strate that our approaches achieve a higher structure fidelity than
all other approaches, as observed in the structuredness and graph
features. Furthermore, SimplexKG-BPBC also achieves the lowest
RMSE in our triple store benchmarking experiments, confirming
our graphs’ utility for downstream tasks. While baseline methods
have a lower runtime, our approaches still achieve a lower runtime
than state-of-the-art approaches. Future work will focus on increas-
ing the dimension of the modelled simplices and generating larger
graphs.
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A Algorithms
The adapted algorithm for finding 2-simplices is presented in Algo-
rithm 2.

Algorithm 2 Finding 2-simplices
Input: A graph 𝐺
Output: 𝑆2,𝐺 and 𝐼2,𝐺
𝑆2,𝐺 ← ∅
𝐼2,𝐺 ← ∅
for 𝑣1 in 𝑉𝐺 do

𝑁1 ← 𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟𝑠 (𝑣1)\𝑉𝑖𝑠𝑖𝑡𝑒𝑑
for 𝑣2 in 𝑁1 do

𝑁2 ← 𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟𝑠 (𝑣2)\𝑉𝑖𝑠𝑖𝑡𝑒𝑑
for 𝑣3 in 𝑁2 do

if 𝑣2 < 𝑣3 and 𝑣1 ≠ 𝑣2 and 𝑣1 ≠ 𝑣3 and 𝑣3 ∈ 𝑁2 then
𝜙2,𝐺 = {𝑣1, 𝑣2, 𝑣3}
if isIsolated(𝜙2,𝐺 ) then
𝐼2,𝐺 ← 𝐼2,𝐺 ∪ 𝜙2,𝐺

else
𝑆2,𝐺 ← 𝑆2,𝐺 ∪ 𝜙2,𝐺

end if
end if

end for
end for
𝑉𝑖𝑠𝑖𝑡𝑒𝑑 ← 𝑉𝑖𝑠𝑖𝑡𝑒𝑑 ∪ 𝑣1

end for

B Experiments
We include the average QPS values achieved by each triple store
on each dataset in Tables 7, 8, 9. We include the RMSE scores

Table 7: Average QPS per triple store on SWDF dataset.

Approach Tentris Virtuoso Blazegraph Fuseki GraphDB
Target 423.89 253.71 22.70 48.53 108.78

LE
M
M
IN
G
[4
0] UCS-UIS 380.06 235.02 24.56 50.10 100.64

UCS-BIS 374.56 232.67 24.43 46.24 104.94
CCS-UIS 401.02 255.64 25.08 54.01 114.60
CCS-BIS 408.34 251.58 24.90 54.33 114.65
BCS-UIS 376.31 248.72 25.22 45.43 109.35
BCS-BIS 392.10 250.25 24.86 56.30 106.01
BL-AB 452.16 269.14 24.06 66.75 129.59
BL-WS 433.90 264.37 25.05 56.58 121.39

Si
mp

le
xK

G BPBC 403.49 242.90 24.24 51.76 109.08
BPUC 445.68 259.23 27.59 61.98 128.46
UPBC 396.24 230.35 23.95 48.96 110.35
UPUC 437.52 263.69 29.35 62.21 127.35

Table 8: Average QPS per triple store on LGD dataset.

Approach Tentris Virtuoso Blazegraph Fuseki GraphDB
Target 370.62 133.10 11.91 39.62 60.86

LE
M
M
IN
G
[4
0] UCS-UIS 306.07 117.34 14.00 38.18 64.24

UCS-BIS 330.90 115.59 14.06 41.99 66.57
CCS-UIS 310.17 117.76 14.14 39.32 65.73
CCS-BIS 300.91 125.32 14.19 39.57 62.57
BCS-UIS 323.33 120.85 14.41 42.88 69.78
BCS-BIS 330.07 121.15 14.13 42.27 68.23
BL-AB 336.17 121.90 14.58 43.33 70.04
BL-WS 334.61 124.53 14.53 41.87 66.57

Si
mp

le
xK

G BPBC 342.01 124.35 14.16 41.82 68.33
BPUC 734.64 208.61 31.27 103.27 201.93
UPBC 729.64 376.76 33.68 178.99 316.31
UPUC 1076.38 406.86 39.99 169.91 341.54

Table 9: Average QPS per triple store on ICC dataset.

Approach Tentris Virtuoso Blazegraph Fuseki GraphDB
Target 1535.94 773.96 65.23 282.43 410.41

LE
M
M
IN
G
[4
0] UCS-UIS 1730.77 929.59 74.05 387.75 570.31

UCS-BIS 1784.44 921.05 74.44 385.27 594.58
CCS-UIS 1910.34 974.73 75.56 423.88 663.55
CCS-BIS 1837.84 949.39 73.76 398.32 618.92
BCS-UIS 1788.53 921.29 74.40 385.28 610.79
BCS-BIS 1742.77 923.24 73.28 379.37 608.33
BL-AB 1699.44 933.24 74.36 386.27 621.57
BL-WS 1774.11 934.52 74.11 398.66 619.67

Si
mp

le
xK

G BPBC 1757.86 943.55 74.96 386.56 614.51
BPUC 1975.33 946.09 75.35 432.20 682.94
UPBC 1759.05 949.34 75.14 391.51 600.83
UPUC 2004.31 948.12 75.73 422.20 686.21
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Table 10: QPS NRMSE of the generated graphs.

Approaches SWDF LGD ICC
UCS-UIS 0.282 0.293 0.263
UCS-BIS 0.356 0.382 0.274
CCS-UIS 0.324 0.247 0.300
CCS-BIS 0.323 0.241 0.278
BCS-UIS 0.305 0.248 0.266
BCS-BIS 0.313 0.244 0.272
BL-AB 0.260 0.315 0.284
BL-WS 0.287 0.434 0.303
SimplexKG-BPBC 0.213 0.305 0.261
SimplexKG-BPUC 0.296 15.032 0.356
SimplexKG-UPBC 0.236 21.180 0.278
SimplexKG-UPUC 0.347 40.123 0.361

Table 11: Structuredness MAE between optimized synthetic
graphs and target graph.

Approach SWDF LGD ICC

LE
M
M
IN
G
[4
0] UCS-UIS 0.103 ± 0.033 0.140 ± 0.081 0.234 ± 0.130

UCS-BIS 0.106 ± 0.032 0.123 ± 0.077 0.240 ± 0.123
CCS-UIS 0.090 ± 0.043 0.104 ± 0.092 0.209 ± 0.137
CCS-BIS 0.095 ± 0.039 0.105 ± 0.092 0.209 ± 0.140
BCS-UIS 0.095 ± 0.041 0.105 ± 0.089 0.209 ± 0.139
BCS-BIS 0.096 ± 0.040 0.105 ± 0.092 0.212 ± 0.136

Si
mp

le
xK

G BPBC 0.086 ± 0.046 0.106 ± 0.099 0.158 ± 0.169
BPUC 0.085 ± 0.044 0.049 ± 0.125 0.245 ± 0.117
UPBC 0.072 ± 0.054 0.032 ± 0.134 0.185 ± 0.148
UPUC 0.074 ± 0.050 0.143 ± 0.070 0.273 ± 0.100

normalized by the target graph’s QPS values in Table 10.We observe
the lowest NRMSE values for the SWDF and the ICC dataset.

C Optimization
LEMMING introduces another feature for synthetic KG generation:
optimization of the synthetic graphs based on invariant arithmetic
expressions. We investigate here whether the best-performing ap-
proach changes when optimized based on the same expressions.

C.1 Graph Structure
The summary of the structuredness results on the optimized graphs
is presented in Table 11. On average, across all approaches, the
MAE reduced in the ICC dataset, and remained constant after opti-
mization in the SWDF and the LGD datasets.

The summary of the graph properties similarity is presented in
Figure 7. We can observe that in most cases the optimization is
beneficial. SimplexKG approximates the node and edge triangles in
all three datasets. In SWDF and ICC datasets, SimplexKG produces
the most similar graphs, as observed by the darkest rows in the
heatmap.

C.2 Triple Store Benchmarking
The summary of the RMSE and NRMSE scores of the synthetic
graphs after undergoing optimization is presented in Table 12. The
NRMSE scores are normalized by the target graph’s QPS range
for a specific query. In general, the RMSE on the optimized graphs
decreased for the LGD and ICC datasets and increased for the SWDF
dataset. This is observed for themajority of approaches. SimplexKG-
BPBC has the lowest RMSE for the LGD and ICC dataset, and
the second lowest RMSE on the SWDF. These findings further
corroborate our hypothesis, as SimplexKG remains the approach
with the lowest error rate.

C.3 Configuration
The configuration file for LEMMING’s optimization included the
following metrics:
• Number of vertices (#𝑣),
• Number of edges (#𝑒),
• Average degree (𝜏),
• Number of node triangles (Δ𝑛),
• Number of edge triangles (Δ𝑒 ),
• Maximum node in-degree (𝑚(𝜏𝑖 )),
• Maximum node out-degree (𝑚(𝜏𝑜 )),
• In-degree standard deviation (𝜎 (𝜏𝑖 )), and
• Out-degree standard deviation (𝜎 (𝜏𝑜 )).

We configured LEMMING to generate 5 invariant arithmetic ex-
pressions per dataset and 50,000 optimization steps. The invariant
expressions for the SWDF dataset were:

ℶ1 = ((Δ𝑛 − #𝑣)/((#𝑒 + 𝜎 (𝜏𝑜 )) ∗ (𝜏 + 1.0))), (14)
ℶ2 = ((Δ𝑛 − #𝑣)/((#𝑒 + 𝜎 (𝜏𝑖 )) ∗ (𝜏 + 1.0))), (15)
ℶ3 = (((Δ𝑛 − (𝜎 (𝜏𝑜 ) ∗ Δ𝑒 )) − #𝑣)/(#𝑒 ∗ 𝜏)), (16)
ℶ4 = ((Δ𝑛 − #𝑣)/(((𝜎 (𝜏𝑖 ) − #𝑒) − 𝜎 (𝜏𝑜 )) ∗ 𝜏)), (17)
ℶ5 = ((Δ𝑛 − #𝑣)/((𝜏 − #𝑒) ∗ (𝜏 + 1.0))) . (18)

The invariant expressions for the LGD dataset were:
ℶ6 = ((#𝑣 − (Δ𝑒 + 𝜎 (𝜏𝑜 )))/(#𝑒 ∗ (𝜏 + 1.0))), (19)
ℶ7 = ((#𝑣 − Δ𝑒 )/((#𝑒 +𝑚(𝜏𝑜 )) ∗ (𝜏 + 1.0))), (20)
ℶ8 = (((Δ𝑒 − #𝑣)/𝜏)/(#𝑒 − (Δ𝑛/𝜏))), (21)
ℶ9 = (((#𝑣 − 𝜎 (𝜏𝑖 )) − Δ𝑒 )/(#𝑒 ∗ (𝜏 + 1.0))), (22)
ℶ10 = ((((Δ𝑒 + (𝜏 ∗𝑚(𝜏𝑖 ))) − #𝑣)/𝜏)/#𝑒) . (23)

The invariant expressions for the ICC dataset were:
ℶ11 = ((𝑚(𝜏𝑜 ) + #𝑣)/((𝜎 (𝜏𝑖 ) − (#𝑣/𝑚(𝜏𝑜 ))) +𝑚(𝜏𝑜 ))), (24)
ℶ12 = (((𝑚(𝜏𝑜 ) + (𝜏/𝑚(𝜏𝑖 ))) + #𝑣)/((𝜎 (𝜏𝑖 ) − #𝑣) +𝑚(𝜏𝑜 ))), (25)
ℶ13 = ((𝑚(𝜏𝑜 ) + (#𝑣 − 𝜎 (𝜏𝑜 )))/((𝜎 (𝜏𝑖 ) − #𝑣) +𝑚(𝜏𝑜 ))), (26)
ℶ14 = (((𝑚(𝜏𝑖 )/𝑚(𝜏𝑜 )) + 𝜎 (𝜏𝑜 ))/((𝜎 (𝜏𝑖 ) − #𝑣) +𝑚(𝜏𝑜 ))), (27)
ℶ15 = ((𝑚(𝜏𝑜 ) + (#𝑣/𝑚(𝜏𝑖 )))/((𝜎 (𝜏𝑖 ) − (#𝑣/𝑚(𝜏𝑜 ))) +𝑚(𝜏𝑜 ))) .

(28)



WWW ’26, April 13–17, 2026, Dubai, United Arab Emirates Ana Alexandra Morim da Silva, Atul Bhopalsing Pundir, Michael Röder, and Axel-Cyrille Ngonga Ngomo

UCS-UIS

UCS-BIS

CCS-UIS

CCS-BIS

BCS-UIS

BCS-BIS

SimplexKG-BPBC

SimplexKG-BPUC

SimplexKG-UPBC

SimplexKG-UPUC

1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6 7

0 1

Feature
1 Edges
2 Node triangles
3 Edge triangles
4 Max. in-degree
5 Max. out-degree
6 Std. dev. in-degree
7 Std. dev. out-degree

(a) SWDF (b) LGD (c) ICC

Figure 7: Comparison of graph characteristics for different datasets. Darker colours represent a higher similarity.

Table 12: QPS RMSE and NRMSE of the optimized graphs for the datasets SWDF, LGD, and ICC.

Approach SWDF LGD ICC
QPS NRMSE QPS RMSE QPS NRMSE QPS RMSE QPS NRMSE QPS RMSE

UCS-UIS 0.323 50.048 0.291 44.887 0.270 261.012
UCS-BIS 0.401 53.119 0.377 40.084 0.278 270.774
CCS-UIS 0.365 56.846 0.241 39.340 0.251 245.618
CCS-BIS 0.354 52.864 0.246 38.820 0.260 252.877
BCS-UIS 0.398 54.155 0.244 39.939 0.266 254.314
BCS-BIS 0.387 54.517 0.249 34.555 0.258 255.401
SimplexKG-BPBC 0.249 51.711 0.317 29.734 0.237 233.279
SimplexKG-BPUC 0.345 60.885 15.809 224.158 0.355 328.171
SimplexKG-UPBC 0.289 63.769 22.780 409.194 0.244 242.706
SimplexKG-UPUC 0.389 67.811 43.601 433.666 0.318 300.330


	Abstract
	1 Introduction
	2 Related work
	3 Preliminaries
	4 Approach
	4.1 Locating simplices
	4.2 Analyzing the simplices
	4.3 Generating the graph
	4.4 Finalize graph
	4.5 Generator types

	5 Evaluation
	5.1 Evaluation Setup
	5.2 Runtime
	5.3 Graph Structure
	5.4 Triple Store Benchmarking

	6 Findings
	7 Conclusion
	Acknowledgments
	References
	A Algorithms
	B Experiments
	C Optimization
	C.1 Graph Structure
	C.2 Triple Store Benchmarking
	C.3 Configuration


