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Abstract

Three-dimensional dislocation networks control the mechanical properties such as strain hardening of crystals. Due to the com-
plexity of dislocation networks and their temporal evolution, analysis tools are needed that fully resolve the dynamic processes of
the intrinsic dislocation graph structure. We propose the use of a graph database for the analysis of three-dimensional dislocation
networks obtained from discrete dislocation dynamics simulations. This makes it possible to extract (sub-)graphs and their features
with relative ease. That allows for a more holistic view of the evolution of dislocation networks and for the extraction of homoge-
nized graph features to be incorporated into continuum formulation. As an illustration, we describe the static and dynamic analysis
of spatio-temporal dislocation graphs as well as graph feature analysis.
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In dislocation theory, it is fundamental to understand how
dislocations evolve, multiply or stabilize due to mutual inter-
action during plastic straining. At mesoscopic length scales,
dislocations are strongly interconnected with each other. This
leads to the formation of complex three-dimensional disloca-
tion networks. The evolution behaviour of dislocation networks
is fundamental for the resulting material properties [1, 2, 3].
Dislocation networks and networks in general possess a graph
structure [4]. Thus, one can subject it to many graph algorithms
and graph frameworks [5, 6, 7].

In this work, we distinguish between the three-dimensional
dislocation network (spatial topology) and its transformed
graph theory based representation (graph topology). For
the transformation, the pristine three-dimensional data is
imported into a graph database retaining all information of the
original data, as described later. This yields in the lower-level
graph representation a so-called ”Property Graph” [8]. The
graph database allows us to perform graph analysis and to
identify graph structures as well as to extract higher-level
graphs, so-called hypergraphs [9]. The graph topology is not
static since the plastic deformation of a dislocation network
incorporates the generation and dissolution of dislocations.
During this dynamic behavior the graph topology changes
continuously. Thus, one can classify it as a spatio-temporal
graph [10] with dynamic topology.

Previous studies on the evolution of three-dimensional dis-
location networks within discrete dislocation dynamics (DDD)
simulations have shown the richness of characteristics of these
networks [11, 12, 13, 14]. Madec et al. [11] observed specific
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dislocation reactions and related them to mechanical properties.
First approaches to graph analysis for dislocation networks al-
ready characterised defects under cyclic loading [6]. However,
it has been shown that continuum models either have limited
agreement with the data or do not include all details of complex
network structures. For example, extended continuum theories
of dislocation reaction kinetics do only partially fit to three-
dimensional DDD data [13] or the analysis of complex dislo-
cation mechanisms is only partially conducted for strongly in-
terconnected structures [12]. The reason why these complex
structures are often left unused is the difficulty in including
them in the analysis. Starting with the whole DDD simula-
tion, we record it as a sequence of consecutive system states.
Each state of this evolving system is stored as a snapshot of
a graph at a discrete point in time. A common technique of
comparing two consecutive system states at times tn and tn+1
is performing the comparison of the three-dimensional repre-
sentation visually [15] or analysing each individual snapshot
statistically [14]. Using only individual snapshots does not give
way to any quantitative tracking of dislocations. By using a
representation as spatio-temporal graphs, we aim at traceabil-
ity of the dislocation network in space and time in quantitative
terms. A similar approach of temporal tracking has been in-
troduced by Bertin et al. [16]. It converts graph snapshots to
a continuum representation by Nye’s tensor [1] in order to ob-
tain an ”iso-topology”. This approach avoids the challenges of
handling dynamic topology.

In this work, we present a graph database containing the
graph representation of converted three-dimensional disloca-
tion network structures while preserving temporal and topolog-
ical information. Using a graph query language (GQL), we for-
mulate our structures of interest as graph patterns with desired
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Fig. 1: Data pipeline to the graph database: Starting from a dislocation network of a three-dimensional DDD simulation, the spatial
topology data is transformed into a property graph representation via the process of extracting, transforming, and loading (ETL).
The property graph topology consists of nodes and edges, each of which has a list of features and labels that contain, for instance,
spatial information or temporal information. This leads to a spatio-temporal graph, in which each object is defined by a tuple of
identifier and time. An example of the property graph topology is illustrated by a lower-level graph representation, which represents
the original discretized DDD data, and a higher-level graph representation, which is an aggregated graph consisting of dislocation
links and junctions. Based on the graph representation, various graph analysis methods are applied such as shortest path algorithms
or node degree analysis.

features, letting our database find the matches within our graph.
Additionally, we can employ graph algorithms to detect inter-
esting dislocation constellations, e.g., shortest paths. The result
is a set of subgraphs that matches our graph patterns and fea-
ture values. Using a graph representation and performing graph
analysis is a powerful tool in other disciplines, e.g., social net-
works [17], traffic forecasting [18] or drug discovery [19]. The
application of graph database technology to dislocation-based
plasticity to perform analyses of complex but repeating struc-
tures with little effort, is the objective of this paper. Specifically
we want to answer two question for metal plasticity in this pa-
per: (i) ”How do dislocation graphs evolve in time and space”
and (ii) ”How do graph features influence the dynamic graph
topology”? We present our answers by facilitating static and
dynamic analysis of dislocation graphs as well as extraction of
graph features within our graph database.

We propose a graph database for the analysis of
three-dimensional DDD simulations. We use DDD according
to [20, 21] to conduct simulations of 5×5×5 µm3 tensile-tested
face-centered cubic (fcc) single crystals mimicking aluminum.
For a detailed description of the simulation parameter and
procedure, see [13]. Exemplarily for the DDD simulations, we
use a high symmetrical ⟨100⟩ crystal orientation with a strain
rate ε̇ of 2000s−1. The initial relaxed dislocation network has a

dislocation density ρ0 of 1.2 × 1013m−2.
We use the graph database management system Neo4J,

which is well known as a powerful open-source graph
database [22]. The process of extracting, transforming, and
loading (ETL) our DDD simulation data from its source into
our database follows a commonly established procedure [23].
This process is depicted schematically in Fig. 1, where the
spatial topology of the DDD data is transformed into a graph
topology in the graph database. The addition of features and
labels to every edge and node turns our data structure into
a ”Property Graph” [8]. Formally, a graph G = (V, E) is a
collection of nodes, also called vertices, v ∈ V , and edges
e ∈ E. By adding a time value to turn each node v into a tuple
v = (id, t) of its id and time, one obtains temporal graphs.
Analogously, we represent each edge e as tuple e = (id, t). A
snapshot is the subset of all nodes and edges in G from the
same observed state, i.e., the same point in time t.

The transformation of the DDD data is conducted as fol-
lows: The three-dimensional DDD data is the spatial topol-
ogy and consists of discretization nodes and their connection
by edges, which represent dislocations. The discretized node
data is imported into the graph database, where spatial infor-
mation such as, e.g., slip system and Burgers vector are stored
as features in graph nodes resulting in a graph topology. Sim-
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Fig. 2: Dislocation link bow-out vs link length at four distinct strain states (left). Distribution of dislocation link length and bow-out
at these distinct strain states (right). For better visual comparability, the color of the strain states is transferred from (right) to (left)
instead of a greyscale.

ilarly, the discretized edge data is imported as graph edges in
the graph database connecting the graph nodes. This results in
a lower-level graph representation. Within the graph database,
we implement additional sets of higher-level graph nodes as
e.g. ”junctions” and ”dislocation links”, which are aggregates
of all consecutively connected discretization nodes and edges of
a same property, as introduced in [3, 24]. Consequently, we add
the label ”end node” to a lower-level graph node if a dislocation
link or a junction starts or ends in this node. This label con-
nects lower-level and higher-level graph representations. The
condensed information of links and junctions is stored as fea-
ture in the dislocation link, e.g., the line length or bow-out. The
bow-out is defined as the link length divided by the Euclidean
distance of the two end nodes. Ultimately, our graph database
consists of a lower-level graph representation consisting of the
pristine DDD data and a higher-level graph representation con-
sisting of end nodes, links and junctions. It should be remarked,
that this procedure also allows for an easy implementation of
even higher levels in the graph database.

For the temporal tracking of the dislocation graph, the cre-
ation of the ids is described briefly: The link id is generated by
its neighboring junction ids, i.e., the link id remains the same as
long as the junction neighbor or the link itself does not interact.
The junction id is created by its connected dislocation loop ids,
which are already used for multiplication cascade tracking [25]
and are stored as a feature in the lower-level graph nodes.

In computer-science terminology, the dislocation network
is a spatio-temporal graph. This gives way to two options for
analysis: (i) The static analysis extracts information for each
snapshot of the graph individually. (ii) The dynamic analysis

extracts information over all snapshots of the graph. Going
beyond mere statistical analysis, we make use of the GQL to
match graph patterns. Our database is an instance of Neo4j.
Consequently, we formulate our queries in the GQL Cypher.
This allows for efficient retrieval of graph data using a concise
syntax. To demonstrate the prospects of a graph database cou-
pled with a query language for dislocation graphs, we present
results of the static and dynamic analysis as well as some graph
feature analyses of the dynamic topology.

The static analysis of the dislocation graph extracts statis-
tics of each individual simulation state over time. Fig. 2 shows
results of the static analysis of two graph features, dislocation
link length and bow-out. Considering the individual states, the
link evolution shows a decrease in length and an increase in
bow-out while straining the single crystal. This observation
holds true for almost the entire spectrum of lengths of dislo-
cation links (Fig. 2). With this static analysis, we can query for
information of each dislocation graph snapshot.

The dynamic analysis allows for a different view on the evo-
lution of the graph over time compared to the static analysis.
It enables the tracing of the evolution of (sub-)graphs. Based
on the dynamic process of generation and dissolution of graph
(sub-)structures, the dynamic analysis incorporates graph sta-
bility or instability analysis. A (sub-)graph is considered stable
as long as its graph topology does not change within at least
one time step. For example, physically, a stable graph topology
may indicate that there is little or no plastic deformation, while
an unstable graph may indicate increased plastic deformation.
Dislocation links undergo different length and bow-out changes
while straining, as shown in Fig. 2. Besides dislocation gener-
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ation, dislocation links can dissolve due to dislocation motion.

10−2 10−1 100

Survival period ∆ε/εmax of links [-]

101

102

103

104

105

C
ou

n
t

[-
]

- - Best curve fit
- - Physics-derived fit

R2: 0.98
R2: 0.96

Graph data

Fig. 3: Survival period of dislocation links, with a best curve fit
(black) and a physics-derived explanation (red). The physical
derivation is based on a stretched exponential function of the
form A · exp(−(τ−1

d x)β), where the parameters A, τ−1
d and β are

derived from the dislocation simulation.

Fig. 3 shows the dislocation lifetime, i.e., the ”survival”
strain ∆ε of dislocation links with respect to the total strain
εmax = 0.5% of the simulation resulting in a survival period.
The dislocation links either exist at the beginning of the sim-
ulation or are generated while straining. We observe that the
survival period of dislocation links tend to be short. The sur-
vival period fits a stretched exponential function of the form
A ·exp(−(τ−1

d x)β). We choose parameters physically as follows:
A is the initial total number of links x(0), τ−1

d corresponds to
a characteristic decay time (ε̇ · ∆t)−1 and β = 3/7 is an expo-
nent derived from considering short and long-range contribu-
tions [26, 27]. Additionally, we add a best curve fit function.
Both functions are evaluated with the graph data by the coef-
ficient of determination R2, which is greater than 0.95 in both
cases.

A key concept in graph theory is the analysis of node de-
gree, which refers to the number of edges connected to a node.
In the context of dislocation graphs, the degree is used to quan-
tify the connectivity of end nodes to links or junctions to iden-
tify important nodes in the graph. End nodes with different de-
grees can lead to varying graph behavior. An end node has X
connected dislocation links and can have Y junctions (abbrevi-
ated by LX JY). For example, a simple Lomer reaction leads to
two end nodes of type L2 J1; a glissile reaction would lead to
two L3 J0 end nodes. Thus, we define a set of end node features
based on the number of connected links and junctions.

We analyze the two end node features of each dislocation
link, see Fig. 4(left). We show the probability of link configu-
rations, i.e. the probability that a link starts with one feature and

ends with the same or a different feature. The diagonal entries
can correspond to configurations between the same junction
type, e.g. a link from collinear to collinear (L2 J0), from Lomer
to Lomer (L2 J1) or from glissile to glissle (L3 J0), but can be
of different junction type as well. Additionally, there are surface
to surface links (L1 J0) or single-arm spiral sources (L1 J1) be-
tween two Lomer junctions as shown in Motz et al. [15]. How-
ever, we observe many configurations, where the two end nodes
of a link consist of different features (off-diagonal entries). The
matrix is symmetric, since the end nodes of a link can be start-
ing or end point in our analysis. One frequent off-diagonal ex-
ample is a link, starting at a L3 J0 (e.g. glissile) end node and
ending in a L2 J0 (e.g. collinear) or vice versa. Thus, the end
node feature based analysis reveals that links of different end
node features are frequent, which may influence the mobility.

Besides characterizing end nodes of link configurations, we
use the graph topology to analyse the evolution of larger graph
structures. One interesting configuration are Lomer junctions
and their k-nearest neighbors, since Lomer junctions are en-
ergetically favorable, but can be dissolved after a certain sur-
vival period. We investigate, if the distribution of the surround-
ing end node features of a Lomer junction has an influence on
its stability. Therefore, we analyse Lomer junction configura-
tions of the k-nearest neighbors at their first (one time step after
creation) and their last (one time step before dissolution) ap-
pearance during the simulation during plastic deformation and
with a survival strain of at least 0.2%. Fig. 4(right) shows the
probability of the Lomer junction (layer 0) end node features
at its first and its last appearance, as well as the probability of
the features of its first (layer 1) and its second (layer 2) neigh-
boring end nodes. Layer 0 reveals an decreased probability of
L2 J1 and an increased probability of L1 J1 for the Lomer junc-
tion’s last compared to its first appearance. Thus, Lomer arms
tend to react with ongoing plastic deformation without unzip-
ping the Lomer junction, which is indicated by the end nodes
features changing from L2 J1 to L1 J1. Layer 1 shows that
Lomer arms often end in L2 J0 (e.g. collinear junction), in
L1 J1 (Lomer/Hirth junction), or in L3 J0 (e.g. glissile junc-
tion) end nodes. We observe a slightly increased probability of
L1 J1 and a slightly decrease prdobability of L2 J0 and L3 J0
for the last compared to the first appearance. The probability
of end node features in layer 2 does not indicate an influence
on the Lomer junction dissolution. However, layer 0 and layer
1 show larger probability differences between first and last ap-
pearance of a Lomer junction.

The presented results are examples of query results that
are easy to obtain once the dislocation network is modeled
in a graph database. The results demonstrate that a graph
database is a promising tool for static and especially for
dynamic analysis of dislocation graphs. The inherent mapping
of the spatio-temporal features of dislocation networks to a
graph representation leads to new insights into the evolution
of dislocation networks. Compared to the static analysis of
Lomer arms [14], the graph database complements the spatial
information with the temporal dimension by graph features.
The temporal tracking enables the analysis of generation
and dissolution processes of mobile dislocation links by the
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Fig. 4: Probability of a link configuration based on its two end node features (left). The abbreviation of each end node feature
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survival strain analysis (Fig. 3). Extending the static analysis,
which deals with each snapshot graph individually (Fig. 2), the
full history of the temporal graph evolution is preserved in the
dynamic graph analysis. The stretched exponential function fit
of the lifetime of dislocation links indicates strong changes of
the graph topology over time (Fig. 3).

The analysis of the link end node degrees yields interesting
insights into the dislocation graph. In contrast to simple
link configuration concepts, the results shown in Fig. 4(left)
reveal a more complex picture including end node degrees
larger than three and links starting and ending in different
end node degrees. This motivates the deployment of graph
databases for even more detailed analyses of the structure of
dislocation networks. Specific structures like multi-junctions
or second-order junctions have already been reported several
times [28, 11, 12]. However, a systematic approach describing
complex three-dimensional structures has been missing. Our
results show that a variety of other link and junction structures
based on characteristics of the end node exist. We show that at
creation and just before dissolution of a Lomer junction, the
distribution of end node features directly at the Lomer junction
changes as well as the distribution of end node features of its
first and second nearest neighbors (Fig. 4(right)). The analysis
indicates that the neighboring structure seems to converge
after two layers for a Lomer junction and could be seen as

a characteristic structure. The importance of the analysis of
node degrees higher than three has already been discussed but
only analysed to a limited extent , as e.g. for the so-called
”assisted glissile mechanism” as one possible mechanism [12].
Therefore, we assume that end node degree analysis can reveal
various other complex interaction mechanisms incorporating
high node degrees. Future research should demonstrate the
derivation of flow rules incorporating dislocation network
information such as link length (as in [29]) or node degree.

Ultimately, the deployment of graph database technology
should pave the way to study the inherent dynamic processes.
Further algorithms for temporal graphs, like minimal contrast
subgraph pattern [30], can help us in understanding the disloca-
tion network evolution. For example, comparing the subgraph
of the last appearance of a Lomer junction and its k-nearest
neighbors (Fig. 4(right)) with the subgraph after the dissolution
of the Lomer junction can yield insights into junction disso-
lution processes. Graph machine learning can be used to pre-
dict whole graph states, ultimately, with the goal to surrogate
modelling. Hereby, the graph representation is useful, since
we can convolve the graph into more condensed higher-level
graphs (hypergraphs) to reduce the size of the graph for a faster
prediction. Finally, we demonstrated the applicability of graph
databases to analyse the evolution of dislocation networks, but
this technology is applicable to any graph representation from
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materials science and engineering, which could include con-
verted experimental data [31].
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