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Abstract. Learning graph transformations from examples requires
datasets for training and benchmarking. To establish which machine
learning architectures are suitable for which kinds of problems, we need
to experiment on a range of graph-computation tasks. In this paper, we
propose a framework for defining such tasks and categorising them along
four dimensions: complexity, input-output relation, graph type, and the
structural changes they require. We apply the framework to 16 tasks for
which we have implemented data generators or provided data sets in a
unified interface. Our aim is to work towards a benchmark that supports
the training and evaluation of graph transformation models in a frame-
work that can be used by the wider community to support their own
research, define more tasks, thereby extending and refining the frame-
work.

1 Introduction

Research in machine learning models to perform graph transformations requires
data sets for training and evaluation. Graph transformation tasks vary, so we
need different model architectures to address different types of tasks. Bench-
marks assessing such models should offer a range of tasks of varying complexity,
working on different types of graphs, involving different graph manipulations
and input-output relations. We are not aware that such benchmarks exist, and
more fundamentally, that the different types of graph transformation tasks are
well understood and agreed.

In graph machine learning, a graph-to-graph transformation, or a Deep Graph
Transformation (DGT), is a mapping of graphs from the input domain to the
output domain [22]. The three most common types of DGT tasks are Node-
level Transformation (NT), Edge-level Transformation (ET) and Node-Edge Co-
Transformation (NECT). NTs generate node attributes or classifications, includ-
ing the classification of nodes as deleted, created or preserved. Similarly, ETs up-
date edges and their attributes, and NECTs combine both kinds of changes [22].

DGT models are typically purpose-trained for specific domains. For exam-
ple, the Diffusion Convolutional Recurrent Neural Network—a node-level DGT
model—was built for traffic forecasting and evaluated exclusively on the METR-
LA and PEMS-BAY datasets [32,41]. Because these models are developed in
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isolation to solve custom problems, the discipline lacks standardised engineer-
ing and evaluation frameworks. This situation mirrors well-documented repro-
ducibility crises in other areas of machine learning, such as Deep Reinforcement
Learning [25] and Generative Adversarial Networks [34], where inconsistent eval-
uation metrics and hidden hyperparameter optimisation frequently generated
false impressions of architectural superiority. Within graph learning specifically,
there is growing evidence that this lack of standards is a critical vulnerability. Re-
cent findings highlight the fragility of experimental setups that rely on a single
train, validation, and test split: When training procedures and hyperparame-
ter selections are applied robustly over multiple data splits, simple models can
surprisingly outperform supposedly sophisticated GNN architectures [42]. Conse-
quently, researchers are forced into expensive, time-consuming replication efforts,
sometimes deriving entirely different findings than the original studies [17]. Ul-
timately, lacking unified benchmarks, structured comparison between tasks and
models remains difficult, imprecise, and prone to the same pitfalls that have
historically plagued broader deep learning research.

To address these challenges, we propose the first version of a conceptual
framework for defining and comparing graph-to-graph transformation tasks.
While specialised benchmarks seek to establish competitive models in a given
domain, our goal is to propose an extensible framework to support reliable and
reproducible training and evaluation across a range of tasks. To demonstrate
and populate the approach, we introduce 16 tasks from existing literature se-
lected to cover a broad spectrum of complexities, input-output relations, graph
types, and structural changes. By outlining these dimensions, we motivate the
development of a unified benchmark interface to support clear task specification,
implementation, and evaluation across diverse problems. This is intended as an
evolving community resource as we invite others to contribute tasks and expand
the taxonomy.

2 Task Categories

To provide a common framework for graph transformation tasks, we propose
a categorisation based on four factors: complexity, input-output relation, graph
type and structural changes.

Complexity is defined using standard classes such as linear, polynomial-time
(P), NP-complete or NP-hard. Using established transformation tasks, their
complexity is usually known from the literature. It is tempting, given our in-
terest in rule-based graph transformations, to define transformation complexity
in terms of the number of rule applications, but not all transformation tasks
have established rule-based solutions.

The relation between input and output graphs can be deterministic, nonde-
terministic, or probabilistic. In a deterministic relation, the same input always
produces the same output. In the nondeterministic case, a single input admits
multiple valid outputs. Such tasks can be further divided: In unconstrained tasks,
any valid output is acceptable (e.g., any spanning tree of a connected graph).
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In optimisation tasks, the goal is to find a valid output that minimises or max-
imises a given objective function, such as removing a minimal number of edges
to eliminate all cycles. In heuristic optimisation, the task is to approximate such
an optimum without guaranteeing it. In a probabilistic relation, each input graph
induces a probability distribution over output graphs.

Graph machine learning architectures differ in which graph types are sup-
ported. Tasks can require directed or undirected simple, multi- or hypergraphs.
Support for homogeneous graphs is more usual than for bipartite or heteroge-
neous (i.e., explicitly typed) graphs. However, labelled graphs are common, as
are attributed graphs with numerical and textual features that models rely on
to learn.

Structural changes are classified as node- or edge-level transformation (NT or
ET) or node-edge co-transformation (NECT) [22]. Edge-level tasks include edge
addition and deletion, and edge attribute computation. Node-level tasks involving
adding or deleting nodes are challenging for neural networks since they change
the shape of adjacency matrices [48], while node attribute computation is common
in graph neural networks. Node- and edge-level attribute computation can be
numerical (regression) or textual (classification). NECT tasks support node and
edge-level transformation, and are especially useful for graph optimisation, error
detection, and correction. An example is HOPPITY, a tool for detecting and
correcting errors in JavaScript programs, which converts source code to graphs,
learns a sequence of graph transformations to fix syntactically and semantically
invalid code, and parses the results back to their original form [16].

3 Task Selection and Definitions

Existing graph machine learning models are evaluated against narrow, domain-
specific datasets that do not comprehensively test topological generalisation.
To address this gap, we conducted an exploratory search to curate a broad
spectrum of problems. Guided by the four criteria above, we identified tasks
that populate this multi-dimensional space, spanning the required structural
changes, complexities, graph types, and input-output relations.

None of the selected tasks have as yet been solved using graph transfor-
mation learning. We specifically sought novel tasks because our objective is to
evaluate the feasibility of different approaches. Several of the selected tasks rep-
resent problems for which efficient algorithms already exist. Applying machine
learning to well-defined algorithmic problems is a choice in line with neural
algorithmic reasoning (NAR) [45]. While NAR is motivated by practical consid-
erations, such as improved efficiency and processing speed, we expect tasks with
well-understood algorithmic solutions to provide insights into the nature of the
challenges posed, such as their worst-case or mean complexity.

Due to the limitations of current models for NT tasks with dynamic sets
of nodes, 13 out of 16 tasks are edge classifications, including edge creation
and deletion, with the remainder covering edge regression, node regression, and
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node classification. This shared formulation across otherwise distinct problems
underscores the feasibility of a unified benchmark interface.

Next, we define the 16 tasks, ordered by increasing complexity, except where
subsequent problems build on their predecessors.

Symmetric Closure: Given datasets of directed simple graphs, the objective is
to transform the network by adding an inverse edge for every existing connec-
tion, provided one does not already exist. Requiring a model to learn a logical
OR operation purely from topology makes symmetric closure a strict test of
structure-based learning [10]. This poses a specific difficulty for graph transfor-
mation models, as they will inherently fail if they rely on non-structural node or
edge features rather than recognising the actual connectivity patterns.

Transitive Closure: The ability to uncover hidden, multi-hop relationships is
a fundamental challenge in network analysis. Given datasets of directed simple
graphs, the objective is to transform the network by adding a direct edge between
any two nodes connected by a path of length greater than one [38]. This presents
a twofold graph learning challenge: the model must learn to compute all missing
closures simultaneously across the network, while also generalising to recognise
and bridge paths of arbitrary lengths that exceed those observed during training.

Shortcut Elimination: The inverse of transitive closure, shortcut elimination
forces a model to prioritise multi-hop routing over direct links. Given datasets
of directed simple graphs, the objective is to transform the network by deleting
any direct edge between two nodes if an alternative path of arbitrary length also
connects them. As a learning problem, this is difficult because the model must
accurately scan and verify the existence of longer, secondary routes within the
broader topological neighbourhood before safely pruning a connection [23].

Shape Completion: Reconstructing localised geometric patterns tests a model’s
acute spatial awareness within a larger network. Given datasets of undirected
simple graphs containing 3- to 6-cycles (triangles to hexagons) with specific
cycle edges removed, the objective is to transform the network by predicting and
restoring these missing links. The primary graph learning difficulty lies in context
recognition—a model might misinterpret the surrounding structure, hallucinate
a missing edge in a perceived square, and erroneously connect unrelated nodes
to force a shape that geometrically does not belong [37].

Molecular Bond Inference: Determining the exact nature of chemical connec-
tions tests a model’s ability to perform complex multi-class discrimination within
structured data. Given datasets of undirected, attributed multigraphs represent-
ing molecules generated from predefined fragments, the objective is to predict
and assign the correct bond type—single, double, triple, or aromatic—between
pairs of atoms [13]. While compensating the model with access to domain-specific
structural and numerical atom features, the core learning difficulty lies in effec-
tively mapping these rich local node attributes to the correct categorical edge
formations across diverse molecular topologies. A standard use of this inference
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is reconstructing a chemically valid molecular graph from 3D atomic coordinates,
including bond orders, hybridisations, and formal charges [29].

Node Core Number Computation: Evaluating the hierarchical density of a net-
work requires isolating heavily interconnected sub-structures from peripheral
nodes. Given datasets of undirected simple graphs with node attributes, the ob-
jective is to compute and assign the core number for every node, defined as the
largest k for which the node belongs to a k-core (a maximal subgraph where every
internal node has a degree of at least k). This is challenging as a graph learning
problem because the model must recursively evaluate degrees within dynamically
shifting subgraphs rather than relying on static global connectivity, demanding
a deep understanding of local neighbourhood density [5]. A common use case is
finding influential spreaders in online social networks, since high-coreness nodes
often sit in dense, diffusion-relevant parts of the graph [3].

Intra-Community Edge Prediction: Distinguishing whether structural links
bridge distinct social groups or connect internal members is a key practical
challenge in social network analysis. Given [30], the SNAP Facebook Combined
dataset of undirected simple graphs with edge attributes, the objective is to
evaluate each edge and predict whether it connects users from the same or dif-
ferent communities, as originally identified by the Louvain algorithm. Rather
than allocating users to specific groups, the primary graph learning difficulty lies
in recognising the topological signatures of intra- versus inter-community ties,
compounded by the computational challenge of efficiently training the model to
scale across a medium-sized, real-world dataset. A direct application of this task
is predicting future links between users in the same community in a dynamic
social network [40].

Edge Betweenness Centrality Computation: Identifying critical bottlenecks in
network flow patterns requires a deep understanding of global routing dynamics.
Given datasets of undirected simple graphs with edge attributes, the objective
is to compute the Edge Betweenness Centrality for every edge, a continuous
metric quantifying how frequently an edge lies on the shortest paths between all
possible node pairs. As a graph learning problem, predicting this global prop-
erty is particularly difficult because it rigorously tests a model’s long-distance
regression capabilities; the algorithm must accurately aggregate topological in-
formation from across the entire network rather than relying on immediate local
neighbourhoods [9]. This computation is highly useful in community detection,
where edges with high betweenness are treated as bridges between groups and
removed to reveal isolated communities [21].

Feedback Edge Set Identification: Minimising edge deletions to break all network
cycles is a notorious optimisation challenge where local decisions compound into
immense global complexity. Given datasets of undirected simple graphs with
edge attributes, the objective is to transform the network by deleting the fewest
edges required to eliminate every cycle. As a graph learning problem, this is
exceptionally difficult because individual edges frequently participate in multi-
ple overlapping cycles; the model must therefore navigate an exponentially vast
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search space, dynamically optimising its deletions to achieve the exact global
minimum without indiscriminately pruning essential connections [18]. A prac-
tical application of this problem is reducing scan-register overhead in circuit
testing [19].

Spanning Tree Identification: Extracting a foundational skeletal structure from a
dense network poses a unique challenge due to non-differentiable operations and
non-unique solutions. Given datasets of connected, undirected simple graphs, the
objective is to transform the network by identifying and extracting a valid span-
ning tree that connects all nodes without forming any cycles. This poses a signif-
icant graph learning challenge because thresholding a reconstructed adjacency
matrix is non-differentiable, forcing the model to optimise a surrogate objective
function that assesses the structural validity of the candidate tree rather than
directly evaluating exact-match correctness. Furthermore, since dense graphs
possess numerous valid spanning trees, carefully selecting consistent target struc-
tures for the training data is a critical requirement to prevent the model from
being penalised for finding alternative correct solutions [43]. A practical appli-
cation of this identification is configuring data aggregation and broadcasting
pathways in distributed systems, where an arbitrary, loop-free topology ensures
that messages reach all network nodes without creating redundant broadcast
storms [35].

Graph Colouring : Finding the optimal chromatic assignment in a network is a
classic, computationally demanding problem that tests an algorithm’s ability
to balance competing constraints. Using the DIMACS dataset (specifically the
DSJC125.1 subset of undirected simple graphs with node attributes), the ob-
jective is to assign colours to nodes such that no two adjacent nodes share the
same colour, while strictly minimising the total number of colours used to reach
the graph’s known chromatic number of 5 [26]. Training a model for this task is
inherently difficult because it requires simultaneously optimising three distinct
objectives: Potts and Entropy to statistically minimise conflicting adjacent as-
signments, alongside Usage to penalise excess colour allocation [24]. Even on
this relatively simple dataset subset, achieving the absolute minimum number
of colours under a standardised evaluation interface remains a formidable graph
learning challenge. In real-world applications, graph colouring is used for fre-
quency or channel assignment in cellular phone networks, where colours model
frequencies and edges model interference constraints [8].

Minimum Chordal Graph Completion: Enforcing a triangulated structure across
a network is a strictly constrained, NP-hard optimisation problem. Given
datasets of undirected simple graphs, the objective is to transform the network
into a chordal graph—where every cycle of four or more vertices contains a chord
bridging non-consecutive nodes—by adding the absolute minimum number of
new edges [20]. As a graph learning challenge, this is particularly formidable
because the model must navigate an exponentially vast search space where a
single network often possesses multiple valid minimal chordal completions, forc-
ing the algorithm to learn an optimal global strategy for edge addition rather
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than relying on a single deterministic pattern. Practically, this completion finds
use in triangulating Bayesian networks for exact junction-tree inference, where
better triangulations significantly reduce inference costs [31].

Estimated Minimum Chordal Graph Completion: Approximating computation-
ally intractable network triangulations provides a practical alternative to true
minimum-fill problems. Given datasets of undirected simple graphs, the ob-
jective is to transform the network into a chordal structure by predicting the
edge additions generated by a Maximum-Cardinality-Search-based triangula-
tion (such as [7] implemented in the Python NetworkX library). This presents a
unique graph learning dynamic: rather than hunting for the absolute, NP-hard
minimum-cardinality completion, the model must learn to approximate a specific
computational heuristic. The primary difficulty lies in accurately replicating an
algorithmic process that produces a minimal set of non-redundant edges, rather
than the absolute smallest possible fill, meaning the ground-truth objective itself
is inherently heuristic rather than an exact mathematical optimum.

Algebraic Connectivity Maximisation: Addressing the chronic under-capacity
of UK power grids poses a critical, highly complex global optimisation chal-
lenge. By modelling the grid as an edge-attributed directed multigraph, where
edges represent electrical capacity. The core task is to apply specific graph
transformations—adding new edges—to maximise the objective function of alge-
braic connectivity λ2, the second smallest eigenvalue of the Laplacian. As a graph
transformation learning problem, this is exceptionally difficult; maximising λ2

is NP-hard, and models struggle to learn the global objective because training
on too few edges fails to fully exploit optimisation capabilities, while training
on too many leads to arbitrary selections due to the diminishing returns from
later edge additions. This challenge is further compounded by extremely limited
real-world data from the Power Graph Cascades dataset [44], which provides
just four small UK power grid networks (three for training, one for evaluation),
ranging from fewer than 100 to slightly over 400 nodes, culminating in the strict
evaluation requirement to optimise the network’s capacity by adding exactly 5
edges.

Graph Denoising : Filtering unwanted noise from structured datasets is essential
for reliable data imputation, standardisation, and stability. Given the medium-
sized ConceptNet dataset of directed simple graphs, the objective is to transform
the network by identifying and removing erroneous edges, replicating the GOLD
model’s denoising process without relying on the original pre-mined rules [15].
As a graph learning problem, this tests both topological reasoning and system
extensibility. The primary difficulty lies not just in predicting structural anoma-
lies based on connectivity, but in successfully integrating external, pre-trained
BERT embeddings within a standardised framework to evaluate the model’s ca-
pacity for multimodal feature processing. An example application is predicting
whether a user will retweet a post in a microblogging network based on social
influence patterns within the user’s ego network [49].



8 Adam Machowczyk and Reiko Heckel

Retweet Prediction: Anticipating user interactions is a foundational mechanism
for driving recommender systems in large-scale social networks. Given [12], the
SNAP Higgs Twitter Retweet Network dataset—a massive directed simple graph
with edge features—the objective is to predict the existence of a directed edge
between two users, indicating whether one actively retweeted the other. The
primary graph learning difficulty here stems directly from computational com-
plexity: efficiently processing a continuous, real-world network with over 250,000
nodes demands rigorous memory management and highly scalable message pass-
ing, severely testing a model’s ability to maintain predictive accuracy at scale.

4 Task Categorisation

Having defined all 16 tasks, we now categorise them in the following table ac-
cording to the criteria outlined in Section 2.

Table 1: Summary of Task Complexities and Structural Requirements

Task Complexity I-O Relation
Graph
Type

Structural
Changes

Symmetric
Closure Com-
pletion

Polynomial [39] Deterministic Directed simple
graphs

Edge Structure
Completion – Add
Only

Transitive
Closure Com-
pletion

Polynomial [11] Deterministic Directed simple
graphs

Edge Structure
Completion – Add
Only

Shortcut
Elimination

Polynomial [2] Deterministic Directed simple
graphs

Edge Structure
Completion –
Delete Only

Shape Com-
pletion

Polynomial [4] Deterministic Undirected simple
graphs

Edge Structure
Completion – Add
Only

Molecular
Bond Infer-
ence

Polynomial [11] Deterministic Undirected, at-
tributed multi-
graphs

Edge Attribute
Computation –
Classification

Node Core
Number
Computa-
tion

Polynomial [6] Deterministic Undirected simple
graphs with node
attributes

Node Attribute
Computation –
Regression

Intra-
Community
Edge Predic-
tion

Polynomial [14] Deterministic Undirected simple
graphs with edge
attributes

Edge Attribute
Computation –
Classification

Edge Be-
tweenness
Centrality
Computation

Polynomial [9] Deterministic Undirected simple
graphs with edge
attributes

Edge Attribute
Computation –
Regression

Feedback
Edge Set
Identification

Polynomial [1] Optimisation Undirected simple
graphs with edge
attributes

Edge Attribute
Computation –
Classification

Spanning
Tree Identifi-
cation

Polynomial [28] Nondeterministic Undirected simple
graphs

Edge Structure
Completion –
Delete Only

Graph
Colouring

NP-hard [27] Nondeterministic;
can be determin-
istic

Undirected simple
graphs with node
attributes

Node Attribute
Computation –
Classification

Continued on next page
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Table 1 – continued from previous page

Task Complexity I-O Relation
Graph
Type

Structural
Changes

Minimum
Chordal
Graph Com-
pletion

NP-hard [46] Optimisation Undirected simple
graphs

Edge Structure
Completion – Add
Only

Estimated
Minimum
Chordal
Graph Com-
pletion

Polynomial [7] Heuristic optimi-
sation

Undirected simple
graphs

Edge Structure
Completion – Add
Only

Algebraic
Connectivity
Maximisation

NP-hard [36] Optimisation Undirected multi-
graphs

Edge Structure
Completion – Add
Only

Graph De-
noising

NP-hard [47] Deterministic Directed simple
graphs

Edge Structure
Completion –
Delete Only

Retweet Pre-
diction

Polynomial [33] Deterministic Directed simple
graphs with edge
features

Edge Attribute
Computation –
Classification

5 Discussion and Further Research

Analysing the distribution of this initial task set reveals specific areas where
the first version of the taxonomy requires future expansion. The categorisation
results show that we have not defined any tasks with a probabilistic input-
output relation, nor any that require hypergraphs. Only one task—Estimated
Minimum Chordal Graph Completion—performs heuristic optimisation. There is
only one task each for node classification, node regression, and edge regression; all
other tasks fall under edge classification. With the partial exception of Molecular
Bond Inference, which addresses edge typing via edge-attribute classification, all
tasks operate on homogeneous graphs. Spanning Tree Identification is one of
two nondeterministic tasks; however, optimisation tasks can also be viewed as
constrained instances of a nondeterministic input-output relation.

By categorising 16 diverse, illustrative tasks, we aim to lay the groundwork for
a standardised, extensible foundation that facilitates reliable and reproducible
research. Our idea is to develop a unified ML interface that accepts task specifi-
cations defined by input graphs and corresponding output graphs. The pipeline
is currently in the prototyping stage and supports both static graph access and
dataset generation, covering all defined tasks. Pending work involves, but is not
limited to, custom feature registration, automatic standardised feature compu-
tation, support for all complexity classes, required graph types, input-output
relationships, and required structural changes outlined in Table 1.

This is where we are looking to involve the wider community. If you are
currently working on or have in mind any tasks that align with our outlined
categorisation criteria, please email us your suggestions and any limitations you
encounter or are aware of. Edge classification and node attribute computation
tasks are likely to be more interesting to us in the near future, whereas node-level
transformation and NECT tasks will be of interest in the long term.
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