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The inception of the Relational Graph Convolutional Network (R-GCN) marked a mile-
stone in the Semantic Web domain as a widely cited method that generalizes end-to-end
hierarchical representation learning to Knowledge Graphs (KGs). R-GONs generate repre-
sentations for nodes of interest by repeatedly aggregating parameterized, relation-specific
transformations of their neighbors. However, in this work it is posited that the R-GCN’s
main contribution lies in this “message passing” paradigm, rather than the learned
weights. To prove this, the “Random Relational Graph Convolutional Network” (RR-
GCN) is introduced, which leaves all parameters untrained and thus constructs node
embeddings by aggregating randomly transformed random representations from neigh-
bors. Additionally, the advantage offered by learnable parameters for RR-GCN without
completely losing the advantages of random transformations is explored. It is empirically
shown that RR-GCNs can compete with fully trained R-GCNs in node classification.

Keywords: Representational Learning; Knowledge graph embedding; Graph Convolu-
tional Network; Message Passing
1. Introduction

Knowledge Graphs (KGs) are the ideal data structure to represent both expert
knowledge and observational data. With the recent advances in Machine Learning
(ML) methodologies [1,2], KGs can be used to reveal new insights about the mod-
eled domain. As these models typically operate on Euclidean data, the integration
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of KGs into their decision making processes involves a non-trivial transformation
from information represented as a variable number of nodes and edges to fixed size
numerical vectors, i.e., node embeddings. Graph Convolutional Networks (GCNs)
embed the structural information of each node in a KG by iteratively recalculating
node embeddings using aggregations of the transformed neighbor node represen-
tations. These transformed representations are referred to as “messages” and the
collection and aggregation of these messages is called "message passing”. An ex-
tension of the GCN, called the Relational GCN (R-GCN), similarly embeds the
graph’s structural information, but also includes the semantic information stored
in the unique (named) edges. For the R-GCN, the messages are generated using
learned relation-specific transformations [3]. The R-GON is used as a foundation for
all newer variations in relational GCN model architectures. The newer variants make
incremental changes to R-GCN with the message passing aspect retained mostly the
same with R-GCN serving as a baseline for comparison. R-GCN would use enormous
memory for the trainable node embeddings and relational transforms which would
not fit in memory of most single GPUs for large KGs, necessitating using CPU
for training the model on multiple GPUs with model parallelism for training. This
would take a long time for training with CPUs being slow without the parallelism
offered by GPUs. Multiple GPUs would help speed up the training but for the really
large KGs, message passing which is performed in one matrix multiplication of node
embedding and relational transform matrix would not fit in memory, needing ma-
trix multiplication to be modified to be read from disk in patches of matrices which
would again slow the training. All of this complexity in case of GPU training and
slow training in case of CPU training for training R-GCN is mostly for comparison
purposes.

In this work, this paper is the first to evaluate fully random R-GCNs for KG em-
beddings and explores unsupervised data augmentation for the random embeddings
to add additional information regarding local structure of KG. These “Random
Relational Graph Convolutional Networks” (RR-GCNs) are initialized with random
weights for each node type and random transformations for each relation in the KG.
Fixed random weights are chosen because the chief benefit of R-GCN for learning
the structural and semantic information of KGs is gained from the message passing.
In message passing, the weights for each node type uniquely identifies each node in
an abstract latent space and the relational transformations of these weights encodes
information about the structure of the KG. In this paper, we hypothesise that the
weights themselves do not need to be trained and can be random fixed weights.
These random weights will still uniquely identify the node in a latent space and the
transformations would still encode the information about the structure of the KG.
Fixing the weights makes it computationally inexpensive while performing compet-
itively with R-GCN. The lack of training for RR-GCN removes the backpropagation
steps and the necessity to calculate and store gradients for each trainable param-
eter (which is a huge time gain in the case of R-GCNs) which would speed up the
model considerably [4]. To put this intuitively, using RR-GCN would be running at
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inference speeds even during training.

Further information about the neighborhood can be derived from unsupervised
processing of the weights of neighbors. In the paper, we propose Proportion of
Positive Values (PPV) [5,6] as one such augmentation of information. PPv adds
information about the neighborhood of each node based on the neighboring node’s
features.

Training the node and relation weights determine the important relations and
the important nodes for the task. This identification would be missing in untrained
RR-GCN. To address this shortcoming, we propose a low parameter training (node
and relational attenuation) for the node and relation weights which can bridge
the divide between R-GCN and RR-GCN. This method loses the time and memory
benefits gained from the untrained RR-GCN but can overcome performance deficits
for certain datasets.

These RR-GCN configurations are evaluated on 9 node classification datasets and
compared against the default R-GCN. We show that fixed random transformations
can capture a surprising amount of information. The results show that RR-GCNs
produce embeddings on par with or better than those produced by a trained R-
GON. The effectiveness of these random transformations illustrates that, for KGs,
the R-GCN’s message passing and aggregation paradigm is more significant than
the actual parameters, which have to be obtained through an expensive training
procedure. This makes our RR-GCNs an interesting baseline model when developing
trained embedding methods and opens up avenues for further research on more
efficient, and more powerful, message passing parametrization for KGs.

The paper is structured as follows. Section 2 provides the background and related
works. Section 3 discusses the technique of training and the various models and their
variations being used in the work. Section 4 introduces the task and the datasets
and reports the results of the trained models, the comparison against established
state of the art results for each task, and in the following Section 5, the discussions
of the implications of the result. Finally, Section 6 puts forth the closing remarks
on the work.

2. Related works

In this section, some of the existing research related to the RR-GCNs will be covered.
First part covers different kinds of KG representation learning models. Then the
R-GCN as the point of reference for the architecture of the RR-GCN is discussed. The
final section goes over the existing work that was done on using random represen-
tations within the context of machine learning.

2.1. Representation Learning for KGs

Techniques to embed substructures in KGs can be categorised into four groups. A
first category compromises techniques that extract generic properties from neigh-
borhoods of substructures of interest. These can either be feature-based [7,8] or
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exploit similarities with other substructures of interest, i.e., kernel functions [9, 10].
A second category consists of (algebraic) embedding spaces learned using tensor fac-
torisation or through negative sampling [11,12, 13,14, 15]. A third category adapts
existing natural language processing (NLP) techniques, such as Word2Vec [16], to
graph structures [17]. A fourth and final category contains the message passing ar-
chitectures that are trained end-to-end to aggregate relevant information around
the substructures of interest [18,19, 20,21]. R-GCNs belong to this final category.

2.2. R-GCN

In general, Graph Neural Networks (GNNs) (of which GCNs and R-GCNs are par-
ticular subcategories) enable graph ML by learning how to update a node’s repre-
sentation based on its neighbors. These GNNs work analogously to classical neural
networks: they start from initial node features which are passed through multiple
GNN layers to refine and abstract the representations by mixing in information from
one additional hop with every layer.

A single GNN layer operates in three steps: every node (1) generates a “message”
based on its current representation and sends it along its outgoing edges, (2) aggre-
gates incoming messages, and (3) updates its representation based on the aggregated
messages and its own previous representation. The definitions of the message, ag-
gregation and update functions differentiate several subtypes of GNNs. The most
prominent of these subtypes, the Graph Convolutional Network (GCN) [22], uses
a learned transformation matrix as its update function, aggregates by averaging
messages (including the node’s own message) and passes the aggregations through
an activation function to yield new node representations (see Eq. (1)).

1
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Here, ¢ denotes the activation function used, hl(-l) is the representation for node i
at layer I, V(i) is the set of neighbours for node i, and W is the learned trans-
formation matrix in layer [. This formulation assumes unweighted edges.

As suggested in Section 1, R-GCNs [18] extend GCNs to support typed edges. Since
KGs are multi-relational, this extension is particularly interesting for hybrid ML.
R-CGCNs are almost identical to standard GCNs but learn a different transformation
matrix W for every relation r € R. A separate transformation Wél) takes care
of self-loops (see Eq. (2)). Note that R contains two copies of every relation in the
original KG, as R-GCNs also take outgoing (i.e. inverse) edges into account, with
different learned transformations.
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Weight sharing between relations using Basis function decomposition and Block di-
agonal decomposition has been proposed to reduce both overfitting and the number
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of required parameters [18].

GCN and R-GCN tend to overfit to the training data due to the size of the models
and adding additional layers smooths over the whole model. This makes the models
shallow [23]. There have been many modifications to the base GCN model to improve
their expressiveness in deeper neural networks [23, 24, 25].

Self attention [26] has been used to great effect in large language models. The ap-
plication of self attention in the domain of graph neural networks has been similarly
inspired. There have been variations on GONs [27,28,29,30,31] and R-GCNs [32].
These have mixed bag of results and do not address the large memory costs of
using graphs. Zhang et al. [33] deals with this and proposes multiple techniques
to reduce the memory usage of both regular GCN and self attention based Graph
Attention Networks.

Random fixed weights have been applied to graph convolutions without needing
training [34]. This approach can provide better than or equal performance to GCN
while taking a fraction of the training time. The paper covers the mathematical
proof for stability of training using random weights in GCNs. This approach is similar
to the random weights used in this paper but in the author’s opinion, does not show
the full capabilities gained by using random weights nor does the paper explore the
semantic information available in knowledge graphs.

2.3. Learning from random representations

Time series classification papers on ROCKET [5,6] have explored the increase in
performance of models by applying random convolutions and aggregations to the
raw inputs to extract features. These transformations are not learned and are quick
to compute which aids in their scalability. The initial version of the algorithm relied
on maxpooling and the Proportion of Positive Values (PPV) pooling, which captures
the proportion of the input time series for which the output of the convolution is
positive. The later versions rely solely on the PPV pooling and so the same can be
adopted for the KG domain.

The idea of freezing, or not training, layers in neural networks is not novel either.
Reservoir Computing [35] is a paradigm in recurrent neural networks where inputs
are first passed through any black-box non-linear system called a “reservoir”, which
could be an untrained neural network. As such, only the final layer that maps the
learned representations to the target output is trained. The paradigm of random
modeling often introduces a trade-off between efficiency and effectiveness. As many
random, albeit less effective, transformations can often be applied very efficiently,
they allow to scale to higher numbers. An example of a technique where quantity
matters over quality is ExtraTrees [36], where a large number of decision trees with
random splits yield good results.

In a blog post detailing the inner workings of (non-relational) GCNs [37], Thomas
Kipf hinted at the discriminative power of representations resulting from untrained
transformations, but this hypothesis was never formally evaluated, let alone for
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KGs. In a recent paper [38], random transformations were evaluated in the context
of link prediction in a neuromorphic computing setting. In this research, the authors
backpropagated through random weights to train initial node embeddings. Other
research demonstrated that keeping the initial node features random and frozen,
and only training the message passing transformations results in good performance
for unirelational graphs [39,40]. For KGs, it is even possible to deterministically
generate meaningful node features, avoiding the need to learn initial embeddings in
the first place [41].

3. Methodology

This section focuses on the modifications to the R-GCN algorithm for adding random
transformations.

3.1. Random R-GCN (RR-GCN)

This subsection discusses in depth on the random transformations used in message
passing of the RR-GCN and the variations that can be introduced such as PpPv and
attenuation and consolidates the approaches in an algorithm.

3.1.1. Random Transformations

The proposed algorithm closely resembles the message passing paradigm of R-GCN
(see Eq. (2)). The most important difference is that all the transformation matrices
are randomly initialized using the Glorot uniform initialization function [42] and
are then fixed to freeze the network. Eq. (3) shows the equation for updating the
weights of nodes in RR-GCN.

ht = ¢< EDIID )‘ N(s >n<sj>>
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(3)

Both N and 7 are Glorot and gaussian(normal) functions for relation and node
weights which take in seeds S(;) and s(;) respectively. From comparing the equations
in Eq. (3), hY is randomly initialized from a normal distribution and is then frozen
for all subsequent calls to the model.

In the original paper on the R-GCN [18], the node features that are fed to the first
R-GON layer are one-hot encoded. Using one-hot node features effectively assigns a
separate initial embedding matrix W;O) per relation type in the first message passing
layer. This is indeed desirable for R-GCNs, since the output node representation
dimensionality is usually very small (10 to 16 in the original paper [18]). Starting
with small, randomly initialized, node representations limits the level of detail in the
initial node characterizations and leads to worse performance for some datasets [43].
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Fig. 1. The PPV is calculated by the proportion of positive values in the neighborhood of the central
node. The red nodes depict negative values.

As RR-GCNs use much larger node representations, the first message passing
layer takes random features hl(o) € R?, with d the embedding size-which are not
trained—and saves them as a single seed. In the experiments, this did not impact
performance when compared to using one-hot encoded inputs.

3.1.2. Proportion of Positive Values (PPV)

The performance of ROCKET’s random feature extraction for time series depends
strongly on their use of PPV [5] pooling, as is also apparent from their second ver-
sion which abandons max-pooling and uses only PPV features [6]. A graph-adapted
variant of PPV that aims to encapsulate additional information about a node’s neigh-
borhood is proposed. Given a matrix of node representations H, PPV is defined as
the proportion of strictly positive values in a 1-hop neighborhood per representation
dimension (see Eq. (4) and Fig. 1).

P=ppv(H,N) = Z
JEN (i)

1
NG 1[h; > 0] (4)

Here, h; is the representation for the i*" node (i*" row in H), N(i) is the set of
neighbors for node ¢, and 1[-] is the indicator function (subset of elements are taken
as one and rest of the elements as zero). The resulting matrix P, with the same di-
mensionality as H, houses additional node features that capture information about
the feature diversity in every node’s neighborhood. When the PPV hyperparameter
is enabled, the PPV is calculated and concatenated to the embedding of layer H to
produce the layer’s output. In the first layer, the PPV uses directly the first layer’s
embedding as input. For each subsequent layer, the PPV from the previous layer is
processed using RR-GCN to compute the new PPV.

The ppv function does not differentiate neighbors based on relation types as
it is applied as a “post-processing” step to representations that are the result of
relation-specific transformations.
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3.1.3. Attenuation

The experiments with the fixed weights and transformations show that a large part
of the GCN’s performance can be traced to the message passing paradigm [34].
Similar performance can be expected for R-GCNs. However, the representations for
each node H do not move much in the embedding space for different tasks since no
training is involved. R-GCNs, which have learned embeddings for each task, do not
scale well with memory or training time as will be discussed in section 77.

A trade off between performance and scalability can be made by attenuating the
fixed weights using a trainable parameter. The parameter can be used to attenuate
both fixed node representations H, either as a single parameter for all nodes or per
node parameter, and fixed relation-specific transformations W,., as seen in Table 1.

Attenuation hyperparameter Equation Comment

By is the trainable relation

attenuation parameter per

Relation attenuation Wy = B,.W, relation and scales the

relational transformation
matrix

« is a one trainable
Single node attenuation H"=a.H parameter node attenuation
for all nodes in the KG.

«; is a trainable parameter
Per node attenuation h = a;.h; for node i, for every node in
the KG

Table 1. Equations describing the effects of the different attenuation hyperparameters. H and
W, are the node embeddings and relation transforms from the random seeded generators before
message passing

H* contains the new node representations used in the message passing proce-
dure, W, contains the new transformations for each relation. The hyperparameters
choices for attenuation are grouped as follows: relational attenuation or no rela-
tion attenuation and, single node attenuation, per node attenuation or no node
attenuation. The relational attenuation and node attenuation can be applied inde-
pendent of the choice of the other. The attenuation works as a scaling parameter
for the fixed weights and transformations which would allow for a better output
by increasing/decreasing the weight of the relevant/irrelevant nodes and relations
respectively. This approach trades the training speed and some of the memory im-
provements of RR-GCN with performance since the attained node representations
are a better reflection of the task the model is being trained for.

Relation attenuation uses a single learnable parameter per relation to scale the
random transformation matrix (as opposed to the R-GCN which has trainable trans-
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formation matrices). Node attenuation can be implemented as a single parameter
for all nodes, or with single parameter per node in the KG. This will still have a
smaller memory footprint than the R-GCN since there is only one parameter per
node whereas an R-GCN would have learnable parameters of embedding dimension
size for each node.

These attenuations perform the selection of important KG features (either im-
portant relations or important nodes for relation attenuation and node attenuation
respectively) similar in function to learnable parameters in R-GCN. These parame-
ters give higher absolute importance to significant entities (node or relation) and
closer to zero for less significant entities. This should improve the performance but
will need end-to-end training similar to R-GCN.

3.1.4. Algorithm

Given a KG G = (V, &, R) with entities v; € V, edges (v;,r,v;) € £ and relation
types 7 € R, each entity is assigned a Euclidean vector. These vectors should
encapsulate each entity’s semantics, as contained in the triples of the KG, such that
they can be used as features for machine learning models. Note that entities can also
be “literals” and have associated values. Both R-GCNs and the proposed RR-GCNs,
however, treat literals as ordinary nodes.

Algorithm 1 Generating node embeddings € RIVI*¢ using RR-GCON layers with

embedding size e, seed s, and number of layers n
procedure EMBED-RRGCN-PPV (e, s,n)
H «+ NORMAL(shape = |[V| x e,0? =

é, seed = s) > Random feature matrix

S + RANDOM(shape = |R| + 1, seed = s) > Random relation seeds
H + maxz(RRGON-CONV(S, e, H), 0) > ReLU of RRGCN-CONV
P« ppv(H,N) > See Eq. (4)
for all 2 to n layers do
H + maxz(RRGON-CONV(S, e, H), 0) > ReLU of RRGCN-CONV
P <+ RRGCN-CONV(S, e, P) > No ReLU for ppv
P« ppv(P,N)
end for
return H||P > Concatenation of node and ppv features

end procedure

Algorithm 1 and Fig. 2 illustrates the process of generating these embeddings in
pseudocode. For ease of notation, it is assumed that triples are accessible through
N (2), which contains the neighbors connected to an entity v; through a relation
r € R. It is also assumed that the relations in R are encoded as integers starting
at one. Apart from the KG’s characterization, the algorithm takes an embedding
size e, a seed s, and a number of layers n as input. Based on the seed s, random
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Fig. 2. RR-GCN - model architecture. The dotted components are optional and enabled by ppv
and attenuation hyperparameters. The small operation after RR-GCN conv is a ReLU activation
function. The last operation before the embeddings is a concatenation operation.
initial embeddings are sampled from a normal distribution with variance chosen
such that the sum of a node’s embedding is a standard normal random variable.
These embeddings are attenuated by a node attenuation parameter «, either as
one parameter for all the embeddings or as a per-entity parameter which scales
with the number of entities. This initialization strategy is chosen over Glorot as the
range of Glorot-initialized matrices gets smaller with both the number of rows and
columns. This makes sense for transformation matrices, but not for embeddings.
The seed s is then reused to generate a list of additional random seeds, one for
every transformation matrix W;. This list of seeds is given as an argument to the
RRGCN-CONV function, listed in Algorithm 2.

The RRGCN-CONV function implements the R-GCN’s message passing equation
with optimized memory usage. Relation-specific (and self-loop) contributions are
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Algorithm 2 RR-GCN Message Passing
procedure RRGCN-CONV(S, e, H)
X  Ocxe > Zero initialized matrix
for all r € R do
W, < RANDOM-UNIFORM(e X e, S,) > Relation random weight matrix
JEN-(4)

end for
Wy < GLOROT-UNIFORM(e X e, Sp)
z; < hi + Woh
return X
end procedure

iteratively added to the zero-initialized (O.x.) output representation matrix X,
generating the required transformations on-the-fly and attenuating them using the
relation attenuation parameter from the given seeds. Note that z; and h; stand for
the i*" row of X and H respectively, and that the computations for these rows are
done all at once using efficient matrix multiplications. The row-wise notation is only
used for clarity.

After the first message passing round, the obtained representations are passed
to a ReLU non-linearity and stored in H. These hidden representations are then
used to calculate the one-hop PPV features P as described in Section 3.1.2. The
ReLU activation function is not used for PPV representations as they are positive
by definition and the result of a non-linear operation.

Using the updated hidden node features, the previous steps are repeated n — 1
times. There are two noteworthy details here: (i) the same seeds are used for every
convolution, and (ii) the PPV features are convoluted independently from the regular
representations (but with the same seeds). In our experiments, it was noticed that
using different transforms in every layer was not necessary and sometimes even hurt
performance for RR-GCNS.

After the random message passing layers, the concatenation (||) of H and P
along the horizontal axis yields the final node embeddings.

4. Results

In this section, the datasets and their statistics being used in the experiments are
reported, followed by the results of the model and the baselines on the datasets. The
empirical results show that RR-GCN method matches — and in some cases exceeds
— the performance of end-to-end trained networks for the node classification task.

The RR-GCN layer and embedder are implemented in PyG [44], an extension
of the popular deep learning framework PyTorch [45] that facilitates the imple-
mentation of message passing networks. PyG provides parallel execution of node
representation updates.
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4.1. Task and Datasets

This subsection aims to introduce the datasets being utilized for this work and
reports the statistics of the datasets for ease of comparison.

The datasets used for node classification contain N nodes which are assigned
to one of various different classes. For generalization purposes, each set of N nodes
is subdivided into two sets of nodes Nirqin and Nies; which are used for training
and validating the model respectively. The goal of the task is to train a model M
such that a loss function £(.) is minimized based on the neighborhood of each node
n € N and the edges £ connecting them.

4.1.1. Datasets

Statistic AIFB MUTAG BGS AM
Entities 8,285 23,644 333,845 1,666,764
Relations 45 23 103 133
Edges 29,043 74,227 916,199 5,988,321
Train Entities 141 272 117 802

Val. Entities 0 0 0 0

Test Entities 37 68 29 198
Classes 4 2 2 11

Mean Degree 7.82 6.27 11.89 13.74
Max. Degree 1,281 6,783 83,024 73,447

Table 2. Dataset statistics for the KGs from Ristoski et al.

The terminology used to describe the datasets are explained below:

Entities - The number of nodes present in the KG.

Relations - The unique types of relation between nodes.

Edges - The number of relations present in the KG.

Degree - The number of relations each node has with its neighbors (both
incoming and outgoing).

e (lasses - The number of types of nodes to classify.

First, benchmark KGs of varying sizes, provided by Ristoski et al. [46]-ATFB, MU-
TAG, BGS, and AM, are considered for node classification. The descriptions of
the datasets are given below [47]:

(1) AM: contains semantic information about artefacts in the Amsterdam Museum.
Each artefact in the dataset is linked to other artefacts and details about its
production, material, and content. In this task, 1000 samples are available for
an 11-class classification problem where the goal is to predict to which category
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an artefact belongs (347, 127, 116, 86, 81, 56, 55, 50, 42, 25, 15 samples for each
class respectively).

BGS: describes three geological measurements in Great Britain. The task of
this dataset is to predict the lithogenesis property of named rock units. The
dataset contains 146 named rock units with a lithogenesis, from which we use
the two largest classes.

ATFB: describes the AIFB research institute in terms of its staff, research group,
and publications. The dataset was first used to predict the affiliation (i.e., re-
search group) for people in the dataset. The dataset contains 178 members of
a research group, however the smallest group contains only 4 people, which is
removed from the dataset, leaving 4 classes.

MUTAG: contains about 340 molecules classified as "mutagenic” (129) or ”not
mutagenic” (211). The dataset includes 75k triples with 24 unique relation
types and 250 predicate-object pairs per node, used for binary classification of
mutagenicity.

The salient properties of these datasets are listed in Table 2.
Additionally, larger multimodal KG datasets from ”kgbench” [48] are also being

compared-AMPLUS, DMG777K, DMGFULL, MDGENRE, and DBLP. These
datasets contain larger training, testing, and validation sets. The datasets are de-
scribed below [48]:

(1)

(2)

()

AMPLUS: extends the AM dataset without the 1000 sample restriction and
maps the nodes to smaller classes to ensure balanced class distributions (25782,
22048, 7558, 5455, 4333, 4012, 2672, 1563 samples for 8 classes).

DMGT777K: the Dutch Monument Graph (DMG) is a dataset from the Digital
Humanities. Encompassing knowledge from several organizations, the DMG
contains information about 63 566 registered monuments in the Netherlands.
Engineered with the goal of creating a highly multimodal dataset, the DMG
contains information in six modalities, five of which are encoded as literals. The
777k -variant is a subset encompassing 8 399 monuments created by sampling
monuments from the top-5 monument classes that have no missing values.
DMGFULL: The full DMG dataset is included with the missing values with
63,566 monuments included in the dataset.

MDGENRE: The Movie datasets are subsets of Wikidata in the movie domain.
The movies which are nominated or won an awards are selected and the people
associated with the movies by a whitelisted relation are added to the dataset.
The thumbnails of the movies are added to the dataset. There are 8863 movies
to be labeled. This creates a knowledge graph that is centered around movie-
related data and has a longest path of 4, making the knowledge graph relatively
simple. The main objective of this dataset is to predict the dominant genre of
the movies.

DBLP: The DBLP repository is a large bibliographic database of publications
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in the domain of computer science. The dataset contains 86535 DOIs filtered
from 2 databases which are the number of samples used. The goal is to predict
the citation count into two classes: those papers which received one citation,
and those which received more.

Table 3 lists the properties of the kgbench datasets.

Statistic AMPLUS DMG777K DMGFULL MDGENRE DBLP

Entities 1,153,679 341,270 842,550 349,344 4,470,778
Relations 33 60 62 154 68

Edges 2,521,046 777,124 1,850,451 1,252,247 21,985,048
Train Entities 13,423 5,394 23,566 3,846 26,535
Val. Entities 20,000 1,001 10,001 1,006 10,000
Test Entities 20,000 2,001 20,001 3,005 20,000
Classes 8 5 14 12 2

Mean Degree 4.37 4.53 4.47 7.17 9.83

Max. Degree 154,828 65,576 121,217 57,363 3,364,084

Table 3. Dataset statistics for the larger-scale “kgbench” KGs

4.2. Results

A first step in the evaluation procedure is to reduce the size of the KG by excluding
vertices that are further than n hops away from any of the training (V) or testing
(Vi) vertices, as no information from more than n hops away can be propagated
to the nodes of interest with n message passing layers. Once the size of the KG is
reduced, they are passed through n layers of our RR-GCN to create embeddings of
size e. The constants n and e are tuneable hyper-parameters. Once the embeddings
are generated, they are provided as input to a gradient boosting classifier. In this
section, CatBoost [49] is used for the non trainable RR-GCN and the results are
reported without attenuation enabled. Multi Layer Perceptron (MLP) could also be
used for the classifier but then would need a backward pass to train the model which
is a lot slower than a simple Catboost. We used Catboost since it would allow for
better evaluation of the embedding from the RR-GCN layer by using the embedding
directly whereas the MLP would be an affine transformation of the embedding.
Note that when a backward pass is necessary (RR-GCN with attenuation), we will
use an MLP layer to train the model end to end. The No NA, No RA results of 8
provides the benefit attained from using MLPs.

For the small-scale benchmark KGs, the hyper-parameters n and e are tuned
using a grid search with stratified five-fold cross-validation, with a different RR-
GCON seed in every fold. For the larger-scale KGs, RR-GCN models were eval-
uated five times with different seeds on the provided validation set to tune
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number of layers embedding size

Model NO PPV PPV NO PPV PPV
AIFB 4 1 256 512
AM 5 5 768 768
BGS 5 5 512 512
MUTAG 2 2 1024 1024
AMPLUS 5 5 1024 1024
DBLP 5 5 256 256
DMGT77TK 2 2 1024 1024
DMGFULL 2 1 256 1024
MDGENRE 5 5 768 1024

Table 4. Optimal hyperparameters per dataset, for RR-GCNs that use PPV features and RR-GCNs
that leave them out

the hyperparameters. The hyperparameter space for n is {1,2,3,4,5} and e is
{256, 384, 512, 768, 1024} and optimal values are chosen based on log-loss, ignoring
configurations that resulted in more than 24GB of GPU memory. An important hy-
perparameter for CatBoost is the number of boosting iterations. During validation,
this is determined using “early stopping”. For evaluation runs on a given dataset’s
test set, the models are run for the maximum number of iterations required for that
dataset’s validation runs with optimal hyperparameters.

The R-GON results from Schlichtkrull et al. [18] were reproduced using an ex-
ternal implementation [43], as the original code uses deprecated libraries. For the
small-scale KGs, the hyper-parameter configuration reported in their study [18]
were used along with early stopping with 10 epochs patience, and a validation set
held out from the training data to determine the optimal number of epochs. For
the larger-scale KGs, the hyper-parameters as reported in the “kgbench” paper [48]
were utilized. All “kgbench” measurements were performed on CPU, to accom-
modate the high memory requirements for backpropagation. Only for the DBLP
dataset, for which no results were reported in the original paper due to high mem-
ory requirements, an embedding size of 10 (as opposed to 16) with 40 base functions
was used to make it fit in 64GB of CPU RAM.

The R-GCN and RR-GCN setups were repeated ten times with different seeds
and the corresponding test accuracies recorded. The results for both the RR-GCN as
described in Algorithm 1 (RR-GCN-PPV) and a version that does not include the PPV
features (RR-GCN) are reported. The mean accuracy results, and their corresponding
standard errors are provided in Table 5.

4.2.1. Performance ablation

The three datasets which have significantly worse performance in our RR-GCN-PPV
- AIFB, BGS, AM are selected for performance ablation. All 3 are noticed to have
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Dataset r-gen rr-gen rr-gcn-ppv
AIFB 96.11 + 0.45 83.33 &£ 1.37 86.11 + 0.93
AM 88.99 £+ 0.39 81.67 £ 0.57 84.65 + 0.62
BGS 86.21 + 0.89 80.00 &+ 2.34 78.97 + 2.44
MUTAG 72.50 £ 0.91 70.00 £ 0.83 79.41 £ 0.58
AMPLUS  83.81 £ 0.13 76.85 £ 0.06 84.54 + 0.08
DBLP 68.51 £0.99 70.18 £ 0.11 70.61 + 0.07
DMGT777K 62.51 + 0.38 61.40 + 0.32 63.97 + 0.26
DMGFULL 57.52 £ 0.19 60.50 + 0.26 63.38 &+ 0.17
MDGENRE 67.33 £ 0.19 65.09 & 0.10 67.15 £ 0.08

Table 5. The average accuracy and standard error of 10 measurements.

a large number of low-degree nodes such as literals which have only one neighbor
and so, a degree of 1. PPV relies on a larger degree neighborhood to generate a
good augmentation. So, it is possible that these low-degree nodes add noise to our
representations, which can overpower the useful signal in some datasets. To test this
hypothesis, R-GCN and RR-GCN-PPV are trained with filtered versions of AIFB, BGS
and AM and the same hyperparameters as before. In these filtered KGs, low-degree
nodes (degree < 5) are removed.

Model AIFB BGS AM

R-GCN 96.11 + 0.45 86.21 + 0.89 88.99 £ 0.39
RR-GCN-PPV 86.11 £ 0.93 78.97 &+ 2.44 84.65 £ 0.62
R-GCN-CUT 95.56 +£ 0.45 86.21 + 0.89 88.13 + 0.41
RR-GCN-PPV-CUT 95.83 £+ 0.62 84.14 + 1.38 84.80 £+ 0.23

Table 6. The average accuracies and standard error of 10 measurements with degree cutting.

After the low degree node cutting, R-GCN performance in Table 6 is barely
affected in AIFB and AM and exactly the same in BGS. RR-GCON-PPV, however,
demonstrates almost 11% and 6% improvement in scores, with the scores for AM
dataset remaining stagnant.

4.2.2. Attenuation

While the non-attenuated RR-GCN could avoid the intermediate gradients, the atten-
uation made it so that models will need more GPU memory to store the gradients.
The hyperparameters n and e are still used for this method. Hence, a chief dif-
ference here is the use of a linear layer rather than a boosting classifier to allow
for end-to-end loss back propagation. While a linear layer could be used with the
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non-attenuated RR-GCN, it would require multiple passes over the model and large
intermediate activations which would have increased memory usage. This means
that the results from Table 5 are not directly comparable with the results from this
section. Another difference is the use of only the small KGs for evaluation since the
models consume too much memory for the bigger "kgbench” datasets (approaching
100 GB peak memory for DBLP). The hyperparameters are chosen for lowest log
losses reported from the models, provided they could fit in 48GB (the GPU memory
available on Nvidia A40 graphics card). The models are run for 3000 epochs with
an ADAM optimizer [50] along with an early stopping mechanism. Additionally,
validation is performed every 50 epochs as a means of speeding up the training of
the models. Table 7 lists the hyperparameters used in the attenuation models for
both ppv and non-ppv models.

Model number of layers embedding size

AIFB 4 256
AM 2 256
BGS 5 256
MUTAG 5 512

Table 7. Optimal hyperparameters per dataset, for RR-GCNs with attenuation enabled

AIFB MUTAG BGS AM
Model PPV No ppv  ppv No ppv  ppv No ppv  ppv  No ppv
No NA 91.67 88.89 79.41 76.47 89.66 86.21 86.87 84.34
RA 1-NA  91.67 88.89 7794 7500 86.21 86.21 86.32 81.82

PNA 94.44 94.44 80.88 66.18 89.66 82.76 86.36 85.35

No NA 83.33 88.89 82.35 72.06 82.76 86.21 77.27 73.74
NoRA 1-NA 9166 88.89 83.82 73.53 86.21 86.21 82.32 80.81
PNA  91.67 94.44 80.88 72.06 89.66 86.21 86.87 83.84

Table 8. The accuracies of ablated RR-GCN models. RA stands for relation attenuation, NA for
Node Attenuation, 1-NA for single node attenuation, and PNA for per node attenuation. The
highest accuracies for each dataset is highlighted in bold. Notable results are italicized. The base
RR-GCN results are underlined for comparison.

The results in Table 8 are reported with three main ablation parameters - PPv
(present, absent), node attenuation (no node attenuation, single node attenuation,
per node attenuation), and relational attenuation (present, absent) - with 12 pos-
sible combinations. Since these models take quite a long time to train, the models
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are trained only once.

4.3. Comparison against other Graph embedding baselines

R-GCN is the foundation for nearly all relational graph convolutional networks. The
previous experiments used R-GCN as the baseline since the RR-GCN is mostly similar
to R-GCN’s message passing. In this section, we compare against newer variants of
relational graph networks and some non relational graph convolutional networks.
We have selected the models with a variation on the message passing paradigm.
The baseline models being compared are as follows:

GCN: Graph Convolutional Network (GCN) [22] is a semi-supervised approach
to handling homogeneous graphs (graphs with only one edge type). The different
relational information in the datasets is lost when using GCNs.

GAT: Graph Attention Network (GAT) [27] is another semi-supervised ap-
proach to handle homogeneous graphs with the message passing adapting self
attention approach to graph structures.

R-GCN: Relational Graph Convolutional Network (R-GCN) [18] was motivated
by GCN model yet introduces relation-specific transformations by setting up
an independent adjacency matrix for each relation.

CompGCN: CompGCN [21] jointly embeds both nodes and relations in a rela-
tional graph with entity-relation composition operations.

RHGNN: RHGNN [51] is a general heterogeneous graph neural network, which
employs hidden correlations between different types in heterogeneous graphs via
Type2vec and reasonably combines edge and node propagation layers together
to enhance the learning of both nodes and edges representation. For comparison,
the model without the Type2vec pretraining is also included.

r-GAT: r-GAT [52] is a relational graph attention network to learn multi-channel
entity representations. Specifically, each channel corresponds to a latent seman-
tic aspect of an entity. The model includes a query-aware attention layer on
these channel representations to select useful aspects of the channels for subse-
quent tasks.

RR-GCN: Our RR-GCN uses random transforms on random node features to gen-
erate untrained unsupervised representation of the graph. RR-GCN-PPV captures
additional data from node neighborhood via the proportion of positive values
around each node. Another variant is RR-GCN-PPV-ATTENUATION which uses
tuned attenuation hyperparameters for select trainable parameters to bridge
the performance gap between RR-GCN and R-GCN.

The models are compared on the 4 smaller graphs - AIFB, MUTAG, BGS, AM

- used in all previous results since they are more widely used benchmark datasets
available for all the models. The comparison between the models is available in
Table 9. Note the r-GAT model results for AM dataset is not available and the
code for the model is not made public.
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Model AIFB MUTAG BGS AM
RGCN 95.83+0.62 79.85+3.86 83.10+0.80 86.72+2.38
RHGNN -pretraining 94.17+2.05 77.06£2.52 89.66+0.00 86.58+0.00
RHGNN 97.2240.00 82.45+1.72 93.204+0.25 90.4040.61
CompGCN 89.17+2.76 74.56£1.40 70.69+4.38 90.06+0.20
GAT 94.7243.06 70.44+1.46 84.48+2.44 67.304+2.31
GCN 91.39+3.81 75.15+1.62 80.34£3.65 69.90+1.91
r-GAT 97.22 88.24 89.66 Unavailable
RR-GCN 83.33+1.37 70.00+0.83 80.00+2.53 81.67+0.57
RR-GCN-PPV 86.114+0.93 79.41£0.58 78.97+2.44 84.651+0.62
RR-GCN-PPV-ATTENUATION 94.44 83.88 89.66 86.87

Table 9. Performance comparison of different models across various datasets. The results for the
baselines are taken from Zhu et. al. [51] and Chen et. al. [52]. RHGNN -pretraining refers to the
RHGNN model without Type2Vec pretraining for edge features.

5. Discussion

This section discusses the accuracy results of the experiments. A commentary on
the memory usage of trained and random R-GCN is also provided.

5.1. Performance of base rr-gcn and ppv

Table 5 shows that, for most small-scale datasets, R-GCNs score better. However,
the differences are not that drastic considering one method is trained end-to-end
and another is unsupervised and based on random transformations. The fact that
RR-GCN comes so close to R-GCN without any training follow our hypothesis that
the message passing powers most of the performance of R-GCN. In DBLP and DMG-
FULL, base RR-GCN model is able to surpass R-GCN. This is likely due to the fact
that the hyperparameters are not fully tuned for the larger kgbench datasets.

PPV features, which measure the “representation diversity” around every node,
seem to have a positive impact for most datasets. With PPV, RR-GCNS even score
significantly better for the MUTAG dataset. Only for BGS, PPV seemingly deteri-
orates performance. However, the difference between RR-GCN-PPV and RR-GCN is
statistically insignificant (Mann-Whitney test with cutoff 0.05).

For the larger datasets, the average performance of R-GCNs and RR-GCNS is even
more similar, with most datasets statistically significantly favoring RR-GCN-PPV
over a trained model. The difference for MDGENRE, the only “kgbench” dataset
where R-GCNs score better on average, is statistically insignificant.

5.1.1. Performance ablation

As shown in Table 6, removing low-degree nodes seems to close the gap in aver-
age performance for most datasets: the performance for R-GCN stays roughly the
same, while RR-GCN results improve.This supports our hypothesis that R-GCN was
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Fig. 3. Mean absolute weights for per-relation transformations learned by a two-layer R-GCN for
the AM dataset, relative to the maximum per-relation mean absolute weight.

learning to ignore low degree nodes and that they were harming the RR-GCN-PPV
performance by adding noise to labeled nodes. The performance differences to the
trained counterparts for AIFB and BGS even become statistically insignificant. For
AM, however, low-degree node removal seems to have little to no effect. For this
dataset, the R-GCN likely learns to ignore a subset of relation types. To check this,
the mean absolute values of a trained R-GCN’s learned per-relation transformation
matrices (true and added inverse relation types are averaged), averaged over all
layers is calculated.

Indeed, Fig. 3 illustrates that there are quite a few relation types that a trained
R-GCN learns to attenuate. If this “relation importance” information is taken into
account by removing (in addition to low-degree nodes) all relation types that have
less than 60% of the maximum “importance”, RR-GCN obtains an accuracy of 91.31
+ 0.24%, which is even statistically significantly better than trained R-GCNs.

The chief benefit of RR-GCN comes as a quick baseline for graph data. By not
requiring training to generate an embedding of the graph, without having random
walks through the graphs, RR-GCN provides near R-GCN level results for node clas-
sification problems. There is a clear time benefit especially since the RR-GCN model
is untrained and uses CatBoost model whereas the R-GCN model uses a MLP layer
and requires both gradient calculation and backpropagation (see Section 1). This
means the results for RR-GCN are available in the order of minutes and R-GCN in
hours/days. This provides huge savings in GPU compute times (along with the
attached environmental benefits).

5.2. Attenuation

The results in Table 8, in general, show that with fewer training parameters, RR-
GON with attenuation comes very close to the accuracies of R-GCN for AIFB (94.44
vs 96.11) and AM (86.87 vs 88.99) and even exceeds them for MUTAG (83.82 vs
72.5) and BGS (89.66 vs 86.21). Some part of this improvement can be attributed
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to the addition of the linear layer but the addition of the attenuation improves the
performance significantly more. The general trend for PPV is that it improves the
performance of the RR-GCN, with some notable exceptions which are italicized in
the Table 8. This may be an issue with bad initialization of parameters. PPV, as
seen in Tables 5 and 8 demonstrate that additional statistical information for each
feature in the neighborhood of the node provides more separable embeddings for
the classifier layer which leads to better results in nearly all cases.

There is no clear winner between node attenuation and relation attenuation.
This can be due to the different characteristics of each dataset. AIFB and BGS seem
to perform best with a per-node attenuation and AM works better with relation-
based attenuation. The per node attenuation performs better with low train entity
datasets and relational attenuation is preferred for datasets with a large number
of relation types. This follows some intuition that more parameters equals more
performance. For the smaller datasets, using per node attenuation would benefit
the most of the options available and for BGS and AM with larger relation types
prefer relation attenuation. MUTAG with low entities and relations bucks the trend
of more parameters equals more performance, instead preferring single node atten-
uation and pPPV. The preference for per node attenuation can also be attributed to
the task being a node classification task. The performance varies between differ-
ent hyperparameters for each dataset and can be used as a hyperparameter during
hyperparameter search.

5.3. Comparison against other baselines

The models for homogeneous graph convolution - GCN, GAT - ignore relational
information and so unsurprisingly perform well in dataset with low relation types.
However, the GAT model for BGS performs slightly better than R-GCN which can
be attributed to its attention like message passing. Our RR-GCN-PPV-ATTENUATION
model however does consistently outperform the homogeneous graph models which
is attributable to the relational information in the graphs since R-GCN also beats
these models.

Sections 5.1 and 5.2 already discuss the performance of R-GCN against our model.
CompGCN performs better than RR-GCN variants in only AM dataset which might
be that the joint embedding of relation and nodes performs better in very large
graphs due to needing more training entities (see Table 2). r-GAT performs similar
to RHGNN in performance in all datasets available except MUTAG. This could
be a benefit of the self attention performed after the channel entity representation
to disentangle node and edge features. But this model with its self attention layer
probably would not scale well since the original paper avoided using AM dataset,
favoring only the easier and smaller datasets. However, RR-GCN-PPV-ATTENUATION
still performs favourably against r-GAT. Of the most interest in this comparison
is RHGNN models. Without the pretraining of edge features using Type2Vec, the
model underperforms RR-GCN-PPV-ATTENUATION but with the pretraining, beats
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our model in all datasets. This suggests that the RR-GCN performance can be greatly
enhanced by using some pretrained node features and relation transforms instead
of random assignment. We will leave this as an avenue to improve RR-GCN perfor-
mance.

5.4. Memory usage

This subsection covers one of the main reasons for favoring RR-GCN over regular
R-GCN which is the huge memory required for R-GCNs.

Trained R-GCNs need to store their parameters in (GPU) memory. Since relation-
specific transformations are typically quite small, this is dominated by the initial
node representations. Especially when using one-hot encoding as initial representa-
tions, this memory load can become quite significant. Additionally, in the backward
pass, gradients for all weights (and for optimizers such as Adam [53], even gradient
moments) have to be stored as well, which at least doubles the parameter memory
requirements. For a KG with nodes V, an R-GCN with B bases (obtained using Basis
function decomposition [18]) and an initial representation size e thus needs to be
able to keep at least two B X |V| x e-dimensional float-tensors (4 bytes per element)
in memory. For DBLP (a dataset with 4,470,778 nodes, Table 3) and a 40-base
R-GCN with a 16-dimensional embedding size this results in at least 22.89GB of
memory.

An even bigger source of memory usage for trained R-GCNs, is the storage of in-
termediate activations. Even if per-relation contributions are iteratively summed to
an accumulator as in Algorithm 2, by default, all individual contributions across all
layers are still kept in memory during training, as they are required for back prop-
agation. This results in a |V| x e;-dimensional float-tensor for every relation r € R
and the layer’s global output, for every layer [, with e; the output dimensionality
for layer I. For DBLP (136 relations with inverses) and a single R-GON layer with a
16-dimensional output, e.g., this results in 39.20GB. Activation checkpointing [54]
could be used to avoid storing intermediate activations by recalculating them dur-
ing the backward pass, trading in memory for compute but it is still a significant
memory cost.

Since RR-GCNs do not need a backward pass, there is no need to keep any gra-
dients or intermediate activations in memory. Moreover, because the initial node
embeddings and transformation matrices are random, they need not be kept in
memory. Storing the seeds is sufficient to generate the matrices as and when they
are needed. The peak memory usage for an RR-GCN with embedding size e is dom-
inated by (1) the previous-layer node representations, (2) the previous-layer PPV
features, (3) the accumulator matrix X (Algorithm 2) and (4) the intermediate
results for a single relation type; four |V| x e-dimensional float-matrices, which is
comparable to the memory complexity of an R-GCN’s forward pass during inference.
RR-GCNs clearly need much less memory than their trained counterparts for a given
embedding size. However, as these embeddings result from combinations of randomly
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transformed random representations, to capture useful information, a larger embed-
ding size is needed compared to R-GCNs, which are trained to select only the useful
features for the downstream task. As such, RR-GCNs are not necessarily more mem-
ory efficient than R-GCNs, depending on how many random features are necessary
for the downstream task. For DBLP and an RR-GCN with embedding size 512 as
an example, the resulting peak memory usage is 36.62GB. It is important to note
that, once trained, R-GCN inference actually requires less memory because of the
more compact representations. The main advantage of RR-GCN is that it provides
inference without requiring additional training.

Attenuation approach acts as an intermediate between R-GCN and RR-GCN by
requiring backward and intermediate activations to be kept in memory (with acti-
vation checkpointing to reduce the peak memory usage to fit into a gpu). However
the weights are still generated as required and far fewer parameters are used overall
and as a result, the peak memory usage is still smaller than that of the R-GCN.

6. Conclusion

Inspired by the success of random non-linear transformations in the time series
domain, the application of random convolutions (RR-GCN) to KGs was evaluated. In
this exploratory study, empirical results show that random transformations usually
match or exceed the performance of end-to-end trained R-GCNs. The experiments
indicate that a KG’s structure alone, which is the only thing RR-GCNs can capture,
contains enough semantic information as is, and that when R-GCNs do perform
better, they mostly learn to ignore certain parts of that structure. Some of this
advantage can be negated using attenuation, trading in the ease of training for
performance. The RR-GCN with attenuation has demonstrated a capability to beat
the performance of trained R-GCNs.

Aside from surprisingly good performance, RR-GCNs exhibit other interesting
properties: (1) embeddings can easily be generated for a small subset of the graph
for testing purposes (whereas R-GCNs need to process the entire graph to train their
weights), and (2), as training through backpropagation is not necessary, they can
be used to test the influence of new e.g. aggregation functions (such as ppv) before
considering differentiable variants, as a new computationally inexpensive baseline
model for comparisons. This opens up many new interesting avenues for further
research, both in terms of improving the RR-GCNs themselves and with regards to
KG embedding in general.
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Code and data availability

The AIFB, AM, BGS, and MUTAG KGs used in the paper, are public bench-
mark datasets downloadable using Pytorch geometric library (https://pytorch-
geometric.readthedocs.io/). The larger KGs are available using kgbench-loader
(http://kgbench.info/) library. The code used to obtain the results in this paper
is available at https://github.com/predict-idlab/RR-GCN/.
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