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ABSTRACT

In this paper we present Relational Graph Attention Networks, an ex-
tension of Graph Attention Networks to incorporate both node features
and relational information into a masked attention mechanism, extending
graph-based attention methods to a wider variety of problems, specifically,
predicting the properties of molecules. We demonstrate that our attention
mechanism gives competitive results on a molecular toxicity classification
task (Tox21), enhancing the performance of its spectral-based convolutional
equivalent. We also investigate the model on a series of transductive knowl-
edge base completion tasks, where its performance is noticeably weaker. We
provide insights as to why this may be, and suggest when it is appropriate
to incorporate an attention layer into a graph architecture.

1 INTRODUCTION

Convolutional neural networks (CNNs) have been remarkably successful at a variety of

tasks in Euclidean domains, such as image captioning ( , ), human pose
estimation ( , ) and classifying videos ( , ). CNNs
are successful because they make two important assumptions, which are valid for a variety

of real-world data (particularly image and sound) ( , ). Specifically, they
assume the data domain is ( , ; , ; , :

1. Locally stationary. Local features, such as corners, lines or textures, appear
across the data domain. This is exploited in the architecture by the sharing of
weights among filters. It follows that there is a significant reduction in the number
of parameters and thus the model is less prone to over-fitting. More precisely: for
input size n, k filters and p parameters per filter, there are O(kp) parameters, and
hence the number of parameters is ©O(1) in the size of the input n.

2. Compositional. Naturally occurring complex features can be decomposed into
simpler features. This is exploited by the architecture by stacking convolutional and
pooling layers.

However, data is often in non-Euclidean domains, such as molecules or social networks. It
is not clear how to exploit data with the above properties in non-Euclidean domains, since
many operations we take for granted in Euclidean domains are ill-defined.

The study of generalising neural networks to non-FEuclidean domains is called geometric deep
learning. Current approaches may be roughly divided into three families: spectral, spatial
and hybrid approaches ( ,

Spectral approaches have a fundamental limitation in that they are basis-dependent. That
is, when a spectral filter is learnt with respect to a basis on a domain, then re-used with a
different basis on another domain, there is no guarantee the result is the same (

, ). Spatial approaches on non-Euclidean domains also have two major challenges:
there is the lack of shift invariance, and there is no inherent coordinate system. Hybrid
approaches combine these two approaches often to trade-off between spatial and spectral
localisation.

Meanwhile, there has been recent interest in applying attention mechanisms to graphs, which
have been shown to improve existing models on node classification, link prediction and graph
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classification tasks ( , ). Further, there has also been interest in extending both
attention mechanisms and the advancements in geometric deep learning to relational graphs.
Tasks on relational graphs include molecule synthesis ( , ) and drug discovery

, ). Recently, ( ) proposed the Relational Graph
Convolutional Network (RGCN); an extension of ( ) to relational
graphs which achieved impressive performance on node classification and link prediction
tasks.

We present two attention-based variants of RGCN to perform function approximation on
graphs: Within-Relation Graph Attention (WIRGAT) and Across-Relation Graph Attention
(ARGAT). We evaluate our proposed models on challenging transductive node classification
and inductive graph classification tasks and show that Relational Graph Attention Network
(RGAT) is extremely competitive on inductive graph classification yet performs relatively
poorly on transductive node classification tasks, at least in the absence of node features. In
hope to aid further investigation in this direction, we also provide a fully-vectorised, sparse,
batched implementation of RGAT in TensorFlow which is fully compatible with eager
execution mode.

2 RGAT ARCHITECTURE

2.1 RELATIONAL GRAPH ATTENTION LAYER

We follow the construction of the Graph Attention Network (GAT) layer in
( ), extending to the relational setting, using ideas from ( ) where
appropriate.

The input to the layer is a graph with R = |R| relation types and N nodes. The i‘'node
is represented by a feature vector h; € RF and the features of all nodes are sumarised in
the feature matrix H = [hy hy ... hy] € RV*F. The output of the layer is the transformed
feature matrix H' = [h} h% ... h'y] € RN*F' where h; € R™ is the transformed feature
vector of the i**node.

Different relations convey distinct pieces of information. The update rule of
( ) made this manifest by assigning each node i a distinct intermediate representation

glm ¢ RF" under relation r

G = HW) ¢ RN*F, (1)
where G(") = [gy) gér) g%)} is the intermediate representation feature matrix under
relation 7, and W (") ¢ RF*F " are the learnable parameters of a shared linear transformation.

Following ( ), we assume the attention coefficient between two nodes is
based only on the features of those nodes up to some neighborhood-level normalisation. To
keep computational complexity linear in R, we assume that, given linear transformations

W ()| the logits El(? of each relation r are independent of each other

B = a(5,60) ®
and indicate the importance of node j’s intermediate representation to that of node 7 under
(r)
,J
where lem denotes the set of neighbor indices of node i under relation r € R. We choose
the specific realisation of a in Equation (2) given in ( )

EZ(T) _ LeakyReLu [(a(r))T(gO) D g(7))i| , (3)

2J 2 J

relation 7. The attention is masked so that, for node 7, coefficients «;; / exist only for j € ngr),

where 7 denotes the transpose of x, a(”) € R?F " are learnable parameters of the attention
mechanism under relation r, and x @ y denotes the vector concatenation of  and y.

For comparison, the coefficients of RGCN are given by agy = my)rl. This encodes the

)

prior that the intermediate representations of nodes j € nﬁ’“ to node ¢ under relation r are

equally important.
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Figure 1: WIRGAT. The intermediate representations for node i (left red rectange) are
combined with the intermediate representations for nodes in its neighborhood (blue rectangles)

v

v

under each relation r, to form each logit E(7 A softmax is taken over each logit matrix

for each relation type to form the attention coefficients o J) These attention coefficients

construct a weighted sum over the nodes in the neighborhood for each relation (black
rectangle). These are then aggregated and passed through a nonlinearity to produce the
updated representation for node i (right red rectangle).

The attention coefficients should be comparable across nodes. This can be achieved by
applying softmax appropriately. We investigate two candidates.

WIRGAT The simplest way to take the softmax over the logits EZ(Z) of Equation (3)
replicates the softmax taken in ( ) for each relation r

(r)
exp (El : )
- ol Y =t W
2 ken( €XP (Ezk) jen
We call the attention in Equation (4) WIRGAT and it is shown in Figure 1. This mechanism

encodes the prior that relation importance is a purely global property of the graph by
implementing an independent probability distribution over nodes in the neighborhood of

") = softmax (Ei(r')) -

1,7 J 5J

1 for each relation r. Explicitly, for any node i and relation r, nodes j, k € n}” yield

() ()

competing attention coefficients o; ; and «;

(r) (r)

with sizes depending on their corresponding
representatlons 9g;

a§7> and a for all nodes i and nodes j € 1,
representatlons

and g, There is no competition between any attention coeflicients

(r) .7 € N where 1’ # r irrespective of node

ARGAT An alternative way to take the softmax over the logits E j ) of Equation (3) is
across node neighborhoods irrespective of relation r

E")
exp (EL7) Viiy Yo al)=1 (5

) - oy
Drem Zkengm exp (EUC rER jen™

We call the attention in Equation (5) ARGAT and it is shown in Figure 2. This mechanism

encodes the prior that relation importance is a local property of the graph by implementing

a single probability distribution over the different representations gJ(»T)

neighborhood of node i. Explicitly, for any node ¢ and all 7,7’ € R, all nodes j € nlm and
(r) ("

ke n.(T ) yield competing attention coefﬁcients o; ; and o;

ol = softmax (E(r)

i, o i

for nodes j in the

with sizes depending on their

corresponding representations g ) and g
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Figure 2: ARGAT. The logits are produced identically to those in Figure 1. A softmax is
(r )

taken across all logits independent of relation type to form the attention coefficients a;
The remaining weighting and aggregation steps are the same as those in Figure 1.

Propagation rule Combining the attention mechanism of either Equation ( ) or Equa-
tion (5) with the neighborhood aggregation step of ( ) gives

=0 Z Z ozgrj)gj(r) € RVXF' (6)

reR ]6”57‘)
where o represents an optional nonlinearity. Similar to ( );
( ), we also find that using multiple heads in the attention mechanism can enhance
performance
K
:@0’ Z Z Oé(rk (Tk) GRNXKF, (7)
k=1 rER jen()

(,)

where @ denotes vector concatenation, a; are the normalised attention coefficients under

relation  computed by either WIRGAT or ARGAT, and g{"* = h; (W(T*k))T is the head
specific intermediate representation of node ¢ under relation r.

It might be interesting to consider cases where there are a different number of heads for
different relationship types, as well as when a mixture of ARGAT and WIRGAT produce
the attention coefficients, however, we leave that subject for future investigation and will not
consider it further.

Basis decomposition The number of parameters in the RGAT layer increases linearly
with the number of relations R and heads K, and can lead quickly to overparameterization.
In RGCNs it was found that decomposing the kernels was beneficial for generalisation,
although it comes at the cost of increased model bias ( , ). We follow
this approach, decomposing both the kernels W (%) as well as the kernels of attention
mechanism a™*) into By basis matrices V® € RF*F" and B, basis vectors v(®) € R2F"

Bw B,
wrk) — Z cl(f’k) v, a™®) = Z dl()ﬂk) v ®), (8)
b=1 b=1
where cl(f’k), dgr’k) € R are basis coefficients. We consider models using full and decomposed
W and a.
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(a) Node classification (b) Multi-task graph classification.

Figure 3: (a) The network architecture used for node classification on AIFB and MUTAG.
This architecture is the same as in ( ) except with RGCNs replaced
with RGATSs. (b) The network architecture used for multi-task graph classification on Tox21.
This architecture is the same as the Graph Convolutional Networks (GCNs) architecture in

( ) except with RGCNs replaces with GATs and we do not use graph
pooling.

2.2 NODE CLASSIFICATION

For the transductive task of semi-supervised node classification, we employ a two-layer
RGAT architecture shown in Figure 3a. We use a Rectified Linear Unit (RELU) activation
after the RGAT concat layer, and a node-wise softmax on the final layer to produce an
estimate for the probability that the itPlabel is in the class «

2

P ()
We then employ a masked cross-entropy loss £ to constrain the network updates to the
subset of nodes U whose labels are known

P(class; = a) ~ §); o = softmax(h

Mclasses

L==3">" vialn(fia), (10)

€Y a=1
where y; is the one-hot representation of the true label for node 3.

2.3 GRAPH CLASSIFICATION

For inductive graph classification, we employ a two-layer RGAT followed by a graph
gather and dense network architecture shown in Figure 3b. We use RELU activations
after each RGAT layer and the first dense layer. We use a tanh activation after the
GraphGather : RV — R2F | which is given by

N F
;L (1
H’ = GraphGather(H) = (N §hi @ fG?lmiax hig| s (11)

and is the vector concatenation of the mean of the node representations with the feature-wise
max of the node representations.

The final dense layer then produces logits of the size n¢lasses X Mtasks, and we apply a task-wise
softmax to its output to produce an estimate g; o for the probability that the graph is in
class « for a given task t, analogous to Equation (9). Weighted cross-entropy loss £ is then
used to form the learning objective

MNtasks Nclasses

L(w,y,9) = — Z Z W, o Yt,o 0 (Gt,a) (12)

t=1 a=1

where wy o, and y; ., are the weights and one-hot true labels for task ¢ and class « respectively.

3 EVALUATION

3.1 DATASETS

We evaluate our models on both transductive and inductive node classification tasks. Fol-
lowing the experimental setup of ( ) for the transductive tasks, we
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evaluate our model on the Resource Description Framework (RDF) datasets AIFB and
MUTAG. We also evaluate our model for an inductive task on the molecular dataset, Tox21.
Details of these data sets are given in Table 1. The reader is reffered to

( ) and ( ) for further details on the transductive and inductive datasets
respectively.
Datasets AIFB MUTAG Tox21
Task Transductive Transductive Inductive
Nodes 8,285 (1 graph) 23,644 (1 graph) 145,459 (8014 graphs)
Edges 29,043 74,227 151,095
Relations 45 23 4
Labelled 176 340 96,168 (12 per graph)
Classes 4 2 12 (multi-label)
Train nodes 112 218 (6411 graphs)
Validation nodes 28 54 (801 graphs)
Test nodes 28 54 (802 graphs)

Table 1: A summary of the datasets used in our experiments and how they’re partitioned.

Transductive baselines We consider as a baseline the recent state-of-the-art results from
( ) obtained with a two-layer RGCN model with 16 hidden units
and basis function decomposition. We also include the same challenging baselines of FEAT

) ), WL ( ) ) ) )
and RDF2Vec ( , ). In depth details of these baselines are given
by (2016).

Inductive baselines As baselines for Tox21, we compare against the most competetive
methods on Tox21 reported in ( ). Specficially, we compare against deep multi-
task networks ( ) whose inputs are Extended Connectivity Fingerprintss

(ECFP4s) generated by RDKit, deep bypass multitask networks, which add in connections
that bypass task-shared representations to overcome the difficulties multitask networks have

in accounting for unrelated sample variance across tasks ( ), Weave, which is a
GCN-style model incorporating connections between all atoms in a molecule and leveraging
the properties between these molecules as edge features ( ), and a RGCN
model whose relational structure is determined by the degree of the node to be updated
( ). Specficially, up to some maximum degree D,
h; -0 (Wdeg(i))Thi + Z(Udeg(i))Thj _|_bdeg(i) , (13)
jen;

where Wdes() e RFXF" ig a degree-specific linear transformation for self-connections,
Udeel) ¢ RFXF i a degree-specific linear transformation for neighbours into their in-

termediate representations g; € RY /, and bd8() is a degree-specific bias. Any update for
any degree d(i) > D gets assigned to the update for the maximum degree D.

3.2 EXPERIMENTAL SETUP

Transductive learning For the transductive learning tasks we apply the architecture
discussed in Section 2.2. Its hyperparameters were optimised for both AIFB and MUTAG
on their respective training/validation sets defined in ( ), using
5-fold cross validation. Using the found hyperparameters, we retrain on the full training
set and report results on the test set across 200 seeds. We employ early stopping on the
validation set during cross-validation to determine the number of epochs we will run on the
final training set.

Inductive learning For the inductive learning tasks we apply the architecture discussed
in Section 2.3. In order to hyperparameter optimise once, ensure no data leakage, but also
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Model AIFB MUTAG Model Tox21

Feat 55.55£0.00 77.94+0.00 Multitask 0.803 =0.012
WL 80.55+0.00 80.88 &=0.00 Bypass 0.810 = 0.013
RDF2Vec 88.88£0.00 67.20+1.24 Weave 0.820 £+ 0.010
R-GCN 95.83 +£0.62 73.23 +0.48 R-GCN 0.829 £ 0.006
C-WIRGAT 96.854+0.01 69.3740.03 C-WIRGAT 0.829 4+0.010
WIRGAT 96.83 £0.01 69.83+0.01 WIRGAT 0.835 4+ 0.006
C-ARGAT 93.054+0.03  63.69 4+ 0.08 C-ARGAT 0.832 £ 0.009
ARGAT 94.01 £0.03 65.54 +0.06 ARGAT 0.835 £+ 0.006

(a) Transductive (b) Inductive

Table 2: (a) Entity classification results in accuracy (mean and standard deviation over 10
runs) for FEAT ( , ), WL ( ,
, ), RDF2Vec ( , ) and RGCN (

, ), and (mean and standard deviation over 100 runs) for (C-)WIRGAT and
(C-)WIRGAT (this work, mean and standard deviation over 200 runs). Test performance is
reported on the splits provided in ( ). (b) Graph classification
mean Area Under the Curve (AUC) across all 12 tasks (mean and standard deviation over 3

b

splits) for Multitask ( , ), Bypass ( , ), Weave (
, ), RGCN ( , ), (C-)WIRGAT and (C-)ARGAT (this work,
2 seeds per split). Test performance is reported on the splits provided in ( ).

For completeness, we present the training and validation mean AUCs alongside the test
AUCs in Appendix A.

provide comparable benchmarks to those presented in ( ), we took the three
benchmark splits from the MolNet benchmarks', isolated graphs belonging to any of the
test sets. Using the remaining graphs we formed a hyperparameter search using 2 folds
of 10-fold cross validation. Using the found hyperparameters, we then retrained on the
three benchmark splits provided with 2 seeds each, giving an unbiased estimate of model
performance. We employ early stopping during both the cross-validation and final run (the
validation set of the inductive task is available for the final benchmark, in contrast to the
transductive tasks) to determine the number of training epochs.

Details of hyperparameter optimisation are given in Appendix B.

In all experiments, we train with the attention mechanism turned on. At evaluation time,
however, we report results with and without the attention mechanism to provide insight
into whether the attention mechanism helps. ARGAT (WIRGAT) without the attention is
called C-ARGAT (C-WIRGAT). In all experiments we use the Adam optimiser (

)

3.3 RESULTS

Validation of setup Before enabling the full relational attention mechanism, we performed
several

checks of our setup and implementation. First, noting that by setting the number of relations
to one, both ARGAT and WIRGAT reduce to GAT. We train on Cora with the setup
described in ), and reproduce their results, averaging over 100 runs.
Similarly, by setting the logits of the attention mechanism to zero, the WIRGAT mechanism
reduces to the RGCN of ( ). We train on both ATFB and MUTAG,
and reproduce their results, averaging over 100 runs.

Transductive learning In Table 2a we evaluate the RGAT model on MUTAG and AIFB.
We see that WIRGAT outperforms ARGAT on all tasks. This is in line with the finding of

'Retrieved  from  http://deepchem.io.s3-website-us-west-1.amazonaws.com/trained_
models/Hyperparameter_MoleculeNetv3.tar.gz.
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) where normalisation done within relation type was found to give
the best performance. For node classification tasks on RDF data, this strongly indicates
that the importance of a relation type does not alter much (if at all) across the graph.

When compared to constant attention mechanisms, we see a relative performance improvement
on AIFB for ARGAT of 1.03%, and on MUTAG 0.6% and 2.9% for WIRGAT and ARGAT
respectively. In the case of WIRGAT on AIFB, there is a performance drop when using
attention compared with constant attention, however, this effect is within observed model
variance.

Although we report a state-of-the art result on AIFB with (C-)WIRGAT, since the perfor-
mance with and without attention are identical up to model variance, it is unlikely that this is
due to the attention mechanism itself. The performance of this result is more likely attributed
to a thorough hyperparameter search that includes a larger variety of regularisation options.
We suspect the same performance can be obtained by RGCN.

We note that RGCN consistently outperforms RGAT on MUTAG, contrary to what might
be expected ( , ). The result is initially surprising given that RGCN
lies within the parameter space of RGAT (where the attention kernel is zero), and we
explicitly check that performance point with C-WIRGAT. In our experiments we have
observed that both RGCN and RGAT can memorise the MUTAG training set with 100%
accuracy without much difficulty (this is not the case for AIFB). The performance gap
between RGCN and RGAT could then be explained by the following:

- During the training phase, the RGAT layer uses its attention mechanism to solve
the learning objective. Once the objective is solved, the model is not encouraged
by the loss function to seek a point in the parameter space that would also behave
well when attention is set to a normalising constant within neighbourhoods (i.e. the
parameter space point that would be found by RGCN).

- The RDF tasks are transductive, meaning that a basis-dependent spectral approach
is sufficient to solve them. As RGCN already memorises the MUTAG training set,
a model more complex? than RGCN, for example RGAT, that can also memorise
the training set is unlikely to generalise as well (although this is a hotly debated

topic ( , ).

We employed a suite of regularisation techniques to get RGAT to generalise on MUTAG,
including L2-norm penalties, dropout in multiple places, batch normalisation, parameter
reduction and early stopping, however, no evaluated harshly regularised points for RGAT
generalise well on MUTAG.

Our final observation is that the attention mechanism presented in Section 2.1 relies on node
features. The input node features on AIFB and MUTAG have to be learned from scratch
(the input feature matrix is a one-hot index for nodes in the graph) as part of the task, and
S0 it is possible that in the semi-supervised setup of MUTAG there is insufficient signal in
the data to learn both the input node embeddings as well as the attention mechanism that
acts upon them.

Inductive learning In Table 2b we evaluate the RGAT model on Tox21. Both WIRGAT
and ARGAT outperform RGCN by a relative margin of 0.7% on mean AUC, yielding
competetive results for Tox21. Compared to their constant attention versions, WIRGAT
sees a relative improvement of 0.7% and ARGAT sees a relative improvement of 0.3%. The
competetive nature of RGAT compared to RGCN on Tox21 is indicative of the gains that
be made by the appropriate choice of non-spectral models on inductive tasks.

?Measured in terms of Minimum Description Length (MDL), for example.
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4 RELATED WORK

4.1 SPECTRAL APPROACHES

Spectral approaches define the convolutional operator using the spectral representation of a
graph. Notably, ( ) was the first to generalise CNNs to graphs based on
the spectrum of the graph Laplacian. However, their approach involves the costly operation
of eigendecomposition, the filters in the spectral domain are not guaranteed to be localised
in the spatial domain, and the number of free parameters per filter are O(n) in the size

of the input ( , ). ( ) proposed a variant with smooth
spectral multipliers, which guarantee spatially-localised filters and are O(1) in the size of
the input. Subsequently, ( ) used Chebyshev polynomials as a basis

for the filters which does not require eigendecomposition. Using this insight,

( ) restricted filters to a 1-hop neighbourhood for a fast and scalable propagation
rule. ( ) extended this approach to relational graphs by computing a
weighted average of the hidden representations of each relationship type.

4.2 SPATIAL APPROACHES

Spatial approaches define the convolutional operator in the spatial domain, i.e. directly on
the graph. There are two major difficulties with this approach: there is the lack of shift
invariance, and there is no inherent coordinate system in graphs.

learns a weight matrix per node degree to solve these problems, but is prohibitively slow
for large graphs. A more scalable approach was proposed by ( ),
who define a convolution operation using random walks by considering a power series of
a transition matrix with a separate weight matrix learnt for each neighbourhood size and
graph feature. ( ) proposed using a mixture of Gaussian kernels defined on
pseudo-coordinate systems local to nodes as convolutional operators. Further, they show
previous approaches are special cases of their approach ( , ; ,

4.3 HYBRID APPROACHES

Hybrid approaches combine spectral and non-spectral approaches. ( )
generalises the windowed Fourier transform; a classic technique allowing for an explicit
trade-off between spatial and spectral localisation through the choice of a window function
( , 2017). (2013), (2005) and

( ) are among those that have also extended wavelets to non-Euclidean domains to
achieve a similar effect.

4.4 ATTENTION MECHANISMS IN GRAPHS

Attention mechanisms aid models to focus on relevant parts of the input.

( ) proposes a shared attention mechanism where attention coefficients between nodes
depend on their respective features. A similar architecture is given by

( ), which uses a weighted cosine similarity between node features instead of training an
MLP to compute the attention coefficients. Further, ( ) proposed attention
coefficients which solely depend on the edge types, but do not leverage (often available) node
features.

5 CONCLUSION

We have presented two attention mechanisms within the context of Relational Graph Attention
Networks (RGATSs), Within-Relation Graph Attention (WIRGAT) and Across-Relation
Graph Attention (ARGAT). These mechanisms act upon graph structures, inducing a
masked self-attention that takes account of local relational structure as well as node features.
This allows both nodes and their corresponding properties under specific relations to be
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dynamically assigned an importance for different nodes in the graph, and opens up spectral
graph-based approaches to a wider variety of problems.

The models based on RGAT perform competitively or poorly on established baselines. This
behaviour appears strongly task-dependant. Specifically, relational inductive tasks, such as
graph classification, benefit the most from the RGAT, whereas transductive relational tasks,
such as knowledge base completion, at least in the absense of node features, seem better
tackled using spectral methods like Relational Graph Convolutional Networks (RGCNSs) or
other graph feature extraction methods like Weisfeiler-Lehman (WL) graph kernels. Future
work should establish whether the deficiencies of RGAT compared to RGCN on relational
transductive tasks is a general property of the model, or specific to the tasks we have
investigated.

A Tox21 RESULTS

For completeness, we present the training, validation and test set performance of our models

in addition to those in ( ) in Table 3.

Model Training Validation Test

Multitask 0.884 £0.001  0.795+0.017  0.803 £ 0.012
Bypass 0.938 £0.001  0.800 +0.008  0.810 £ 0.013
Weave 0.875+0.004 0.828+0.008  0.820 £ 0.010
R-GCN 0.905 £ 0.004 0.825+0.013  0.829 £ 0.006
C-WIRGAT 0.897+£0.022 0.8424+0.04  0.829 £0.010
WIRGAT 0.902+0.02  0.845+0.005 0.835 =+ 0.006
C-ARGAT 0.884 £0.01  0.848 £0.003  0.832 =+ 0.009
ARGAT 0.896 +0.02 0.851+0.004 0.835 =+ 0.006

Table 3: Graph classification mean Area Under the Curve (AUC) across all 12 tasks (mean
and standard deviation over 3 splits) for Multitask ( , ), Bypass (

, ), Weave ( , ), RGCN ( , ), WIRGAT and
ARGAT (this work). Training, validation and test performance is reported on the splits
provided in ( .

B HYPERPARAMETERS

We perform hyperparameter optimisation using hyperopt (
space specified in Table 4

) over the
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Hyperparameter Distributions

Units (graph) MultiplesOfFour(4, 20)1, MultiplesOfEight(32, 128)*
Units (dense) MultiplesOfEight (32, 128)*

Heads OneOf(1,2,4)T, OneOf(1,2,4,8)*
Feature dropout Uniform(0.0, 0.8)

Edge dropout Uniform(0.0, 0.8)

W basis size OneOf(Full, 5, 10 20 30)7, Fullf
W L2 coef (1) LogUniform(10~6 )

W L2 coef (2) LogUniform(10~ 6 10 b

a basis size OneOf(Full, 5, 10, 20 30)*, Full’
a L2 coef (1) LogUniform( 10 b

a L2 coef (2) LogUniform(10~ ¢ 10 b

Learning rate LogUniform(10~ 5 ,107h)

Use bias OneOf(Yes, No)

Use batch normalisation  OneOf(Yes, No)

Table 4: Hyperparameter search space for the transductive and inductive relational tasks.
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