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ABSTRACT
Subgraph-based graph representation learning (SGRL) has recently
emerged as a powerful tool in many prediction tasks on graphs
due to its advantages in model expressiveness and generalization
ability. Most previous SGRL models face computational issues asso-
ciated with the high cost of extracting subgraphs for each training
or testing query. Recently, SUREL has been proposed as a new
framework to accelerate SGRL, which samples random walks of-
�ine and joins these walks as subgraphs online for prediction. Due
to the reusability of sampled walks across di�erent queries, SUREL
achieves state-of-the-art performance in both scalability and pre-
diction accuracy. However, SUREL still su�ers from high computa-
tional overhead caused by node redundancy in sampled walks. In
this work, we propose a novel framework SUREL+ that upgrades
SUREL by using node sets instead of walks to represent subgraphs.
This set-based representation avoids node duplication by de�nition,
but the sizes of node sets can be irregular. To address this issue, we
design a dedicated sparse data structure to e�ciently store and fast
index node sets, and provide a specialized operator to join them
in parallel batches. SUREL+ is modularized to support multiple
types of set samplers, structural features, and neural encoders to
complement the loss of structural information due to the reduction
from walks to sets. Extensive experiments have been performed
to validate SUREL+ in the prediction tasks of links, relation types,
and higher-order patterns. SUREL+ achieves 3-11⇥ speedups of
SUREL while maintaining comparable or even better prediction
performance; compared to other SGRL baselines, SUREL+ achieves
⇠20⇥ speedups and signi�cantly improves the prediction accuracy.
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1 INTRODUCTION
Graphs are widely used to model interactions in natural sciences
and relationships in social life [20, 24]. Graph-structured data in
the real world are highly irregular and often large-scale. To solve
inference tasks on graphs, graph representation learning (GRL) that
studies quantitative representations of graph-structured data has
attracted much attention [15, 16, 49]. Recently, subgraph-based GRL
(SGRL) has become an important research direction for researchers
studying GRL algorithms and systems, as it has achieved far better
prediction performance than other approaches in many GRL tasks,
especially those involving a set of nodes. Given a set of nodes of
interest, namely a queried node-set, SGRL models such as SEAL
[54, 57], GraIL [41], and SubGNN [1] �rst extract a subgraph around
the queried node-set (termed query-induced subgraph), and then
encode the extracted subgraph for prediction. Extensive works have
shown that SGRL models are more robust [52] and more expressive
[5, 12]; while canonical graph neural networks (GNNs) including
GCN [23] and GraphSAGE [14] generally fail to make accurate
predictions, due to their limited expressive power [9, 13, 57], in-
capability of capturing intra-node distance information [28, 39],
and improper entanglement between receptive �eld size and model
depth [18, 51, 52]. An example in Fig. 1 illustrates how SGRL works
for link prediction and demonstrates its advantages over canonical
GNNs that generate and aggregate node representations to pre-
dict links. Here, canonical GNNs would map nodes in structural
symmetry into the same representation and cause the ambiguity
issue [50, 57]. So far, the advantages of SGRL methods have been
proved in many applications, such as link and relation prediction
[41, 54, 57], higher-order pattern prediction [30, 33], temporal net-
work modeling [48], recommender systems [55], anomaly detec-
tion [1, 6], graph meta-learning [18], subgraph matching [29, 31],
and molecular/protein research in life sciences [38, 47].

Albeit with multiple bene�ts of its algorithm, current SGRL
models face two major computational challenges that hinder their
deployment in practice: (1) Query Dependency. A subgraph must
be extracted for each queried node-set, which is not reusable across
di�erent queries and cannot be preprocessed if the query is un-
known; (2) Irregularity. The extracted subgraphs are irregularly
sized, resulting in performance degradation in batch processing
and load balancing. As shown in Fig. 3 (a), subgraph extraction in
SEAL [54, 56] is extremely slow and expensive. This has inspired
recent work on dedicated hardware acceleration for subgraph ex-
traction [11, 36]. However, how to improve the scalability and
e�ciency of SGRL methods remains largely undeveloped.

SUREL [51] is the state-of-the-art (SOTA) framework that applies
algorithm and system co-design to implement SGRL. It employs
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Gy = Gz

Figure 1: GNNs cannot correctly
predict whether G is more likely
linked with ~ or I, because ~ and I
have the same node representations.
However, representations based on
one-hop neighbors are more expres-
sive to tell the two node pairs apart.
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Figure 2: Overview of SUREL+: Side-by-Side Comparison with Previous SGRL Methods via an Exam-
ple for Link Prediction. SUREL+ samples node sets while SEAL [54, 57] extracts thewhole subgraph for
each query and SUREL [51] samples walks. To serve node set-based representations, SUREL+ designs
a new algorithmwith dedicated system support. SUREL+ provides various types of set samplers, struc-
ture encoders, and set neural encoders to complement the loss of structural information by reducing
subgraphs to node sets. SUREL+ also builds on a customized sparse data structure SpG to store sampled
node sets for fast access, and supports online set joins in parallel via sparse arithmetic operator SpJoin.
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Figure 3: (a) Subgraph extraction in SEAL [54, 57] has much higher
complexity compared to other samplers with simpli�ed forms and
su�ers from the irregularity of subgraphs and “neighborhood ex-
plosion” [8, 52]. (b) Breaking subgraphs into reusable walks reduces
complexity but also faces the issue of heavy node duplicates.

reusable node-level sampled walks to represent query-speci�c sub-
graphs. Speci�cally, SUREL regards each node in the graph as a
seed and runs a group of random walks from the seed o�ine. Given
a queried node set, SUREL online joins and encodes the sampled
walks for all nodes in the query for prediction. The joint walks here
essentially act as a proxy of the subgraph for the queried node set.
To compensate for the loss of structural information in subgraphs
represented by walks, one type of structural feature, termed rel-
ative position encoding (RPE), is adopted to locate each node in
the subgraph. RPEs are pre-computed o�ine and then attached to
walks before feeding into neural networks to make predictions. In
SUREL, sampled walks from one seed can be reused across multi-
ple queries whenever that node is involved. SUREL signi�cantly
improves the scalability of SGRL by this walk-sharing mechanism
and bene�ts from the regularity of walks, which enables highly
parallel walk sampling and online joining through dedicated system
design. However, SUREL still faces many inherent drawbacks of
adopted walk-based representations, i.e., high node duplication rate
in sampled walks (over 55%, see Fig. 3 (b)). This further raises the
following computational issues: (1) extra space cost of hosting
walks in memory, (2) high workload of data transfer from CPU to
GPU, and (3) extra time consumption of redundant operations
in joining walks and NN-based encoding in subsequent routines.

In this work, we upgrade SUREL and develop a novel framework
SUREL+ that bene�ts from algorithm-system co-design once more.
The key idea of SUREL+ is simple: it evolves from using walks to

using node sets to represent subgraphs, thereby obviating node
duplication. However, this new node set-based idea brings many
di�culties in algorithm and system design. Regarding the algo-
rithm side, reducing from whole subgraphs to walks and further
to node sets studied in this work loses a considerable amount of
structural information. Consequently, developing an algorithm that
can compensate for such loss while maintaining performance is a
key challenge for algorithm design. On the system side, the use of
walks in SUREL [51] allows for easy storage and processing in a
regular, aligned format by controlling the length and the number
of walk sampling. In contrast, node sets present irregular sizes,
making the e�cient storage and access of these sets a daunting
task for system design. Particularly, how to coordinate the designs
of both sides constitutes the main challenge of this work.

SUREL+ addresses the above challenges throughout its whole
pipeline. During preprocessing, SUREL+ o�ine extracts a subset
of unique nodes from the neighborhood of each node in the graph
by sampling. To compensate for the loss of structural information,
SUREL+ incorporates various types of set samplers and structure
encoders to construct structural features for each sampled node.
Speci�cally, set samplers leverage di�erent graph metrics to mea-
sure node importance and determine sampling rules. Structure
encoders utilize landing probabilities of random walks [27], short-
est path distances, and personalized PageRank scores [19], which
broadly covers the structural features adopted by previous SGRL
methods [28, 41, 47, 51, 54, 57]. Furthermore, SUREL+ designs a
dedicated sparse data structure, namely SpG, which stores sampled
node sets in a memory-e�cient manner and allow fast access. Dur-
ing training and inference, SUREL+ online joins all the sampled
node sets and their associated structural features belonging to seed
nodes in a given query to represent the query-induced subgraph
and make predictions. SUREL+ also provides a specialized opera-
tor SpJoin that improves join operations on node sets in parallel
batches with provably fast speed. In addition, to capture di�erent
levels of interactions between structural features, SUREL+ supports
multiple set neural encoders, such as multi-linear perception + mean
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pooling, set attention [42] and LSTM [14] that ensure consistently
good performance across di�erent types of SGRL tasks.

Overall, our contributions can be summarized as follows:
• Algorithm: SUREL+ is a novel SGRL framework (open source),
that utilizes reusable node sets and associates them with various
types of structural features to represent query-induced subgraphs
through their online joining. Adopting sets in SUREL+ greatly
savesmemory and computation but without degrading prediction
performance compared with the SOTA baselines.

• System: SUREL+ designs a dedicated sparse data structure SpG
and an arithmetic operator SpJoin to support e�cient storage
and processing of node sets, which achieves much better e�-
ciency and scalability than previous SGRL methods.

• We conduct extensive experiments on 7 real-world graphs, with
millions of nodes/edges, and demonstrate the advantages of
SUREL+ in link/relation-type/motif prediction tasks. SUREL+
is 3-11⇥ faster than the current SOTA SGRL method SUREL
while maintaining comparable or even better prediction accuracy.
SUREL+ also achieves ⇠20⇥ speedup with substantial prediction
accuracy improvements over other SGRL baselines.

2 PRELIMINARIES
2.1 Notations and Relevant De�nitions
LetG(V, E,- ) be an attributed graphwith node setV = {1, 2, ...,=}
and edge set E, where - 2 R=⇥3 denotes node attributes with 3-
dimension. A query & ⇢ V is a node set of interest for a certain
type of task. We denote the subgraph induced by query & as G&
and the node-induced subgraph as GD , where induced subgraphs
are typically within a small number of hops.

De�nition 2.1 (Subgraph-based Graph Representation Learning
(SGRL)). Given a query& of node set over graph G, SGRL aims to
learn a representation of the query-induced subgraph G& to make
prediction 5 (G& ). (·) is usually a neural network. SGRL tasks come
with some labeled queries {(&8 ,~8 )}!8=1 for supervision and other
unlabeled queries {&8 }!+#8=!+1 for inference.

Examples of SGRL Tasks Link prediction seeks to estimate
the likelihood of a link between two endpoints in a given graph,
where a query & corresponds to a node pair. It can be further
generalized to predict links with types over heterogeneous graphs
[41] or to predict vascular access [34] and chemical bond [20] for
domain-speci�c graphs. Tasks beyond pairwise relations are named
higher-order pattern prediction, where a query& consists of three or
more nodes. In this work, we consider that given partially observed
pairwise relations among queried nodes in & , whether these nodes
will establish certain full higher-order relation of interest [30, 40].

Review of Current SGRL Pipelines The SGRL framework
has three main parts, as shown in the Algorithm Design section
in Fig. 2: preparation of subgraphs, construction of structural fea-
tures, and neural encoding to obtain embeddings. Both subgraph
extraction and structural feature depend on queries, so these two
steps are often coupled with queries in classical SGRL models, e.g.,
SEAL [54, 57]. However, such coupling is expensive and makes
the underlying computation impossible to share between queries,
which motivates recent SGRL methods to decouple them. SUREL
[51] replaces explicit subgraph extraction with the online joining

of multiple node-level walks that can be pre-sampled o�ine. In
addition, relative position encoding de�ned on sampled walks is
used as structural features. These sampled walks and associated
structural features can be shared and reused to assemble subgraphs
for multiple queries, which improves the reusability and model scal-
ability. Neural networks are then applied to encode and aggregate
these walks for prediction.

2.2 Related Works
Scalable GNN Design. GNNs are currently the most widely used
tool for GRL, though they su�er from some issues when applied
directly as SGRL models. To enhance the scalability of GNNs, cur-
rent studies mainly focus on improving graph subsampling and
mini-batch training techniques[10, 53]. But the graph subsampling
used in GNNs di�ers fundamentally from the subgraph extraction
step in SGRL: the former aims to tackle the GPU memory over�ow
issue during full-batch training; the latter is a key part of SGRL
algorithm used to sample subgraphs around queried node sets of
interest as features to make predictions over. With di�erent goals,
scaling techniques for GNNs are not applicable to SGRL models.
Several distributed GNN systems have been purposed to deal with
industrial-level graphs by reducing communication and synchro-
nization costs through specialized system design such as pipelining
[45], partitioned parallelism [44] and update with staleness [35].
Unfortunately, these methods are not directly applicable to address
the challenges faced by SGRL methods, such as subgraph extraction.
Scalable SGRL Design. E�cient subgraph extraction is the main
direction of recent system works to scale SGRL models. These
techniques include PPR-based [4, 52] and random walk-based [51]
subgraph samplers, node neighborhood sampling through CUDA
kernel (DGL, [11]), tensor operations (PyG, [36]), and performance-
engineered sampler (SALIENT, [21]), as well as parallel sampling
for temporal graphs [58]. Some frameworks also customize data
structures to better support subgraph operations and gain higher
throughput, such as associative arrays in SUREL [51], temporal-CSR
in TGL [58] and GPU-orientated dictionary in NAT [32]. To achieve
scalable modeling design, ShaDow [52] restricts receptive �elds
to localized subgraphs and thus decouples the depth and scope of
GNNs. GDGNN [25] employs node representations along geodesic
paths for predictions to avoid complex structural feature construc-
tion. BUDDY [7] uses subgraph sketches for link prediction without
explicitly constructing query-induced subgraphs. However, these
works partially address SGRL’s scalability issues (bottleneck of ex-
traction, storage, or feature construction) or are limited to speci�c
tasks e.g. link prediction. In contrast, SUREL+ provides a general
subgraph-based framework through comprehensive co-design in
scalable sampling, e�cient storage, and expressive modeling.

3 THE FRAMEWORK OF SUREL+
This section introduces SUREL+, whose key concept is to pre-
sample node sets o�ine from the neighborhoods of nodes in the
graph, which can be joined online as a proxy for query-induced sub-
graphs. This approach allows the reuse of sampled node sets across
di�erent queries, and its set-based representation also resolvesmem-
ory and computation issues caused by node duplication in existing
walk-based representations as SUREL [51] adopted. SUREL+ has a
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modular design, supports di�erent set samplers, structure encoders
to construct various structural features, and multiple set neural en-
coders, which can be �exibly selected to compensate for the loss of
structural information after sampling. SUREL+ also designs a dedi-
cated sparse data structure SpG and an arithmetic operator SpJoin
for e�cient storage and online batch-wise set joins. Fig. 2 provides
a comparison between SUREL+ and current SGRL methods. The
following subsections provide further details on these modules.

3.1 Set Samplers and Structure Encoders
SUREL+ uses set samplers to sample a set of nodes from the neigh-
borhood of each node in the graph and calls structure encoders to
construct structural features. Both of these operations are executed
o�ine. The former is primarily for computational bene�ts, while
the latter is performed to o�set the loss of structural information
due to the reduction from subgraphs (adopted by SEAL [54, 57])
or walks (adopted by SUREL [51]) to sets. Conceptually, SUREL+
represents the node-induced subgraph GD via a combination of (a)
a unique node set SD comprising sampled nodes from the neigh-
borhood of node D and (b) the associated structural features ZD
that re�ects the position in GD of each sampled node in SD .

Set Samplers Two types of set samplers are adopted. The �rst
type named Walk-based Sampler is to sample short-step random
walks and eliminate duplicate nodes during sampling. The second
type namedMetric-based Sampler is based onmore principled graph
metrics that measure the proximity between nodes and the seed
node, such as personalized PageRank (PPR) scores [19] or short
path distances. Speci�cally, the walk-based sampler runs"-many
<-step random walks, starting from each seed node D in parallel
on the graph G, and then puts only unique nodes on these walks
into the set SD . The metric-based sampler, taking PPR-based [4]
as an example, �rst runs the push-�ow algorithm [2] to obtain an
approximation of the PPR vector for each seed node D, and then
selects the top-K nodes with the highest PPR scores into the set SD .
Mathematically, PPR scores are convergent landing probabilities of
seeded random walks that reach in�nite steps. Therefore, the two
samplers complement each other by leveraging either more local
or global structures of the graph. We use hyper-parameters" ,<
to control random walks, and  to control metric-based sampler,
which are all set as some constants in practice. The complexity of
the above o�ine sampling procedures is $ ( |V|).

Structure Encoders The structure encoder is to construct struc-
tural featuresZD,G 2 R: for each node G in the sampled node set
SD . These features are provably crucial for inference tasks involv-
ing multiple nodes [57], and can be conceptually understood as
de�ning the position of node G in relation to the anchor node D
within its neighborhood. One possible choice is landing probabili-
ties (LPs) of random walk [27, 28, 51]: each element ZD,G [8] stores
the counts of node G landed at step 8 of all walks sampled by the
walk-based sampler starting at D divided by the total number of
walks. By de�nition, landing probabilities can be obtained along
with the walk sampling procedure. Another option is the shortest
path distance (SPD) between G and D [28, 54, 57]. PPR scores [19]
are also useful structural features and can be computed during the
metric-based sampler runs. Later, we denote the group of structural
features for all nodes in SD asZD = {ZD,G |G 2 SD }.
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[3, 0, 0] <latexit sha1_base64="TKsJBOWo2DEu5CzKM3tc/GD1dTM=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KUoh4LXjxWMK3QhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20O2jqwMMy8Yd+bMJXCoOt+O6WNza3tnfJuZW//4PCoenzSMUmmGfdZIhP9GFLDpVDcR4GSP6aa0ziUvBtObud+94lrIxL1gNOUBzEdKREJRtFKfn+YoBlUa27dXYCsE68gNSjQHlS/bI5lMVfIJDWm57kpBjnVKJjks0o/MzylbEJHvGepojE3Qb5YdkYurDIkUaLtU0gW6u9ETmNjpnFoJ2OKY7PqzcX/vF6G0U2QC5VmyBVbfhRlkmBC5peTodCcoZxaQpkWdlfCxlRThrafii3BWz15nXQade+q3rxv1lqNoo4ynME5XIIH19CCO2iDDwwEPMMrvDnKeXHenY/laMkpMqfwB87nD++Gjrs=</latexit>. . .

<latexit sha1_base64="TKsJBOWo2DEu5CzKM3tc/GD1dTM=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KUoh4LXjxWMK3QhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20O2jqwMMy8Yd+bMJXCoOt+O6WNza3tnfJuZW//4PCoenzSMUmmGfdZIhP9GFLDpVDcR4GSP6aa0ziUvBtObud+94lrIxL1gNOUBzEdKREJRtFKfn+YoBlUa27dXYCsE68gNSjQHlS/bI5lMVfIJDWm57kpBjnVKJjks0o/MzylbEJHvGepojE3Qb5YdkYurDIkUaLtU0gW6u9ETmNjpnFoJ2OKY7PqzcX/vF6G0U2QC5VmyBVbfhRlkmBC5peTodCcoZxaQpkWdlfCxlRThrafii3BWz15nXQade+q3rxv1lqNoo4ynME5XIIH19CCO2iDDwwEPMMrvDnKeXHenY/laMkpMqfwB87nD++Gjrs=</latexit>. . .

<latexit sha1_base64="TKsJBOWo2DEu5CzKM3tc/GD1dTM=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KUoh4LXjxWMK3QhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20O2jqwMMy8Yd+bMJXCoOt+O6WNza3tnfJuZW//4PCoenzSMUmmGfdZIhP9GFLDpVDcR4GSP6aa0ziUvBtObud+94lrIxL1gNOUBzEdKREJRtFKfn+YoBlUa27dXYCsE68gNSjQHlS/bI5lMVfIJDWm57kpBjnVKJjks0o/MzylbEJHvGepojE3Qb5YdkYurDIkUaLtU0gW6u9ETmNjpnFoJ2OKY7PqzcX/vF6G0U2QC5VmyBVbfhRlkmBC5peTodCcoZxaQpkWdlfCxlRThrafii3BWz15nXQade+q3rxv1lqNoo4ynME5XIIH19CCO2iDDwwEPMMrvDnKeXHenY/laMkpMqfwB87nD++Gjrs=</latexit>. . .<latexit sha1_base64="TKsJBOWo2DEu5CzKM3tc/GD1dTM=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KUoh4LXjxWMK3QhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20O2jqwMMy8Yd+bMJXCoOt+O6WNza3tnfJuZW//4PCoenzSMUmmGfdZIhP9GFLDpVDcR4GSP6aa0ziUvBtObud+94lrIxL1gNOUBzEdKREJRtFKfn+YoBlUa27dXYCsE68gNSjQHlS/bI5lMVfIJDWm57kpBjnVKJjks0o/MzylbEJHvGepojE3Qb5YdkYurDIkUaLtU0gW6u9ETmNjpnFoJ2OKY7PqzcX/vF6G0U2QC5VmyBVbfhRlkmBC5peTodCcoZxaQpkWdlfCxlRThrafii3BWz15nXQade+q3rxv1lqNoo4ynME5XIIH19CCO2iDDwwEPMMrvDnKeXHenY/laMkpMqfwB87nD++Gjrs=</latexit>. . .

<latexit sha1_base64="TKsJBOWo2DEu5CzKM3tc/GD1dTM=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KUoh4LXjxWMK3QhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20O2jqwMMy8Yd+bMJXCoOt+O6WNza3tnfJuZW//4PCoenzSMUmmGfdZIhP9GFLDpVDcR4GSP6aa0ziUvBtObud+94lrIxL1gNOUBzEdKREJRtFKfn+YoBlUa27dXYCsE68gNSjQHlS/bI5lMVfIJDWm57kpBjnVKJjks0o/MzylbEJHvGepojE3Qb5YdkYurDIkUaLtU0gW6u9ETmNjpnFoJ2OKY7PqzcX/vF6G0U2QC5VmyBVbfhRlkmBC5peTodCcoZxaQpkWdlfCxlRThrafii3BWz15nXQade+q3rxv1lqNoo4ynME5XIIH19CCO2iDDwwEPMMrvDnKeXHenY/laMkpMqfwB87nD++Gjrs=</latexit>. . .

<latexit sha1_base64="TKsJBOWo2DEu5CzKM3tc/GD1dTM=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KUoh4LXjxWMK3QhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20O2jqwMMy8Yd+bMJXCoOt+O6WNza3tnfJuZW//4PCoenzSMUmmGfdZIhP9GFLDpVDcR4GSP6aa0ziUvBtObud+94lrIxL1gNOUBzEdKREJRtFKfn+YoBlUa27dXYCsE68gNSjQHlS/bI5lMVfIJDWm57kpBjnVKJjks0o/MzylbEJHvGepojE3Qb5YdkYurDIkUaLtU0gW6u9ETmNjpnFoJ2OKY7PqzcX/vF6G0U2QC5VmyBVbfhRlkmBC5peTodCcoZxaQpkWdlfCxlRThrafii3BWz15nXQade+q3rxv1lqNoo4ynME5XIIH19CCO2iDDwwEPMMrvDnKeXHenY/laMkpMqfwB87nD++Gjrs=</latexit>. . .<latexit sha1_base64="Qs6n4RwB+CFBK1oj4Hdm9LR2mqk=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4Kkkp6rHgxWML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkbu53nlBpHssHM03Qj+hI8pAzaqzUdAelsltxFyDrxMtJGXI0BqWv/jBmaYTSMEG17nluYvyMKsOZwFmxn2pMKJvQEfYslTRC7WeLQ2fk0ipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDWz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m6INwVt9eZ20qxXvulJr1sr1ah5HAc7hAq7Agxuowz00oAUMEJ7hFd6cR+fFeXc+lq0bTj5zBn/gfP4AdzeMrQ==</latexit>

0
<latexit sha1_base64="pZVftJAb8scZJUH5cRivyOrxM3o=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BIsgCCUpRT0WvHisYD+gCWWzmbRLN5uwuxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzgpQzpR3n2yptbG5t75R3K3v7B4dH1eOTrkoySbFDE57IfkAUciawo5nm2E8lkjjg2Asmd3O/94RSsUQ86mmKfkxGgkWMEm0kzwuRazLMxZU7G1ZrTt1ZwF4nbkFqUKA9rH55YUKzGIWmnCg1cJ1U+zmRmlGOs4qXKUwJnZARDgwVJEbl54ubZ/aFUUI7SqQpoe2F+nsiJ7FS0zgwnTHRY7XqzcX/vEGmo1s/ZyLNNAq6XBRl3NaJPQ/ADplEqvnUEEIlM7fadEwkodrEVDEhuKsvr5Nuo+5e15sPzVqrUcRRhjM4h0tw4QZacA9t6ACFFJ7hFd6szHqx3q2PZWvJKmZO4Q+szx+7mJFy</latexit>

�n+1

<latexit sha1_base64="UTTW8TwmJMvMM1ae8fIjYtRUlgU=">AAAB5HicbVBNS8NAEJ3Urxq/qlcvi0XwVJJS1GPBi8cK9gPaUDbbSbt2swm7G6GE/gIvHhSv/iZv/hu3bQ7a+mDg8d4MM/PCVHBtPO/bKW1t7+zulffdg8Oj45OKe9rRSaYYtlkiEtULqUbBJbYNNwJ7qUIahwK74fRu4XefUWmeyEczSzGI6VjyiDNqrPTQGFaqXs1bgmwSvyBVKNAaVr4Go4RlMUrDBNW673upCXKqDGcC5+4g05hSNqVj7FsqaYw6yJeHzsmlVUYkSpQtachS/T2R01jrWRzazpiaiV73FuJ/Xj8z0W2Qc5lmBiVbLYoyQUxCFl+TEVfIjJhZQpni9lbCJlRRZmw2rg3BX395k3TqNf+61qg260UYZTiHC7gCH26gCffQgjYwQHiBN3h3npxX52PVWHKKiTP4A+fzBxLti4c=</latexit>

4

<latexit sha1_base64="/O1naij1nKurRkivzO7VVgMfYqc=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY8FLx4r2A9oQ9lsNu3azSbsToRS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8IJXCoOt+O4WNza3tneJuaW//4PCofHzSNkmmGW+xRCa6G1DDpVC8hQIl76aa0ziQvBOMb+d+54lrIxL1gJOU+zEdKhEJRtFK7X7IJdJBueJW3QXIOvFyUoEczUH5qx8mLIu5QiapMT3PTdGfUo2CST4r9TPDU8rGdMh7lioac+NPF9fOyIVVQhIl2pZCslB/T0xpbMwkDmxnTHFkVr25+J/XyzC68adCpRlyxZaLokwSTMj8dRIKzRnKiSWUaWFvJWxENWVoAyrZELzVl9dJu1b1rqr1+3qlUcvjKMIZnMMleHANDbiDJrSAwSM8wyu8OYnz4rw7H8vWgpPPnMIfOJ8/j6qPFQ==</latexit>

�

<latexit sha1_base64="ZTWl+TRA+3dt5STjLwjRKQISDe4=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyGoB4DevCYgHlAsoTZSW8yZnZ2mZkVQsgXePGgiFc/yZt/4yTZgyYWNBRV3XR3BYng2rjut5Pb2Nza3snvFvb2Dw6PiscnLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2Mb+d++wmV5rF8MJME/YgOJQ85o8ZKjbt+seSW3QXIOvEyUoIM9X7xqzeIWRqhNExQrbuemxh/SpXhTOCs0Es1JpSN6RC7lkoaofani0Nn5MIqAxLGypY0ZKH+npjSSOtJFNjOiJqRXvXm4n9eNzXhjT/lMkkNSrZcFKaCmJjMvyYDrpAZMbGEMsXtrYSNqKLM2GwKNgRv9eV10qqUvatytVEt1SpZHHk4g3O4BA+uoQb3UIcmMEB4hld4cx6dF+fd+Vi25pxs5hT+wPn8AZWHjME=</latexit>

D

a

v

c e

u
<latexit sha1_base64="Ml+ZlczZd3N8OPIUSRJ5RFH3XRs=">AAACAnicbVBNS8NAEN34WetX1JN4CVbBU0mkqMeCFy9CBfuBTQib7aZdutmE3YlYQvDiX/HiQRGv/gpv/hs3bQ/a+mDg8d4MM/OChDMFtv1tLCwuLa+sltbK6xubW9vmzm5LxakktEliHstOgBXlTNAmMOC0k0iKo4DTdjC8LPz2PZWKxeIWRgn1ItwXLGQEg5Z8c9+NMAwI5tld7mcu0AfIrplSee6bFbtqj2HNE2dKKmiKhm9+ub2YpBEVQDhWquvYCXgZlsAIp3nZTRVNMBniPu1qKnBElZeNX8itY630rDCWugRYY/X3RIYjpUZRoDuLg9WsV4j/ed0UwgsvYyJJgQoyWRSm3ILYKvKwekxSAnykCSaS6VstMsASE9CplXUIzuzL86R1WnXOqrWbWqV+NI2jhA7QITpBDjpHdXSFGqiJCHpEz+gVvRlPxovxbnxMWheM6cwe+gPj8wegB5gk</latexit>

ZMiss

<latexit sha1_base64="Gz6v//K4FSmaPIbHkZwPcu8dhYg=">AAAB9HicbVBNS8NAEJ34WetX1aOXYBE8laQU9VhQxGNF+wFtKJvtpl262cTdSbGE/A4vHhTx6o/x5r9x+3HQ1gcDj/dmmJnnx4JrdJxva2V1bX1jM7eV397Z3dsvHBw2dJQoyuo0EpFq+UQzwSWrI0fBWrFiJPQFa/rDq4nfHDGleSQfcBwzLyR9yQNOCRrJu+6mHWRPmN7fZFm3UHRKzhT2MnHnpAhz1LqFr04voknIJFJBtG67ToxeShRyKliW7ySaxYQOSZ+1DZUkZNpLp0dn9qlRenYQKVMS7an6eyIlodbj0DedIcGBXvQm4n9eO8Hg0ku5jBNkks4WBYmwMbInCdg9rhhFMTaEUMXNrTYdEEUompzyJgR38eVl0iiX3PNS5a5SrJbnceTgGE7gDFy4gCrcQg3qQOERnuEV3qyR9WK9Wx+z1hVrPnMEf2B9/gARqZJC</latexit>

DSF

<latexit sha1_base64="SLzAJYJLRKrlI2YvaH7SMJOjsUw=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG5cV7QPaoWTS2zY0kxmTTKEM/Q43LhRx68e482/MtLPQ1gOBwzn3ck9OEAuujet+O4W19Y3NreJ2aWd3b/+gfHjU1FGiGDZYJCLVDqhGwSU2DDcC27FCGgYCW8H4NvNbE1SaR/LRTGP0QzqUfMAZNVbyuyE1I0ZF+jDrJb1yxa26c5BV4uWkAjnqvfJXtx+xJERpmKBadzw3Nn5KleFM4KzUTTTGlI3pEDuWShqi9tN56Bk5s0qfDCJlnzRkrv7eSGmo9TQM7GQWUi97mfif10nM4MZPuYwTg5ItDg0SQUxEsgZInytkRkwtoUxxm5WwEVWUGdtTyZbgLX95lTQvqt5V9fL+slJz8zqKcAKncA4eXEMN7qAODWDwBM/wCm/OxHlx3p2PxWjByXeO4Q+czx8d7ZJI</latexit>

Su

subgraph
<latexit sha1_base64="O4dxOTTP1SgpOqNWeZDSVACMxog=">AAAB/HicbVDLSsNAFJ3UV62vaJdugkVwVRIRdVlwocsK9gFNCDfTSTt0MgkzEyGE+CtuXCji1g9x5984abPQ1gMDh3Pu5Z45QcKoVLb9bdTW1jc2t+rbjZ3dvf0D8/CoL+NUYNLDMYvFMABJGOWkp6hiZJgIAlHAyCCY3ZT+4JEISWP+oLKEeBFMOA0pBqUl32y6EagpBpa7U1D5bVH4qW+27LY9h7VKnIq0UIWub3654xinEeEKM5By5NiJ8nIQimJGioabSpIAnsGEjDTlEBHp5fPwhXWqlbEVxkI/rqy5+nsjh0jKLAr0ZBlVLnul+J83SlV47eWUJ6kiHC8OhSmzVGyVTVhjKghWLNMEsKA6q4WnIAAr3VdDl+Asf3mV9M/bzmX74v6i1bGrOuroGJ2gM+SgK9RBd6iLegijDD2jV/RmPBkvxrvxsRitGdVOE/2B8fkDbAWVOg==</latexit>

Ĝu

<latexit sha1_base64="SbJ76jeInR7ON2th4Q+Q8uv/7ew=">AAACDXicbVDLSsNAFL2pr1pfUZduBlvBRSmJFHVZcOOygn1gG8JkOm2HTh7MTAol5Afc+CtuXCji1r07/8ZJm4W2HrhwOOde7r3HiziTyrK+jcLa+sbmVnG7tLO7t39gHh61ZRgLQlsk5KHoelhSzgLaUkxx2o0Exb7Haceb3GR+Z0qFZGFwr2YRdXw8CtiQEay05JqVvo/VmGCePKRuEldxWkVL0jR1zbJVs+ZAq8TOSRlyNF3zqz8ISezTQBGOpezZVqScBAvFCKdpqR9LGmEywSPa0zTAPpVOMv8mRWdaGaBhKHQFCs3V3xMJ9qWc+Z7uzA6Vy14m/uf1YjW8dhIWRLGiAVksGsYcqRBl0aABE5QoPtMEE8H0rYiMscBE6QBLOgR7+eVV0r6o2Ze1+l293KjkcRThBE7hHGy4ggbcQhNaQOARnuEV3own48V4Nz4WrQUjnzmGPzA+fwAZUZwh</latexit>

Zu,a, Zu,v

<latexit sha1_base64="6ega4HfYFPMyNgvLbteCf8ud4Uc=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyGoB4DXvSWgHlAsoTZSW8yZnZ2mZkVQsgXePGgiFc/yZt/4yTZgyYWNBRV3XR3BYng2rjut5Pb2Nza3snvFvb2Dw6PiscnLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2Mb+d++wmV5rF8MJME/YgOJQ85o8ZKjft+seSW3QXIOvEyUoIM9X7xqzeIWRqhNExQrbuemxh/SpXhTOCs0Es1JpSN6RC7lkoaofani0Nn5MIqAxLGypY0ZKH+npjSSOtJFNjOiJqRXvXm4n9eNzXhjT/lMkkNSrZcFKaCmJjMvyYDrpAZMbGEMsXtrYSNqKLM2GwKNgRv9eV10qqUvatytVEt1SpZHHk4g3O4BA+uoQZ3UIcmMEB4hld4cx6dF+fd+Vi25pxs5hT+wPn8AZ0bjMY=</latexit>

I <latexit sha1_base64="gMqDM02K31sN9iRxh23E7TRnJDg=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY8kXjxCIo8ENmR2aGBkdnYzM0tCNnyBFw8a49VP8ubfOMAeFKykk0pVd7q7glhwbVz328ltbe/s7uX3CweHR8cnxdOzlo4SxbDJIhGpTkA1Ci6xabgR2IkV0jAQ2A4m9wu/PUWleSQfzSxGP6QjyYecUWOlxrRfLLlldwmySbyMlCBDvV/86g0iloQoDRNU667nxsZPqTKcCZwXeonGmLIJHWHXUklD1H66PHROrqwyIMNI2ZKGLNXfEykNtZ6Fge0MqRnrdW8h/ud1EzO881Mu48SgZKtFw0QQE5HF12TAFTIjZpZQpri9lbAxVZQZm03BhuCtv7xJWpWyd1OuNqqlWiWLIw8XcAnX4MEt1OAB6tAEBgjP8ApvzpPz4rw7H6vWnJPNnMMfOJ8/4U+M8w==</latexit>v

<latexit sha1_base64="vE/iYxHLbdiJOoPF/qCGrkfIPuY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4Kkkp6rHgxWML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkbu53nlBpHssHM03Qj+hI8pAzaqzU9AalsltxFyDrxMtJGXI0BqWv/jBmaYTSMEG17nluYvyMKsOZwFmxn2pMKJvQEfYslTRC7WeLQ2fk0ipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDWz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m6INwVt9eZ20qxXvulJr1sr1ah5HAc7hAq7Agxuowz00oAUMEJ7hFd6cR+fFeXc+lq0bTj5zBn/gfP4AeLuMrg==</latexit>

1
<latexit sha1_base64="D63aOGGp/QltT+BNNBGTvxhbqfE=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaRqEcSLx4hkUcCGzI79MLI7OxmZtaEEL7AiweN8eonefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfju7nffkKleSwfzCRBP6JDyUPOqLFS46pfLLlldwGyTryMlCBDvV/86g1ilkYoDRNU667nJsafUmU4Ezgr9FKNCWVjOsSupZJGqP3p4tAZubDKgISxsiUNWai/J6Y00noSBbYzomakV725+J/XTU1460+5TFKDki0XhakgJibzr8mAK2RGTCyhTHF7K2EjqigzNpuCDcFbfXmdtCpl77pcbVRLtUoWRx7O4BwuwYMbqME91KEJDBCe4RXenEfnxXl3PpatOSebOYU/cD5/AHvDjLA=</latexit>

3
<latexit sha1_base64="8ChveHcb/5BrQ0oyJF6BwmkzLdU=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4Kkkp6rHgxWML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkbu53nlBpHssHM03Qj+hI8pAzaqzUrA5KZbfiLkDWiZeTMuRoDEpf/WHM0gilYYJq3fPcxPgZVYYzgbNiP9WYUDahI+xZKmmE2s8Wh87IpVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGtn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNkUbgrf68jppVyvedaXWrJXr1TyOApzDBVyBBzdQh3toQAsYIDzDK7w5j86L8+58LFs3nHzmDP7A+fwBej+Mrw==</latexit>

2

0 02
0 11

0 00
0 10

3 00
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Figure 4: Node set SD and its associated structural features ZD

stored in SpG. Here, ⇡SF keeps the counts of nodes landed at dif-
ferent steps in sampled walks, which can be normalized to landing
probabilities as structural features, and is shown as an example.

3.2 Set-based Storage - SpG
Node-set-based representations have advantages in terms of reusabil-
ity and elimination of duplicates. However, due to the uneven size
of sampled node sets, their storage and fast access pose great chal-
lenges. Note that these node sets need to be visited frequently
during subsequent online phases for prediction purposes. To over-
come these obstacles, SUREL+ devises a specialized compressed
sparse row format called SpG, which reorganizes the storage of node
sets and their structural features in a memory-e�cient manner. As
illustrated in Fig. 4, the node set SD and its structural featuresZD
are stored in a row of SpG, denoted as SpG[D, :]. Multiple node sets
and their respective structural features are consolidated into three
contiguous arrays:

• indptr X 2 Z=+1, an integer array tracks the starting index of
each stored node set (row). It records the cumulative sum of the
sizes of all node sets SD , 8D 2 V , i.e., XD+1 = XD + |SD |, where
|SD | represents the size of the node set SD . The total number of
nodes stored in SpG is X=+1;

• indices � 2 ZX=+1 , a coalesce array of all node sets SD , 8D 2 V .
The segment � [XD : XD+1] corresponds to indices of sampled
nodes of SD stored in sorted order. This ordering is useful for
accelerating the join operations discussed in Sec. 3.3.

• SFptr ⇡ 2 RX=+1 , an pointer array contains the indices of the
structural featuresZD stored in the array ⇡SF. ⇡SF is designed to
remove duplicated structural features by hashing and usually re-
sides in GPU memory. This secondary index can further improve
memory e�ciency, especially when using LPs/SPDs which likely
contain a large number of duplicates. It is not necessary when
using PPR scores as their values do not have many duplicates.

Regarding the cost of SpG, indptr array is of size |V| + 1, and
the size of both indices and SFptr arrays is X=+1. The compressed
encoding array ⇡SF has a size of 2 ⇤ : , where 2 is the number of
unique structural features stored and : denotes feature dimension.
The total complexity of this data structure is $ ( |V| + X=+1 + 2 ⇤ :).

Comparison with Other Methods Table 1 summarizes the
space complexity comparison. By adopting the walk-based sampler
(sampling"-many<-step walks), X=+1 is about one-�fth of<" |V|
used by SUREL, while the metric-based sampler (sampling top-K
PPR scores) results in X=+1 =  |V|. Both values are substantially
lower than $ (( |E |) used by SEAL, where ( is the average size
of sampled subgraphs. For hosting structural features, SUREL+
adopts the secondary index SFptr ⇡ and only retains the unique
structural features in⇡SF to further reduce memory footprint. Since
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Table 1: Space Complexity Comparison. Suppose using $ ( |E |)-
many queries and ( to denote the average size of sampled subgraphs
for SGRLs.3 and : are respective dimensions of node and structural
features."-many<-stepwalks are used for sampling in SUREL and
SUREL+ (with the walk-based sampler). 2 is the number of unique
:-dim structural features. X=+1 is the sum of the sizes of node sets.

Methods GNN [23] SEAL [54, 57] SUREL [51] SUREL+
Structure $ ( |V| + |E|) $ (( |E |) $ (<" |V|) $ (X=+1)
Feature $ (3 |V|) $ (:( |E |) $ (:<" |V|) $ (X=+1 + 2 ⇤ :)

2 is typically independent of |V| in practice, SUREL+ with SpG is
well-suited for handling large graphs.

3.3 Joining Node Sets via Sparse Operations
The goal of joining node sets is to construct a proxy for query-
induced subgraphs from presampled node sets to make predictions
for SGRL queries. For a given query & , we join relevant node sets
(D ,8D 2 & into S& =

–
D2& SD and their associated structural

featuresZD are joined to the query level. Conceptually, query-level
structural features Z& act as a proxy to locate the position (i.e.,
structural information) of node G 2 S& in the query-induced sub-
graph G& . Speci�cally, for a node G in S& , its query-level structural
features Z&,G are obtained by concatenating the node-level struc-
tural featuresZD,G for all D in & as

Z&,G = | |D2&ZD,G = [. . .ZD,G . . . ] 2 R |& |⇥: , (1)

where | | denotes concatenation. There will be someD 2 & such that
ZD,G does not exist as node G 8 (D , which is then set to all zeros.
For instance, in Fig. 5, node 1 is in SE but not SD , thusZD,1 is set
to zero.Z& is the collection ofZ&,G ,8G 2 S& . Together, S& and
Z& are substituted for the query-induced subgraph G& and later
used as input for the neural encoder and to make predictions.

The concatenation in Eq. (1) is equivalent to a full OUTER
JOIN operation commonly used in databases to merge tables. Here,
to obtain Z&,G , if the key G matches one of the node indices in
SD , 8D 2 & , then the associated structural featuresZD,G are joined.
However, naïvely iterating over all SD ,D 2 & to retrieve ZD,G
for each node G 2 S& is ine�cient, as its complexity can be
$ ( |& | ⇤ |S& |2) for one query & . This becomes even more chal-
lenging to perform these operations for a large number of queries
with sets SD , S& of varying sizes. To tackle this challenge, we de-
sign an e�cient sparse arithmetic operator SpJoin to perform joins
in parallel on the sparse data structure SpG. This operator reduces
the time complexity per query to$ ( |& | ⇤ |S& |) by taking advantage
of the fact that node indices of SD stored in SpG are unique and in
order. The following uses a query & = {D, E} for demonstration.

Sparse JoinOperatorThe operator SpJoin performs anOUTER
JOIN on the node sets SpG[D, :] and SpG[E, :] stored in SpG through

SpJoin(SpG[D, :], SpG[E, :]) =
SpAdd (mask, SpG[D, :]) �1 | | SpAdd (mask, SpG[E, :]) �1

where mask = bool(SpAdd(SpG[D, :], SpG[E, :])). As illustrated in
Fig. 5, SpJoin consists of three steps:
(1) The operator leverages sparse arithmetic operations of SciPy

[43], with SpAdd performing- �. to element-wise add the non-
zero elements in - and . , and the bool operator converting
SpG objects to binaries, which contain the node indices in the
union set S& and are stored in mask.
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Figure 5: An Illustration of Joining Structural Features from Node-
level to Query-level (Eq. (1)) via the SpJoin Operator on Node Sets
Stored in SpG Format. Note that SpG objects do not physically contain
0 as above shown in SpG[D, :] and SpG[E, :]. Only non-zero elements in
grey blocks are stored in SpG and performed arithmetic operations
by SpJoin. The half-grey blocks correspond to missing values.

(2) The SpAdd and reduction ‘-1’ are then applied to mask and each
SpG[D, :], D 2 & , which explicitly adds default missing values
(all zeros) of structural features ZD,G for all G if G 8 SD while
G 2 SE , for some E 2 &\{D}.

(3) When the secondary index SFptr ⇡ is used, the results of
SpJoin are the concatenated pointers of SFptr, which can be
used to obtain joined structural features Z& by indexing to
gather their values from the array ⇡SF.

Multithreading is adopted to exploit the single program multiple
data pattern in these sparse operations. Since the processing time of
each query linearly depends on |S& |, we further propose to divide
the queries of each training batch into groups with nearly balanced
sums of |S& |’s and have one thread process a group to overcome
potential delays caused by uneven workloads.

Comparison with SUREL [51] Despite using the same con-
catenation to formulate query-level structural features as Eq. (1),
SUREL’s overall memory consumption is much higher than set-
based SUREL+ due to the presence of many duplicated nodes in
walks. While the joining for both SUREL and SUREL+ involves
sparse operations and runs on the CPU, the memory saving of
SUREL+ signi�cantly reduces the workload of data transfer from
CPU to GPU. Moreover, SUREL+ requires fewer operations on the
GPU side to process transmittedZ& ’s. These advantages ultimately
give SUREL+ much better e�ciency and scalability.

3.4 Set Neural Encoders
After joining node sets for each query & , the resulting (S& ,Z& )
is utilized as a substitute for the query-induced subgraph G& and
then fed into neural encoders for prediction. Next, we introduce the
neural encoders supported by SUREL+. The mini-batched training
procedure with multiple & ’s is summarized in Algorithm 1.

The adopted neural encoders are simple. For each (S& ,Z& ),

⌘& = AGGR
�
{4=2 (Z&,G ) |G 2 S& }

�
2 R3 . (2)

Here, 4=2 (·) encodes query-level structural features Z&,G , where a
multi-linear perception (MLP) is used. Node attributes, if present,
can be appended to the structural features asZ&,D | |-D . AGGR, which
can be any neural encoders applied to sets (e.g. mean/sum/max pool-
ing, set transformers [26], etc.) is used to aggregate the encoded
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Algorithm 1: The Training Pipeline of SUREL+
Input: Given a graph G(V, E,- ), a group of queries

{(&,~& )} for training, batch size ⌫, a set SAMPLER, a
structure ENCODER, and a set AGGR

Output: A neural network for encoding subgraphs 4=2 (·)
1 Pre-processing: SAMPLER and ENCODER! (SD ,ZD ) for all

D 2 V; convert (SD ,ZD )’s to SpG objects.
2 for each mini-batch Q⌫ = {...,&, ...} do
3 Generate negative training queries (if not given) {&̄8 } by

random sampling and put them into Q⌫ ;
4 Perform sparse join operator SpJoin on SpG objects

{(SD ,ZD ) |D 2 &} for all queries & 2 Q⌫ in parallel;
5 Encode the joined proxies of subgraphs (S& ,Z& )

according to Eq. (2) where AGGR is speci�ed as the
input and get the readout ~̂& in parallel;

6 Backward propagation based on the loss L(~̂& ,~& ).
7 end

features. SUREL+ currently supports mean pooling, LSTM, and
attention to implement AGGR. Note that the LSTM will perform ran-
dom permutations of the elements in the set before encoding them
as a sequence. Attention will �rst compute soft attention scores for
elements based on the output of 4=2 (·) and then perform attention-
score-weighted average pooling. Sec. 4.4 empirically shows the
choice of AGGR has a non-trivial e�ect on prediction performance.
Lastly, a fully-connected layer that takes ⌘& as input is used to
make the �nal prediction ~̂D . In our experiments, all SGRL tasks can
be formulated as binary classi�cation, and Binary Cross Entropy is
used as the loss function L.

4 EVALUATION
In this section, we aim to evaluate the following questions:
• Regarding space and time complexity, how much improvement
can SUREL+ achieve by adopting sets instead of walks compared
to the SOTA SGRL framework SUREL?

• Can SUREL+ provide prediction performance comparable to all
baselines that use or do not use SGRL methods?

• How sensitive is SUREL+ to di�erent choices of set samplers,
structure encoders, and set neural encoders?

• How do sparse storage SpG and parallelism in SpJoin operator
bene�t the runtime and scaling performance of SUREL+?

4.1 Experiment Setup
Extensive experiments have been performed to evaluate SUREL+ us-
ing homogeneous, heterogeneous, and higher-order homogeneous
graphs on three types of tasks, namely, link prediction, relation type
prediction, and higher-order pattern prediction. A homogeneous
graph is a graph that does not include node/link types, while a het-
erogeneous graph includes various node/link types. Higher-order
graphs are hypergraphs in our setting that contain hyperedges
connecting two or more nodes.

Datasets Table 2 summarizes the statistics of the datasets used
to benchmark SGRL methods. Five datasets are selected from the
Open Graph Benchmark [17] for link and relation type prediction,
including social networks of citation - citation2 and collaboration

Table 2: Summary Statistics for Evaluation Datasets.

Dataset Type #Nodes #Edges Split(%)

citation2 Homo./Social. 2,927,963 30,561,187 98/1/1
collab Homo./Social. 235,868 1,285,465 92/4/4
ppa Homo./Bio. 576,289 30,326,273 70/20/10
vessel Homo./Bio. 3,538,495 5,345,897 80/10/10

ogb-mag Hetero. (P): 736,389
(A): 1,134,649

P-A: 7,145,660
P-P: 5,416,271 99/0.5/0.5

tags-math Higher. 1,629 projected: 91,685
hyperedges: 822,059 60/20/20

DBLP-

coauthor
Higher. 1,924,991 projected: 7,904,336

hyperedges: 3,700,067 60/20/20

- collab; biological network of protein interaction - ppa and vascu-
lar - vessel; and one heterogeneous academic network ogb-mag,
which contains node types of paper (P), author (A) and their re-
lations extracted from MAG [46]. The vessel dataset has unique
signi�cance as a very recent large (>3M nodes), sparse, biologi-
cal graph extracted from mouse brains [34] for examining GRL
in scienti�c discovery. The structure of vessels illustrates the spa-
tial organization of the brain’s microvasculature, which can be
used for early detection of neurological disorders, e.g. Alzheimer’s
and stroke. Two hypergraph datasets collected by [3] are used for
higher-order pattern prediction: DBLP-coauthor is a temporal hy-
pergraph, where each hyperedge denotes a time-stamped paper
connecting all its authors. tags-math contains sets of tags applied
to questions on the website math.stackexchange.com, represented
as hyperedges. For higher-order pattern prediction tasks, the num-
ber of hyperedges is the main computation bottleneck, even though
the node set is relatively small compared to ordinary graphs. As a
hyperedge may connect more than two nodes, it further increases
the complexity of the dataset and the need for algorithm scalability.

Settings For link prediction, OGB’s standard data split is used
to isolate validation and test links (queries) from the input graph.
For prediction tasks of relation type and higher-order pattern, the
same procedure to prepare graph data is adopted as in SUREL [51]:
the relations of paper-author (P-A, "written by") and paper-paper
(P-P, "cited by") are selected; higher-order queries in hypergraph
datasets are node triplets, where the goal is to predict whether it
will foster a hyperedge given two of them have observed pairwise
connections; to learn the representation on hypergraphs, we project
hyperedges into cliques and treat the projection results as ordinary
graphs. All experiments are run 10 times independently, and we
report the mean performance and standard deviation.

Baselines We consider three classes of baselines. Canonical
GNNs: GCN [23], GraphSAGE [14], and their variants with the
pre�x ‘H*’ that are directly applied for heterogeneous graphs with
node types and for hypergraphs through clique expansion. R-GCN
[37] that performs relational message passing on heterogeneous
graphs; Scalable GNNs: GraphSAINT [53] and Cluster-GCN [10];
SGRL models: SEAL [54, 57], GDGNN [25], BUDDY [7], and SUREL
[51]. SEAL adopts online subgraph sampling due to the potential
huge memory consumption for o�ine subgraph extraction. Fig. 3
(a) compares the time cost to perform subgraph sampling across
di�erent SGRL methods. We adopt the o�cial implementations
of all baselines with tuned parameters that match their reported
results. BUDDY’s source code is not available yet, we adopt their
reported results on OGB from [7].
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Table 3: Prediction Performance for Links, Relation Types and
Higher-Order Patterns. The best and the second best are highlighted
in bold and underlined accordingly.

Models citation2 collab ppa vessel

MRR (%) Hits@50 (%) Hits@100 (%) ROC-AUC

GCN 84.74±0.21 44.75±1.07 18.67±1.32 43.53±9.61
SAGE 82.60±0.36 54.63±1.12 16.55±2.40 49.89±6.78
Cluster-GCN 80.04±0.25 44.02±1.37 3.56±0.40 40.39±2.03
GraphSAINT 79.85±0.40 53.12±0.52 3.83±1.33 47.14±6.83

BUDDY 87.56±0.11 65.94±0.58 49.85±0.20 -
GDGNN 86.96±0.28 54.74±0.48 45.92±2.14 75.84±0.08
SEAL 87.67±0.32 63.64±0.71 48.80±3.16 80.50±0.21
SUREL 89.74±0.18 63.34±0.52 53.23±1.03 86.16±0.39
SUREL+ 88.90±0.06 64.10±1.06 54.32±0.44 85.73±0.88

Models MAG(P-A) MAG(P-P) tags-math DBLP-coauthor

MRR (%)

H*GCN 39.43±0.29 57.43±0.30 51.64±0.27 37.95±2.59
H*SAGE 25.35±1.49 60.54±1.60 54.68±2.03 22.91±0.94
R-GCN 37.10±1.05 56.82±4.71 - -

SUREL 45.33±2.94 82.47±0.26 71.86±2.15 97.66±2.89
SUREL+ 58.81±0.42 80.45±0.13 77.73±0.16 99.83±0.02

Hyperparameters By default, SUREL+ uses the walk-based
sampler, the structural encoder LP and the better set neural encoder
tuned between mean pooling and attention. SUREL+ adopts a 2-
layer MLP as 4=2 (·) in Eq. (2) followed by a 2-layer classi�er to
map set-aggregated representations for �nal predictions. Default
training hyperparameters are: learning rate lr=1e-3 with the early
stopping of 5 epochs, dropout p=0.1, Adam [22] as the optimizer.
Analysis of parameters" and< to control the walk-based sampler
and to control themetric-based sampler, and selection of structure
encoders and set neural encoders are studied in Sec. 4.4.

Evaluation Metrics The evaluation metrics include Hits@P,
Mean Reciprocal Rank (MRR), and Area Under Curve (ROC-AUC).
Hit@P counts the ratio of positive samples ranked at the top-P place
against negative ones. MRR �rst computes the inverse of the rank
of the �rst correct prediction and then takes the average of obtained
reciprocal ranks for a sample of queries. For all datasets adopting
MRR, each positive query is paired with 1000 randomly sampled
negative test queries, except tags-math using 100. ROC-AUC fol-
lows the standard de�nition to measure the model’s performance
in binary classi�cation.

Environment We use a server with two Intel Xeon Gold 6248R
CPUs, 1TB DRAM, and two NVIDIA A100 (40GB) GPUs (only one
GPU is used per model). SUREL+ is built on PyTorch 1.12 and PyG
2.2. Set samplers are implemented in C, OpenMP, NumPy, Numba,
and uhash, integrated into Python training scripts as SubGAcc ex-
tension; SpG is customized based on the CSR format of Scipy.

4.2 Prediction Accuracy Comparison
Table 3 shows the prediction performance of di�erent methods. For
these four link prediction benchmarks, SGRL models signi�cantly
outperform canonical GNNs and their more scalable variants, espe-
cially for two challenging biological datasets ppa and vessel. Link
prediction in biological datasets relies on richer structural informa-
tion that canonical GNNs have limited expressive power to capture.
Within SGRL models, SUREL+ achieves comparable performance to

Table 4: Breakdown of Runtime, Memory Consumption for Dif-
ferent Models on citation2 and DBLP-coauthor. The column Train
records the runtime per 10K queries.

Models Runtime (s) Memory (GB)

Prep. Train Inf. RAM SDRAM

c
i
t
a
t
a
i
o
n
2

GCN 17 21.74 105 9.3 36.84
GraphSAINT 151 1.79 107 9.6 9.78
GDGNN 338 2.26 5,460 40.6 16.96
SEAL (1-hop) 46 3.52 24,626 35.4 5.71
SUREL 151 4.14 6,081 25.1 9.68
SUREL+ 130 0.35 1,389 16.7 4.75

D
B
L
P GCN - 0.58 95 8.0 25.80

SAGE - 0.32 77 7.5 24.70
SUREL 11 1.29 949 9.7 7.79
SUREL+ 8 0.24 315 3.8 3.16

SGRL Inference Runtime (s)

Models collab ppa vessel MAG(P-A/P) tag-math

GDGNN 15 902 84 - -
SEAL 37 3,988 326 - -
SUREL 17 1,429 32 1,998/1,924 341
SUREL+ 2 201 3 401/168 116

SUREL and outperforms SEAL, which validates the e�ectiveness of
our proposed set-based representations. For predictions of relation
type and higher-order pattern, we observe additional performance
gains (+2⇠13%) from SUREL+ compared to SUREL on three of the
four datasets. It is worth noting that there is a large gap between
canonical GNNs and SGRL models, particularly in the higher-order
case. This demonstrates the inherent limitations of canonical GNNs
to make predictions of complex relations involving multiple nodes.

4.3 E�ciency and Scalability Analysis
Improved E�ciency in Training and Inference. The upper of
Table 4 reports the comparison of runtime and memory across dif-
ferent methods on the two largest datasets citation2 and DBLP.
SUREL+ o�ers a reasonable total runtime compared with canonical
GNNs. It shows clear improvement in inference compared to the
SOTA SGRL framework SUREL (3-11⇥ speedups) and its predeces-
sor SEAL (⇠20⇥ speedups). In terms of memory, SUREL+ achieves
comparable and even lower usage than canonical GNNs. Compared
to SUREL and other SGRL models, it can save up to half of their
RAM, since the set-based representation eliminates duplication of
sampled nodes and their associated structural features, which also
reduces the memory footprint on the GPU side. The second half
of Table 4 summarizes the inference time of SGRL methods on the
rest �ve datasets.

Pro�ling Di�erent Strategies for O�line Processing Fig. 6a
reports the time cost of di�erent samplers with multithreading on
citation2. Fig. 6b shows memory consumption to store di�erent
types of sampled data (walks in SUREL [51] or sets in SUREL+) and
their associated structural features (LPs, SPDs, PPR scores). Com-
pared to SUREL sampler[51], the walk-based sampler in SUREL+
is more scalable and only adds an extra minute for encoding and
converting data in SpG format (slash/dash marked in Fig. 6a), while
achieving 6.94⇥, 3.63⇥ and 4.12⇥ memory savings on three OGB
datasets respectively to store sampled sets and their structural fea-
tures. Those memory savings are more crucial for overall scalability

7



(a) Runtime (b) Memory
Figure 6: Comparison of Runtime, Memory Consumption across
Di�erent O�line Processing Strategies (the walk-based sampler:
< = 4," = 200, the metric-based sampler:  = 150). The areas high-
lighted break down the total consumption w.r.t. (a) sampling; struc-
ture encoding; sparse object construction and (b) structural features,
node indices/pointers, and sampled walks (SUREL sampler only).

(a) Speedup (b) Throughput
Figure 7: Scaling Performance Comparison of SpJoin in SUREL+
(with average set size ¯|(D | = 351) and Join Walks in SUREL (with
walk size< = 4," = 200 ) against the Numbers of Threads.

as they reduce the workload of data transfer from CPU to GPU and
save many GPU operations to encode the data, which dominates the
time cost of the online stage. This leads to the e�ciency improve-
ment of SUREL+ in Table 4. In addition, the metric-based sampler
that adopts PPR scores has even better scaling performance when
using more threads. When adopting PPR scores or SPDs as struc-
tural features, SUREL+ further reduces the memory cost, though
later we see that they often do slight harm to the prediction perfor-
mance.

Note that in the above comparison of memory cost, compressed
structural features are adopted both in SUREL (locally) and SUREL+
(globally), i.e., the secondary index based on SFptr ⇡ and ⇡SF,
which achieve compression of 493⇥, 11318⇥, 19527⇥ on three datasets
listed in Fig. 6b, when one adopts LPs as structural features.

Scaling Analysis for SpJoin Fig. 7 shows the speedups and
throughput of the sparse join operator SpJoin via multithread-
ing, where the join operation in SUREL to construct query-level
structural features for nodes on walks [51] is used as a comparison.
SUREL uses a hash-based search for walk joins, which has unfavor-
able memory access patterns and su�ers from workload imbalance
due to inconsistent searching times in hash tables among di�erent
threads. SUREL+ earns more bene�ts from multithreading, thanks
to the use of SpJoin and batch-wise load balancing.

4.4 Comparison between Di�erent Set Sampler,
Structural Features and Set Neural
Encoders

SUREL+ is a modularized framework that supports di�erent set sam-
plers (walk- and metric-based), structural features (LP, SPD, PPR),
and set neural encoders AGGR (mean pooling, LSTM, attention).

Table 5: Prediction Performance and InferenceRuntime of SUREL+
with Di�erent Combinations of Structure Features (LP, SPD, PPR)
and Set Neural Encoders (Mean, LSTM, Attn.). The best and the sec-
ond best are highlighted in bold and underlined accordingly.

Dataset PPR+Mean SPD+Mean LP+Mean LP+LSTM LP+Attention

citation2
78.59±0.38 87.99±1.07 88.55±0.15 88.46±0.34 88.90±0.06

965s 847s 1389s 3678s 2171s

collab
47.15±0.21 62.11±0.13 64.10±1.06 61.31±1.37 62.85±1.19

1.4s 1.7s 2.0s 3.5s 2.3s

ppa
13.28±1.20 41.06±1.70 46.41±1.65 54.45±1.35 54.32±0.44

63s 126s 165s 322s 201s

Figure 8: Hyperparameter Analysis of Set Samplers. Walk-based:
the number " and the step< of walks, LPs as structural features;
Metric-based: the set size  , PPR scores as structural features.

Table 5 shows the prediction performance and inference runtime
by adopting di�erent combinations of structure encoders and set
neural encoders. landing probabilities (LPs) as structural features
perform the best on all three OGB datasets while being the slowest
for inference. By recording the landing probabilities over di�erent
steps of walks, LPs provide structural information in �ner granu-
larity than both SPDs and PPR scores which are just scalars. Also,
it might be due to the adopted link prediction task, which favors
more local information held by LPs and SPDs than global infor-
mation carried by PPR scores. The authors conjecture that other
tasks that rely on more global information may favor PPR scores. In
comparison, there is not a set neural encoder as an always winner.
Attention seems to perform the best on average while slower than
mean pooling. LSTM is the slowest. On the two social networks
(citation2 and collab), mean pooling can provide comparable
prediction results with much fewer parameters. However, predic-
tion on the biological network (ppa) requires more expressive and
complicated encoders, where LSTM and attention are favored as
they can model more complex interactions between nodes in S& .

Fig. 8 compares prediction results by using di�erent hyperpa-
rameters <," , and  of set samplers, which heavily a�ects the
coverage of the neighborhoods of sampled node sets. The perfor-
mance consistently increases if a larger" is used in the walk-based
sampler, but it is not guaranteed for a larger<. Better coverage
with a larger  is generally bene�cial for the metric-based sam-
pler over citation2 but not for collab, which is due to di�erent
characteristics of these two datasets and is also observed by [51].
In general, small sampling parameters< (2 ⇠ 4)," (100 ⇠ 400)
and  (50 ⇠ 200) can yield satisfactory performance. By adjusting
them, we can achieve a trade-o� between accuracy and scalability.

5 CONCLUSION
In this work, we propose a novel framework SUREL+ for scalable
subgraph-based graph representation learning. SUREL+ avoids the
costly procedure of extracting subgraphs for speci�c queries by sam-
pling node sets whose join can be used as a proxy of query-induced
subgraphs for prediction. SUREL+ bene�ts from the reusability
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of presampled node sets across di�erent queries. Compared to
the SOTA framework SUREL based on walk sampling, the set-
based representation of SUREL+ substantially reduces memory
and time consumption by avoiding heavy node duplicates in sam-
pled walks. To handle irregularly sized node sets, SUREL+ designs
a dedicated sparse storage SpG and a sparse join operator SpJoin
providing memory-e�cient storage and fast access. In addition,
SUREL+ adopts a modular design that enables users to �exibly
choose di�erent set samplers, structure encoders, and set neural
encoders to remedy the loss of structural information after the
reduction from subgraphs to sets in their own SGRL tasks. Exten-
sive experiments on three types of prediction tasks over seven
real-world graph benchmarks show that SUREL+ achieves signi�-
cant improvements in scalability, memory e�ciency, and prediction
accuracy compared to current SGRL methods and canonical GNNs.
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A NOTATIONS
Frequently used symbols are summarized in Table 6.

B MORE DETAILS
B.1 Model Design
Bene�ts of Subgraph-based Graph Representation Learning
Firstly, subgraph-based representation is versatile for di�erent types

Table 6: Summary of Frequently Used Notations.

Symbol Meaning

Q a query (set of nodes), i.e. & = {D, E,F}
Q a collection of queries, i.e. & 2 Q
GD a subgraph induced by node D
G& a subgraph induced by query &
SD a unique node set sampled from the neighborhood

of the seed node D
ZD,G structural features of node G regarding the seed

node D (all zeros if G 8 SD )
ZD collection of structural features for all nodes in SD

asZD = {ZD,G |G 2 SD }
| | the concatenation that joins node-level structural

features, i.e. join Z·,G for a query & = {D, E,F} as
[ZD,G ,ZE,G ,ZF,G ].

Z&,G query-level structural features for node G regarding
the query & ,Z&,G = | |D2&ZD,G

of tasks, especially when queries of certain tasks involving multi-
ple nodes and relations, e.g. existence of a link, property of a net-
work motif, development of higher-order patterns; while canonical
GNNs are limited to handle such polyadic dynamics via single-
node representations [39, 47] (also refers to the example in Fig. 1).
Secondly, subgraph-based models are more expressive by pairing
with structural features to obtain structural node representations
[5, 28, 39, 47]. However, canonical GNNs are incapable of capturing
intra-distance information, which is critical to predict over a set of
nodes and to distinguish nodes with structural symmetry. Lastly,
subgraph-based methods decouple the model depth from the recep-
tive �eld because extracted subgraphs are localized: when adding
more layers for non-linearity, it does not contaminate embedding
with irrelevant nodes or get over-smooth as canonical GNNs do.
This results in a more robust representation and is particularly
bene�cial for modeling relations beyond singleton.

B.2 Datasets
The full statistics of benchmark datasets are summarized in Table
7. OGB datasets1 are selected to benchmark our proposed frame-
work and other baselines, due to large-scale graphs (millions of
nodes/edges) for real-world applications (i.e. networks of academic,
biological networks) it contains, and standard, open-sourced eval-
uation metrics and tools it provides. Note that, vessel is a newly
added benchmark of a biological graph, with > 3" nodes and sparse
vessel structures extracted from the whole mouse brain [34], where
nodes represent bifurcation points, and edges represent the vessels.
Each node is associated with features of its physical location in
the coordinate space (G,~, I). The introduction of vessel provides
a unique opportunity to examine graph representation learning
(GRL) approaches in the neuroscience domain, especially in scaling
subgraph-based GRL (SGRL) methods to handle sparse and spatial
graphs with millions of nodes and edges for scienti�c discovery.

1https://ogb.stanford.edu/docs/dataset_overview/
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Table 7: Summary Statistics and Experimental Setup for Evaluation Datasets.

Dataset Type #Nodes #Edges Avg. Node Deg. Density Split Ratio Split Type Metric

citation2 Homo. 2,927,963 30,561,187 20.7 0.00036% 98/1/1 Time MRR
collab Homo. 235,868 1,285,465 8.2 0.0046% 92/4/4 Time Hits@50
ppa Homo. / Bio. 576,289 30,326,273 73.7 0.018% 70/20/10 Throughput Hits@100
vessel Homo. / Bio. 3,538,495 5,345,897 3.02 0.000085% 80/10/10 Random AUC-ROC

ogb-mag Hetero. Paper(P): 736,389
Author(A): 1,134,649

P-A: 7,145,660
P-P: 5,416,271 21.7 N/A 99/0.5/0.5 Time MRR

tags-math Higher. 1,629 91,685 (projected)
822,059 (hyperedges) N/A N/A 60/20/20 Time MRR

DBLP-coauthor Higher. 1,924,991 7,904,336 (projected)
3,700,067 (hyperedges) N/A N/A 60/20/20 Time MRR

Table 8: Hyperparameters Used for Benchmarking SUREL+.

Dataset #steps< #walks" #neg samples : Structural
Feature

Set Neural
Encoder

citation2 4 100 10 LP Mean
collab 3 200 10 LP Mean
ppa 4 200 20 LP Attn.
vessel 2 50 5 LP Mean
MAG (P-A) 3 200 10 LP Mean
MAG (P-P) 4 100 10 LP Mean
tags-math 4 200 10 LP Mean
DBLP-coauthor 3 100 10 LP Mean

B.3 Baselines
For link prediction and relation type prediction, baseline models are
selected based on their scalability and prediction performance from
the current OGB leaderboard 2. All models listed on the leaderboard
have publicly accessible code attached with a technical report. We
adopt their published numbers if available on the leaderboard with
additional veri�cation. For the rest baselines, we benchmark these
models using their o�cial implementations and tuning parameters
as listed below.

• GCN family: a graph auto-encoder model that uses graph convo-
lution layers to learn node representations, including GCN [23],
GraphSAGE [14], and their more scalable variants by employing
graph subsampling, such as Cluster-GCN [10], GraphSAINT [53].

• R-GCN3 [37]: a relational GCN thatmodels heterogeneous graphs
with node/link types.

• SEAL4 [54]: apply GCN on exact query-inducedwhole subgraphs
with double radius node labeling to obtain subgraph-level readout
for link prediction. SEAL shows great empirical performance on
multiple graph machine learning benchmarks and promotes the
deployment of subgraph-based models for scienti�c discovery.
The implementation we tested is specially optimized for OGB
datasets provided in [57].

• SUREL5[51]: a walk-based computation framework to acceler-
ate subgraph-based models, where subgraphs are decomposed

2https://ogb.stanford.edu/docs/leader_linkprop/
3https://github.com/pyg-team/pytorch_geometric/blob/master/examples
4https://github.com/facebookresearch/SEAL_OGB
5https://github.com/Graph-COM/SUREL

to reusable walks and then online joined to represent the query-
induced subgraph for prediction. By adopting walk-based repre-
sentation, SUREL achieves state-of-the-art scalability and predic-
tion accuracy on SGRL tasks.

• GDGNN6 [25]: a model aggregates node representation gener-
ated by GNNs along geodesic paths between nodes in a query to
speed up prediction for SGRL tasks.
All canonical GNNbaselines7 comewith three GCNConv/SAGEConv

layers of 256 hidden dimensions, and a tuned dropout ratio in
{0, 0.5} for full-batch training. Canonical GNN models aggregate
all node embeddings involved in a query as the representations of
links/hyperedges, which are later fed into an MLP classi�er for �nal
prediction. In addition, all GNN models need to use full training
data (edges/triplets) to generate robust node representations. The
hypergraph datasets do not come with raw node features, thus GNN
baselines here use random features as input for training along with
other model parameters. R-GCN uses RGCNConv layers that support
message passing with multiple relation types between di�erent
types of nodes, where the edge types (relations) are used as input
beside node features.

Subgraph-based models only use partial edges/triplets from the
training set. 1-hop enclosing subgraphs are extracted online during
the training and inference of SEAL. Then, it applies three GCN
layers of hidden dimension 32 plus a sort pooling and several 1D
convolution layers to generate a readout of the target subgraph for
prediction. SUREL consists of a 2-layer MLP for the embedding of
relative position encoding (RPE) and a 2-layer RNN to encode joined

6https://github.com/woodcutter1998/gdgnn
7https://github.com/snap-stanford/ogb/tree/master/examples/linkproppred
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walks attached with RPEs to represent query-induced subgraphs.
The hidden dimension of both networks is set to 64. The obtained
embeddings of joined walks are aggregated and fed into a 2-layer
MLP classi�er to make predictions. GDGNN employs GINLayer as
its backbone to obtain node embeddings. The horizontal geodesic
representation is used for predictions, which �nds the shortest path
between two nodes in a query and aggregates node representations
generated by GNNs along the found geodesic path. The max search
distance for geodesic is the same as the number of GNN layers.
For collab, ppa, citation2 and vessel, the threshold of distance
is set to 4, 4, 3, and 2, respectively. The hidden dimension of all
fully-connected layers is set to 32.

C ARCHITECTURE AND
HYPERPARAMETER

SUREL+ uses a 2-layer MLP with ReLU activation for the encod-
ing of structural features and supports three set neural encoders
including mean pooling, LSTM, and attention. LSTM interprets
elements to be aggregated in a set as a sequence [14]; attention
�rst calculates soft attention scores for elements in a set and then
performs attention-score-weighted average pooling. The hidden
dimension of all parameterized layers is set to 96. Lastly, hidden rep-
resentations of joined node sets are fed into a 2-layer MLP classi�er
for �nal predictions.

For the implementation of set samplers, the walk-based sam-
pler builds on the sampling function from SubGAcc

8 library devel-
oped by the authors, which also provides the support for e�cient

structural feature hashing and index remapping. The metric-based
sampler is adopted from fast PPR approximation in [4].

For link and relation prediction, we follow the inductive setting:
only partial samples will be used for training. Over the training
graph, we randomly select 5% links as positive training queries, each
paired with :-many negative samples (: = 10 by default). We mask
these links and use the remaining 95% links to compute structural
features for each node in the split training set via structure encoder.
For vessel, as the input graph is very sparse, we �rst sort the nodes
in training set by their degree and then randomly pick 5% nodes to
obtain edges of their 3-hop induced subgraphs for training and the
rest reserved for constructing structural features. For higher-order
pattern prediction, we use the given graph before timestamp C to
sample node sets and encode their structural features. The model
parameters are optimized by triplets provided in the training set.
No node features are used in SUREL+, except for vessel where
normalized physical locations of each node are attached after its
structural features.

The results reported in Table 3 and the pro�ling of SUREL+ in
Table 4 are obtained through the combination of hyperparameters
listed in Table 8. The dropout rate on vessel is set to p=0.2. For
the results of using structural features PPR and SPD in Table 5, the
metric-based sampler is used. Its sampling size  is set to 50, 50
and 150 for collab, ppa, citation2, respectively. For the results of
using structural features LP, the walk-based sampler is used, and its
sampling parameters are listed in Table 8. The rest hyperparameters
remain the same as reported in Sec. 4.1.
8https://github.com/VeritasYin/subg_acc
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