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ABSTRACT

Background. Itis often the case that only a portion of the underlying network structure
is observed in real-world settings. However, as most network analysis methods are built
on a complete network structure, the natural questions to ask are: (a) how well these
methods perform with incomplete network structure, (b) which structural observation
and network analysis method to choose for a specific task, and (c) is it beneficial to
complete the missing structure.

Methods. In this paper, we consider the incomplete network structure as one random
sampling instance from a complete graph, and we choose graph neural networks
(GNNs), which have achieved promising results on various graph learning tasks, as
the representative of network analysis methods. To identify the robustness of GNNs
under graph sampling scenarios, we systemically evaluated six state-of-the-art GNNs
under four commonly used graph sampling methods.

Results. We show that GNNs can still be applied on single static networks under
graph sampling scenarios, and simpler GNN models are able to outperform more
sophisticated ones in a fairly experimental procedure. More importantly, we find that
completing the sampled subgraph does improve the performance of downstream tasks
in most cases; however, completion is not always effective and needs to be evaluated
for a specific dataset. Our code is available at https:/github.com/weigianglg/evaluate-
GNNs-under-graph-sampling.

Subjects Algorithms and Analysis of Algorithms, Artificial Intelligence, Computer Networks and
Communications, Network Science and Online Social Networks
Keywords Graph neural network, Graph sampling, Evaluation, Imcomplete structure

INTRODUCTION

In the last few years, graph neural networks (GNNs) have become standard tools for learning
tasks on graphs. By iteratively aggregating information from neighborhoods, GNNs embed
each node from its k-hop neighborhood and provides a significant improvement over
traditional methods in node classification and link prediction tasks (Dwivedi et al., 2020;
Shchur et al., 2018). Powerful representation capabilities have led to GNNs being applied in
areas such as social networks, computer vision, chemistry, and biology (Hou et al., 2020).
However, most GNN models need a complete underlying network structure, which is often
unavailable in real-world settings (Wei ¢» Hu, 2021).
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Frequently it is the case that only a portion of the underlying network structure is
observed, which can be considered as the result of graph sampling (Al Hasan, 2016; Ahmed,
Neville & Kompella, 2013; Blagus, Sﬁbelj & Bajec, 2015; Dwivedi et al., 2020; Hu ¢ Lau,
2013). Graph sampling has become a standard procedure when dealing with massive
and time evolving networks (Ahmed, Neville ¢~ Kompella, 2013). For example, on social
networks such as Twitter and Facebook, it is impossible for third-party aggregators to
collect complete network data under the restrictions for crawlers, we can only sample them
by various different users. Unfortunately, many factors make it difficult to perform multiple
graph sampling. First, the time consuming, communication networks such as the Internet
need hours or days to be probed (Ouédraogo ¢ Magnien, 2011). Moreover, measuring the
network structure is costly, e.g., experiments in biological or chemical networks. Graph
sampling scenarios bring an additional challenge for GNNs, and little attention has been
paid to the performance of GNN models under graph sampling.

In this experimental and analysis paper, we consider the observed incomplete network
structure Go as one random sampling instance from a complete graph G, then we address
the fundamental problem of GNN performance under graph sampling, in order to lay
a solid foundation for future research. Specifically, we investigate the following three
questions:

Q1: Can we use GNNss if only a portion of the network structure is observed?

Q2: Which graph sampling methods and GNN models should we choose?

Q3: Can the performance of GNNs be improved if we complete the partial observed
network structure?

To answer the above questions, we design a fairly evaluation framework for
benchmarking GNNs under graph sampling scenarios by following the principles in Dwivedi
et al. (2020). Specifically, we performed a comprehensive evaluation of six prominent GNN
models under four different graph sampling methods on eight different datasets with three
semi-supervised network learning tasks, i.e., node classification, link prediction and graph
classification. The GNN models we implemented include Graph Convolutional Networks
(GCN) (Kipf e Welling, 2017), GraphSage (Hamilton, Ying ¢ Leskovec, 2017), MoNet
(Monti et al., 2017), Graph Attention Network (GAT) (Velickovicet al., 2017), GatedGCN
(Bresson & Laurent, 2017), and Graph Isomorphism Network (GIN) (Xu et al., 2018),
and the graph sampling methods we used include breadth-first search (BFS), forest fire
sampling (FFS), random walk (RW) and Metropolis—Hastings random walk (MHRW).
Our main findings are summarized as follows:

e In most single graph datasets, we can still use GNNs under graph sampling scenarios if
the sampling ratio is relatively large; however, sampling on multi-graph datasets causes
GNN:s to fail.

e The best GNN model and sampling method are GCN and BES in small datasets, GAT
and RW in medium datasets, respectively.

e In most cases, completing a sampled subgraph is beneficial to improve the performance
of GNNs; but completion is not always effective and needs to be evaluated for a specific
dataset.
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As far as we know, this is the first work to systematically evaluate the impact of graph
sampling on GNNgs.

RELATED WORK

In this section, we briefly review related works on graph sampling and GNNs.

Graph sampling

Graph sampling is a technique to pick a subset of nodes and/or edges from an original
graph. The commonly studied sampling methods are node sampling, edge sampling,
and traversal-based sampling (Al Hasan, 2016; Ahmed, Neville ¢ Kompella, 2013). In node
sampling, nodes are first selected uniformly or according to some centrality, such as
degree or PageRank, then the induced subgraph among the selected nodes is extracted.
In edge sampling, edges are selected directly or guided by nodes. Node sampling and
edge sampling are simple and suitable for theoretical analysis, but in many real scenarios
we cannot perform them due to various constraints, e.g., the whole graph is unknown
(Hu & Lau, 2013). Traversal-based sampling, which extends from seed nodes to their
neighborhood, is more practical. Therefore, a group of methods was developed, including
breadth-first search (BFS), depth-first search (DFES), snowball sampling (SBS) (Goodman,
1961), forest fire sampling (FFS) (Leskovec, Kleinberg ¢ Faloutsos, 2005), random walk
(RW), and Metropolis—Hastings random walk (MHRW). With the numerous graph
sampling methods developed, the question of how they impact GNNss still remains to be
answered.

GNNs
After the first GNN model was developed (Bruna et al., 2014), various GNNs have
been exploited in the graph domain. GCN simplifies ChebNet (Defferrard, Bresson ¢
Vandergheynst, 2016) and speeds up graph convolution computation. GAT and MoNet
extend GCN by leveraging an explicit attention mechanism (Lee et al., 2019). Due to
powerful represent capabilities, GNNs have been applied into a wide range of applications
including knowledge graphs (Zhang, Cui ¢» Zhu, 2020), molecular graph generation (De
Cao ¢ Kipf, 2018), graph metric learning and image recognition (Kajla et al., 2021; Riba et
al., 2021). Recently, graph sampling was investigated in GNNs for scaling to larger graphs
and better generalization. Layer sampling techniques have been proposed for efficient
mini-batch training. GraphSage performs uniform node sampling on the previous layer
neighbors (Zeng et al., 2019). GIN extends GraphSage with arbitrary aggregation functions
on multiple sets, which is theoretically as powerful as the Weisfeiler—Lehman test of graph
isomorphism (Xu ef al., 2018). In contrast to layer sampling, GraphSAINT constructs
mini-batches by directly sampling the training graph, which decouples the sampling from
propagation (Zeng et al., 2019). However, in most GNN:ss it is assumed that the underlying
network structure is complete without data loss, which is often not the case.

In addition, different GNNs are compared in Errica et al. (2019) and Shchur et al. (2018)
with regard to node classification and graph classification tasks, respectively, a systematic
evaluation of deep GNNis is presented in Zhang et al. (2021), and a reproducible framework
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for benchmarking of GNNss is introduced in Dwivedi et al. (2020). The most related work
to ours is Fox ¢ Rajamanickam (2019), in which the robustness of GIN to additional
structural noise is studied. Our work focuses on graph sampling that can be considered as
a random structure removed from the original network.

Models

We focus on the robustness of GNNs under graph sampling scenarios. As shown in Fig. 1,
Go is the partial observed graph from a network G, which is often difficult to make complete
observations. We train GNNs on Gg and then evaluate on three typical learning tasks: node
classification, link prediction and graph classification. In this paper, we treat Go as one of
the many graphs generated by a certain sampling process from a known G, consequently we
are able to determine the robustness of GNNs in a statistical way via multiple independent
random sampled Go.

We denote the original network as G(V,E, X ), where V and E represent node and edge
sets, respectively, and X € RIVI*4 denotes the attribute matrix. There is no missing structure
in G. The observed or sampled graph is represented by Go(Vo, Eo,Xp) where Vo € V and
Eo C E. We evaluate six popular GNNs (GCN, GraphSage, GAT, MoNet, GatedGCN and
GIN) with four traversal-based graph sampling methods (BES, FFS, RW, and MHRW).
The six GNN models are selected according to performance and popularity; moreover,
they cover all three categories of GNN models: isotropic (GCN, GraphSage), anisotropic
(GAT, MoNet, GatedGCN) and Weisfeiler-Lehman (GIN) GNNs (Dwivedi et al., 2020).
We test only traversal-based sampling methods for two reasons: these methods are practical
in real settings (Hu ¢ Lau, 2013), and these methods extract connected subgraphs, which
is a prerequisite for GNNs. In graph sampling, we iteratively pick nodes and edges starting
from a random seed node until the cardinality of the sampled node set V5 reaches a given
number. Apart from the original sampled subgraph Go(Vo, Eo,X0), we also induce Vo
to form G/O(Vo,Eé),Xo), i.e., Eé) = (u,v)|u,v € Vo, (u,v) € E.GlO has the same edges as G
between the vertices in V; hence, G’O can be considered as a completion of Go.

We follow the principles of Dwivedi et al. (2020) and develop a standardized training,
validation, and testing procedure for all models for fair comparisons.

In addition, we considered multilayer perceptron (MLP) as a baseline model, which
utilizes only node attributes without graph structures.

EXPERIMENTS

Datasets

In our benchmark, we used nine datasets including six social networks (Cora, CiteSeer,
PubMed (Yang, Cohen ¢ Salakhutdinov, 2016), Actor (Pei et al., 2020), ARXIV and
COLLAB (Hu et al., 2020)), two super-pixel networks of images (MNIST, CIFAR10
(Dwivedi et al., 2020)) and one artificial network generated from Stochastic Block Model
(CLUSTER (Dwivedi et al., 2020)). Statistics for all datasets are shown in Table 1. We treated
all the networks as undirected and only considered the largest connected component,
moreover, we ignored edge features in our experiments.
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Figure 1 Description of GNNs evaluation under graph sampling scenarios.
Full-size Gal DOI: 10.7717/peerjcs.901/fig-1

Table 1 Dataset statistics. Only the largest connected component is considered. NC, LP and GC are
short for node classification, link prediction and graph classification, respectively.

Dataset #Graphs  Total #Nodes  Total #Edges  #Node Features  Task  Metric
Actor 1 6,208 14,891 932 Weighted
CiteSeer 1 2,120 3,679 3,073 NG, Fl
Cora 1 2,485 5,069 1,433 LP If\?rc
PubMed 1 19,717 44,324 500 ROC
ARXIV 1 139,065 1,085,657 128 NC Accuracy
COLLAB 1 232,865 961,883 128 LP Hit@50
MNIST 70,000 4,939,668 23,954,305 1 e Accuracy
CIFAR10 60,000 7,058,005 33,891,607
CLUSTER 12,000 1,406,436 25,810,340 7 NC Weighted F1
Setup

Setups for our experiments are summarized in Table 2. All datasets were split into training,
validation, and testing data. For node classification tasks, Cora, CiteSeer and PubMed were
split according to Yang, Cohen & Salakhutdinov (2016), first of the 10 splits from Pei et al.
(2020) was picked for Actor, and CLUSTER was split according to Dwivedi et al. (2020);
For link prediction tasks, we used a random 70%/10%/20% training/validation/test split
for positive edges in all datasets; For graph classification tasks, the splits were derived from
Dwivedi et al. (2020).

In GNN:gs, all models had a linear transform for node attributes X before hidden layers.
The number of hidden layers L was set to L =2 to avoid over-smoothing for small-scale
datasets such as Actor, Core, CiteSeer and Pubmed, and we set to L =3 for ARXIV and
COLLAB, L =4 to MNIST, CIFAR10 and CLUSTER. We added residual connections
between GNN layers for medium-scale datasets (i.e., ARXIV, COLLAB, MNIST, CIFARI10
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Table2 Experiment setups. NC, LP, LR are short for node classification, link prediction and learning rate, respectively.

Dataset Training/validation/ Model Optimizer LR reduce
test ratio (%) #Layers Residual LR Weight patience
decay
48.0/32.0/20.0 (NC)
Actor
70.0/10.0/20.0 (LP)
3.8/15.5/31.3 (NC
CiteSeer /15.5/ (NO)
70.0/10.0/20.0 (LP) s No 001 se4 50
4.9/18.5/36.8 (NC)
Cora
70.0/10.0/20.0 (LP)
0.3/2.5/5.1 (NC
PubMed /2:5/5.1 (NC)
70.0/10.0/20.0 (LP)
ARXIV 51.9/18.3/29.8 3 0.01 5e—4 50
COLLAB 70.0/10.0/20.0 3 10
Yes
MNIST 78.6/7.1/14.3 4 0.001 o 10
CIFAR10 75.0/8.3/16.7 4 10
CLUSTER 83.3/8.3/8.3 4 5

and CLUSTER) as suggested by Dwivedi et al. (2020). We chose the hidden dimension and
the output dimension that made the number of parameters almost equal for each model.
The number of attention heads of GAT was set to 8, and the mean aggregation function in
GraphSage was adopted. In MoNet, we set the number of Gaussian kernels to 3, and used
the degrees of the adjacency nodes as the input pseudo-coordinates, as proposed in Monti
etal. (2017).

We used the same training procedure for all GNN models for a fair comparison.
Specifically, the maximum number of training epochs was set to 1,000, and we adopted
Glorot (Glorot ¢ Yoshua, 2010) and zero initialization for the weights and biases,
respectively. Also, we applied the Adam (Kingma ¢» Ba, 2015) optimizer, and we reduced
learning rate with a factor of 0.5 when a validation metric has stopped improving after the
given reduce patience. Furthermore, we stopped the training procedure early if (a) learning
rate was less than le-5, or (b) validation metric did not increase for 100 consecutive
epochs, or (c) training time was more than 12 h. All model parameters were optimized
with cross-entropy loss when G was sampled.

We implemented all the six models by the Pytorch Geometrics library (Fey ¢» Lenssen,
2019) and the four graph sampling methods based on Rozemberczki, Kiss ¢ Sarkar (2020).

RESULTS

For each dataset, sampling method, and GNN model, we performed 4 runs with 4 different
seeds, then reported the average metric. To answer Q1, we show means, i, and standard
deviations, 8, of metrics for all datasets with sampling ratio r = |V,|/|V| € [0.1,0.5] using
GCN and MHRW (Table 3). It is worth to mention that the other GNN models and graph
sampling methods had similar results. There are a few observations to be made. First, the
means, [, increase and the standard deviations, §, decrease as the sampling ratio increases
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in node classification and graph classification tasks, which aligns with our intuition. Second,
the performance is acceptable in most single graph datasets when r is relatively large, e.g.,
compared to the complete cases, the relative losses A = 1 — 4, / thcomplete are all less than 15%
for CiteSeer, Cora, Pubmed, ARXIV and COLLAB when r > 0.4. This is partly because the
nodes in Gop have acquired sufficient neighborhood structure to accomplish the messaging
and aggregation needed by GNNs. Therefore, we can still use GNNs in most single graph
datasets under sampling scenarios, as long as the sampling ratio, r, is chosen properly.
The choice of the appropriate r varies depending on the dataset, sampling method, and
GNN model. For example, in order to make A < 10% on node classification tasks, the
sampling ratio should satisfy r > 0.5 for Actor and PubMed, r > 0.4 for Cora, and r > 0.1
for CiteSeer. By contrast, the performance degradation is severe for multi-graph datasets
(i.e., CLUSTER, MNIST, CIFAR10), which is mainly due to the fact that independent
random sampling destroys the intrinsic association between graphs. Hence, we cannot
directly use GNNs with independent random sampling scenarios.

To answer Q2, we show u and § for all datasets when we fix r = 0.3 in Table 4.

According to Table 4, the best performing GNN model(s) is consistent across different
sampling methods for a specific dataset, especially in node classification tasks, e.g.,
GatedGCN for Actor, GCN for Cora, CiteSeer, and PubMed. The consistency suggests that
datasets have a strong preference for a specific GNN model, and there is no silver-bullet
GNN for all datasets. Another observation is that, some datasets show a tendency towards
sampling methods, e.g., BFS for Actor, RW for ARXIV. To compare all GNN models
and sampling methods, we consider the relative metric score, as proposed in Shchur et al.
(2018). That is, for GNN models, we take the best y from four sampling methods as 100%
for each dataset, and the score of each model is divided by this value, then the results for
each model are averaged over all datasets and sampling methods. We also rank GNN models
by their performance (1 for best performance, 7 for worst), and compute the average rank
for each model. Similarly, we calculate the score of each sampling method. The final scores
for GNN models and sampling methods are summarized in Table 5. These results provide
a reference for the selection of sampling methods, and a guidance for sampling-based GNN
training like GraphSAINT (Zeng et al., 2019).

GNN s outperform MLP on average in Table 5, and this confirms the superiority of
GNNs, which combine structural and attribute information, compared to methods that
consider only attributes. On small datasets, GCN is the best GNN model , which proves that
simple methods often outperforms more sophisticated ones (Dwivedi et al., 20205 Shchur
et al., 2018). In addition, BFS is found to be the best sampling method for small datasets,
partly because it samples node labels more uniformly than other methods. Figure 2 shows a
comparison of the Kullback—Leibler divergence between label distributions of training and
testing from different sampling methods in PubMed (NC); it can be seen that BFS has a
lower score, which leads to better generalization power in GNNs. On medium datasets, the
best GNN model changes to GAT, and the most competitive sampling method are RW and
MHRW. This may be due to the fact that RW and MHRW can obtain a more macroscopic
structure compared to BFS and FFS.
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Table 3 The means and standard deviations of metrics (L= § (%)) for all nine datasets with sampling
ratio r € [0.1,0.5] using GCN and MHRW. Metric for complete network structures are reported as “com-

plete”.
Node classification (GCN, MHRW)
r Actor (NC) CiteSeer Cora (NC) Pubmed (NC) ARXIV CLUSTER
(NC)
0.10 25.2+£3.6 63.5 £+ 14.6 63.5+11.6 56.6 £ 11.2 59.0£1.2 31.9+£0.6
0.20 264+ 2.7 65.8 + 8.6 64.8 £ 6.0 62.6 £7.1 61.6 14 27.3£0.2
0.30 26.8+24 64.8 +7.6 68.4+44 66.6 7.1 622+ 1.2 26.9 +0.2
0.40 269+ 1.8 66.6 = 5.0 70.8 £ 3.7 70.6 £ 3.9 63.3+1.2 26.5+0.4
0.50 275+ 1.6 66.9 +4.3 72.8 £3.1 724+ 2.6 633+ 1.5 26.6 = 0.2
complete 30.1 £0.7 70.6 £ 1.0 78.6 £ 1.1 78.7£0.2 714 +£0.8 55.7 £ 1.6
Link prediction (GCN, MHRW)
r Actor (LP) CiteSeer (LP) Cora (LP) Pubmed (LP) COLLAB
0.10 72.1+3.9 91.8+ 1.3 84.6 5.3 75.6 = 1.0 85.1+2.3
0.20 69.6 £ 4.4 93.6 £24 88.3+£2.1 79.4+£2.0 81.8+6.3
0.30 744 +2.0 92.9+4.9 95.1 + 1.7 88.4+9.7 80.8 = 1.9
0.40 742 £9.2 96.3 £0.6 909 +44 89.4+9.5 72.5+£54
0.50 753+ 6.8 94.7 £ 3.1 94.2 + 3.6 98.5+ 0.4 75.0 £ 5.5
complete 94.5 £ 0.7 98.7£0.4 98.3 4+ 0.6 99.4 4+ 0.1 62.3 £5.2
Graph classification (GCN, MHRW)
r MNIST CIFAR10
0.10 18.6 + 0.1 25.1+0.8
0.20 18.24+0.6 28.6 £0.4
0.30 20.0 £ 0.5 30.6 = 0.5
0.40 22.440.8 32.8£0.6
0.50 253+ 0.2 347+ 04
complete 83.8 £0.5 4194 0.8

To answer Q3, we considered the induced subgraph G, as a completion of Go. We chose
the preferred GNN model for each dataset, e.g., GatedGCN for Actor, then computed the
induced relative metric improvement percent as t = u,/u, — 1. Figure 2 shows the

improvements on all datasets with r €0.1,0.3,0.5.

From Fig. 3 it can be seen that network completion can improve performance in most

cases. Comparing Figs. 3A, 3B and 3C shows that the induced improvement t increases as

the sampling ratio r decreases especially when we perform MHRW or RW, which indicates

the necessity of network completion when 7 is low.

On the other hand, Fig. 3 reveals the complexity of datasets under sampling scenarios,

which indicates that network completion is not always effective. Some datasets benefit from
network completion in all cases, e.g., Cora (NC), ARXIV and MNIST; and there are also
some datasets seem to be unaffected by completion, e.g., PubMed (LP) when r € 0.3,0.5

(see Figs. 3B—3C); what is more, network completion has side effects on datasets such

as COLLAB. The complexity may be partly explained by structure noise in network. It
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Table4 The means and standard deviations of metrics (L= § (%)) for all nine datasets with sampling ratio r = 0.3. NC, LP are short for node
classification and link prediction, respectively. For each dataset and graph sampling method, the best metric is marked in bold. For each dataset and
GNN method, the best metric is shown in red.

Dataset Sampling method GAT GCN GIN Gated Sage MoNet MLP
BFS 29.2 +2.5 311 £2.8 301 £22  37.6+58 340 +3.7 31.7 +£5.3 26.6 +7.6
Actor FFS 249+ 1.9 258+21 259420 412 £25 32.34+4.0 31.7 +£5.0 292438
(NC) MHRW 252425 268+24  264+24  40.6+2.1 325429 31,5+ 4.9 29.8 +3.1
RW 25.5+2.7 268+2.6  273+27 381445 329443 315+ 5.1 304 +5.1
BFS 71.0 +£7.7 735 £43 675 £63  525+27.6 654 £17.6  60.5 £21.5  63.1 £12.7
CiteSeer  FFS 65.2+6.7 674+51  63.9+66  53.8+246  614+146  545+17.5  57.4+11.8
(NC) MHRW 61.3+8.8 64.8+7.6  59.6+9.8  49.1+235  548+11.8  43.6+13.1 5234126
RW 64.3+7.0 668+62  614+79 563 +£9.7 580+ 141  489+138  50.7 +12.2
BFS 64.7 + 8.0 68670 617+7.6  48.0+£140  60.6 £9.7 50.6 £11.8 594 +95
Cora FFS 61.8 +6.5 66.6£47  623+56 545 +£105 5554105 454485 56.2 + 10.9
(NC) MHRW 61.9+5.4 684+44 641 £48  535+88 5454+ 10.6 427 +8.1 56.5 4 8.9
RW 62.1+5.7 69.4 £50 62.8+65  497+120 5384105  42.7+8.9 5424 8.9
BFS 71.9 £9.1 744 +£55 698 £7.9  555+19.0 659 +192  63.6 £19.8  63.7 £19.9
PubMed  FFS 65.4 + 8.4 685+58  669+62 663 £45 616+ 150  520+184  60.0+13.1
(NC) MHRW 63.0 + 8.7 66.6+7.1  64.6+61  521+168  52.7+148  509+12.7  544+13.0
RW 64.4+7.8 67.7+49  658+55  53.7+213 5784144 5354141  56.1413.8
BFS 57.4+22 557+24  61.6+36  60.8+2.1 59.6 + 2.1 56.9 +2.0 58.9 + 1.8
Arxry | FES 61.5 4 4.1 60.5+0.6  629+28 595443 59.2 4+ 3.5 582442 53.3 4+ 4.0
MHRW 61.9 +2.6 622+12  641+£12  592+1.0 60.2 + 0.9 58.6 + 1.1 5254 1.2
RW 64.6 + 1.6 657 £05 673 £0.6 642 £0.8 63.1 £0.3 634 + 1.6 57.74+0.3
BES 264 +0.5 263+06 261 £12 256 £1.2 2454 0.3 263+ 1.2 29.3+£0.5
cLusTer FES 272407 261+05  23.8+04 251413 254403 250+ 1.0 29.1 +0.4
MHRW 27.6 +0.4 269 +£02  256+15 251407 2594 0.5 26.6 +0.6 29.5 +0.2
RW 27.3+0.4 268+04  244+11  253+1.0 26.7 +£0.2 262+ 1.0 28.9 +0.4
BES 91.0 £173 991 £0.6 975 £29  99.3 £0.7 99.9 +0.0 99.8 + 0.1 91.1 + 1.5
Actor FFS 612+152  716+17  793+33  86.6+48 63.1+182  81.8+58 51.8+ 1.8
(LP) MHRW 637+ 141  744+20 759420 8494438 493 +3.4 81.6 + 4.6 50.6 + 1.6
RW 562+ 115  73.8+75  814+60 844442 81.2+4.2 87.3+3.1 57.0 4 1.0
BFS 91.8 +3.8 919448 951 +£24 952 +1.9 95.6 + 3.0 9224108  72.0 £10.2
CiteSeer  FFS 83.5+20.6  91.6+51  904+27 943405 94.7 +2.3 95.7+2.5 59.9 4 4.6
(LP) MHRW 90.6 + 1.8 929+49  924+10 94.0+16 944422 91.6 + 6.5 57.4 4+ 4.0
RW 854+ 187 931 +47  928+21  929+20 93.6 +5.9 96.4 +0.9 61.8 +3.9
BFS 91.5 + 4.1 945+33 943 £23 979 £22 98.0 +1.2 96.7 +0.8 83.6 +2.3
Cora FFS 95.4 +0.8 921+46  913+17  90.1+33 90.1 + 5.4 93.6 + 3.3 54.8 4 0.6
(LP) MHRW 80.0+193 951 +17 923+1.0  90.1+37 93.8 +3.4 93.3+3.8 5734+ 7.1
RW 89.7 + 4.8 920+35  91.6+50  91.9+34 92.7 £3.1 868+ 104 657 +6.6
BFS 84.8+20.1 982 +17 991 £0.6  99.7 £0.2 99.1 +0.3 99.2+0.8 78.9 4+ 2.8
PubMed  FFS 83.0+189  90.1+81  981+08  982+07 63.7+19.7  98.7+06 8134 1.9
(LP) MHRW 84.6+200  884+97  98.6+04  98.6+0.8 7424239  97.9+2.1 74.0 + 14.0
RW 96.2 +0.8 89.04+9.1  983+06  98.7+08 97.1 4 0.0 99.0 + 1.0 84.7 £ 1.0

(continued on next page)
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Table 4 (continued)

Dataset Sampling method GAT GCN GIN Gated Sage MoNet MLP
BFS 98.9 £0.2 9.3+£1.6 11.3£1.1 11.1£1.1 78.3 £43.0 9.6 £ 1.1 45%2.6
COLLAB FFS 64.7 & 31.0 62.2 £+ 5.1 29.5+5.6 30.6 £19.2 88.6 £ 8.5 552 %79 7.7£19
MHRW 70.5 £ 34.8 80.8 £ 1.9 445 £13.3 37.7 £12.5 89.6 £5.7 56.4 £ 11.6 184 £2.5
RwW 77.5£9.2 720+ 1.8 423 £5.0 33.6 £6.7 743+ 114 60.9 £6.1 10.7 £ 4.3
BFS 248 £0.1 253 £04 249 £0.8 269 £0.4 24.6 £0.9 27.3 £0.6 21.3 £0.6
MNIST FFS 23.3+£0.9 21.2+£0.2 21.8£1.5 246 1.2 224+1.3 23.1+£0.2 209+0.4
MHRW 214+0.2 20.0£0.5 219+04 21.9+0.2 21.5+£0.8 224403 20.1 £1.1
RW 21.9£0.1 21.0£05 21.1£23 223403 22.1£0.5 22.1£0.2 20.7£0.3
BFS 33.0£0.4 30.6 £ 0.5 283+ 1.1 333+ 1.0 33.0+04 34.0+0.7 32.8+05
CIFAR10 FFS 34.6 = 0.4 29.7 £ 0.1 202 £2.1 345+ 0.6 337+ 1.1 343 +£0.6 32.8£0.5
MHRW 36.5 £ 0.1 30.6 £ 0.5 21.5£2.1 355+0.2 35.6 £0.7 279+15 33.5+0.5
RW 35.4+0.3 31.2 £0.3 29.4 £3.2 354 £0.4 34.8+0.2 35.7 £0.7 33.7 £0.3

is evident that removing task-irrelevant edges from original structure can improve GNN
performance (Luo et al., 2021; Zheng et al., 2020). We treat graph sampling as a structural
denoising process. If the original network G has only a small amount of structure noise,
completion restores the informative edges removed by sampling, thus improving the GNN
performance. Whereas if the structure noise is large in G, completion weakens the denoising

effect of sampling and leads to performance degradation.

CONCLUSIONS

We focused on the performance of GNNs with partial observed network structure. By
treating the incomplete structure as one of the many graphs generated by a certain sampling
process, we determined the robustness of GNNs in a statistical way via multiple independent
random sampling. Specifically, we performed an empirical evaluation of six state-of-the-art
GNN s on three network learning tasks (i.e., node classification, link prediction and graph
classification) with four popular graph sampling methods. We confirmed that GNNs can
still be applied under graph sampling scenarios in most single graph datasets, but not on
multiple graph datasets. We also identified the best GNN model and sampling method, that
is, GCN and BEFS for small datasets, GAT and RW for medium datasets. Which provides
a guideline for future applications. Moreover, we found that network completion can
improve GNN performance in most cases, however, specific analysis is needed case by
case due to the complexity of datasets under sampling scenarios. Thus, suggesting that
completion and denoising should be done with careful evaluation. We hope this work,
along with the public codes, will encourage future works on understanding the relationship
between structural information and GNNG.
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Table 5 Relative metric score and average rank for (a) GNNs on small datasets, (b) graph sampling
methods on small datasets, (c) GNNs on medium datasets, and (d) graph sampling methods on

medium datasets.
(a)
GNN Relative metric (%) Rank
GCN 93.3 2.9
GIN 92.2 3.4
GatedGCN 91.2 3.6
MoNet 89.5 3.6
GraphSage 87.6 3.7
GAT 87.4 4.6
MLP 73.1 6.3
(b)
Sampling method Relative metric (%) Rank
BES 98.4 1.4
RW 90.7 2.6
FFS 90.3 2.7
MHRW 87.9 3.2
(c)
GNN Relative metric (%) Rank
GAT 94.1 2.6
GraphSage 93.5 3.8
GCN 85.9 4.3
MoNet 85.5 3.8
GatedGCN 82.4 3.9
GIN 77.3 4.6
MLP 75.9 5.2
(d)
Sampling method Relative metric (%) Rank
RW 93.7 2.1
MHRW 93.1 2.3
FFS 89.1 3.0
BES 85.3 2.7
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The data is available at the torch geometric library and Open Graph Benchmark (OGB).

- Actor is available at GitHub: https:/github.com/graphdml-uiuc-jlu/geom-gen/free/
masternew_data/ffilm

- CiteSeer, Cora and Pubmed is available at GitHub: https:/github.com/kimiyoung/
planetoidfraw/master/data

- ARXIV: http:/snap.stanford.edufogb/datamodeproppred

- COLLAB: http:/snap.stanford.edu/ogb/datalinkproppred

- CLUSTER, MNIST, CIFAR10: Wei Qaing. (2022). Three Datasets Cloned from
GNNBenchmarkingDatasets (Version v2) [Data set]. Zenodo. https:/doi.org/10.5281/
zen0do.6050722

Our code is available at GitHub: https:/github.comweigianglg/evaluate- GNNs-under-
graph-sampling.
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