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ABSTRACT

Generative graph self-supervised learning (SSL) aims to learn node
representations by reconstructing the input graph data. However,
most existing methods focus on unsupervised learning tasks only
and very few work has shown its superiority over the state-of-
the-art graph contrastive learning (GCL) models, especially on the
classification task. While a very recent model has been proposed
to bridge the gap, its performance on unsupervised learning tasks
is still unknown. In this paper, to comprehensively enhance the
performance of generative graph SSL against other GCL models on
both unsupervised and supervised learning tasks, we propose the
SEEGERA model, which is based on the family of self-supervised vari-
ational graph auto-encoder (VGAE). Specifically, SEEGERA adopts
the semi-implicit variational inference framework, a hierarchical
variational framework, and mainly focuses on feature reconstruc-
tion and structure/feature masking. On the one hand, SEEGERA
co-embeds both nodes and features in the encoder and reconstructs
both links and features in the decoder. Since feature embeddings
contain rich semantic information on features, they can be com-
bined with node embeddings to provide fine-grained knowledge
for feature reconstruction. On the other hand, SEEGERA adds an
additional layer for structure/feature masking to the hierarchical
variational framework, which boosts the model generalizability. We
conduct extensive experiments comparing SEEGERA with 9 other
state-of-the-art competitors. Our results show that SEEGERA can
compare favorably against other state-of-the-art GCL methods in a
variety of unsupervised and supervised learning tasks.
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1 INTRODUCTION

Self-supervised learning (SSL) [2, 6, 9, 36] has attracted significant
attention recently. By extracting and employing supervisions from
data itself, SSL can heavily reduce the dependence of neural network
models on the labeled data, which is costly to obtain. To facilitate
graph-based learning, SSL has been applied on graph-structured
data. For example, it can learn representations for nodes (e.g., web
pages in search engines), and detect the anomalies on webs (e.g.,
malicious users) [16]. Recently, graph contrastive learning (GCL), as
one of the main SSL types, has experienced a surge [10, 26, 29, 35].
The core idea of GCL is to first construct positive and negative pairs
for nodes, and then maximize the similarity between positive pairs
while minimizing that between negative ones!.

Despite the success, existing GCL methods suffer from two main
problems. On the one hand, negative samples are needed in most
contrastive objectives, which generally construct one positive and
K negative samples for each node. However, these models are eas-
ily affected by the value of K. When K is small, the model cannot
learn sufficient discriminative information, which degrades the
model effectiveness; otherwise, there could lead to a large number
of false-negative samples and slow convergence. Generally, K is
set empirically and there lack theoretical supports. On the other
hand, for the rest of methods based on positive pairs only, they
are easily trapped into a degenerate solution [40], where all the
output embeddings of nodes collapse to a constant. To tackle the
issue, additional strategies are necessary, such as asymmetric dual
encoders with momentum updates and exponential moving aver-
age [21, 27]. Recently, some studies [14] have showed that although
these training strategies can alleviate collapse to some extent, they
may still cause collapse in partial dimensions of the representation,
which leads to worse performance.

To address the shortcomings of GCL methods, generative graph
SSL methods can be used instead. In particular, self-supervised

!Note that some GCL methods require positive pairs only and they only maximize the
similarity between positive pairs.
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graph auto-encoders (GAEs) [12], whose objective is to reconstruct
the input graph data, have been widely studied. Existing methods
mainly differ in their adopted reconstruction components, such
as the adjacency matrix reconstruction [19], the node feature re-
construction [20] and a combination of both graph structure and
node feature reconstruction [23]. However, most of these methods
focus on the unsupervised learning tasks like link prediction and
node clustering, and very few work has shown its superiority over
the state-of-the-art GCL methods, especially on the classification
task. While a masked GAE model GraphMAE [7] is very recently
proposed to bridge the gap, its performance on the unsupervised
learning tasks is still unexplored. Since the goal of SSL is to learn
versatile representations, a further study on self-supervised GAE
model that can achieve comprehensive superiority on both unsu-
pervised and supervised learning tasks is needed. Further, although
GraphMAE is an auto-encoding method, it is based on GAE and
is essentially not a generative model. This also calls our attention
back to the study of generative graph SSL model, such as variational
graph auto-encoder (VGAE) [12].

Different from GAE, VGAE consists of an inference model and a
generative model. Specifically, the inference model encodes obser-
vations (links and features) into latent variables (node embeddings)
while the generative model decodes from these latent variables
to reconstruct links. However, as pointed out in [7], node feature
reconstruction is beneficial for learning high-quality representa-
tions. Therefore, the lack of feature reconstruction could degrade
the model effectiveness. To solve the issue, most existing methods
adopt MLP [8, 9] and GNNss [7, 20] as their decoders for feature
reconstruction. However, they utilize node-level embeddings only
and ignore feature-level embeddings that contain rich semantic
information on node features and can be used to help feature recon-
struction. Recently, CAN [18] is proposed to co-embed both nodes
and features, and use the inner product of their embeddings as the
decoder to recover node features. Despite the success, it has three
main problems. First, the linear decoder is generally less powerful
than MLP and GNNs, which restricts the model’s capability in re-
constructing node features. Second, it assumes the independence
between node and feature embeddings in the variational inference
stage, but practically these two types of embeddings are highly
correlated. Third, it lacks structure/feature masking in the learning
process, which has been shown to degrade the model’s performance
on the classification task [7].

In this paper, we study generative graph SSL and our goal is to en-
hance the family of self-supervised VGAE on graph representation
learning in a variety of downstream tasks. Recently, semi-implicit
variational inference (SIVI) [32], which is a hierarchical variational
framework, has been applied to VGAE to model a wide range of un-
derlying true posteriors with multi-modality, skewness and heavy
tails [4]. We thus adopt the framework to remove the explicit Gauss-
ian restriction on the variational distribution and mainly focus
on the component of feature reconstruction and structure/feature
masking. We propose a Self-supervised semi-implicit Graph varia-
tional auto-encoder with masking, namely, SEEGERA. Specifically,
the model co-embeds both nodes and features in the encoder and
jointly reconstructs links and features in the decoder. Note that the
feature embeddings can provide fine-grained information that is
supplementary to the node embeddings when reconstructing node
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features. Specifically, for each node, we take its feature values as
weights and compute the weighted average of feature embeddings
w.r.t. the node. The weighted embedding characterizes the affini-
ties between the node and all the features. After that, we combine
the weighted embedding with the node embedding, and feed the
fused embedding into GNNs to reconstruct the node’s features.
Further, to generate node and feature embeddings in the encoder,
we first assume the independence between them and propose the
base SEEGERA model. Then we upgrade the model by capturing
the correlations between node and feature embeddings. Finally, we
add an additional layer to the hierarchical variational framework
to integrate SEEGERA with the masking mechanism and boost the
model performance. In summary, our main contributions are listed:
e We propose a generative graph SSL model SEEGERA. To our knowl-
edge, this is the first generative graph SSL method that is compre-
hensively compared with the SOTA GCL models in terms of both
unsupervised and supervised learning tasks, and shows superiority.
e We present a novel feature reconstruction method that lever-
ages both node and feature embeddings to provide fine-grained
information for reconstructing features. We further introduce the
structure/feature masking mechanism by adding an additional layer
to the hierarchical variational framework.

e We conduct extensive experiments to evaluate the performance
of SEEGERA on two unsupervised learning tasks: link prediction
and attribute inference, and one supervised learning task: node
classification. Experimental results show that SEEGERA can signifi-
cantly outperform other competitors on both link prediction and
attribute inference tasks, and perform comparably with them in
node classification. This effectively verifies the power of generative
graph SSL in graph representation learning.

2 RELATED WORK

In this section, we summarize the related work on both graph self-
supervised learning and generative graph self-supervised learning,
respectively.

2.1 Graph self-supervised learning

Graph self-supervised learning [7, 26, 31, 35] aims to employ super-
visions extracted from graph-structured data without the need for
annotated data. Existing methods can be mainly divided into four
types: (1) generative models [12], whose objective is to reconstruct
the input graph data. (2) auxiliary-property-based methods [36],
which first obtain graph-related properties and then take them as
supervisions, such as the pseudo labels of unlabeled nodes; (3) con-
trastive models [29], which construct positive and negative pairs
for contrast. (4) hybrid approaches [38], which combine the objec-
tives of the first three types in a multi-task learning fashion. For a
comprehensive survey on graph self-supervised learning, see [15].

Recently, graph contrastive learning has been widely studied.
According to whether negative samples are used in the learning pro-
cess, existing methods include negative-sample-based and negative-
sample-free ones. For the former, DGI [29] and InfoGraph [26] em-
ploy corruptions to construct negative pairs. GRACE [41], GCA [42]
and GraphCL [35] take samples in a mini-batch as a dictionary
whose size is constrained by the batch size and consider other sam-
ples in the same mini-batch as negatives of a sample, while GCC [21]
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maintains a dynamic dictionary with larger size as in MoCo [6].
For the latter, BGRL [27] and CCA-SSG [37] are two representative
models that are based on asymmetric encoding architectures. How-
ever, they require special training strategies to avoid the collapse
of learned node embeddings to a constant, such as momentum up-
date [6], exponential moving average [27] and stop gradient [27].
Further, existing GCL methods heavily rely on graph augmentation
strategies to construct different graph views for contrast, including
feature-oriented (e.g., masking [35] and shuffling [29]), proximity-
oriented (e.g., perturbation [35]), and graph-sampling-based (e.g.,
random-walk [5]) augmentations.

2.2 Generative graph self-supervised learning

Generative graph self-supervised learning aims to take the input
graph as self-supervision and recover the input data. It mainly con-
sists of two families of models: graph autoregressive models and
graph autoencoders (GAEs). Autoregressive models [33, 34] decom-
pose joint probability distributions as a product of conditionals. The
representative graph autoregressive model is GPT-GNN [9], which
takes attributed graph generation as its objective. However, since
autoregressive models require an explicit ordering to generate, they
might not work well on graphs that do not exhibit inherent orders.

Different from graph autoregressive models, GAEs do not require
any decoding ordering and they aim to reconstruct part of the input
graph data. According to the reconstructed components, existing
self-supervised GAE methods include those that reconstruct links
only (e.g., ARVGA [19], GAE [12], VGAE [12]), features only (e.g.,
GraphMAE [7], GALA [20], MGAE [30], EP [3]), and a combination
of both links and features (e.g., GATE [23], CAN [18], DGE [39]).
However, most of these methods focus on the link prediction and
node clustering tasks, and few of them compares favorably against
the state-of-the-art GCL methods, especially in the classification
task. While GraphMAE is recently proposed to bridge the gap, its
performance on unsupervised learning tasks remains unexplored.
Further, it is based on GAE and is essentially not a generative model.
Different from GAE, variational graph auto-encoder (VGAE) is a
generative model that recovers links only in the decoder. While
there exist some self-supervised VGAE models that reconstruct fea-
tures [23, 39], most of them only leverage node-level embeddings
but ignore feature-level embeddings that contain fine-grained infor-
mation for node features and can help boost feature reconstruction.
In this paper, we reconsider generative graph self-supervised learn-
ing and show that self-supervised VGAE can outperform or perform
comparably against other SOTA GCL models in a variety of tasks,
such as link prediction, attribute inference and node classification.

3 PRELIMINARY

3.1 Notations

Let G = (V, E) denote a graph, where V = {x; ;1:1 is a set of nodes
and & € V x V is a set of edges. Let A be the adjacency matrix of
G, such that A;; represents the weight of edge e;; between objects
x; and x;. For simplicity, we set A;; = 1if ej; € &; 0, otherwise.
Further, since nodes in a graph are usually associated with features,
we denote F = {fr}lr=1 as a set of node features and X € R"™! as
the node feature matrix, where the i-th row X; is the feature vector
of node x;. For the node representation matrix, let it be 7V e rrxd,
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where d is the output embedding dimension satisfying d < |V|.
Note that the i-th row Z;V represents the embedding of node x;.
Similarly, Z7 € R4 denotes the feature representation matrix,
whose r-th row ZZ- is the embedding of node feature f;. In this
paper, we learn both node and feature representations, and use
node representations in various downstream tasks.

3.2 SIVI and SIG-VAE

Given observations Y and latent variable Z, the vanilla variational
inference (VI) derives an evidence lower bound

ELBO = —Ezq(z|y) [log q(Z|y) —logp(Y,Z)], (1)

where ¢ is variational parameter, q(Z|y/) is variational distribution
and p(Y, Z) is joint distribution. However, VI restricts an exponen-
tial family assumption to the posterior. To address the problem,
semi-implicit variational inference (SIVI) [32] considers variational
parameters as random variables drawn from a mixing distribution.
Specifically, the semi-implicit variational distribution for Z is de-
fined in a hierarchical manner, which follows Z ~ ¢(Z|¢) and
¥ ~ q4(¢). Here, ¢ is the parameter of the mixing distribution
q4(¥). Further, { can be marginalized out to derive a distribution
family H indexed by ¢ for Z:

H= {h(Z) h(Z) = /V/q(leﬁ)%(l//)dl//}. ()

Note that g(Z|¢) is required to be explicit, but the mixing distri-
bution g4 (¢) is allowed to be implicit. Moreover, the marginal
distribution h(Z) € H is often implicit unless g4 (¢) is conjugate
to q(Z|¢). These are the reasons why the method is referred to as
“semi-implicit” VI. To maintain simple optimization, q(Z|y/) is re-
quired to be either reparameterizable [11] or allow the ELBO under
q(Z[y) to be analytic. For g4 (¥), it needs to be reparameterizable.
Generally, SIVI draws from g (1) by injecting random noise € into
node features and transforming the features via neural networks.
Recently, Hasanzadeh et al. [4] apply SIVI to VGAE and propose
the semi-implicit graph variational auto-encoder (SIG-VAE) model.
Specifically, it sets gq(Z|y) to be Gaussian distribution and uses
GNNs to characterize the mixing distribution g4 (). While SIG-VAE
uses the hierarchical variational framework to capture complex non-
Gaussian posteriors, it still has the problem of ignorance of feature
reconstruction and structure/feature masking. Therefore, based on
the framework of SIG-VAE, we next explore how to enhance self-
supervised VGAE for unsupervised graph representation learning.

4 ALGORITHM

In this section, we present our model SEEGERA. Different from SIG-
VAE that uses node embeddings only, SEEGERA further generates
feature embeddings to capture the rich semantic information on
node features, which can be used to enhance feature reconstruction.
Specifically, we consider two cases in the encoder when generating
node and feature embeddings: (1) they are independent; (2) they
are correlated. After that, in the decoder part, we utilize GNNs
to reconstruct node features based on both node and feature em-
beddings. Finally, we show how structure/feature masking can be
integrated with the hierarchical variational framework and gives
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the optimization techniques. The overall framework of SEEGERA is
summarized in Figure 1.

4.1 Variational lower bound

In VI, given a graph G with an adjacency matrix A and a feature
matrix X, we approximate the true posterior p(Z”, Z%|A, X) with
a variational distribution q(ZV, Z%|y1, y»), where y; and y» are
variational parameters. To capture more complex posteriors that go
beyond the exponential family, we adopt the hierarchical variational
framework in SIVI and assume

2V~ qu(ZV 1), Y1 ~ ag (). 27 ~ @2 (2T 1), Y2 ~ ag, (Y2), (3)

where ¢1 and ¢ are parameters of mixing distributions. We marginal-
ize ¢ and ¥, out and derive

ZV ~ by, (ZV) :/w q1(Z" [y1) gy, (Y1) dyn,
' o)
27 ~ by, (27) = /w (27 192 ag, (J2) .

We maximize the log-likelihood of observations A and X, and use
Jensen’s inequality to get
p(AX, 2V, 27)

vz |0 Y

lng(A, X) > Eh¢ (zV,Z7) [log
where £ is ELBO and

hy(2,27) = /¢ /¢ 02" 271 2 ag (. Y)dindy - (©)

is the marginal distribution over ZV and Z7. Since hg is often
intractable, the Monte Carlo estimation of ELBO could be prohibited.
To address the problem, we first take the mean-field assumption:

aZV. 27, 92) = 12V Y1) @2 (27 1Y),

7
94 (Y1, 92) = qg, (Y1) g4, (Y2),
and substitute Eq. 7 into Eq. 6 to get:
hy(ZV,27) = hy (ZV)hy, (27). (8)

From Eq. 8, we see that ZV and Z7 are independent. Then we
derive a lower bound for the ELBO based on Eq. 8:

p(AX 2V, 27)
log - = 77
hg (Z7V)hg,(Z7)
2 Byi~qy, B2V gy 2V 1y Bvo~ag, W EZ7~qu27 1) 9)
p(A, X ZY,Z%)

1@V (@7 1))

Details on the derivation of Equation 9 are deferred to Appendix E.
In £, g1 and g; are required to be explicit and have analytic den-
sity function, while g4, and gy, could be implicit but have to be
convenient to be sampled from. Directly optimizing £, by Monte
Carlo Estimation is much easier.

However, in practice, nodes and their features are highly cor-
related. On the one hand, node embeddings are generated based
on features. On the other hand, the semantic information of fea-
tures are directly reflected by nodes. Therefore, the independence

-C = Eh(f’] (Z(V)thgz (Z‘F)

=1
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between ZV and Z” in Equation 8 is inappropriate. To tackle the
issue, we modify Eq. 7 into:

92V, 27 1. 92) = 1 (ZV 1Y) g2 (27 12),

94 (Y1, ¥2) = q¢, (Y21¥1) g4, (1),
which explicitly characterizes the dependence between variational
parameters {1 and 2. In this way, hy zV,z2%) # hg, (Z(v)hqu zh,

which shows that ZV and Z¥ are correlated. Then we can derive
another lower bound for the ELBO in Equation 5:

(10)

L 2 By, gy, 90 Epamag, 0oy B2V 29)~q 2V 27 [y1.00)
: p(AX,ZY,Z7)
og PAXZ7.Z7)
q(ZV, 2711, y)

(11)

=2

4.2 Encoder

In the encoder, we generate ZV and Z% from observations A and X.
We next show how to generate Z"V and Z¥ according to whether
they are independent or not.

[z and z7 are independent]. To generate ZV, we assume
that ¢1 (ZV 1) = [T, q1(ZY 11, ), where g1 (2} |1V, =)
=N (,ul.(v, 2;‘/) and N is multivariate Gaussian distribution with
mean ,u?/ and diagonal co-variance matrix Z;V. Since y;V and Z?/
are random variables, we draw them by injecting noise € into a
GNN model:

X = CONCAT(X, ), € ~ g(e), [1;, =] = GNN1(A,X),  (12)

where CONCAT(-) is the concatenation function and GNN;(-) is a
GNN model. Note that € is random noise sampled from distribution
G(€e), whose row size should be the same as X. The injected noise €
enables the uncertainty propagation between neighboring nodes in
the GNN layer, which drives the outputs of the GNN to be random
variables rather than deterministic values. Similarly, for Z(F, we
assume g5 (27 |y2) = [1L_, q2(2] |u] =T with qo (2] |uf 2T =
N(,urT, EZ-). To infer ,uZ: and Zf, we use a MLP model:

X =CONCAT(XT, &), é ~ g(e), [T, 3T =MP1(X).  (13)

Note that X € R and the r-th row X! € R" can be considered
as the feature vector of feature f;. The random noise é drawn from
G(e) injects uncertainty to the matrix X’, which models ,u,T and
Zf as random variables.

[ZV and Z7 are correlated]. We also assume g1 and g3 follow
Gaussian distribution and use the same method as in Equation 12 to
generate [,u;V, Z;V], However, to capture the dependence between
Y1 and ¢ 2 in Equation 10, we compute [,urT , Zz-] for feature f
based on node embeddings. Specifically, since the rich semantic
information of each feature is directly reflected by values of nodes
in the feature, we take the feature vector X! € R" as the weight
vector over all the nodes, and compute:

TV 5V
o XEY 3] ])

uf, 57 :MLPZ( T (19)
X
i=1""ri

2Here, we denote ¢y = [pV, %V ] and ¢ = [u”, 7], respectively.



SeeGera: Self-supervised Semi-implicit Graph Variational Auto-encoders with Masking

WWW ’23, May 1-5, 2023, Austin, TX, USA

NOISE  ____

N K INJECTION % \\‘

! -
2 R -

i i

A 1
P +>@-4-—-—-

i v !

-

: L—p
—-?N(y'ﬁ):ﬂ—» - @ — —»‘—» —>
1 A
1

SAMPLING -« .

<!
]
Nu/",z’h—»%: ‘
“ :
v o
Z I :

GCN

XRec

[ [Inner Product] [ ] [Combine] [ ] [Weighted Average] —» [Independent] —» [Correlated]

Figure 1: The overall framework of SEEGERA.

In this way, [u,T, er ] is derived from node embeddings. Since p{v

and Z;V are random variables, ,urT and 2,7: will also be random
variables.

4.3 Decoder

In the decoder, we aim to reconstruct both edges and features in
the given graph. The generative process is described as follows.

First, for each node x; and each feature f;., we draw (Z;V, ZZ: ) ~
h¢(Z;V, Zr7:)3. Second, for each edge A;; in the adjacency matrix
A, draw A;j ~ Ber(pl{}). Here, Ber(+) denotes Bernoulli distribu-
tion and p;.‘} is the probability for the existence of edge A;;. We
implement p;} simply by inner product as: p;‘j = 0((Z;V)TZ;.V),
where o is the sigmoid function. Third, for each attribute X;, in the
attribute matrix X, draw Xj ~ N (p?i, Z§|Z?/, Z;F ). Here, ,u?(r, Zi(r
are functions of ZV and Z%".

We next introduce how to compute ,u?(r and Z;(r. Since Z,T con-
tains rich semantic information on feature f;, the affinity between
x; and f, can provide fine-grained knowledge for feature reconstruc-
tion. Given a node x;, to capture its affinities with all the features,
the attention mechanism [28] can be applied on node and feature
embeddings. However, this will increase the time complexity of the
model. For simplicity, we directly use the feature vector X; € R! of
x; as the weight vector and calculate the weighted average over all
the feature embeddings:

5V erzl Xirzf

(15)
! erzl Xir

Compared with Z;V, Z?/ contains more details on how each feature

can be reconstructed. After that, we combine Z;V and Z;V to get:

Vv _ V 5V
z) = coMBINE(ZYY, Z). (16)

3When Z} and Z are independent, we draw ZY ~ hy, (Z}) and Z] ~ hg, (Z]).

In our experiments, we set the COMBINE function to be CONCAT.
Finally, the updated Z;V is taken as input and fed into a GNN model
to learn parameters w.r.t. node x;:

(12X, 3X] = GNN2 (A, ZYY), 17)

where GNNz () is a GNN model.

4.4 Masking

To further improve the model generalizability, we introduce the
masking mechanism in SEEGERA by adding an additional layer to
the hierarchical variational framework. Specifically, we transform
Equation 6 into:

w@" 20 = [ [ [ a@ 2 )
a5 (V1. ¥21G)p(GIA, X)dy1dy2dG

From the above equation, we see that in addition to ¢; and ¢, the
integration is performed over a new variable G and a probability
function p(G|A, X). Here, G denotes a new graph and p is the graph
augmentation probability function. The equation can lead to a new
variational lower bound for the ELBO, but it is more difficult to
optimize compared with £, and £,. To tackle the issue, we can
first perform graph augmentation and generate a perturbed graph

(18)

G. After that, based on G, node and feature embeddings are learned
based on £, or £,. We repeat the above process until convergence.
Although graph augmentation can include more operations than
masking, we mainly focus on structure/feature masking in this
paper, because masking is beneficial for node classification [7].

4.5 Optimization
In Section 4.1, we have derived two lower bounds él and £2 for

the ELBO, according to whether ZV and Z% are independent. For
notation brevity, we use L to overload both £1 and £2. However,
directly optimizing £ could lead to the degeneracy problem [32]

that q¢, (Y1), q¢,(¥2) and g4 (Y1, ¥2) might converge to a point
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mass density, which degenerates SIVI to the vanilla VI. To address
the problem, we can regularize £ by Bg:

B =E CAR AR CAR )

W) A ETINE ~qg () DKL (‘1

a2V, 271y, yo) + £K_ 92V, 271y, lﬁz)
K+1

Note that By satisfies (1) Bx > 0; (2) Bx = 0 if and only if K = 0 or
q4 degenerates to a point mass density. According to [32], £, =
L + Bk is an asymptotically exact surrogate ELBO that satisfies
.EO L and limg_,o .E = L. Maximizing L with K > 1
derives positive B and could drive g4 away from degeneracy.
Moreover, importance reweighting [1] can be further introduced to
tighten £, by drawing J samples {(Z(V)j (ZT)],W tﬁz }J from
qz7, ZT U1, ¥2). The objective can be formulated as

.[j

h(zV,27) =

Eiav) ), WY ~a @V 2T iy ) ag (v.)

N i P(AX, (ZV);,(27)))
Bk gkyk ~qy vy 18 7 - Q; :
J &

(19)

where
K
1 : . ~ ~
Q) = 2@, @19 9) +;q<<z‘v>,«, @)1, 95)

Then we take é{( as the surrogate ELBO and use stochastic gradient
ascent to optimize it. Note that £, and £, treats differently for
44 (Y1, ¥2). Finally, we summarize the pseudocodes of SEEGERA in
Algorithm 1 (see Appendix B).

[Complexity analysis] The major time complexity in the en-
coder comes from GNN and MLP. Suppose we use GCN as the GNN
model. Since the adjacency matrix is generally sparse, let d4 be the
average number of non-zero entries in each row of the adjacency
matrix. Let [ be the number of features and d be the embedding
dimension. Further, we denote d and d as the dimensions of injected
noise to the GCN and MLP, respectively. Then, the time complexi-
ties for GCN and MLP are O(ndA(l+fi) +n(l+ci)d) and O(l(n+ci)d),
respectively. In the decoder, suppose we still adopt GCN as the GNN
model. Then the time complexities for reconstructing links and fea-
tures are O(n’d) and O(ndad + ndl), respectively. As suggested
by [12], we can down-sample the number of nonexistent edges in
the graph to reduce the time complexity for recovering links.

5 EXPERIMENT

In this section we comprehensively evaluate the quality of node
embeddings learned by SEEGERA. We mainly study four research
questions:
(RQ1) How does SEEGERA perform in the link prediction task?
(RQ2) Can SEEGERA effectively predict node attributes?
(RQ3) While SEEGERA is an unsupervised learning method, can
it perform well when generalized to the node classification task?
(RQ4) How does structure/feature masking influence the perfor-
mance of SEEGERA?

5.1 Datasets and Baselines

To answer the above four questions, we conduct extensive experi-
ments on seven public datasets: Cora, Citeseer, Pubmed, Coauthor CS,
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Coauthor Physics, Amazon Computer and Amazon Photo. Detailed
descriptions and statistics on these datasets are provided in Ap-
pendix A. We also compare SEEGERA with 9 other SOTA baselines,
which can be categorized into two groups:
¢[Generative graph SSL methods]. This group of methods are
based on GAE/VGAE and aim to reconstruct links and/or features,
including SIG-VAE [4], CAN [18], GATE [23] and GraphMAE [7].
Note that GraphMAE is the SOTA generative graph SSL model.
¢[Graph contrastive learning methods]. Models in this type
construct positive (and negative) pairs for contrast to learn node rep-
resentations, including DGI [29], MVGRL [5], GRACE [41], GCA [42]
and CCA-SSG [37].

Further, for more implementation details, see Appendix D.

5.2 Link Prediction (RQ1)

Link prediction is a typical unsupervised learning task for graph
analysis, which aims to predict whether an edge exists between
two nodes or not. We compare SEEGERA with 8 other SOTA base-
lines, including GCL models: DGI [29], MVGRL [5], GRACE [41],
GCA [42], CCA-SSG [37], and the generative graph SSL methods:
CAN [18], SIG-VAE [4], GraphMAE [7]. For our proposed method
SEEGERA, we put forward three versions. Specifically, SEEGERA-v1
assumes the independence between ZV and Z¥ and optimizes L.
while SEEGERA-v2 captures the correlations between them and op-
timizes £,. Further, SEEGERA-v3 upgrades SEEGERA-v2 by adding
the masking mechanism.

To evaluate the model performance, we construct the valida-
tion/test set by randomly selecting 20%/10% edges in the original
graph as positive samples and an equal number of nonexistent edges
as negative samples. After the removal of these selected edges, we
train all the models on the resulting graph with the remaining 70%
edges. We use two commonly used metrics, the area under the ROC
curve (AUC) and the average precision (AP), to report the model
performance. For both metrics, a larger value indicates a better
performance. We use the validation set for hyper-parameter tuning
and early stopping with a patience of 100, i.e., we stop training if
both metric scores on the validation set do not increase for 100
consecutive epochs. Similar as in [12], the predicted probability of
an edge between nodes x; and x; is calculated by A;; ~ Ber(pl{j.),

where pip}. = a((Z;V)TZ;.V) and o is the sigmoid function. For each
method, we run experiments 10 times and report the average results
on the test set. Table 1 summarizes the results across all the datasets.
From the table, we have the following observations:

(1) The generative graph SSL methods except GraphMAE gen-
erally perform better than GCL methods. This is because these
methods learn to reconstruct links in the objective. For GraphMAE,
it only reconstructs features, which explains its poor performance.

(2) While SEEGERA is based on SIG-VAE, it achieves better perfor-
mance. This demonstrates the importance of feature reconstruction
and structure/feature masking.

(3) Although CAN co-embeds both nodes and features, it still per-
forms not very well, due to the independence assumption between
node and feature embeddings. Further, it uses linear decoder for
feature reconstruction, which restricts the model’s effectiveness.

(4) SEEGERA significantly outperforms other competitors across
all the datasets, which indicates the superiority of generative VGAE
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Table 1: Link prediction results. The error bar (+) denotes the standard deviation score of results over 10 trials. We highlight the
best score on each dataset in bold. For CAN, the released codes by the authors do not implement reconstruction for numerical

features, so we cannot run it on datasets with numerical features. OOM denotes the out-of-the-memory error.

Metrics Method Cora Citeseer Pubmed Photo Computer CS Physics

DGI 93.88+£1.00 9598+0.72 96.30+0.20 80.95+0.39 81.27 £0.51 93.81+0.20 93.51 +0.22

MVGRL 9333 +0.68 88.66+527 95.89+0.22 69.58+2.04 92.37+0.78 91.45+0.67 OOM
GRACE 82.67£0.27 87.74+0.96 94.09+0.92 81.72+0.31 82.94+0.20 85.26+2.07 83.48+0.96
GCA 81.46 £4.86 84.81+1.25 94.20+0.59 70.02+9.66 89.92+0.91 84.35+1.13 85.24+5.41
AUC CCA-SSG 93.88+0.95 94.69+0.95 96.63+0.15 73.98+1.31 7591+1.50 96.80+0.16 96.74 +0.05

CAN 93.67 £0.62  94.56 + 0.68 - 97.00 £0.28  96.03 £ 0.37 - -

SIG-VAE 94.10 £ 0.68 92.88+0.74 85.89+0.54 94.98+0.86 91.14+1.10 95.26+0.36 98.76 +0.23
GraphMAE | 90.70 +£0.01  70.55+0.05 69.12 +0.01 77.42 + 0.02 75.14 £0.02 9147 +0.01 87.61+0.02
SEEGERA-v1 | 94.95+0.72 96.75+0.54 97.07+£2.20 98.40+0.08 96.87+0.29 97.82+0.11 98.95+0.06
SEEGERA-V2 | 9537 +£0.60 96.81+0.51 97.79+0.22 98.47+0.05 97.28+0.00 97.83+0.11 98.97 +0.04
SEEGERA-V3 | 95.50 £ 0.71 97.04+£0.47 97.87+0.20 98.64+0.05 97.70+0.19 98.42+0.13 99.03 £0.05
DGI 93.60 £1.14 96.18+0.68 95.65+0.26 81.01+0.47 82.05+0.50 92.79+0.31 92.10 +£0.29

MVGRL 92.95+0.82 89.37+455 9553+030 63.43+2.02 91.73+040 89.14+0.93 OOM
GRACE 82.36 £0.24 86.92+1.11 93.26 +1.20 81.18 £0.37 83.12+0.23 83.90+2.20 82.20 + 1.06
GCA 80.87 +4.11 81.93+1.76 93.31+0.75 65.17+10.11 89.50+0.64 83.24+1.16 82.80 +4.46
AP CCA-SSG 93.74£1.15 95.06 091 9597+0.23 67.99+1.60 69.47+194 96.40+0.30 96.26 +0.10

CAN 94.49 £0.60  95.49 £ 0.61 - 96.68 £0.30  95.96 £ 0.38 - -

SIG-VAE 94.79 £0.71 94.21+0.53 85.02+0.49 94.53+0.93 91.23 £1.04 94.93+0.37 98.85+0.12
GraphMAE | 89.52+0.01 74.50+0.04 87.92+0.01 77.18+0.02 75.80+0.01 83.58+0.01 86.44+0.03
SEEGERA-v1 | 9553 +0.54 97.10+0.49 97.25+2.07 9832+0.09 96.73+0.31 98.30 £0.11  99.10 + 0.09
SEEGERA-V2 | 9590+0.49 97.17+0.46 97.89+£0.21 9837+0.09 97.15+0.00 98.33+0.10 99.13 +£0.06
SEEGERA-V3 | 95.92+£0.68 97.33+0.46 97.87+0.20 98.48+0.06 97.50+0.15 98.53+0.18 99.18 +0.04

Table 2: Attribute inference performance w.r.t the MSE metric. The best result in each dataset is highlighted in bold.

Method Cora Citeseer Pubmed Photo Computer CS Physics
CAN - - - 0.22+0.00 0.23 +0.01 - -
GATE 1.80x 1073 £2.15x107% 458 x 1074 +£8.07x10™> 390x1074+1.99x 107>  0.24+0.01 0.25+0.01 2.03 +0.25 OOM

GraphMAE | 1.57 x 1073 £7.42x 107> 8.68x 1074 +130x 107"  7.29x107*+2.66x 107>  0.48+0.00 0.48+0.00 2.70+0.06 2.97 + 0.05
SEEGERA-v] | 1.90x 1073 +8.18 X 107>  4.87x 1074 +2.62x107° 421x1074+£470x10™> 0.22+0.00 0.23+0.14 2.12+0.06 2.15=0.05
SEEGERA-v2 | 1.89%x 1073 +8.13X 107>  4.86x 1074 +2.24%x107° 3.68x1074+7.11x107® 0.21+£0.01 0.23+0.01 2.08+0.07 2.14+0.03
SEEGERA-V3 | 1.89x 1073 +£8.13X 107>  4.84x 1074 +296x107° 3.66x1074+7.34x107® 0.21+£0.01 0.22+0.00 1.93+0.07 2.14+0.03

Table 3: Node classification performance w.r.t. the classification accuracy. We highlight the best results in bold.

Method Cora Citeseer Pubmed Photo Computer CS Physics
DGI 823+0.6 71.8+0.7 768+0.6 91.61+0.22 83.95+0.47 92.15+0.63 94.51+0.52
MVGRL 83.5+04 733+05 80.1+0.7 91.74+0.07 87.52+0.11 92.11+0.12 95.33 +£0.03
GRACE 81.9+04 71.2+05 80.6+0.4 92.15+0.24 86.25+0.25 9293 +0.01 95.26 +£0.02
CCA-SSG 84.0+04 73.1+03 81.0+04 93.14+0.14 88.74+0.28 93.31+0.22 95.38+0.06
GraphMAE | 84.2+04 73.4+04 81.1x04 9298+0.35 88.34+0.27 93.08+0.17 95.30+0.12
SEEGERA-v1 | 82.9+0.4 71.7+0.6 789+0.9 92.53+041 88.44+0.24 93.72+0.29 95.40+0.10
SEEGERA-v2 | 84.0+04 73.0+0.8 80.4+04 9270+042 88.39+0.26 93.83+0.22 95.39 +0.08
SEEGERA-vV3 | 843 +£0.4 73.0+0.8 80.4+04 9281+045 88.39+0.26 93.84+0.11 95.39+0.08

model in graph representation learning. In particular, the consis-

5.3 Attribute Inference (RQ2)

tent outperformance of SEEGERA-v2 over SEEGERA-v1 verifies the
importance of capturing the correlations between node and fea-
ture embeddings. Further, the improvement of SEEGERA-v3 over
SEEGERA-V2 shows the necessity of structure/feature masking.

Attribute inference is a task that predicts values of missing node
attributes. Similar as in link prediction, we hide a certain percent-
age of node features and train on the rest. To construct the train-
ing/validation/test set, we randomly select 70%/10%/20% node fea-
tures. The validation set is used for hyper-parameter tuning and
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(a) Cora-AUC (b) Cora-AP

(c) Citeseer-AUC

(d) Citeseer-AP

Figure 2: Hyper-parameter sensitivity analysis on the masking rates «; and «; in terms of link prediction. The darker the color,

the larger the value.

early stopping with a patience of 100 epoches. We take the Mean
Squared Error (MSE) as the evaluation metric. The smaller the value,
the better the performance. In this task, we compare SEEGERA with
generative graph SSL methods that reconstruct features in their
decoders, including CAN [20], GATE [23] and GraphMAE [7]. For
GCL models and other generative graph SSL methods that recover
links only, they cannot be easily adapted to the task, so we do
not take them as baselines. For each method, we run experiments
10 times and report the average results in Table 2. For Cora and
Citeseer, we normalize node features for fair comparison, so CAN
cannot be applied. From the table, while CAN, GATE and Graph-
MAE can perform well on some datasets, they cannot consistently
provide excellent performance. For example, GraphMAE achieves
the best result on Cora, but it performs very poorly on Citeseer.
Further, SEEGERA-V3 outperforms other competitors on 5 out of
7 datasets. This shows the effectiveness of our proposed feature
reconstruction method and also the masking mechanism. We also
notice that, in all cases, SEEGERA-V2 achieves better performance
than SEEGERA-v1, which again verifies the necessity of capturing
correlations between node and feature embeddings.

5.4 Node Classification (RQ3)

To further study SEEGERA, we generalize learned embeddings to
the node classification task. After node embeddings are trained on
the entire graph, we train an additional classifier. Here, we employ
Logistic Regression as the classifier. For Cora, Citeseer and Pubmed,
we use the public split for evaluation, where each class has fixed
20 nodes for training, another fixed 500 nodes and 1000 nodes for
validation and testing, respectively. For other datasets, we randomly
split the nodes into 10%/10%/80% training/validation/test sets. We
use classification accuracy as the metric to evaluate the model per-
formance. Since GCL methods have been shown to perform well in
classification tasks, we compare SEEGERA with 4 state-of-the-arts,
including DGI, MVGRL, GRACE and CCA-SSA. We also take the
recently proposed generative model GraphMAE as baseline, be-
cause it bridges the gap between generative graph SSL models and
GCL methods in terms of classification tasks. Table 3 summarizes
the classification results on all the datasets. From the table, we see
that CCA-SSG, GraphMAE and SEEGERA lead other competitors

and they almost tie. This shows that SEEGERA achieves compa-
rable performance with the state-of-the-art methods in the node
classification task. Further, with the significant advantage in link
prediction and attribute inference tasks, we conclude that SEEGERA,
a VGAE-based graph SSL method, can generate versatile node rep-
resentations that can be widely used in various downstream tasks.

5.5 Parameter Analysis (RQ4)

We end this section with a sensitivity analysis on the key hyper-
parameters in SEEGERA, i.e., the structure masking rate a3 and the
feature masking rate ay. Specifically, we explore the stability of
SEEGERA w.r.t. the perturbation of a7 and a;. We conduct experi-
ments on the link prediction task by varying these parameters from
0 to 0.5, and keeping others fixed. Figure 2 illustrates the AUC and
AP scores of SEEGERA-v3 under different a7 and ay values on Cora
and Citeseer. From the figure, we see that SEEGERA-V3 can give very
stable performance over a wide range of a1 and o, values, as shown
by the plateau in the figure. This demonstrates the insensitivity of
SEEGERA w.r.t. these two hyper-parameters.

6 CONCLUSIONS

We studied generative graph SSL in this paper and proposed SEEGERA,
which enhances the family of VGAE on graph representation learn-
ing. Specifically, SEEGERA adopts the hierarchical variational frame-
work in SIG-VAE and mainly focuses on feature reconstruction and
structure/feature masking. On the one hand, SEEGERA co-embeds
both nodes and features in the encoder and computes their embed-
dings by assuming they are independent and correlated, respec-
tively. After that, feature embeddings that contain rich semantic
information on features are combined with node embeddings to
provide more fine-grained information for feature reconstruction in
the decoder. On the other hand, we injected the masking mechanism
into SEEGERA by adding an additional layer to the hierarchical varia-
tional framework. We conducted extensive experiments to evaluate
the performance of SEEGERA. The results show that SEEGERA sig-
nificantly outperforms other competitors in link prediction and
attribute inference, and achieves comparable results with them in
node classification. This further verifies the power of generative
graph SSL methods in graph representation learning.
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A DATASETS

We use 7 public datasets which do not have license. We next briefly
introduce them as follows.

Cora, Citeseer and Pubmed [13] are three citation networks,
where nodes represent publications and edges are citation links.
Features for each node are the keywords it contains. Each dimen-
sion in the feature vector indicates the presence of a keyword in
the publication. Nodes in these datasets are associated with labels
that describe research topics of publications.

Coauther CS and Coauther Physics are co-authorship graphs
based on the Microsoft Academic Graph from the KDD Cup 2016
challenge [24]. In these datasets, nodes are authors and edges cap-
ture the co-authorship. Further, node features represent keywords
in each author’s papers, and class labels indicate the study fields
for authors.

Amazon Computer and Amazon Photo are extracted from the
Amazon co-purchase graph [17], where nodes represent goods
and edges indicate that two goods are frequently bought together.
Node features are bag-of-words encoded product reviews and class
labels are the product categories. The statistics of these datasets
are summarized in Table 4.

B PSEUDOCODES

This section summarizes the pseudocodes of SEEGERA-v3 in Alg. 1.

Algorithm 1 SEEGERA-V3

Input: A, X, p(G|A, X), G(e), §(€), p, neural networks Ty, and Ty,
Output: ¢; and ¢,

1: Initialize @1, @2, set £{< =0

2: while not converged do

3 Sample G~ p(é|A, X)

4 for k =1to K do

5: Sample 1/}{‘ =Ty, (G, éf), where €f ~ g(e) > Eq. 12

6: Sample 1/;5 =Ty, (G, 1/;{‘ éé‘), where éé‘ ~q(e) »Eq. 14

7: end for

8: for j=1to J do A

9: Sample e{ ~ g(e), eé ~ q(e)

10: Sample ¥/ = [(uV);, V)1 =Ty (G,€/)  »Eq. 12
p 1 K )js J ¢\ 1/ q

11: Sample ) = [(17);, (=7);] = Ty,(G.¥].€}) »Eq.14

12: Sample e}v ~ N(0,1), ej‘.(’zl ~ N(0,I)

13: Sample (Z(V)j = (,urv)j + (Z(V)j © e](.v

14: Sample (Z(’r)j = (,u(F)j + (2¢)j © ejﬂ

15: Set tmp1 = —log Q; >Eq. 19

16: Set tmpy = log p(GI(ZV);, (27);)

17: Set tmps = log p((zV);, (7))

18: Update £{< = é{( + efmprtimpz+imps

19: end for

20: Update é{( = logéf( —logJ
21: Update ¢1 = ¢1 + quﬁlé{(

22: Update ¢ = ¢2 + pV¢Z£{<
23: end while
24: return ¢; and ¢

Xiang Li, et al.

Table 4: Statistics of datasets used in experiments

Datasets #Nodes #Edges #Features #Classes
Cora 2,708 5,278 1,433 7
Citeseer 3,327 4,676 3,703 6
Pubmed 19,717 88,651 500 3
Coauthor CS 18,333 327,576 6,805 15
Coauthor Physics | 34,493 991,848 8,451 5
Amazon Computer | 13,752 574,418 767 10
Coauthor Physics 7,650 287,326 745 8

C ABLATION STUDY

We conduct an ablation study to investigate the main components in
SEEGERA. In particular, we have extensively compared SEEGERA-V1,
SEEGERA-v2 and SEEGERA-V3 in our experiments. The advantage
of SEEGERA-V2 over SEEGERA-V1 shows the importance of captur-
ing the correlations between node and feature embeddings. Also,
the outperformance of SEEGERA-v3 over SEEGERA-V2 verifies the
importance of the masking mechanism. Further, to show the effec-
tiveness of our proposed feature reconstruction method, we remove
feature embeddings in the encoder and feed only node embeddings
into GCN in the decoder to reconstruct features. We call this variant
SEEGERA_nf (no feature embedding). Table 5 shows the results on
attribute inference. We exclude SEEGERA-V3 in the table, because it
further uses the masking mechanism while others not. From the
table, we see that both SEEGERA-v1 and SEEGERA-V2 outperform
SEEGERA_nf. This shows the importance of using both node and
feature embeddings for feature reconstruction.

Table 5: The comparison between SEEGERA and
SEEGERA_nNf in the attribute inference task.

Method Cora Citeseer CS
SEEGERA nf | 1.91x 103 £3.78x 107> 515X 10 *+£1.02x10°° 2.14 £ 0.07
SEEGERA-V] | 1.90X 1073 +£8.18 X 107> 4.87x 1074 +2.62x 107°  2.12+0.06
SEEGERA-V2 | 1.89 X 1073 £8.13x 1075  4.86x 1074 £2.24x 107®  2.08 +0.07

D IMPLEMENTATION DETAILS

We implemented SEEGERA by PyTorch. The model is initialized
by Glorot initialization and trained by Adam. We run the model
for 3500 epochs on all the datasets. In particular, for the task of
node classification, we further run the logistic regression classifier
for 500 epochs. We adopt GCNs in both encoder and decoder for
all the datasets except CS. For CS, we use MLPs to replace GNNs
instead. We choose Bernoulli noise Ber(0.5) for both € ~ g(¢) and
é ~ ¢(e), and set the noise dimension to 5 in all tasks. As suggested
by [25], we use warm-up during the first 300 epochs to gradually im-
pose the prior regularization terms Dxy,(q1 (Z(V|lﬁ1)||p(Z(V)) and
Dir.(q2(Z" 1§2)l1p(Z”)). For both priors p(ZV) and p(Z”), we
assume that they follow standard multivariate normal distributions.
In the node classification task, most results of baselines are publicly
available and we directly report these results from their original
papers. For the results that are missing, we run the released codes
by their authors and fine-tune the model hyper-parameters. In the
link prediction and attribute inference tasks, since most baselines
are not studied in these tasks, we run their released codes with
fine-tuning. For fairness, we run all the experiments on a server
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with a single NVIDIA A100 GPU with 80G memory. For simplicity,
we set ] = K = 1 in Eq. 19 for both SEEGERA and SIG-VAE. One
may further refer to [22] for better value selection. All the datasets
and codes are provided at https://github.com/SeeGera/SeeGera. We
provide the detailed hyper-parameter settings of SEEGERA-v3 on
different datasets in Tables 6- 8. All hyper-parameters are selected
through small grid search, and the search space is provided as:
Number of layers in the encoder Ly: {1, 2, 3}

Number of layers in the decoder Ly: {1, 2, 3}

Learning rate of SEEGERA: {le-3, 5e-3, le-2}

Dropout of SEEGERA: {0, 0.1, 0.3, 0.5, 0.7, 0.9}

Weight decay of SEEGERA: {5e-5, le-4, 5e-4, le-3}

Structure masking rate a1: {0, 0.1, 0.2, 0.3, 0.4, 0.5}

Feature masking rate as: {0, 0.1, 0.2, 0.3, 0.4, 0.5}

Learning rate of logistic regression: {le-3, 5e-3, le-2}
Dropout of logistic regression: {0, 0.1, 0.3, 0.5, 0.7, 0.9}
Weight decay of logistic regression: {5e-5, 1le-4, 5e-4, le-3}

Table 6: Hyper-parameter setting details of SEEGERA-vV3 in
link prediction.

Dataset Li Ly Ir dropout wd a1 a2

Cora 2 3 1le3 0.3 5e-5 03 0.0
Citeseer 1 2 1e3 0.0 le-4 0.6 0.0
Pubmed 2 1 5e-3 0.5 00 03 0.1

Photo 1 1 5e3 0.0 00 05 0.0

Computer 2 2 1le-3 0.0 0.0 04 0.0
CS 1 2 1e3 0.0 00 05 05
Physics 2 2 1le3 0.0 0.0 02 0.0

Table 7: Hyper-parameter setting details of SEEGERA-V3 in
attribute inference.

Dataset L Ly Ir  dropout wd a1 a2

Cora 1 1 1e-3 0.1 5e-5 04 0.0
Citeseer 1 1 1e3 0.0 0.0 03 0.0
Pubmed 2 2 1e-3 0.0 0.0 00 0.1

Photo 2 3 1le3 0.0 00 03 0.0

Computer 2 3 1le-3 0.0 0.0 02 0.0
CS 1 3 1e-3 0.0 0.0 01 05
Physics 2 2 1e3 0.0 0.0 0.0 0.0

Table 8: Hyper-parameter setting details of SEEGERA-V3 in
node classification.

Dataset SEEGERA Logistic Regression
Ly Lp Ir  dropout wd a1 a2 Ir  dropout wd

Cora 2 2 1le3 0.3 le-3 0.2 0.1 | 1le-3 0.9 le-3
Citeseer 2 2 5e-3 0.3 5e-4 0.0 0.0 | 1e-3 0.9 0.0
Pubmed 2 1 5e3 0.7 00 00 0.0 | 1e-3 0.3 0.0
Photo 1 2 1e3 0.0 5e-4 0.5 0.5 | 5e-3 0.7 5e-5
Computer 1 3 5e-3 0.0 5e-4 0.0 0.0 | 5e-3 0.3 le-4
CS 2 3 le-2 0.1 le-3 04 0.0 | le-2 0.0 le-3
Physics 1 3 le-2 0.0 00 00 00 | le-2 0.5 5e-5

WWW ’23, May 1-5, 2023, Austin, TX, USA

E VARIATIONAL LOWER BOUND

In this section, we show the derivation on the variational lower
bounds in detail.
P(ZY 1A X)p(Z71XT)p(A,X)

h¢,1 (Z(V)h(j)2 (z%)

L= Eh‘/’l (Z’V)Eh¢2 (Z'F) lOg

= —Dxv (hg, (ZV) |1p(Z"V |A, X)) = Dxe (hg, (Z7)1p(Z7 1XT)) +log p(A, X)

> ~By,q4, (o0 Dxe (@ (2 [90) [1p (2" 1A, X))
~EByy-qy, (¢Z)DKL(q2(Z¢|¢Z) lp(Z71XT)) +log p(A,X)
= Byi~q4, ) Ezv g2V 1y1) Bva~ag, W) B2T gy (2T 1)
p(AXZY, 7))

1
8 TV )@ (27 )
- L,

where D, is the KL divergence and we employ Dy, (B q(Z[¢)|p(Z)) <

EyDkw(q(Z|¥)||p(Z)) according to [32]. To better understand £,
we decompose the joint distribution p(A, X, Z(V, 27:) as
p(AXZY. 20 =p@"p(Z") | ] paylz).2)) || pXerlZd.Z)

i,jeV icV,ref
and expand £, to derive:

V -V
Ly =Byoqy, 0 Bzvquzvipy | 2 lepAulz.Z))
i,jeV

+ By gy, 0 B2V g, (2 90 Boa~ag, 92 Bz ~qy (27 1y

> logp(Xirlzy, z])
ieVref

— By, gy, (y) DxL(a1 (ZV g0)lIp(Z"))

~ By, g4, () DKL(G2(ZT 92) [1p(Z7)).
Here, q1 (Z(V|t//1) and qg(Z(’th//g) are encoders that generate em-
beddings of nodes and features, respectively; p(A;; |Z?/, Z;V) and

p(xi,|z?’, ZT) are decoders that reconstruct links and features

from learned embeddings. The first two terms in the equation cor-

respond to the negative reconstruction loss for links and features,

while the last two terms are regularizers that promote the closeness

between variational distributions and prior distributions.
Similarly, we can expand £, as:

£2 = Ewl~q¢1 (1//1)E¢z~q¢2 (2 Izh)E(z“’,zf)~q(z“’,z'f\¢l,¢z)
> logp(aylzY, 2y« Y logp(XirlzY,z))
i,jeV ieViref
_E(¢1,¢2)~q¢(1//1,1//2)DKL(CI(Z(V;Z¢|¢1)¢2)||P(Z(v;z¢))-


https://github.com/SeeGera/SeeGera

	Abstract
	1 Introduction
	2 Related Work
	2.1 Graph self-supervised learning
	2.2 Generative graph self-supervised learning

	3 Preliminary
	3.1 Notations
	3.2 SIVI and SIG-VAE

	4 Algorithm
	4.1 Variational lower bound
	4.2 Encoder
	4.3 Decoder
	4.4 Masking
	4.5 Optimization

	5 Experiment
	5.1 Datasets and Baselines
	5.2 Link Prediction (RQ1)
	5.3 Attribute Inference (RQ2)
	5.4 Node Classification (RQ3)
	5.5 Parameter Analysis (RQ4)

	6 Conclusions
	References
	A Datasets
	B Pseudocodes
	C Ablation study
	D Implementation Details
	E Variational lower bound

