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Abstract

In this paper, we study the unsupervised
multi-view graph embedding (UMGE) prob-
lem, which aims to learn graph embedding
from multiple perspectives in an unsupervised
manner. However, the vast majority of multi-
view learning work focuses on non-graph data,
and surprisingly there are limited work on
UMGE. By systematically analyzing different
existing methods for UMGE, we discover that
cross-view and nonlinearity play a vital role in
efficiently improving graph embedding qual-
ity. Motivated by this concept, we develop
an unsupervised Multi-viEw nonlineaR Graph
Embedding (MERGE) approach to model re-
lational multi-view consistency. Experimen-
tal results on five benchmark datasets demon-
strate that MERGE significantly outperforms
the state-of-the-art baselines in terms of accu-
racy in node classification tasks without sacri-
ficing the computational efficiency.

1 INTRODUCTION

Most of the recent work on graph embedding [25, 9, 5]
focuses on the network information alone. In practice,
a graph may consist of additional node features; e.g., in
a paper citation network, each paper node includes text
content. Thus some pioneer work has started to con-
sider the node features in graph embedding; e.g., Plan-
etoid [33] uses a semi-supervised framework to learn a
network embedding for each node from its network fea-
tures and a content embedding from its content features.
Generally, network structure and node features are con-
sidered as two different “views” for a node in the graph.
Motivated by multi-view learning [31, 11], we allow the
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Figure 1: A systematic comparison of different meth-
ods. xi,j denotes the ith instance (or node)’s jth-view
features, and ei,j is its embedding. In (c) ∼ (d), we
let view 1’s features be network, and view 2’s be con-
tent. 1© denotes the cross-instance in single view. 2©
denotes the intra-instance–cross-view. 3© denotes the
cross-instance–cross-view.

two views to reinforce each other, so as to obtain a better
graph embedding.

In this paper, we try to solve the Unsupervised Multi-
view Graph Embedding (UMGE) problem. Given a
graph with node features, we aim to learn a network
embedding and a content embedding simultaneously for
each node in an unsupervised manner. Most of the multi-
view learning work focuses on non-graph data, such as
image and caption features in [18], acoustic and artic-
ulatory features in speech [2], and so on. Combining
network and node features has been popular for graph
classification [17] and graph clustering [36]. However,
it has been under-explored in the literature for UMGE
[2, 32, 37]. Moreover, despite the success of these prior
methods, their development appears ad hoc and underly-
ing connections are not investigated yet.



To approach the problem of UMGE, we start with sys-
tematically analyzing the underlying connections among
different prior methods in Fig. 1 (two-view example).
For simple discussion, let us denote xi,k as the features
corresponding to the ith instance in kth view, and ei,k
as its embedding. A naive way to extend the single view
graph embedding methods into multi-view scenarios is
concatenating the graph embedding (learned in network
structure only) and the node features directly. For exam-
ple, as shown in Fig. 1(a), SDNE [27] learns the graph
embedding taking no account of the node features. By
using a deep AutoEncoder [4] to model the node fea-
tures and concatenating these two kinds of embeddings
as node representation, SDNE can be extended to multi-
view scenarios. However, simply concatenating the two
views has no guarantee to reinforce each other. Typically,
multi-view learning focuses on enforcing intra-instance–
cross-view consistency on irrelevant data. In Fig. 1(b),
DCCA [2] first embeds each instance’s multi-view fea-
tures xi,k’s into low-dimensional representations ei,k’s,
then enforces the maximal correlation between ei,1 and
ei,2 for each i, which does not take the relational infor-
mation into consideration. Some recent work exploits
a different approach to model the relational information
by enforcing cross-instance–cross-view consistency. In
Fig. 1(c), TADW [32] recovers an adjacency matrix with
the multiplication between a network embedding matrix
and a text embedding matrix. Thus, two nodes with simi-
lar neighbors tend to have similar multi-view embedding.

Despite the recent advance of UMGE in network repre-
sentation, there are still rooms for improvement, as cur-
rent work has some limitations. First, the feature embed-
ding in TADW is linear. However, in practice, data non-
linearity is common for both network features [27] and
content features [30]. Second, the network structure is
under-explored. For example, DCCA does not preserve
any relational proximity. However, preserving network
structure is useful for graph embedding [25]. TADW
preserves the second-order proximity by using matrix
decomposition, which is computationally expensive. It
takes a complexity of O(nnz(M) + |V |) to decompose
the adjacency matrix M for a graph G = (V,E), where
V and E are the sets of nodes and edges respectively,
and nnz(M) is the number of non-zero entries in M . In
other words, its complexity is at leastO(|E|+|V |), since
nnz(M) ≥ |E|. Therefore, our goal is to efficiently
solve UMGE with nonlinearity. We consider nonlinear
embedding for both views in order to deal with the non-
linear data nature. Besides, we also preserve the second-
order proximity by enforcing cross-instance–cross-view
consistency, yet with less computational cost compared
against TADW.

In this paper, we propose a simple, yet effective un-

supervised Multi-viEw nonlineaR Graph Embedding
(MERGE) model. Our insights are two-fold. First, in-
spired by SDNE [27], MERGE encodes the nonlinear-
ity of the network/content by taking the network/content
features as input, and then applying a deep AutoEn-
coder [4] to learn a nonlinear network/content embed-
ding for each node. Second, MERGE preserves the
second-order proximity by extending DeepWalk [20] to
the multi-view setting. On the one hand, DeepWalk pre-
serves the second-order proximity by using one node’s
network embedding to interpret its “neighbor” node’s
context embedding. MERGE is easy to extend Deep-
Walk for using one node’s network embedding to in-
terpret its “neighbor” node’s content embedding, so as
to enforce cross-instance–cross-view consistency. Be-
sides, MERGE also fully leverages this formulation to
enforce intra-instance–cross-view consistency by using
one node’s network embedding to interpret its own con-
tent embedding. On the other hand, DeepWalk employs a
graph sampling approach to achieve comparable perfor-
mance, which takes an O(|V | log |V |) complexity with
a hierarchical softmax objective function. MERGE fur-
ther reduces the complexity to O(|V |) by using negative
sampling [19]. We back up this argument later with a de-
tailed complexity analysis of the MERGE algorithm in
Sec. 4.

Our contributions are summarize as follows. It is the first
time that different existing methods for UMGE are sys-
tematically analyzed, where cross-view and non-linearity
are discovered to be critical in improving graph em-
bedding quality, and we develop a simple, yet effective
MERGE model to efficiently incorporate nonlinearity in
graph embedding. MERGE is evaluated on five bench-
mark datasets, and it exceedingly outperforms the state-
of-the-art baselines by at least relatively 1.5% ∼ 17.9%
(macro-F1) and 0.4% ∼ 14.9% (micro-F1) over all the
datasets. Moreover, the computational complexity of
MERGE scales linearly with |V |, which is more favor-
ably applied to real-world scenarios.

2 RELATED WORD

Graph embedding is an important task for graph ana-
lytics. Generally, it aims to learn a vector representa-
tion for each node, such that two nodes being “close” on
the graph have similar vectors. Earlier work on graph
embedding, such as MDS [7], LLE [23], IsoMap [26]
and Laplacian eigenmap [3], typically treats to solve the
leading eigenvectors of graph affinity matrices as node
embedding. Recent methods explore deep learning for
graph embedding. For example, LINE [25] models the
node closeness by using both first-order and second-
order proximity, therefore two nodes either connect di-



rectly or share the common neighbors result in simi-
lar embedding. Node2Vec [9] considers how to sample
paths for DeepWalk, with awareness of node homophily
and structural role. Besides, there are a number of works
study the heterogeneous graph embedding [24, 6, 16].
Most existing graph embedding work focuses on single-
view setting; i.e., only network structure is considered.
Only little work considers a multi-view setting, such as
COLDA [12], TADW [32] and GCN [13]. Yet, COLDA
is supervised; GCN is semi-supervised; only TADW is
unsupervised.

Multi-view learning is a machine learning paradigm,
which handles the data with multiple views of features
in its instances [28]. Some detailed surveys about multi-
view learning are available in [31, 15]. A large portion
of multi-view learning literatures focus on supervised or
semi-supervised settings, such as recommendation [8]
and classification [10, 35]. Some other work considers an
unsupervised setting, but not particularly for representa-
tion learning. For example, in [14], multi-view learning
is used to improve spectral clustering; whereas in [34],
the focus is to tackle the corrupted view with intra-view
and inter-view noises. An overall review of recent multi-
view embedding models is in [29]. Among them, a no-
table method is DCCA [2]. It extends CCA [1] by learn-
ing embedding for each view with a deep neural network
and then enforcing the maximal correlation across two
views’ embedding. However, some recent multi-view
embedding work, including COLDA [12], and TADW
[32], has paid less attention to graph data.

3 UNSUPERVISED MULTI-VIEW
GRAPH EMBEDDING

The UMGE is formalized as follows. Given a graph
G = (V,E) as the input, each node vi ∈ V has a network
feature vector xi,1 ∈ Rm1 and a content feature vec-
tor xi,2 ∈ Rm2 . UMGE then generates two embedding
vectors in a d-dimensional common space for each node
as the output. For instance, the network features xi,1

is extracted from G’s adjacency matrix, and the content
features xi,2 is extracted from each node’s text informa-
tion or attributes. They are treated as two different views
to represent node vi’s by generating the network embed-
ding ei,1 ∈ Rd and the content embedding ei,2 ∈ Rd

accordingly.

To tackle the problem, we propose MERGE, as shown
in Fig. 1(d), to efficiently model the relational multi-
view consistency with nonlinearity. MERGE enforces
the cross-instance–cross-view and intra-instance–cross-
view consistencies by DeepWalk style formulations with
an inexpensive realization, which models the relational
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Figure 2: Illustration of the MERGE model.

information with second-order proximity and the multi-
ple views correspondingly. Additionally, MERGE ap-
plies a deep neural network on the multi-view features
and couples the nonlinear embedding outputs with the
rich relational multi-view consistencies to model the fea-
ture nonlinearity. Fig. 2 summarizes the three major
components of the proposed MERGE model:

- A direct formulation of intra-instance–cross-view
and cross-instance–cross-view consistencies be-
tween node vi’s network embedding ei,1 and its
“neighbor” node vj’s content embedding ej,2 (by
setting i as a special “neighbor” node of itself, this
component handles the intra-instance–cross-view as
well);

- A nonlinear formulation of learning a network em-
bedding ei,1 from node vi’s network features xi,1;

- A nonlinear formulation of learning a content em-
bedding ej,2 from node vj’s content features xj,2.

By integrating all these components together, MERGE
learns the embedding ei,1 and ej,2 from G. In the fol-
lowing sections, we introduce the methodology to model
these consistencies.

Cross-instance–cross-view consistency for second-
order proximity. Formally, we define this consistency
between one node vi’s view-1 embedding ei,1 and an-
other node vj’s view-2 embedding ej,2 as a probability
p(ej,2|ei,1). To enforce this cross-instance–cross-view
consistency between ei,1 and ej,2, MERGE maximizes
p(ej,2|ei,1). Inspired by DeepWalk [20], which pre-
serves second-order proximity and uses graph sampling
for efficient realization, MERGE defines p(ej,2|ei,1)
with a softmax function over ei,1 and ej,2:

p(ej,2|ei,1) =
exp

(
e>j,2ei,1

)
∑

vk∈V exp
(
e>k,2ei,1

) . (1)



Following the similar intuition as DeepWalk, MERGE
uses node vi’s network embedding ei,1 to interpret its
“neighbor” vj’s content embedding ej,2. Different from
DeepWalk, Eq. 1 does not contain any “context embed-
ding” as additional parameters. Instead, MERGE uses
one view’s embedding to interpret the other view’s em-
bedding across the nodes. If two nodes have similar
neighbors, the interpretations to the other view of these
neighbors tend to be similar. Therefore MERGE still
favors the second-order proximity with Eq. 1. Gener-
ally, it is possible to symmetrically define p(ei,1|ej,2)
∝ exp

(
e>i,1ej,2

)
. Since exp

(
e>i,1ej,2

)
= exp

(
e>j,2ei,1

)
,

introducing p(ei,1|ej,2) tends to achieve a similar effect
as Eq. 1. For simplicity, only p(ej,2|ei,1) is used to repre-
sent cross-instance–cross-view consistency in this paper.

Additionally, MERGE uses graph sampling to enforce
p(ej,2|ei,1) on a size-controllable set of (vi, vj)’s to re-
duce computation cost. On the one hand, vi and vj are
supposed to be “close” in G; otherwise it is not desirable
to require their network embedding and content embed-
ding to be consistent. We exploit a broad definition of
“closeness” for vi and vj as [20, 9]; i.e., a node vj is the
neighbor of vi if vj appears in a context window of vi
on a randomly sampled path from G. On the other hand,
MERGE controls the number of “neighbors” of vi by an
adjustable amount of sampled paths from G. Usually,
the number of sampled paths is set as a constant to avoid
computing all the edges inG, which leads the complexity
of TADW to be O(|E|).

Intra-instance–cross-view consistency for multiple
views. Formally, MERGE defines this consistency be-
tween node vi’s view-1 embedding ei,1 and its view-
2 embedding ei,2 as a probability p(ei,2|ei,1). To
enforce this intra-instance–cross-view consistency be-
tween ei,1 and ei,2, MERGE maximizes the likelihood∏

i p(ei,2|ei,1). Considering the similar intuition as
Eq. 1 that utilizes a given node’s network embedding to
interpret its content embedding, MERGE defines

p(ei,2|ei,1) =
exp

(
e>i,2ei,1

)
∑

vk∈V exp
(
e>k,2ei,1

) . (2)

In this regard, we simplify the objective function with a
unified formulation about the cross-view consistency.

Nonlinearity for feature embedding. To handle the
nonlinearity of each view’s features, we propose to learn
each vi’s embedding ei,k as a nonlinear function of its
corresponding feature vector xi,k. Specifically, we intro-
duce AutoEncoder [4], a deep neural network, to enable
this nonlinear embedding. For simplicity, we use a three-
layer architecture as an example to explain how AutoEn-
coder works. For any input vector z ∈ Rd, we denote

tanh(z) to return a vector value of the hyperbolic tanh
function over each dimension of z. For any view k, we
model each ei,k as

ei,k = tanh(W
(k)
1 xi,k + b

(k)
1 ), (3)

where W (k)
1 ∈ Rd×|V |, xi,k ∈ Rmk and b

(k)
1 ∈ Rd are

parameters. Here xi,k is assumed to be reconstructible
from ei,k by a nonlinear function:

x′i,k = tanh((W
(k)
2 )>ei,k + b

(k)
2 ), (4)

where W (k)
2 ∈ Rd×mk and b

(k)
2 ∈ Rmk are parameters.

Finally, MERGE minimizes the `2-distance between xi,k

and x′i,k over all possible (i, k) pairs.

4 LEARNING WITH MERGE

In this section, we derive the overall objective function to
compute the graph embedding. First of all, we consider
the two cross-view consistencies in Eq. 1 and Eq. 2. Ide-
ally, to enforce the two cross-view consistencies, we can
directly maximize both p(ej,2|ei,1) and p(ei,2|ei,1) for
all the i’s and their neighboring j’s. However, since we
need to sum up all the nodes in V , it is time consuming
to compute the normalization terms in Eq. 1 and Eq. 2.
DeepWalk exploits a hierarchical approximation to the
softmax function in Eq. 1 and Eq. 2, which reduces the
overall complexity to O(|V | log |V |). MERGE applies
negative sampling [19] to replace the softmax function
to further reduce the complexity. Specifically, instead of
maximizing log p(ej,2|ei,1) + log p(ei,2|ei,1), MERGE
introduces a surrogate function:

∆i,j = log σ(e>j,2ei,1)

+
∑`1

t=1 Evh∼Pn(vi)[log σ(−e>h,2ei,1)].
(5)

Here σ(x) = 1/(1 + exp(−x)) is the sigmoid function;
vh ∼ Pn(vi) indicates sampling a node vh as a negative
context of node vi from a distribution Pn(vi). We fol-
low [19] to define Pn(vi) ∝ deg(vi)

3/4, where deg(vi)
is vi’s degree. Besides, Evh∼Pn(vi)[·] is the expectation
over Pn(vi). Denote the positive context set of node vi
as Ci, where Ci ⊂ V . Then, we define the objective
function by enforcing the two cross-view consistencies
as

O1 = − 1
n

∑
vi∈V

∑
vj∈Ci∪vi ∆i,j , (6)

where n =
∑

i:vi∈V |Ci∪vi| is the number of ∆i,j’s. By
minimizing O1, we enforce the two cross-view consis-
tencies with second-order proximity. This O1 formula-
tion Eq. 6 also leads to reduce the complexity to O(|V |),
as we will see later.
Next, we consider the nonlinear embedding for two



Algorithm 1 Learning Algorithm for MERGE
Require: graph G = (V,E) with node features xi,k’s,

context window size `0, # of negative samples `1,
sample path length τ , # of paths per node `3.

Ensure: embedding ei,k’s, parameters Θ.
1: Initialize the parameters inM;
2: while not converged do
3: Paths P ← SamplePath(G, `0, `1, τ, `3);
4: Batches {(vi, vj , λ)}, B ← ConstructBatch(P );
5: for each batch {(vi, vj , λ)} do
6: ∇M ← ∂L

∂M by AdaDelta;
7: M← GradDescent(∇M,M);
8: end for
9: end while

views. Specifically, we learn the nonlinear network em-
bedding and nonlinear content embedding by minimiz-
ing: {

O2 =
∑

vi∈V ‖x
′
i,1 − xi,1‖2

O3 =
∑

vi∈V ‖x
′
i,2 − xi,2‖2

. (7)

Objective function. MERGE combines O1, O2 and
O3 together to learn ei,k’s. Denote our model M as
{ei,k,Θ|i = 1, ..., |V |, k = 1, 2}, which parameters are
listed in Θ = {W (k)

1 ,W
(k)
2 ,b

(k)
1 ,b

(k)
2 }. The overall ob-

jective function to minimize is

L(M) = O1 + αO2 + βO3 + γΩ(M), (8)

where α, β, γ are a set of positive trade-off parameters.
Ω(M) is a regularization term overM; e.g., it sums up
the `2-norm of each parameter inM.

Learning algorithm. To optimize L in Eq. 8, we use
batch stochastic gradient descent algorithm. The detailed
derivations of the parameter gradients are complex, es-
pecially when the layers of deep AutoEncoder increases.
Due to space limit, we skip the gradient details in this
paper. Empirically, these gradients can be automatically
computed in the state-of-the-art deep learning toolkits.
Since all the O1, O2 and O3 are larger than zero, L is
bounded, the minimization will converge in the end. Em-
pirically, the MERGE algorithm converges quickly, as
shown later in Sec. 5.

We summarize learning algorithm for MERGE in Alg. 1.
In line 1, we initialize all the parameters ei,k’s and Θ. In
line 3, we sample a set of paths from G, in order to iden-
tify the context neighbors for each node vi. In particular,
starting from each node v ∈ V , we sample `3 paths by
random walk. Each path’s length is τ . As we use nega-

tive sampling forO1, each node vi has both positive con-
text and negative context. Thus, in line 4, we construct
B batches, each of which has a set of tuples {(vi, vj , λ)}
from the sampled paths P . Here, vj is vi’s positive con-
text when λ = 1, negative when λ = −1. Empirically,
we find the batch size range from 100 to 1000 working
well. In lines 5 ∼ 8, we compute the batch gradient for
each parameter inM and do gradient descent.

Algorithm complexity. We analyze the complexity of
Alg. 1. Parameter initialization in line 1 takes O(|V |).
Path sampling in line 3 takes O(|V |τ`3). In line 4, the
following steps are implemented:

1. extracting all the vi and its context neighbor pairs,
which takes O(|V |τ`3);

2. sampling `4 negative context nodes for vi, which
takes O(`4);

3. sampling B batches, each of size `4, which takes
O(B`4).

In line 6, we compute the gradient of L w.r.t. each batch.
For O1, it takes O(1) for a single node. For O2, as each
network feature vector has the length of O(|V |), it takes
O(|V |) to compute the gradient. ForO3, it takesO(1) for
a single node. For Ω, it takes O(|V |) since the network
embedding has O(|V |) dimensions. In total, line 6 takes
O(|V |`4). Line 7 takes O(|V |) to update the parameters.
The complexity of Alg. 1 isO(|V |) = O(|V |+ |V |τ`3 +
`4 +B`4 +B(|V |`4 + |V |)), which is much smaller than
the TADW’s O(|E|+ |V |).

5 EXPERIMENTS

In this section, we demonstrate the effectiveness of
MERGE by comparing it against the current state-of-
the-art baselines. MERGE shows a superior advantage
over all other models in extensive experiments. In addi-
tion, we present a comprehensive analysis on MERGE in
terms of its parameter sensitivity, algorithm convergence
and computational complexity.

5.1 Experimental Setup

To quantitatively evaluate the quality of our node em-
bedding, we follow [20, 5] to use node classification as
the evaluation task. We feed the embedding output from
each method into a logistic regression model for node
classification. We use micro-F1 (i.e., the overall F1 w.r.t.
all the classes) and macro-F1 (i.e., the average F1 w.r.t.
each class) as the evaluation metrics. For each dataset,
we randomly sample 50% of nodes as the test set Dtst,



Table 1: Benchmark datasets.
Dataset #(node) #(edge) #(class)

Cora 2708 5429 7
PubMed 19717 44338 3
CiteSeer 3264 4591 6

Wikipedia 2405 17981 19
MicroblogPCU 781 3315 2

30% as the training set Dtrn and the remaining as the
development set Ddev . We first train the model on Dtrn

and tune the hyperparameters withDdev . Then we fix the
hyperparameters, re-train our model on Dtrn∪Ddev and
test it on Dtst. We repeat this procedure for 10 times and
report the average results. All experiments are imple-
mented on a Linux server with 64GB memory, 24 Intel
Xeon CPUs (2.40GHz) and 1 Intel Tesla K80 GPU.

Datasets. Five different benchmark datasets are used for
evaluation:

1. Three paper citation networks1 as used in [33], in-
cluding Cora, PubMed and CiteSeer. In these net-
works, nodes are papers, edges are citations and
classes are paper categories.

2. One web document network2, i.e., Wikipedia, as
used in [32]. In this network, nodes are Wikipedia
articles, edges are hyperlinks and classes are web
page categories.

3. One microblog user network, i.e., MicroblogPCU3.
In this network, nodes are users, edges are follow-
ship and classes indicate spam users.

The network statistics of these datasets are summarized
in Table 1. Next we introduce the node features of each
dataset. For Cora and Citeseer, each node contains a pre-
processed bag-of-words text feature vector. For PubMed
and Wikipedia, each node corresponds a preprocessed tf-
idf text feature vector. For MicroblogPCU, each node
contains a raw document. As the vocabulary size is large
and the text is noisy, we follow TADW [32] to apply PCA
for dimensionality reduction on the node-by-text feature
matrix of each dataset. Then we keep m2 dimensions
corresponding to the largest singular values, which re-
tain 90% of the energy [21]. Thus each node has an m2-
dimensional content feature vector. Similarly, we also
apply PCA to reduce each dataset’s node adjacency ma-
trix to m1-dimensional network feature vector.

Baselines. To give a clear illustration on the contribu-
tion of cross-view consistency and model nonlinearity

1http://linqs.umiacs.umd.edu/projects/projects/lbc
2http://linqs.cs.umd.edu/projects//projects/lbc/index.html
3https://archive.ics.uci.edu/ml/datasets/microblogPCU

respectively, we classify our baselines into several cat-
egories:

1. Models which only use content information, such
as AEC: AutoEncoder of Content applies AutoEn-
coder [4] to the content features.

2. Models which only explore relational information,
such as DeepWalk [20], Node2Vec [9], SDNE [27]
and struc2vec [22].

3. Models which naively concatenate a content fea-
ture vector and a network embedding vector.
These approaches do not model the cross-view
consistency, which include: DeepWalk+AEC,
Node2Vec+AEC, SDNE+AEC, struc2vec+AEC and
AEG+AEC, where AutoEncoder of Graph (AEG)
is a method that applies AutoEncoder to the net-
work features to learn a network embedding for
each node.

4. TADW [32]: it learns both network embedding and
content embedding by matrix decomposition, which
only models the linearity.

5. DCCA [2]: it learns a network embedding and a
content embedding for each node by applying a
deep neural network to the corresponding features
and enforcing the embedding to be maximally cor-
related. It does not consider relational information.

Parameters. MERGE has a similar set of hyperparam-
eters as DeepWalk, which includes the context window
size `0, the number of negative samples `1, the sample
path length τ , the number of paths per node `3 and the
embedding dimension d. Typically, we set `0 = 4, `1 =
9, τ = 10, `3 = 10 and d = 128 for all of the datasets.
An exception is in PubMed, which is larger than the
other datasets: we follow the suggestion in [19] to set
a larger dimension d = 256 and a smaller number of
negative samples `1 = 2. In addition, we have trade-
off hyperparameters {α, β, γ}. We use grid search over
{1e-6, 1e-5, 1e-4, 1e-3, 1e-2} to tune each of them (re-
sults to be shown later). Typically, we set α = 1e-4, β =
1e-3, γ = 1e-5 for all the datasets.

For each baseline’s hyperparameters, we take their sug-
gested values as in references and fine tune them with
the development set on each dataset. For DeepWalk and
Node2Vec, we set `0 = 10, τ = 10, `3 = 80, d = 128.
For Node2Vec, we optimize p and q with a grid search
over p, q ∈ 0.25, 0.50, 1, 2, 4 as suggested by [9] on each
dataset’s development set. For TADW, we use the opti-
mal parameter values reported by [32] for Cora, CiteSeer
and Wikipedia; besides, we set its hyperparameter k =



200 for PubMed and k = 100 for MicroblogPCU. For
DCCA, we set its hyperparameters α = 1e-4 and β = 1e-
4. For SDNE, we optimize the hyperparameters of α ∈
{1, 10, 100, 300, 500, 700}, β ∈ {1, 10, 30, 50, 100},
and γ ∈ {1e − 4, 1e − 3, 1e − 2, 1e − 1, 1, 10} on the
validation set. For struc2vec, we fine tune the hyperpa-
rameters of `0 ∈ (0, 10), τ ∈ {10, 30, 50, 70, 90} and
`3 ∈ {1, 5, 10, 15} on the validation set. Besides, we set
the maximum layer used in struc2vec as six and enable
all of the optimization options in the paper. Note that it is
time consuming to get the comparable results when the
optimization options are disabled.

5.2 Model Performances

We report the results in Table 2. Note that all the im-
provements discussed below are calculated in relative
values. For each dataset, we average the improvements
over all the training ratios due to space limit. We draw
conclusions as follows.

- Jointly considering both content and network infor-
mation for graph embedding is critical, as indicated
by the uncompetitive performance of AEC, Deep-
Walk, Node2Vec, SDNE, and struc2vec. In con-
trast, the naive method of concatenating content-
based feature with network embedding vector al-
ready improves the overall performance. Deep-
Walk + AEC improves by 1% ∼ 28% over Deep-
Walk alone, Node2Vec + AEC improves by 1%
∼ 24%, SDNE + AEC improves by 1% ∼ 60%
and struc2vec improves by 5% ∼ 320% in terms
of macro-F1. Similarly, AEG+AEC improves AEC
by 1% ∼ 24%. However, directly concatenat-
ing two embeddings does not exploit the cross-
view relations among data, and thus cannot guar-
antee the performance improvements. For exam-
ple, AEC outperforms both DeepWalk+AEC and
Node2Vec+AEC in PubMed and CiteSeer.

- Utilization of either cross-instance consistency
(DeepWalk+AEC, node2vec+AEC, AEG+AEC,
SDNE+AEC, struc2vec+AEC) or cross-view con-
sistency (DCCA) alone is not sufficient to model the
relations in data. Particularly, by enforcing cross-
instance–cross-view consistency, MERGE outper-
forms cross-instance-only baselines by at least 2%
∼ 17% (macro-F1) and 2% ∼ 9% (micro-F1) on
average, and it improves DCCA by averagely 4%
∼ 20% (macro-F1) and 4% ∼ 17% (micro-F1).
This again proves that maximizing the utility of
both views for graph embedding, we need to care-
fully leverage the interdependency between the two
views rather than simply concatenating them.

- Modeling data nonlinearity in graph embedding
gives rise to an enhancement of performances. It is
shown that MERGE is better than TADW by 6.87%
∼ 20% (macro-F1) and 4% ∼ 16% (micro-F1) on
average.

- By comprehensively modeling cross-instance–
cross-view consistency with nonlinearity, MERGE
consistently and significantly outperforms all the
baselines on all the five datasets with different train-
ing ratios. Specifically, in most datasets training
with only 30% of labeled nodes, MERGE outper-
forms the baselines which are trained with 100%
of the training data(micro-F1) except Wikipedia and
MicroblogPCU . On average, MERGE improves the
best baselines by 2.1% ∼ 10.3% (macro-F1) and
2.3% ∼ 9.3% (micro-F1) across all the datasets.
The advantage of MERGE is more favorable es-
pecially with less training data. For example, in
Cora, MERGE outperforms the baselines at least
by 17.8% when using 10% training data and 6.2%
when using 100% training data in terms of macro-
F1.
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Figure 3: Results on parameter sensitivity.

5.3 Model Analysis

We validate the parameter sensitivity for MERGE by tun-
ing our model parameters α, β and γ. As shown in



Table 2: Comparison with the baselines under different amounts of training labels. The bigger F1 value is better.
macro-F1 (%) micro-F1 (%)

% Labels 10% 20% 30% 40% 50% 60% 70% 80% 90% 100% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

C
or

a

AEC 27.8 43.7 52.1 54.8 59.4 62.1 64.0 65.2 66.0 67.0 44.5 54.9 60.1 62.8 65.6 67.2 68.9 69.5 70.3 70.9
DeepWalk 61.8 68.1 71.2 72.8 73.9 74.8 75.8 76.2 76.7 77.1 64.2 69.7 72.5 74.3 75.0 76.1 76.9 77.3 77.6 78.1
Node2Vec 63.1 70.2 72.8 74.5 76.0 76.5 77.4 77.9 78.1 78.3 65.7 72.0 74.4 76.1 77.5 77.9 78.9 79.3 79.5 79.7
SDNE 60.1 67.7 70.3 71.4 72.4 73.9 74.6 75.1 75.7 76.2 62.9 69.4 71.6 72.7 73.7 74.9 75.6 76.1 76.6 77.0
struc2vec 21.0 23.2 24.6 26.1 27.4 28.2 28.5 29.6 29.9 30.6 26.2 27.7 29.2 30.9 32.3 33.3 34.0 35.2 35.7 36.7
DeepWalk+AEC 62.5 68.8 72.4 74.2 75.9 76.8 78.4 78.9 79.8 80.3 64.8 70.6 73.7 75.7 77.2 78.2 79.6 80.2 80.9 81.5
Node2Vec+AEC 63.6 70.7 73.7 75.5 77.2 78.0 79.0 79.6 80.2 80.9 66.3 72.6 75.3 77.2 78.7 79.5 80.5 81.2 81.6 82.3
AEG+AEC 37.9 57.6 66.3 69.0 72.8 75.2 77.0 77.9 79.0 79.7 51.0 64.0 69.8 72.8 75.5 77.4 79.1 79.7 80.6 81.1
SDNE+AEC 66.3 71.7 73.7 75.2 76.0 77.1 77.9 78.2 79.0 79.7 69.8 73.8 75.5 76.9 77.7 78.6 79.5 79.9 80.6 81.1
struc2vec+AEC 45.5 51.5 53.7 55.2 57.1 58.4 59.7 60.8 61.7 62.6 51.2 56.0 57.9 59.0 60.7 61.9 63.2 64.1 65.1 65.8
TADW 59.3 68.3 70.2 70.7 71.6 72.0 72.4 72.4 73.1 73.1 65.5 71.1 72.8 73.4 74.1 74.3 74.8 74.9 75.3 75.5
DCCA 58.8 66.4 68.6 69.7 71.0 71.6 72.8 72.9 73.3 73.5 64.0 69.4 71.4 72.5 73.5 73.9 75.0 75.3 75.5 75.7
MERGE 78.1 82.1 83.3 83.9 84.1 84.8 85.3 85.4 85.8 85.9 80.2 83.4 84.6 85.0 85.3 85.9 86.5 86.6 86.9 86.9

Pu
bM

ed

AEC 82.3 83.6 84.3 84.7 85.0 85.0 85.2 85.3 85.5 85.5 82.2 83.6 84.2 84.6 84.9 85.0 85.2 85.3 85.4 85.5
DeepWalk 64.7 65.5 66.3 67.0 67.0 67.2 67.2 67.3 67.4 67.5 67.8 69.5 70.4 71.2 71.3 71.6 71.6 71.7 71.9 72.0
Node2Vec 66.7 67.7 68.3 68.7 68.9 69.1 69.1 69.4 69.5 69.6 69.5 71.2 72.0 72.5 72.9 73.0 73.1 73.4 73.5 73.7
SDNE 59.4 61.2 61.9 62.3 62.4 62.5 62.5 62.5 62.6 62.7 62.2 64.2 64.9 65.2 65.4 65.5 65.5 65.5 65.6 65.7
struc2vec 39.5 41.4 42.2 42.6 43.1 43.4 43.4 43.7 43.8 43.7 42.2 44.9 46.0 46.7 47.3 47.7 47.8 48.2 48.4 48.4
DeepWalk+AEC 78.7 83.4 84.9 85.7 86.3 86.5 86.7 86.9 87.1 87.2 79.2 83.7 85.2 86.0 86.6 86.7 86.9 87.2 87.3 87.4
Node2Vec+AEC 79.0 83.7 85.1 85.9 86.4 86.6 86.9 87.0 87.1 87.2 79.6 83.9 85.4 86.1 86.6 86.8 87.0 87.2 87.3 87.4
AEG+AEC 83.2 84.7 85.4 85.9 86.3 86.3 86.5 86.7 86.8 86.9 83.2 84.8 85.5 86.0 86.4 86.4 86.7 86.8 87.0 87.1
SDNE+AEC 78.0 80.7 83.1 84.2 85.0 85.4 85.7 85.9 86.0 86.2 78.1 80.8 83.2 84.2 84.9 85.3 85.7 85.9 86.0 86.2
struc2vec+AEC 75.9 76.8 79.4 80.9 82.2 83.2 83.8 84.2 84.6 84.7 75.6 76.8 79.3 80.9 82.2 83.1 83.7 84.1 84.5 84.6
TADW 67.8 76.2 79.2 80.3 81.2 81.7 82.1 82.4 82.7 82.9 71.5 76.9 79.5 80.4 81.3 81.7 82.1 82.4 82.7 82.8
DCCA 82.9 83.9 84.2 84.5 84.6 84.7 84.8 84.8 84.7 84.8 83.1 84.1 84.4 84.7 84.8 84.8 84.9 85.0 84.9 85.0
MERGE 86.2 87.2 87.6 87.8 88.1 88.1 88.3 88.3 88.4 88.5 86.6 87.5 87.9 88.1 88.4 88.4 88.6 88.6 88.7 88.8

C
ite

Se
er

AEC 45.4 55.2 57.7 58.8 59.5 60.2 60.1 61.0 61.3 61.6 55.3 64.3 66.8 67.7 68.3 69.0 69.1 69.4 69.7 69.8
DeepWalk 39.7 43.3 45.9 47.3 48.4 49.5 49.6 50.0 50.2 50.7 43.4 46.6 49.6 51.1 52.5 53.7 54.0 54.5 54.9 55.5
Node2Vec 40.4 45.5 48.3 50.5 52.0 52.6 52.9 53.3 54.2 53.8 44.1 49.1 52.3 54.5 56.3 56.9 57.3 57.9 58.6 58.5
SDNE 33.6 37.2 38.9 39.7 40.3 41.0 42.0 42.3 42.6 42.8 37.8 41.6 43.1 44.4 45.2 45.8 46.7 47.0 47.2 47.6
struc2vec 19.6 20.5 21.4 22.4 23.0 23.5 23.4 24.1 24.5 24.8 21.4 22.3 23.3 24.6 25.3 25.9 26.1 27.0 27.4 28.0
DeepWalk+AEC 40.9 45.8 49.7 53.0 55.3 57.6 59.1 60.4 61.4 62.2 44.6 49.4 53.8 57.2 60.0 62.3 64.1 65.2 66.4 67.3
Node2Vec+AEC 41.3 47.5 51.9 55.5 57.6 59.4 60.4 61.9 63.2 63.7 45.1 51.3 56.1 59.6 62.3 64.0 65.2 66.6 67.8 68.4
AEG+AEC 49.0 57.8 60.1 61.1 62.2 62.8 62.6 63.6 64.0 64.4 58.6 66.7 69.1 70.0 70.7 71.1 71.4 71.6 71.9 72.2
SDNE+AEC 53.7 56.9 59.1 60.6 61.2 62.0 63.4 63.8 64.3 64.6 57.4 61.1 63.5 65.0 66.1 66.7 68.0 68.5 69.1 69.5
struc2vec+AEC 48.8 51.7 51.6 53.0 54.0 54.8 56.6 57.6 58.2 59.4 53.1 55.6 55.7 57.3 58.4 59.2 60.9 62.1 62.7 64.0
TADW 58.8 62.0 62.8 63.4 64.1 64.8 64.7 65.5 65.6 65.7 65.5 67.5 68.4 68.7 69.5 69.9 70.1 70.5 70.7 70.8
DCCA 50.3 55.2 57.3 58.2 58.9 59.8 60.2 60.6 61.1 61.2 55.3 60.2 62.2 63.2 64.0 64.6 65.3 65.5 65.9 66.2
MERGE 62.3 65.7 66.4 68.0 68.7 69.6 69.3 70.1 70.5 70.6 69.5 71.9 72.8 73.7 74.2 74.8 75.1 75.1 75.4 75.5

W
ik

ip
ed

ia

AEC 32.5 40.3 46.5 49.6 50.8 53.6 55.6 56.4 58.4 59.4 51.7 62.1 67.1 69.8 70.5 72.5 73.2 74.1 74.9 75.6
DeepWalk 36.4 40.9 44.3 46.1 47.2 49.2 50.1 50.9 52.1 52.3 49.3 54.6 57.1 59.5 60.7 61.7 62.6 63.4 64.2 64.4
Node2Vec 37.3 42.4 44.6 46.8 48.2 49.4 51.6 51.9 52.9 53.4 50.6 54.8 58.0 59.5 61.0 61.9 63.1 63.3 64.0 64.5
SDNE 31.8 37.1 39.3 42.0 43.6 45.4 46.1 46.9 48.2 48.7 41.4 48.1 51.1 53.4 55.4 56.7 57.3 58.4 59.2 59.8
struc2vec 7.8 8.6 9.5 10.2 10.3 10.6 11.1 11.1 11.5 11.5 12.7 13.5 14.4 15.1 15.0 15.3 16.0 16.0 16.3 16.5
DeepWalk+AEC 37.1 42.3 46.5 49.0 51.1 53.1 55.7 56.5 58.9 59.2 50.0 56.1 60.1 62.7 65.2 66.4 68.7 69.8 71.3 72.1
Node2Vec+AEC 37.9 43.7 46.5 49.6 51.7 53.8 56.3 57.9 59.6 60.2 51.4 56.3 60.4 62.9 65.3 66.6 68.5 70.0 71.3 72.1
AEG+AEC 37.9 45.3 50.5 54.3 55.2 57.9 59.3 60.0 61.7 62.4 56.1 65.3 69.8 72.5 73.5 75.1 75.9 76.8 77.7 78.2
SDNE+AEC 33.4 41.9 46.6 49.6 51.6 54.0 55.1 57.3 59.3 59.4 46.4 56.0 61.0 64.4 66.8 68.7 69.8 71.3 72.4 73.2
struc2vec+AEC 11.2 18.9 27.0 32.4 36.4 40.0 42.6 45.0 46.9 48.4 19.0 29.8 40.3 47.7 52.4 56.6 59.7 62.1 64.3 65.8
TADW 46.7 53.2 56.0 57.0 60.8 60.3 62.3 63.4 62.7 64.2 59.5 64.3 67.4 67.8 69.7 70.0 70.0 71.4 71.2 71.9
DCCA 43.5 48.6 50.4 53.1 54.2 54.7 56.4 57.0 57.0 57.4 59.4 64.4 66.7 68.4 69.8 70.3 71.0 71.6 71.8 72.3
MERGE 50.4 57.9 59.4 62.1 63.7 64.4 66.9 67.7 68.2 69.2 68.2 73.0 75.0 76.6 77.4 77.9 78.9 79.4 79.7 80.1

m
ic

ro
bl

og
PC

U

AEC 39.3 44.4 48.4 52.0 52.4 52.8 58.2 59.6 59.2 60.2 63.2 64.4 66.0 67.4 67.0 67.8 69.4 70.1 69.8 69.9
DeepWalk 60.3 60.8 58.5 59.1 63.1 66.6 64.9 66.1 64.1 65.6 63.9 64.9 63.3 63.0 66.0 70.1 68.8 69.9 68.1 69.7
Node2Vec 58.5 59.4 56.9 57.9 60.8 62.9 62.9 65.0 63.6 63.4 62.3 63.8 62.6 62.3 64.4 67.4 68.0 70.0 68.4 68.3
SDNE 53.5 53.9 53.2 58.6 59.1 58.2 57.1 56.9 58.3 61.8 55.6 58.8 57.7 61.3 64.9 63.6 61.3 63.4 63.0 65.6
struc2vec 47.4 55.6 57.1 58.3 56.5 58.1 56.7 58.1 57.8 60.0 50.3 57.7 58.7 60.6 59.1 60.8 59.2 60.6 60.2 62.6
DeepWalk+AEC 60.4 61.0 58.3 59.6 64.0 67.5 65.1 67.1 65.9 67.3 64.2 65.3 64.0 63.6 66.7 70.8 68.6 70.8 69.7 70.9
Node2Vec+AEC 57.4 58.3 57.4 58.2 61.7 63.7 64.1 65.5 65.1 64.7 61.9 63.6 63.4 62.8 65.1 68.1 68.9 70.3 69.8 69.4
AEG+AEC 43.9 47.8 51.0 57.8 57.0 62.4 64.4 67.0 65.6 67.4 63.8 65.1 66.7 68.7 67.9 71.6 71.8 74.3 72.9 73.8
SDNE+AEC 54.0 58.3 61.1 64.6 64.8 66.9 67.7 68.4 69.1 69.3 56.4 60.0 62.3 65.8 66.2 68.3 69.3 70.0 70.7 71.0
struc2vec+AEC 53.0 58.2 60.5 62.7 63.4 65.1 63.9 65.1 66.1 66.1 54.9 59.1 61.4 63.9 64.9 66.4 65.4 66.7 67.6 67.6
TADW 56.8 59.7 60.5 60.6 62.7 62.7 63.1 62.8 63.2 62.7 64.4 68.3 69.2 69.4 71.4 71.2 71.9 71.8 71.7 71.6
DCCA 53.8 54.6 57.5 60.4 61.1 60.5 63.6 62.8 64.4 65.4 63.8 66.1 67.1 68.3 69.0 69.1 71.0 70.0 71.3 72.0
MERGE 63.6 68.4 67.5 70.5 71.2 69.3 70.0 73.4 71.8 71.2 69.7 72.4 71.1 73.7 73.6 72.9 73.0 76.1 74.7 74.1

only use content information only use relational information
concatenate a content and network embedding learns both network and content embedding



Figure 4: Results on convergence.

Figure 5: Results on running time.

Fig. 3, MERGE performs optimally when α and β ∈
{1e−5, 1e−4, 1e−3, 1e−2} and γ ∈ {1e−6, 1e−5}.
Detailed parameter settings are described in Sec. 5.1.
Specifically, our model is relatively robust to the val-
ues of α and β. While taking large value for γ causes
over-regularization of the model, which leads to poor
performance. The suggested γ value is less than 1e − 4.
We further validate the convergence and time complex-
ity of MERGE. As shown in Fig. 4, the loss of the model
normalized by the number of nodes converges quickly
within a few iterations. In terms of asymptotic compu-
tation complexity, we test the algorithm complexity with
different amounts of nodes (i.e., different |V | values). As
shown in Fig. 5, it is observed that the running time of
MERGE scales linearly with |V |.

6 CONCLUSION

In this paper, we systematically investigate the problem
of UMGE, where multiple perspectives such as content
and network features are exploited to learn graph em-
bedding in an unsupervised fashion. We discover that
cross-view and nonlinearity play a critical role in im-
proving graph embedding quality. Therefore, we de-
velop a simple, yet effective approach, Multi-viEw non-
lineaR Graph Embedding (MERGE), to model relational
multi-view consistency with nonlinearity. MERGE in-
corporates both network embedding and content embed-
ding with a nonlinear AutoEncoder. Then, it enforces
both intra-instance–cross-view consistency and cross-
instance–cross-view consistency among nodes’ network
embedding with its neighbors’ content embedding. The

experimental results demonstrate that MERGE con-
sistently outperforms the state-of-the-art baselines by
at least relatively 2.12% ∼ 10.91% (macro-F1) and
2.29% ∼ 10.12% (micro-F1) on average over five pub-
lic datasets, yet with O(|V |) complexity. It is worthy to
note that, in most cases, MERGE outperforms the base-
lines in favor of using relatively one third of training data
yet with superior performance.
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