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Abstract. Graph Neural Networks (GNNs) are powerful tools in representation learning for graphs. Most GNNs use the message passing
mechanism to obtain a distinguished feature representation. However,
due to this message passing mechanism, most existing GNNs are inherently restricted by over-smoothing and poor robustness. Therefore, we
propose a simple yet effective Network Embedding framework Without
Neighborhood Aggregation (NE-WNA). Specifically, NE-WNA removes
the neighborhood aggregation operation from the message passing mechanism. It only takes node features as input and then obtains node representations by a simple autoencoder. We also design an enhanced neighboring contrastive (ENContrast) loss to incorporate the graph structure
into the node representations. In the representation space, the ENContrast encourages low-order neighbors to be closer to the target node than
high-order neighbors. Experimental results show that NE-WNA enjoys
high accuracy on the node classification task and high robustness against
adversarial attacks.
Keywords: Graph Neural Networks · autoencoder · over-smoothing ·
robustness.
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Introduction

In recent years, Graph Neural Networks (GNNs) [1] have received great attention
in the data mining community. They have achieved great success in many tasks
related to graph representation learning, such as node classification [2, 3], graph
classification [4], link prediction [5] and so on.
Although GNNs have made significant progress in graph representation learning, most of them suffer from poor robustness and over-smoothing [6, 7]. The
main idea of GNNs lies in the message passing mechanism to learn expressive
node representations. There are two important operations in the message passing mechanism: 1) Feature transformation, which is inherited from traditional
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neural networks. 2) Neighborhood aggregation, which updates the representations of nodes by aggregating their neighborhood representations. This mechanism will lead to poor robustness and over-smoothing. In terms of robustness,
the message passing mechanism forces each node to be highly dependent on its
neighborhoods, which makes the node easily misled by potential data noise and
thus makes GNNs vulnerable to adversarial disturbances. As a result, GNNs are
usually not robust against graph attacks [8, 9]. After suffering graph attacks,
the neighborhood aggregation operation incorporates the representation of the
noisy nodes into the representation of the target node, making the learned node
representations underperform in downstream tasks. In terms of over-smoothing,
when performing the message passing, the representations of neighboring nodes
are aggregated and combined with the representation of the current node to form
an updated representation. After this process is iterated multiple times, different
nodes will have similar representations, making it difficult to distinguish between
nodes with different classes.
To address the above challenge, we propose a novel Network Embedding
framework Without Neighborhood Aggregation called NE-WNA to alleviate
over-smoothing and enhance the model’s robustness. In NE-WNA, we elaborately remove the neighborhood aggregation operation in the messaging mechanism and only preserve the feature transformation operation to reduce the dependence of node representations on the features of their neighbors. To exploit
graph structure information in learning the node representations, we design an
enhanced neighboring contrastive (ENContrast) loss using the graph structure
as a supervision signal. In the representation space, the ENContrast loss considers the importance of different order neighbors, and it encourages low-order
neighbors to be closer to the target node than high-order neighbors. The main
contributions of this paper are summarized as follows.
– We propose a simple yet effective autoencoder-based graph learning framework. Good node representation can be obtained by using only the basic
autoencoder without neighborhood aggregation.
– We design an enhanced neighboring contrastive loss that aims to incorporate
graph structure information into node representations.
– Extensive experiments show that the proposed framework outperforms the
state-of-the-art baselines. Removing the neighborhood aggregation can alleviate over-smoothing and enhance the robustness against adversarial attacks.

2
2.1

Related Work
Graph Neural Networks

GNNs have boosted research on graph data mining. The key to the success
of most GNNs lies in the message passing mechanism, which propagates the
neighbor information to the target node in an iterative manner. In the growing number of GNN architectures, the most representative method is Graph
Convolutional Network (GCN) [10] and Graph Attention Networks (GAT) [11].
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GCN learns the representation of the target node by iteratively aggregating the
neighbors of the target node. In the process of learning the target node representation, GAT generates importance scores for all its neighbors, and then uses
these importance scores to aggregate the neighboring nodes. GCN and GAT follow coupling feature transformation and neighborhood aggregation together for
representation learning. Nevertheless, some recent work [2, 7] finds that the coupling of feature transformation and neighborhood aggregation is unnecessary and
causes over-smoothing. APPNP [12], SGC [13], SIGN [14] and S2 GC [15] achieve
good node classification by separating the two operations. DropEdge [16] is introduced to alleviate the over-smoothing by randomly dropping some edges in
graph during each training epoch. GCNII [17] obtains better results by applying
two simple techniques, initial residuals and identity mapping, to graph convolutional networks. In addition, GNNs can be easily fooled by graph adversarial
attacks. Many novel defense approaches, like GCN-Jaccard [18], GCN-SVD [19]
and Pro-GNN [20], have been proposed to defend against different types of graph
adversarial attacks.
2.2

Graph Contrastive Learning

Contrastive learning is self-supervised learning [21, 22] method whose main idea
is to train the feature encoder by making the positive samples as close as possible and the negative samples as far away as possible in the representation
space. Recently, researchers have been focusing on applying contrastive learning
techniques to graph representation learning tasks. This series of techniques have
achieved good results and is known as Graph Contrastive Learning (GCL) [23,
24]. For a given large amount of unlabeled graph data, the GCL aims to train a
graph encoder, which currently generally refers to a GNN. In contrast, instead
of using GNN as a feature encoder and data augmentation techniques in GCL,
we use the autoencoder as the feature encoder and the adjacency matrix as the
supervisory signal for the contrast. GCL’s objective aims to pull relevant node
representations together while pushing irrelevant node representations away. It
fits well with our idea of using the adjacency matrix to guide the contrast of
neighboring nodes.
2.3

Auto-Encoder

Currently, more deep models are beginning to be designed for graph-structured
data. For example, autoencoders have been extended for graph representation
learning on graph-structured data. The autoencoder architecture, which extracts
complex features using only unlabeled data, allows deep learning techniques to
be applied to a broader range of domains. SDNE [25] uses the deep autoencoder
with multiple non-linear layers to capture the first and second-order proximities.
SDCN [26] converts raw data into low-dimensional representations and then decodes low-dimensional representations to reconstruct the input node representations. In this work, we only use the basic autoencoder [27] to learn representations
for raw data.
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Fig. 1. The framework of our proposed NE-WNA. The input data X is passed through
an autoencoder and a softmax classifier to obtain the prediction probabilities Z of nodes
in different classes. The cross-entropy loss Lsup , the reconstruction loss LAE and the
enhanced neighboring contrastive loss LENC are used to guide the learning of the model.
Lsup is constructed by Z and node labels. LAE is constructed by the reconstructed data
X̂ and the input data X. LENC is constructed by Z and the enhanced adjacency matrix
Ã which is summed by the different order powers of the normalized adjacency matrix,
such as Â1 , Â2 , Â3 , · · · , Âk .

3

Methodology

In this section, we introduce our proposed NE-WNA, where the overall framework is shown in Fig. 1. NE-WNA is composed of two key components: autoencoder and enhanced neighboring contrastive loss. We will describe our proposed
model in detail in the following.
3.1

Preliminaries

Let G = (V, E) denote a graph, where V = {v1 , v2 , . . . , vN } is a set of N nodes,
E ⊆ V ×V is a set of |E| = M edges between nodes. G is associated with a feature
matrix X = {x1 , x2 . . . , xN } in which xi ∈ Rd represents the feature vector of
node v i , and an adjacency matrix A ∈ RN ×N where Aij = 1 iff (vi , vj ) ∈ E and
Aij = 0 otherwise.
3.2

Auto-Encoder Module

In our model, the basic autoencoder is used as a feature encoder in order to
reduce the complexity of the model. Assume that the encoder and decoder parts
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have L layers each and ` represents the `-th layer. The processing of the encoder
is defined as:


(`) (`−1)
(`)
,
(1)
H(`)
=
σ
W
H
+
b
e
e
e
e
(`)

(`)

where σ(·) is the activation function and we apply Relu. Here We and be are
the trainable weight matrix and bias of the `-th layer in the encoder, respectively.
(`−1)
(`)
He
and He are node embeddings of layer ` − 1 and layer ` in the encoder
(0)
respectively while He is set to raw feature matrix X. Similarly, the decoder
part is defined as:


(`)
(`) (`−1)
(`)
H d = σ Wd H d
+ bd ,
(2)
(0)

(L)

(`)

(`)

where the input of the decoder part is Hd = He , Wd and bd are the
trainable weight matrix and bias of the `-th layer in the decoder, respectively.
(`−1)
(`)
Hd
and Hd are node embeddings of layer ` − 1 and layer ` in the decoder
respectively. The output of the decoder part is the reconstruction of the raw
(L)
feature matrix X̂ = Hd . The corresponding reconstruction loss is defined as:
LAE =

3.3

N
1
1 X
2
kxi − x̂i k2 =
kX − X̂k2F .
2N i=1
2N

(3)

Enhanced Neighboring Contrastive loss

Autoencoder is able to learn the useful representations from the data itself while
ignoring the graph structure information. To be able to incorporate graph structure information into the autoencoder-specific representation, it is intuitive that
connected nodes should be similar to each other and unconnected nodes should
be far apart in the representation space. This fits well with the idea of contrastive learning. With this motivation, we propose an Enhanced Neighboring
Contrastive (ENContrast) loss, which enables autoencoder-based models to learn
graph structure without neighborhood aggregation.
Before describing the ENContrast loss in detail, we first introduce the enhanced adjacency matrix. By summing different order powers of the normalized
adjacency matrix, we obtain the enhanced adjacency matrix as:
Ã =

k
X

Â(i) ,

(4)

i=1

P
where Â = D̃(−1/2) (A + I)D̃(−1/2) , D̃ = D + I, Dii = j Aij . Many recent
studies leverage generalized PageRank matrix [12], which is formulated with the
summation of different order powers of the normalized adjacency matrix with
coefficients. However, we found through subsequent experiments that a simplified
version of PageRank (e.g., all coefficients are 1) achieves better results. Therefore,
we use Eq. (4) to obtain the enhanced normalized adjacency matrix. When k
tends to ∞, Â∞ is
1/2
1/2
(di + 1) (dj + 1)
Â∞
,
(5)
i,j =
2M + N
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where M represents the number of edges and N represents the number of nodes,
di represents the degree of the node vi . This shows that after an infinite number of
multiplications, the influence of node vi on vj is only determined by their degree.
As shown in Fig. 2, the connection weights of the target node and its each order
neighbors will be very close as k gradually increases. The target node’s low-order
neighbors usually have more influence on the target node; in other words, the
information of the node’s low-order neighbors is more important. The enhanced
adjacency matrix Ã increases the connection weight between the target node and
its low-order neighbors as k gradually increases, it can enhance the influence of
the target node’s low-order neighbors on it during the contrast process.

1
2
5

⋯

0
3

4

Fig. 2. GNNs smooth the representation of each node via node propagation. As the
propagation layers deepen, the connection weights of the target node and its each order
neighbors gradually approach.

In the ENContrast loss, for each node, its k-hop neighbors are regarded as the
positive samples, while the other nodes are sampled as the negative ones. Since
the enhanced adjacency matrix increases the connection weight of the target node
with its low-order neighbors, the model will pay more attention to the contrast
of the target node with its low-order neighbors in the process of guiding the
model learning. In representation space, the loss encourages low-order neighbors
in positive samples to be closer to the target node than high-order neighbors in
positive samples. At the same time, it pushes negative samples away from the
target node. In detail, the ENContrast loss for the node vi can be formulated as:
PN
`i = − log

j=1

PN

1[j6=i] Ãij exp (sim (Zi , Zj ) /τ )

q=1

1[q6=i] exp (sim (Zi , Zq ) /τ )

,

(6)

where sim denotes the cosine similarity and τ denotes the temperature parameter. 1[j6=i] represents the indicator function, which is 1 when i and j are not
equal and 0 otherwise. Ãij denotes the strength of the connection between node
vi and vj and is a non-zero value only if node vj is the k-hop neighbor of node
vi . Zi denotes the prediction probabilities of node vi on different classes, which
(L)
is obtained by taking the node representations of the autoencoder He as input
to a softmax classifier. The detailed definition is as follows.


Z = softmax WH(L)
,
(7)
e
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where Z denotes the prediction probabilities of nodes on different classes, and
W are the trainable weight matrix of softmax classifier.
The corresponding ENContrast loss is defined as:
LENC =

N
1 X
`i .
N i=1

(8)

Besides the ENContrast loss, we also have a traditional cross-entropy loss for
node classification. The cross-entropy loss for labeled noes can be calculated as:
Lsup = −

C
XX

Y[i,p] ln Z[i,p] ,

(9)

i∈Vl p=1

where Vl is the set of labeled nodes and Y ∈ RN ×C is the label indicator matrix,
C is the number of classes. Y[i,p] is 1 when node vi belonging to class p and 0
otherwise. Z[i,p] denotes the probability of node vi belonging to class p.
In total, we define the final loss of NE-WNA as a combination of three losses:
L = Lsup + αLENC + βLAE ,

(10)

where α and β is the weighting coefficient to balance these losses.

Algorithm 1 NE-WNA
Input: Adjacency matrix A, raw data X, number of layers of the autoencoder
L, the order of the adjacency matrix k, learning rate η, balance coefficient α and
β, an autoencoder-based model f (X, Θ).
Output: Prediction Z.
1: for i = 1 to k do
2:
Precompute Â(i) .
3: end for
4: Compute the enhanced adjacency matrix Ã via Eq. (4).
5: while not convergence do
6:
for ` = 1 to L do
(`)
(`)
7:
Generate embeddings He via Eq. (1) and Hd via Eq. (2).
8:
end for
9:
Compute autoencoder reconstruction loss LAE via Eq. (3).
10:
Generate the prediction probabilities Z via Eq. (7).
11:
Compute the enhanced neighboring contrastive loss LENC via Eq. (6) and
Eq.(8).
12:
Compute the cross-entropy loss Lsup via Eq. (9).
13:
Update the parameters Θ by gradients descending: Θ = Θ −
η∇Θ (Lsup + αLENC + βLAE ).
14: end while
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Algorithm and Complexity Analysis

Algorithm 1 outlines NE-WNA’s training process. Line 1-4 represents the precomputation procedure of the enhanced adjacency matrix. Line 5-14 represents
the training process of the model.
Table 1. Complexity Analysis for existing GNNs. N , M , and d are the number of
nodes, edges, and feature dimensions (assumed fixed for all layers), respectively. k
represents the power of the normalized adjacency matrix. L represents the number of
layers of feature transformation. For the coupled GNNs, we always have k = L.
Type
Coupled
GNNs

Model Preprocessing
Training
Inference

GCN
O LM d2
O LM d2


GAT
O LM d + LN
d2 O LM d + LN
d2


SGC
O(kM d)
O N d2 
O N d2 
Decoupled S2 GC
O(kM d)
O N d2 
O N d2 
2
GNNs
SIGN
O(kM d)
O LN d 
O LN d2 
2
2
NE-WNA
O k M
O LN d
O LN d2

Table 1 compares the asymptotic complexity of NE-WNA with several representative GNNs. Because the operation of GCN can be efficiently implemented
using sparse matrix, the time complexity is linear with the number of edges M .
In the stage of the preprocessing, the time complexity of most decoupled
mod
els is O(kM d) and the time complexity of NE-WNA is O k 2 M . Since k  d,
NE-WNA have smaller preprocessing complexity than decoupled GNNs. Compared with the coupled GNNs, NE-WNA have smaller training and inference
complexity, i.e., higher efficiency.

4

Experiments

To evaluate the effectiveness of our proposed NE-WNA, we conduct extensive
experiments on node classification tasks. First, we introduced the datasets, experimental environment and parameter settings. Then, we compare NE-WNA
with the previous state-of-the-art baselines on node classification to prove the superiority of NE-WNA. Finally, we validate the proposed model further in terms
of ablation study, over-smoothing, robustness, and visualization.
4.1

Datasets

We conduct experiments on six datasets: three citation networks (Cora [10],
CiteSeer [10], PubMed [10]), two co-purchase networks (Amazon Photo [28],
Amazon Computers [28]) and one co-author network (Coauthor CS [28]). We
use the same train/validation/test splits as [10] for citation networks. For the
other datasets, we randomly select 20 labeled nodes per class as the training set,
30 labeled nodes per class as the validation set, and the remaining nodes as the
test set. The statistics of these datasets are summarized in Table 2.
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Table 2. Statistics of datasets.
Dataset
Cora
CiteSeer
PubMed
Amazon Computers
Amazon Photo
Coauthor CS

Nodes
2708
3327
19717
13381
7487
18333

Edges Features Classes Train/Val/Test
5278
1433
7
140/500/1000
4552
3703
6
120/500/1000
44324
500
3
60/500/1000
245778
767
10
200/300/12881
119043
745
8
160/240/7087
81894
6805
15
300/450/17583

Table 3. Hyper-parameter specifications.
DataSet
Cora
CiteSeer
PubMed
Amazon Computers
Amazon Photo
Coauthor CS

4.2

α
2
1
10
30
25
10

β
3
2
1
3
3
1

τ
0.5
0.5
0.5
4
4
1

k
4
4
4
6
5
2

L Learning rate Weight decay
3
5e-3
5e-4
3
1e-2
5e-4
3
1e-2
5e-4
3
5e-3
5e-4
3
5e-3
5e-4
3
1e-2
5e-3

Implementation and Parameter Settings

The experiments are conducted on a machine with Intel(R) Core(TM) i9-10980XE
CPU @ 3.00GHz, and a single NVIDIA GeForce RTX 3090 with 24GB GPU
memory. The operating system of the machine is Ubuntu 18.04. As for software
versions, we use Python 3.8, Pytorch 1.9.1, Pytorch Geometric 2.0.1 [29], and
CUDA 11.1. The hyper-parameters in each baseline are set according to the original paper if available. We perform a grid search to tune the hyper-parameters
for NE-WNA based on the accuracy of the validation set. α is obtained from a
search of range 1 to 30 with step 1, β is obtained from a search of range 1 to
6 with step 1, τ is obtained from a search of range 1 to 4 with step 0.5, k is
obtained from a search of range 1 to 7 with step 1, L is set to 3. Adam optimizer is used on all datasets, the learning rate is chosen from {5e − 3, 1e − 2},
the weight decay is chosen from {5e − 4, 5e − 3}. The detailed hyper-parameter
settings for NE-WNA is in Table 3. Our data and code are publicly available 6 .
4.3

Node Classification Results

We choose the following baseline methods: GCN [10], GAT [11], JK-Net [30],
APPNP [12], SGC [13], SIGN [14], S2 GC [15], DropEdge [16] and GCNII [17].
To alleviate the influence of randomness, we repeat each method 100 times and
report the mean performance and the standard deviations. The experimental
results are summarized in Table 4. On Cora, NE-WNA is comparable with other
methods. On the other datasets, NE-WNA performs better than the representative baselines by significant margins and outperforms the best baseline of each
6

https://github.com/YJ199804/NE-WNA
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Table 4. Results on all datasets in terms of classification accuracy.

Model
GCN
GAT
JK-Net
APPNP
SGC
SIGN
S2 GC
DropEdge
GCNII
NE-WNA

Cora
81.3
83.1
81.8
83.3
81.0
82.2
82.6
82.8
85.5
82.8

± 0.6
± 0.4
± 0.5
± 0.5
± 0.1
± 0.4
± 0.5
± 0.2
± 0.5
± 0.8

CiteSeer
71.1
72.5
70.8
71.8
71.3
72.4
72.9
72.3
73.4
74.2

± 0.8
± 0.7
± 0.7
± 0.4
± 0.3
± 0.5
± 0.2
± 0.4
± 0.6
± 0.6

PubMed
78.9
79.0
78.8
80.1
78.9
79.3
79.8
79.6
80.3
82.5

± 0.5
± 0.3
± 0.5
± 0.2
± 0.2
± 0.6
± 0.3
± 0.3
± 0.4
± 0.7

Amazon
Computers
82.6 ± 2.0
80.1 ± 0.6
81.9 ± 0.8
81.7 ± 0.3
82.1 ± 0.7
82.8 ± 0.7
82.9 ± 0.9
82.4 ± 0.7
81.9 ± 0.3
84.7 ± 1.4

Amazon
Photo
91.2 ± 1.2
90.8 ± 0.9
91.9 ± 0.7
91.4 ± 0.3
91.5 ± 0.8
91.7 ± 0.8
91.6 ± 0.6
91.3 ± 0.5
92.1 ± 0.5
93.2 ± 0.7

Coauthor
CS
91.0 ± 0.5
90.5 ± 0.6
89.8 ± 0.7
91.8 ± 0.4
90.3 ± 0.5
91.8 ± 0.9
91.4 ± 0.5
91.6 ± 0.8
92.0 ± 0.5
92.5 ± 0.6

Table 5. Ablation study results in terms of accuracy of node classification.
Ablation
NE-WNA
w/o ENContrast
w/o AE
w/o AE & ENContrast

Cora
82.8
81.9
80.5
79.5

± 0.8
± 0.8
± 0.3
± 0.8

CiteSeer
74.2
73.7
73.3
72.8

± 0.6
± 0.9
± 0.8
± 0.8

PubMed
82.5
81.2
80.7
80.2

± 0.7
± 1.0
± 0.6
± 1.0

Amazon
Photo
93.2 ± 0.7
92.5 ± 0.6
92.7 ± 0.6
90.7 ± 0.7

Amazon
Computers
84.7 ± 1.4
83.6 ± 1.5
79.4 ± 0.7
77.8 ± 0.9

dataset by a margin of 0.5% to 2.9%. While most baselines use a multi-layer
perceptron (MLP) for feature transformation, our proposed framework uses an
autoencoder for feature transformation, which allows us to better extract information from the data itself. By removing neighborhood aggregation, the target
node does not rely excessively on its multi-hop neighbors, which allows it to expand the receptive fields while keeping the node representation distinguishable
and able to obtain more structural information.

4.4

Ablation Study

We conduct an ablation study to examine the contributions of different components in NE-WNA. Specifically, we build the following variants:
– Without Enhanced Neighborhood Contrast (ENContrast): We only
use the k-power of the normalized adjacency matrix to construct the neighboring contrastive loss, i.e., Ã = Â(k) .
– Without Auto-Encoder (AE): We use the MLP-based model to replace
the AutoEncoder-based model.
– Without Auto-Encoder and Enhanced Neighborhood Contrast (AE
& ENContrast): We use the MLP-based model to replace the autoencoderbased model and the k-power of the normalized adjacency matrix to construct the neighboring contrastive loss.

Coauthor
CS
92.5 ± 0.6
91.7 ± 0.6
85.3 ± 2.1
85.6 ± 1.9

A novel network embedding framework without neighborhood aggregation
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In Table 5, we have two observations. First, all NE-WNA variants show
a significant performance degradation compared to the full model, indicating
that each component contributes to the performance of NE-WNA. Second, the
autoencoder does surpass the MLP in feature extraction ability.

(a) Cora

(b) CiteSeer

(c) PubMed

(d) Amazon Photo

(e) Amazon Computers

(f) Coauthor CS

Fig. 3. Over-Smoothing Comparison

4.5

Over-Smoothing Analysis

We study the NE-WNA’s ability to alleviate over-smoothing by using the classification results in the case of stacking different layers. Fig. 3 shows the classification accuracy of different models. For the baselines, k denotes the number of
layers of the model. Each method makes use of the k-hop neighbors of the target node. As k increases, more and more neighboring nodes are utilized, which
inevitably suffers the over-smoothing. Fig. 3 suggests that NE-WNA can better alleviate over-smoothing while GCN and GAT show significant performance
degradation as the layer deepen. On most datasets, both NE-WNA and the current state-of-the-art method GCNII show an increase in performance with deeper
layers. In particular, for a total of 6 datasets, NE-WNA outperforms GCNII for
5 datasets. It is worth mentioning that the optimal effect reported in the original
paper on GCNII is achieved at dozens of layers, and our framework can exceed
its optimal effect at shallow layers.
4.6

Paramater Analysis

NE-WNA involves a number of parameters and we examine how the different
choices of parameters affect the performance of NE-WNA on all datasets. The
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(a) sensitivity of α

(b) sensitivity of β

(c) sensitivity of τ

(d) sensitivity of k

Fig. 4. The performance of NE-WNA with varying different hyperparameters on all
datasets.

results of the validation set are shown in Fig. 4. We find that NE-WNA is robust
to the k and β. k, β takes smaller values to achieve good results, indicating that
the model does not need to expand the contrastive fields of nodes excessively and
does not need to excessively extract information from the data itself, which can
greatly reduce the training difficulty of the model and speed up the convergence
of the model. As the α increases, the performance of the model improves on
most of the datasets, indicating that increasing the contrast strength between
nodes helps to learn a better node representation. With increasing τ , the model
performance improves on the Amazon Photo and Amazon Computers datasets.
Still, it decreases on other datasets, probably because other datasets are more
sparse than these two datasets. The number of multi-hop neighbors of the target
nodes in the Amazon Photo and Amazon Computers datasets is higher. By
increasing τ , the data distribution will become flat and more neighbor nodes
will be considered in the backpropagation process, so that the model can learn
a more comprehensive node representation.
4.7

Robustness Comparison

Recent research has demonstrated that GNNs are vulnerable to adversarial attacks [18, 31]. We evaluated the robustness of NE-WNA against two types of
attacks based on node classification performance. The two types of attacks are
nettack [9] and metattack [32].
We analyze the robustness of different models on Cora, CiteSeer and PubMed.
We randomly divide all nodes into 10%, 10% and 80% for training, validation
and testing. We used GCN, GAT, GCN-Jaccard, GCN-SVD and Pro-GNN for
comparison. For the current state-of-the-art defense models GCN-Jaccard, GCNSVD and Pro-GNN, we use DeepRobust [33] to replicate them. We evaluate the
node classification accuracy of different methods against nettack and metattack.
For nettack, we perturb each target node from 1 to 5 times with a step size of
1. The target nodes are those with degree greater than 10 in the test set. The
node classification accuracy on target nodes is shown in Fig. 5. For metattack,
we perturb the edges from 0 to 25% with a step of 5%. The node classification
accuracy is shown in Fig. 6. As shown in Fig. 5 and Fig. 6, NE-WNA shows comparable performance to Pro-GNN on Cora. Our method consistently outperforms
other methods under different attacks on CiteSeer and PubMed. For example,
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on the CiteSeer dataset at 5 perturbations per targeted node, NE-WNA achieves
over 31% improvement over the state-of-the-art defense method Pro-GNN. The
neighborhood aggregation operation incorporates information from neighboring
nodes into the target node, and information from noisy nodes is incorporated
into the target node when subjected to adversarial attacks. By removing the
neighborhood aggregation operation, the noise generated by adversarial attack
is not excessively incorporated into the target node. Therefore, NE-WNA can
be robust to adversarial attacks.

(a) Cora

(b) CiteSeer

(c) PubMed

Fig. 5. Results of different models under nettack.

(a) Cora

(b) CiteSeer

(c) PubMed

Fig. 6. Results of different models under metattack.

4.8

Loss Validation

To further verify the effectiveness of the ENContrast loss, we use the neighboring
contrastive (NContrast) loss for comparison. The NContrast loss is defined as:
!
PN
(k)
N
1 X
j=1 1[j6=i] Âij exp (sim (Zi , Zj ) /τ )
LNConcrast =
− log PN
(11)
N i=1
q=1 1[q6=i] exp (sim (Zi , Zq ) /τ )
The NContrast loss only uses the k-power of the normalized adjacency matrix.
It is worth noting that the model with NContrast loss in this section is the
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(a) Cora

(b) CiteSeer

(c) PubMed

(d) Amazon Photo

(e) Amazon Computers

(f) Coauthor CS

Fig. 7. Loss Comparison

(a) AE

(b) NE-WNA

Fig. 8. t-SNE plots for Cora dataset.

same as the first variant in the ablation study. This section is done to further
experimental verification of the effectiveness of ENContrast loss under the influence of the different number of layers. As shown in Fig. 7, the ENContast loss
consistently improves the performance of the autoencoder than the NContast
loss on all datasets. Specifically, the ENContrast loss improves the performance
of the autoencoder by a more significant margin than the NContast loss when
the order is higher. The results also demonstrate the validity of focusing more
on comparing the node’s low-order neighbors when the node’s different order
neighbors are positive samples.
4.9

Visualization of Embeddings

To provide a more intuitive understanding of the learned node embeddings, we
visualize node embeddings of AE and NE-WNA by using t-SNE [34]. Each point
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represents a test node on Cora, and the color represents the node label. The
results are shown in Fig. 8. We clearly observe that the nodes are better classified
in NE-WNA than AE, which means that NE-WNA captures more detailed class
information.

5

Conclusion

In this paper, we propose a simple yet effective autoencoder-based graph learning
framework. We remove the neighborhood aggregation commonly used by GNNs.
The enhanced neighboring contrastive loss is designed to guide the autoencoder
to learn the node representation. By removing the neighborhood aggregation,
our framework is significantly more effective in alleviating over-smoothing and
is robust to adversarial attacks. Extensive experiments on six benchmark graph
datasets demonstrate the high accuracy and robustness of NE-WNA against the
state-of-the-art GNNs.
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