
Neural Tensor Completion for Accurate Network

Monitoring

Kun Xie1,2,3, Huali Lu1, Xin Wang4, Gaogang Xie5,6, Yong Ding2,7, Dongliang Xie8, Jigang Wen5, Dafang Zhang1

1 College of Computer Science and Electronics Engineering, Hunan University, China
2 Cyberspace Security Research Center, Peng Cheng Laboratory, China

3 Purple Mountain Laboratories, China
4 Department of Electrical and Computer Engineering, State University of New York at Stony Brook, USA

5 Computer Network Information Center, Chinese Academy of Sciences, China
6 School of Computer Science and Technology, University of Chinese Academy of Sciences, China

7 Guangxi Key Laboratory of Cryptography and Information Security, Guilin University of Electronic Technology, China
8 State key Laboratory of Networking and Switching Technology, Beijing University of Posts and Telecommunications, China

Abstract—Monitoring the performance of a large network is
very costly. Instead, a subset of paths or time intervals of the
network can be measured while inferring the remaining network
data by leveraging their spatio-temporal correlations. The quality
of missing data recovery highly relies on the inference algorithms.
Tensor completion has attracted some recent attentions with its
capability of exploiting the multi-dimensional data structure for
more accurate missing data inference. However, current tensor
completion algorithms only model the three-order interaction of
data features through the inner product, which is insufficient
to capture the high-order, nonlinear correlations across different
feature dimensions. In this paper, we propose a novel Neural
Tensor Completion (NTC) scheme to effectively model three-
order interaction among data features with the outer product
and build a 3D interaction map. Based on which, we apply 3D
convolution to learn features of high-order interaction from the
local range to the global range. We demonstrate this will lead
to good learning ability. We conduct extensive experiments on
two real-world network monitoring datasets, Abilene and WS-
DREAM, to demonstrate that NTC can significantly reduce the
error in missing data recovery. When the sampling ratio is low at
1%, the recovery error ratios on the testing data are around 0.05
(Abilene) and 0.13 (WS-DREAM) when using NTC, but are 0.99
(Abilene) and 0.99 (WS-DREAM) using the best current tensor
completion algorithms, which are 21 times and 8 times larger.

Index Terms—Tensor completion, Sparse network monitoring,
Neural network

I. INTRODUCTION

It is very important to efficiently monitor the network to

track the network status as well as troubleshoot network

incidents and performance issues such as packet losses, latency

spikes, and traffic burst [1], [2]. Several network monitoring

systems are proposed to monitor networks in the past few

years, where Pingmesh [3] and NetNORAD [4] are two

examples. These monitoring systems generally send probe

packets between each pair of network nodes, which creates

a monitoring cost at O(n2) for a network of n nodes. It is

common for a modern data center to contain hundreds of

thousands of servers and the scale is growing rapidly at an

exponential rate. The network monitoring becomes a challenge

as the size of network constantly increases.

Relying on the knowledge of routing paths and network

topology, recently deTector [5] proposes to detect and localize

network failures with the probing of selected paths to reduce

the measurement cost. However, it requires the paths selected

well cover all transmission links in the data center, so the

measurement cost is still high.

Some recent studies show that network monitoring data

such as end-to-end latency and flow traffic have hidden spatio-

temporal correlations and thus the matrix of monitoring data

has the low rank feature [6]–[9]. This inspires the development

of novel sparse network monitoring technique [10]. Sample-

based network monitoring is applied in this technique, where

measurements are only taken between some random node pairs

or at some intervals for a given node pair, and the data of other

paths are inferred leveraging the spatio-temporal correlations

in network monitoring data. As only a few paths need to be

probed, the measurement cost can be largely reduced under

the sparse network monitoring scheme.

As part of the applications of network state tracking and

forecasting [11], anomaly detection [12] and failure recovery

are highly sensitive to the missing (unmeasured) performance

data. This makes the accurate recovery of missing monitoring

data from partially observed network states an important

procedure in sparse network monitoring.

The quality of data recovery highly relies on the inference

technique to recover the complete data from partial measure-

ments. Various studies have been made to handle and recover

the missing monitoring data. Designed based on purely spatial

[13], [14] or temporal [15] information, the data recovery

performance of most known approaches is low. To utilize both

spatial and temporal information, recent studies exploit matrix

completion [6], [8]–[10], [16]–[19] to recover the missing data

from a low-rank matrix. Although these approaches present

good performance under low data missing ratio, when the data

missing ratio is large, the recovery performance suffers as the

two-dimensional matrix-based data analysis has the limitation

in extracting information.

For better data recovery, very few recent studies [23]–

[25] proposes to apply the tensor completion to the net-

work monitoring data recovery. Although these initial efforts

demonstratstart to model the network monitoring data as a

higher dimensional array called tensor, and propose tensor
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completion based algorithms for more accurate missing data

recovery. Tensors are the high-order generalization of vectors

and matrices. Tensor-based multilinear data analysis [20], [21]

has shown that tensor models can take full advantages of the

multilinear structures to provide better data understanding and

information precision.

Despite its effectiveness, we argue that the recovery per-

formance under current tensor completion algorithms can be

limited by its linearity, its ability of only modeling three-

order feature interaction, and its inability of capturing the

correlations across different feature dimensions. To model

the network interaction function, current tensor completion

techniques project origins, destinations and time into a shared

latent feature space, with the interaction between an origin and

a destination at a specific time modeled as the inner product

of their latent feature vectors in the space. Existing tensor

completion algorithms face a few issues:

• Inner product only considers the linear features of data

while ignoring the possible non-linearity. Unfortunately,

the underlying structure of real-world network monitoring

data are often highly non-linear and cannot be accurately

approximated by linear models [22].

• Inner product only captures the correlations among the

same dimensions of latent features, while the correlations

among different feature dimensions are not captured at

all. This inability leads to incomplete data acquisition

and low accuracy data modeling.

• Inner product assumes that feature dimensions are inde-

pendent from each other and just multiplies the features

with the same weight. In the network field, latent features

may explicitly or implicitly represent the features of the

type of nodes, Internet access patterns, online behaviors

of nodes, working time and so on. These feature di-

mensions will have different impact on user’s Internet

access behavior thus the network performance data. So,

it is unreasonable to assume that each dimension of latent

features has an equal contribution.

• Inner product can only capture the three-order feature in-

teraction, but not the complex structure of the monitoring

data that may have high-order correlations.

As current tensor completion algorithms are insufficient in

capturing the complex structure of network monitoring data,

it will lead to poor missing data recovery performance when

the measurement ratio is low.

To address the limitations of existing tensor completion

solutions, we propose a novel Neural Tensor Completion

model (NTC), which enhances current tensor completion by

extracting high-order and non-linear feature interaction across

different feature dimensions through neural networks. NTC

approach adopts a multi-layer architecture to model an origin-

destination-time interaction, where the output of one layer

serves as the input of the next layer. From the bottom up, NTC

includes input layer, embedding layer, interaction map layer,

feature extraction layer based on 3D Convolutional Neural

Network (3D CNN), and inferring layer based on Multi-Layer

Perception (MLP). The main contributions are summarized as

follows.

• We propose to utilize an 3D interaction map to explicitly

represent feature interaction among origins, destinations

and time, which models tensor completion with an outer

product operation to capture complex correlations among

feature dimensions.

• To extract the hidden features for more accurate missing

data recovery, we propose a novel framework to employ

3D CNN on top of the 3D interaction map.

• We conduct comprehensive experiments on two publicly

real-world network monitoring datasets to comparatively

evaluate and demonstrate the effectiveness of the pro-

posed method. The experiments results demonstrate that

our NTC can achieve significantly better recovery accu-

racy even when the sampling ratio is very low.

• To the best of our knowledge, this is the first work

to propose a novel neural tensor completion framework

that combines outer product and 3D CNN to solve the

monitoring data recovery problem in the tensor form.

We demonstrate that current tensor completion can be

interpreted as a specialization of NTC. We expect that 3D

CNN’s powerful learning ability and tensor’s ability of

representing hidden structures of data in high dimensions

open a new venue for high performance data recovery and

analysis.

The rest of the paper is organized as follows. We introduce

the related work in Section II. The system model and problem

are presented in Section III. We present solution overview,

detailed NTC, and analysis of NTC in Sections IV, V, and

VI, respectively. Finally, we evaluate the performance of the

proposed NTC through extensive experiments in Section VII,

and conclude the work in Section VIII.

II. RELATED WORK

We are not aware of any other work that provides practical

techniques to exploit 3D CNN to enhance tensor completion,

and apply efficient neural tensor completion to accurately

recover the network monitoring data.

To capture more spatio-temporal features in the network

monitoring data, very few recent work [23]–[25] proposes to

apply the tensor completion to the network monitoring data re-

covery. Although these initial efforts demonstrate the potential

of applying tensor-based schemes for better monitoring data

recovery, we find the performance suffers when the sampling

ratio is low. As tensor factorization, such as CANDECOMP

PARAFAC (CP) decomposition [26], [27], usually projects

different tensor domains (origins, destinations, and time) into a

shared latent feature space using a fixed and data independent

function, i.e., the inner product as the interaction function of

latent features. We argue that the recovery performance under

these designs is limited by inner product’s linearity, its ability

of only modeling of three-order feature interaction, and its

inability of capturing the correlations among different feature

dimensions in the network performance data.
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With the rapid progress of sparse representation techniques,

following the compressive sensing [28] and matrix completion

[29]–[31] to process one-dimensional and two-dimensional

data arrays, tensor completion has attracted lots of research

interests recently. In terms of methodologies, many variants

[32]–[36] of tensor completion method have been developed

to capture the global data structure for recovering the missing

data via tensor factorization. These variants are all linear

extensions of CP and model the independent three order

feature interaction only. As such, current tensor completion

algorithms may suffer from insufficient ability of representing

real network monitoring data with complex inherent structure

and regularities.

To conquer the limitations in current studies, we propose a

novel NTC which explores the use of deep neural networks

for learning the interaction function, rather than using a simple

inner product as the interaction function in current tensor com-

pletion algorithms. The deep neural networks (DNNs) have

been proven to be capable of approximating any continuous

function [37], and more recently they have been found to

be effective in several domains, such as speech recognition,

computer vision, and text processing [38]. However, we have

not found existing work that exploits 3D CNN and outer

product to enhance tensor completion algorithms.

To well utilize the learning power of CNN, we build 3D

interaction map to explicitly capture correlations between

feature dimensions. Above which, we exploit 3D convolution

to extract features from the map. From theoretical way, we

demonstrate that our design of feeding 3D interaction map to

3D CNN can leverage CNN to learn high-order correlations

among embedding dimensions from the local range to the

global range in a hierarchical way, thus bringing in significant

recovery performance.

III. SYSTEM MODEL AND PROBLEM

We model the network monitoring data as a 3-way tensor

X ∈ R
I×J×K(Fig.1(a)), where I , J , and K correspond to the

number of origin nodes, destination nodes, and time intervals

monitored, respectively. Each entry xijk indicates the end-to-

end network monitoring data from the origin node i to the

destination node j in the time slot k.

Fig. 1. Tensor model. (a) 3-way monitoring tensor (b) CP decomposition of
the 3-way tensor

If there are no network measurement data between a pair

of nodes in a given time slot, it leaves the corresponding

entry in X empty. All observed entries are denoted by

Ω = {i, j, k|xijk is known}. To reduce the cost, partial node

pairs are often monitored to reduce the measurement load.

In addition, there are unavoidable data losses upon severe

communication conditions. Therefore, X is generally a sparse

and incomplete tensor. As many network engineering tasks

require the complete network performance information, the

accurate reconstruction of unmeasured data from partial traffic

measurements becomes a key problem, and we refer this

problem as the network monitoring data recovery problem.

The aim of this paper is to obtain all data entries of

the network monitoring tensor X based on its measurement

samples through the tensor factorization. CP decomposition

[26], [27] is a typical tensor factorization approach. Under CP

decomposition, we project origins and destinations and time

into a shared latent feature space R
1×R, using a vector of

latent features to represent an origin or a destination or a time

slot. Let ai ∈ R
1×R, bj ∈ R

1×R, and ck ∈ R
1×R denote the

feature vector of origin i, destination j, and time slot k, where

R is the dimensionality of the feature vector.

By collecting the vectors ai, bj and ck, we have tensor

X ’s feature matrices A =
[

a
T
1 , · · · , a

T
I

]T
∈ R

I×R, B =
[

b
T
1 , · · · ,b

T
J

]T
∈ R

J×R, and C =
[

c
T
1 , · · · , c

T
K

]T
∈ R

K×R.

As shown in Fig.1, using the feature matrices, CP decompo-

sition of the monitoring tensor X can be written as

X = [[A,B,C]] (1)

where each entry xijk can be calculated by xijk=ai • bj •

ck=
R
∑

r=1
airbjrckr .

Fig. 2. Overview of tensor completion

To recover the missing network monitoring data, the data

recovery problem can be formulated as a tensor completion

problem with the goal of learning the latent feature vectors

(ai, bj , and ck) to minimize the regularized squared error on

the set of observed entries:
min

ai,bj ,ck

∑

i,j,k∈Ω

(xijk − ai • bj • ck)
2
+α‖ai‖

2+β‖bj‖
2+γ‖ck‖

2 (2)

where (xijk − ai • bj • ck)
2

is the squared error on the ob-

served data xijk . In Eq.(2), α, β and γ are the regularization

coefficients. α‖ai‖
2
+ β‖bj‖

2
+ γ‖ck‖

2
is added in the

formulation to prevent overfitting problem, where the error

corresponding to the tensor elements with observed entries

are very small while the errors for the inferred data entries

are large.

From the view of factorization machine, Eq.(2) can be

considered as a bilinear regression model that generates a

network monitoring data for each origin-destination-time triple

based on the interaction among the origin latent features,

destination latent features, and time latent features.
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Fig.2 illustrates the main steps involved to solve the CP

based tensor completion problem: 1) training the latent feature

vectors using the partial measurement samples based on tensor

factorization, 2) inferring missing tensor entries using the

trained latent feature vectors. After getting three latent feature

matrices A, B, and C, the network monitoring tensor can be

recovered by
X̂ = [[A,B,C]] (3)

with the recovered entry x̂ijk=ai • bj • ck=
R
∑

r=1
airbjrckr .

Under CP decomposition model, both feature training (in

Eq.(2)) and missing data recovery (in Eq.(3)) use a fixed and

data-independent function, the inner product, to capture the

interaction among origins, destinations, and time.

Despite its effectiveness and many subsequent develop-

ments, CP decomposition [32]–[36] based tensor completion

has an inherent limitation in its model design. Let look at

Fig.3, under the inner product, the entry value is ai • bj •

ck=
R
∑

r=1
airbjrckr. It is a linear combination of correlations

among the same dimension of latent features, i.e., air, bjr
and ckr , where air, bjr and ckr are the r-th dimension of

latent features of the origin i, destination j, and time slot

k. Using the inner product as the interaction function, tensor

completion based on the CP decomposition has the following

four drawbacks:

Fig. 3. Description of CP decomposition

(a) Inner product ai • bj • ck=
R
∑

r=1
airbjrckr can only

capture the linear correlations, but not the non-linearity in the

interaction.

(b) Inner product losses the information of correlations

across different feature dimensions. As shown in Fig.3,

inner product only considers the three-order correlations of

the same feature dimension, that is, ai1bj1ck1, ai2bj2ck2
and ai3bj3ck3, while other correlations among different

feature dimensions ai1bj1ck2, ai1bj1ck3, ai1bj2ck1, ai1bj2ck2,

ai1bj2ck3, ai1bj3ck1, ai1bj3ck2, ai1bj3ck3, ai2bj1ck1,

ai2bj1ck2, ai2bj1ck3, ai2bj2ck1, ai2bj2ck3, ai2bj3ck1,

ai2bj3ck2, ai2bj3ck3, ai3bj1ck1, ai3bj1ck2, ai3bj1ck3,

ai3bj2ck1, ai3bj2ck2, ai3bj2ck3, ai3bj3ck1, ai3bj3ck2 are lost.

Such information lost may impact the model accuracy and

thus the accuracy of the missing data recovery.

(c) Inner product cannot capture different impacts brought

by different feature dimensions. ai • bj • ck=
R∑

r=1

airbjrckr

represents each correlation among the same dimension of

latent features (air, bjr and ckr are the r-th dimension of

feature vector ai,bj , ck) equally. As introduced in Section

I, latent features may explicitly or implicitly represent the

network context information. Different feature dimensions (for

example, ai1, ai2, ai3 are three feature dimensions of the

origin i) have different importance level and impact on the

user’s network access behavior, thus resulting in different

performance data.

(d) Inner product can only capture the three-order feature

interaction. It cannot be sufficient to capture the complex

structure of real monitoring data, which may have high-order

correlations in the feature space.

Therefore, using inner product as the interaction function,

only very few correlations among the features of different

domains (origin, destination, time slot) are taken into account

in the tensor completion design, which leads to low recovery

performance.

IV. SOLUTION OVERVIEW

To address the limitations of existing solutions, we propose

a novel Neural Tensor Completion (NTC) method. It applies

multi-layer architecture to model the origin-destination-time

interaction xijk , with the output of one layer being the input

of the next layer, as shown in Fig.4. From the bottom up, we

introduce the main function modules in our NTC approach.

Fig. 4. Multi-layer architecture of NTC

At the bottom input layer, three indication vectors ei, ej ,

and ek describe the origin i, destination j, and time slot k,

respectively. The next embedding layer is a fully connected

layer that projects origin, destination, and time slot to a

feature vector. The obtained origin, destination, and time slot
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embeddings can be seen as the latent feature vectors in the

context of CP decomposition model, which form the input of

a 3D interaction map layer to model the three-order interaction

among origin, destination, and time slot domains with outer

product. It is more effective to capture the correlations among

feature dimensions compared with inner product.

To explicitly learn high-order signals, the feature extraction

layer employs 3D CNN on the 3D interaction map. Above the

feature extraction layer is the inferring layer for the monitoring

data, where a single perception layer with a Sigmoid function

is used to generate the final inferred monitoring data x̂ijk .

In the NTC framework, the neural network based tensor

completion problem can be formulated as the training process

to minimize the pointwise loss between the recovered data

entry x̂ijk and its measurement data value xijk .

min
A,B,C,ΘC

f
,ΘM

f

∑

i,j,k∈Ω
(xijk − f(eiA, ejB, ekC|ΘC

f
,ΘM

f
))

2

+ α ‖A‖+ β ‖B‖+ γ ‖C‖
(4)

where x̂ijk=f(eiA, ejB, ekC|ΘC
f ,Θ

M
f ) is the recovered

monitoring data of the entry (i, j, k). A ∈ R
I×R, B ∈ R

J×R,

and C ∈ R
K×R represent the latent feature matrices for

origins, destinations and time, respectively. ei, ej , and ek are

one-hot code vectors that indicate the origin i, destination j

and time k, respectively. ΘC
f and ΘM

f denote parameters of

the 3D CNN and the MLP. α, β and γ are the regularization

coefficients.

Similar to the CP-based tensor completion algorithm (in

Section III), NTC includes two steps to recover the missing

monitoring data:

(1) Training the latent feature matrices A, B, and C, and

the parameters ΘC
f and ΘM

f of the 3D CNN and the MLP by

using the partial measurements.

(2) The missing monitoring tensor entry xijk

can be recovered using the trained parameters with

x̂ijk=f(eiA, ejB, ekC|ΘC
f ,Θ

M
f ).

Specially, in the training phase, we optimize NTC with the

regression objective (in Eq.(4)) with minibatch Adam. In each

epoch, we first shuffle all observed measurement samples, and

then get a mini-batch in a sequential way.

V. DETAILED SOLUTION

This section presents the detailed solutions of the main

layers in Section IV.

A. Input and Embedding Layer

To solve the problem in Eq.(4), we first need to find a

way to represent an origin, a destination and a time slot with

a real-valued vector of latent features in a neural network.

Embedding-based model is a typical example of representation

learning [39], which aims to learn features from raw data for

prediction. Inspired by this, we design our neural input and

embedding layers to get the latent feature vectors of an origin,

a destination and a time slot, as shown in the Fig.4.

Given IDs of an origin i, a destination j, and a time slot k,

we can obtain their embeddings ai, bj , and ck via

ai = eiA, bj = ejB, ck = ekC (5)

where ei ∈ R
1×I , ej ∈ R

1×J , and ek ∈ R
1×K are one-hot

ID indication vectors, respectively. A ∈ R
I×R, B ∈ R

J×R,

and C ∈ R
K×R are the embedding matrices for origins,

destinations, and time slots, respectively.

Actually, the embedding size R is equivalent to the rank

R in CP decomposition. Embedding matrices A, B, C are

equivalent to the latent feature matrices A, B, C in the CP

decomposition. From the input layer to the embedding layer

is essentially the process of obtaining the initial three feature

matrices in the CP decomposition.

B. Interaction Map Layer

Definition 1. The outer product of two vectors a ◦ b is the

matrix defined by: (a ◦ b)ij = aibj .

Definition 2. The outer product of three vectors a ◦b ◦ c is

a rank one 3-way tensor defined by: (a ◦ b ◦ c)ijk = aibjck.

Above the embedding layer, we propose to use a 3D

interaction map to represent feature correlations. Specifically,

the interaction among origin i, destination j, and time slot k

is modeled by the outer product of their feature vectors

E=ai ◦ bj ◦ ck (6)

where E is a R×R×R 3D tensor with its (x, y, z)-th entry

is exyz = aixbjyckz .

This is the core design of our NTC framework to ensure

the effectiveness of NTC. The major advantages of using this

3D interaction map to represent feature interaction are:

(A) The outer product to generate the 3D interaction map is

more effective to capture the dimension correlations compared

with conventional inner product, as embedding dimensions are

independent from each other.

Fig. 5. An example of outer product with 3 dimensions

Given the embedding dimension being 3, Fig.5 compares the

outer product (ai ◦ bj ◦ ck) with inner product (ai • bj • ck).

The output of outer product is the 3D interaction map, while

the output of inner product is the uniform sum of diagonal

elements in our 3D interaction map. Therefore, 3D interaction

map facilitates our NTC with more feature signals than CP

by accounting for the correlations between among feature

dimensions.

(B) While the 3D interaction map itself only considers

three-order correlations, its 3D architecture can benefit the

modeling of high-order correlations, which can be regarded as

convolution in the depth direction. Therefore, a 3D interaction

map also allows the powerful 3D CNN to be applied to learn
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complex structure hidden in the monitoring data for more

accurate recovery of missing data. We will further demonstrate

this good properties in Section VI.

C. Feature Extraction Layer

1) Motivation of exploiting 3D CNN

To extract the hidden signals in the network monitoring

data, a straightforward solution is to use the MLP network.

Despite that MLP is theoretically guaranteed to have a strong

representation ability [40], its main drawback of having a large

number of parameters cannot be ignored.

We give an example to illustrate that MLP based solution

can not work well in our scenario. To apply MLP on the 3D

interaction map E ∈ R
R×R×R, we can flat E to a vector of

size R3, which results in R3 nodes in the input layer of MLP.

If we design MLP following the half-size tower structure,

there are 1
2R

6 = R3 × (12R
3) parameters between the first

input layer and the second layer, where R3 corresponds to

R3 nodes on the input layer and 1
2R

3 corresponds to 1
2R

3

nodes on the second layer. Given R = 32, the first two layers

has 536870912 (i.e., 323 × (1232
3)) parameters. Such a large

number of parameters make MLP prohibitive to be used in

NTC because of following two reasons: 1) It requires powerful

machines with large memories to store the model; and 2) It

needs a large number of training data to learn the model well.

To address the drawback of MLP, we propose to employ 3D

CNN above the 3D interaction map to extract hidden signals.

As 3D CNN stacks layers in a locally connected and parameter

sharing manner, it utilizes much fewer parameters than MLP,

which allows us to build deeper 3D CNN model compared

to MLP. Deeper 3D CNN model can bring good benefits

of learning the higher-order correlations among embedding

dimensions, which further brings the significant gain to the

missing data recovery. We will show the benefit in Section

VI.

2) The design of feature extraction based on 3D CNN

In our 3D CNN design, there are L convolutional layers

followed by one full connected layer. The input tensor to

3D CNN is the 3D interaction map E ∈ R
R×R×R. In every

convolutional layer, there exist T convolutional kernels (or

filters). In each layer, we first perform 3D convolution between

a kernel and the input tensor, after which we add a bias and

perform a nonlinear transformation by using ReLU [41] as the

activation function to obtain a new output tensor.

The architecture of 3D CNN is designed to extract features

from 3D interaction map. This is achieved through 3D convo-

lution operations between convolutional kernels and the input

tensor of each layer. As one convolutional kernel can only

extract one type of features from the input tensor, to extract

more types of features, our 3D CNN adopts T convolutional

kernels with T > 1. As a result, there are T feature maps in

each convolutional layer, where each map stores the feature

data extracted by one convolutional kernel. In the experiment,

we will show that how T impacts the performance and will

set the parameter according to the experiment.

In every convolutional layer, the input tensor of layer l

can be represented as a tensor E l−1. When l = 1, its input

tensor is the 3D interaction map, we have E0 = E . We use

Gl
i ∈ R

lR×lR×lR to denote the i-th convolutional kernel in l-th

convolutional layer. After the convolution operation, the i-th

feature map on the l-th convolutional layer extracted by the

convolutional kernel can be expressed as

Sl
i = ReLU(Gl

i ⊗ E l−1 + bl) (7)

where Sl
i denotes the i-th feature map in the l-th convolutional

layer, ⊗ is the convolution operator, and bl is the bias. In

Eq.(7), the entry(x, y, z) in i-th feature map of layer l is given

by






























elixyz=ReLU(bli +

lR−1
∑

p=0

lR−1
∑

q=0

lR−1
∑

r=0

glipqre
0
(x+p)(y+q)(z+r)), l=1

elixyz=ReLU(bli+

T−1
∑

m=0

lR−1
∑

p=0

lR−1
∑

q=0

lR−1
∑

r=0

glimpqr e
(l−1)m
(x+p)(y+q)(z+r)

), l>1

(8)

where e0xyz denotes the entry (x, y, z) of the 3D interaction

map E , bli denotes the bias term for the i-th feature map

on the layer l, lR is the size of the kernel along the origin,

destination and time direction. glipqr and glimpqr are (p, q, r)-th
entry of the i-th kernel on the layer l. When l = 1, the input

of the convolutional layer l is the 3D interaction map. There-

fore, its basic convolution operation is glipqre
0
(x+p)(y+q)(z+r)

where e0(x+p)(y+q)(z+r) is the entry (x + p, y + q, z + r) in

the 3D interaction map. When l > 1, as multiple feature

maps are all involved in convolution operations to calculate

the next layer, the basic convolution operation is denoted

by glimpqr e
(l−1)m
(x+p)(y+q)(z+r), where e

(l−1)m
(x+p)(y+q)(z+r) denotes the

entry (x + p, y + q, z + r) in the m-th feature map of layer

l-1.

For each of the convolutional layers of the CNN, its input

is the output of the preceding layer. So the input tensor E l of

layer l+1 is shown by

E l =
[

Sl
1S

l
2 · · · S

l
T

]

(9)

where Sl
i(1 ≤ i ≤ T ) is i-th feature map in layer l.

Fig. 6. An example of the architecture of our NTC framework

In Fig.6, the feature dimension R = 16. The size of the

input 3D interaction map is 16 × 16 × 16. The model has

L = 4 convolutional layers and T = 32 convolutional kernels.

Because each convolutional kernel corresponds to a feature

map, therefore each convolutional layer has 32 feature maps.

In this example, NTC model is designed following half-size

tower structure with the size of each convolutional kernel being

2×2×2. As a result, given the input 3D interaction map being
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16× 16× 16, the size of each feature map obtained in the 1st

convolutional layer is 8× 8× 8.

Note that convolutional kernel can be seen as the “locally

connected parameter tensor” for a layer, since it is shared

in generating all entries of the feature maps of the next

layer. This significantly reduces the number of parameters of

a convolutional layer compared to that of a fully connected

layer. Specifically, in contrast to the 1-layer MLP that has

over 8 millions parameters (i.e., 163 × (1216
3)), the above 4-

layer CNN has only about 1 thousand parameters, which are

several magnitudes smaller. This makes our NTC more stable

and generalizable than MLP.

D. Inferring Layer

The last layer of our NTC framework is the inferring layer,

which accepts the output of the preceding feature extraction

layer i.e., s, to generate the final inferring data x̂ijk . In this

layer, we feed s into a single layer perception and use Sigmoid

function σ(·) to compute x̂ijk as follows

x̂ijk=σ(wT
outs+ b) (10)

where w
T
out ∈ R

R is the weight vector, s ∈ R
R is the flat

vector of output of 3D CNN, and b is a bias.

VI. ANALYSIS

From the low convolutional layer to high convolutional

layer, 3D CNN extracts signals in the monitoring data from

the local range to the global range in a hierarchical way. The

depth (i.e., L) of convolutional layers affects the accuracy

of neural network training. Generally, the more convolutional

layers there are, the stronger their expression ability will be.

In this section, we first give some intuitions on how high-

order correlations can be captured by NTC with multiple

convolutional layers, then demonstrate that current tensor

completion can be interpreted as a specialization of NTC

without 3D CNN.

A. NTC’s Ability to Capture High-order Correlations

Theorem 1. Following half-size tower structure, the convo-

lutional kernel size is 2 × 2 × 2 in our NTC model. The l-

th convolutional layer can capture the Kl-order feature of

embedding dimensions where
Kl = 3(l + 1) (11)

Due to limited space, the proof is abbreviated. Theorem 1

demonstrates the NTC’s strong expression ability of capturing

high-order correlations among feature dimensions.

B. Current Tensor Completion is A Specialization of NTC

Fig. 7. Current tensor completion is a specialization of NTC

CP is the most popular tensor factorization model for

tensor completion and has been investigated extensively in the

literature. In Fig.7, we show how CP decomposition can be

interpreted as a special case of our NTC framework. CP adopts

the inner product as the interaction function. The inner product

of ai, bj and ck is the elements on the main diagonal of the 3D

interaction map obtained by the outer product of ai, bj and ck,

which is also demonstrated in Fig.5. To represent a standard

CP in NTC, the following operations can be performed:

(A) Directly connecting the 3D interaction map layer with

the inferring layer in our NTC by deleting the 3D CNN based

feature extraction layer.

(B) Flatting the diagonal 3D interaction map to form the

vector of the inferring layer, then projecting the vector on the

inferring layer:
x̂ijk = aout(h

T
v) (12)

where v denotes the vector flatted. aout and h denote the

activation function and edge weights of the inferring layer,

respectively. Intuitively, if we use an identity function for aout
and h enforce to be a uniform vector of 1, the modified NTC

is tensor completion model based on CP decomposition.

VII. PERFORMANCE EVALUATIONS

We conduct extensive experiments to answer the following

questions: RQ1 How do the key hyperparameters (i.e., the

dimensions of the latent feature space (R), the number of

convolutional kernels (T ), and the number of convolutional

layers (L)) affect NTC’s performance? RQ2 Are the proposed

3D CNN based feature extraction helpful in learning signal in

the monitoring data and improving the missing data recovery

performance? RQ3 Can our NTC outperform the state of the

art CP based tensor completion methods?

A. Simulation Setup

Data Descriptions. To evaluate the performance of our

proposed NTC model, we use the real network monitoring

traces from two sources: the U. S. Internet2 Network (Abilene

[42]) and the real Web service QoS dataset (WS-DREAM

[43]). The Abilene network consists of 12 nodes thus 144 OD

pairs. It collects monitoring data every 5 minutes in 168 days.

WS-DREAM records the traffic volume between 142 users

and 4,500 Web services over 64 consecutive time slices, at

an interval of 15 minutes. We denote the raw trace data as

X ∈ R
I×J×K . Given xijk , for more efficient data process,

we adopt ERFIINV transformation to convert data to gaussian

data in Eq.(13), where erfinv(x) returns the inverse error

function calculated for each element of x, µ and σ represent

the mean and the variance, respectively. In our experiments,

we set µ = 0, and σ = 1.

xijk = µ+
√
2σerfinv(2xijk − 1) (13)

Metrics. In Table I, four metrics are utilized to evaluate

NTC. xijk and x̂ijk denote the raw data and the recovered

data at (i, j, k)-th element of the monitoring data tensor X ,

where 1 ≤ i ≤ I , 1 ≤ j ≤ J , and 1 ≤ k ≤ K . Ω denotes

the sampled entries, Ω̄ denotes the unsampled entries (also

called testing entries), and Ω+Ω̄ denotes the total data entries.

m denotes the number of total data entries, m =
∣

∣Ω+Ω̄
∣

∣.
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Only sampled entries are counted in SER, unsampled entries

are counted in TER, the total data entries are counted in the

MAE and RMSE. MAE is an average of the absolute errors

after the interpolation, RMSE is the standard deviation of the

differences between recovered values and raw values.

TABLE I
PERFORMANCE METRIC

Sampling Error Ratio (SER)

√

∑

i,j,k∈Ω
(xijk−x̂ijk)2

√

∑

i,j,k∈Ω
x2

ijk

Testing Error Ratio (TER)

√

∑

i,j,k∈Ω̄
(xijk−x̂ijk)2

√

∑

i,j,k∈Ω̄
x2

ijk

Mean Absolute Error (MAE) 1
m
(
∑

i,j,k∈(Ω+Ω̄)

∣

∣xijk − x̂ijk

∣

∣)

Root Mean Square Error (RMSE)

√

1
m

∑

i,j,k∈(Ω+Ω̄) (xijk − x̂ijk)
2

Baselines. To justify the effectiveness of our proposed NTC,

we implement 5 tensor completion algorithms. The first three

(CPals [44], CPopt [45], CPnmu [46]) complete the tensor

based on the CP decomposition model. The last two (denoted

as NoCNN and NoOUT) are the special cases of our NTC.

NoCNN is a standard CP tensor completion model described

in SectionVI-B. NoOUT follows all algorithms in our NTC

with a modified 3D interaction map. Only the diagonals in

the map are kept, while all other entries are zeros. In all the

experiments, we set the default sample ratio to be 1%.

B. Model Analysis and Discussion

Impact of the Dimensions of the Latent Feature Space

(R). R represents how many hidden features are captured.

It directly impacts the size of the 3D interaction map. In

Fig.8, our NTC outperforms all other baselines on all different

R, which demonstrates that whatever R is, our proposed 3D

interaction map and 3D CNN based feature extraction are

very helpful in extracting signals for missing data recovery.

A larger R does not necessarily lead to better model. With

the increase of R thus the number of features, initially, the

recovery performance improves with the decrease of SER,

TER, MAE, and RMSE. After R reaches a certain point

(R = 16 for Abilene and R = 32 for WS-DREAM), the

increase of R degrades the recovery performance. Overfitting

could be a possible reason. According to the results, we set

R = 16 for Abilene and R = 32 for WS-DREAM in the rest

of experiments.

(a)Abilene (b)WS-DREAM

S
E
R

T
E
R

M
A
E

R
M
S
E

S
E
R

T
E
R

M
A
E

R
M
S
E

Fig. 8. Impact of the dimensions of the latent feature space (R)

(a)Abilene (b)WS-DREAM

S
E
R

T
E
R

M
A
E

R
M
S
E

S
E
R

T
E
R

M
A
E

R
M
S
E

Fig. 9. Impact of number of features maps (T )

Fig. 10. Impact of number of CNN layers (L)

Fig. 11. Impact of CNN model

Impact of Number of Convolutional Kernels (T ). It is an

important parameter in 3D CNN. Among six tensor completion

algorithms implemented, only NTC and NoOUT (a special

case of NTC) exploit CNN to extract signals, and are shown

in Fig.9. One convolutional kernel can only extract one type

of features. With the increase of T , initially, the recovery

performance of NTC and NoOUT improves, as extracting

more types of features is more helpful for missing data

recovery. When T reaches a certain point (T = 32 for Abilene

and T = 64 for WS-DREAM), further increasing T degrades

the recovery performance, because redundant features would

bring negative impact for missing data recovery. According

to the results, we set T = 32 for Abilene and T = 64 for

WS-DREAM. Moreover, NTC always outperforms NoOUT

under different T . This is because the 3D map used in NoOUT

losses the information of correlations among different feature

dimensions, while the 3D map of NTC calculated from the

outer product can effectively capture such information.

Impact of Number of Convolutional Layers (L). In

3D CNN, the number of convolutional layers (L) directly

affects the learning ability of 3D CNN and further affects the

performance of the whole model and data recovery accuracy.
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TABLE II
RECOVERY PERFORMANCE ON ABILENE AND WS-DREAM DATASETS

Model
Testing Error Ratio (TER) on Abilene Mean Absolute Error (MAE) on Abilene

1% 3% 5% 7% 9% 11% 1% 3% 5% 7% 9% 11%

CPals 0.9943 0.9814 0.9691 0.9564 0.9438 0.9375 0.5596 0.5514 0.5433 0.5351 0.5270 0.5229
CPnmu 0.9961 0.9810 0.9675 0.9532 0.9386 0.9304 0.5609 0.5515 0.5432 0.5342 0.5252 0.5199
CPopt 0.9945 0.9815 0.9689 0.9565 0.9444 0.9384 0.5597 0.5514 0.5431 0.5350 0.5272 0.5232
NoCNN 1.9986 1.1260 0.1153 0.0796 0.0626 0.0533 0.8985 0.5101 0.0345 0.0255 0.0229 0.0227
NoOUT 0.0555 0.0424 0.0394 0.0386 0.0358 0.0346 0.0266 0.0211 0.0194 0.0193 0.0182 0.0175
NTC 0.0485 0.0361 0.0317 0.0299 0.0287 0.0281 0.0213 0.0154 0.0136 0.0124 0.0121 0.0118

Improve 21times 27times 31times 32times 33times 33times 26times 36times 40times 43times 43times 44times

Model
Testing Error Ratio (TER) on WS-DREAM Mean Absolute Error (MAE) on WS-DREAM

1% 3% 5% 7% 9% 11% 1% 3% 5% 7% 9% 11%

CPals 0.9916 0.9732 0.9549 0.9362 0.9180 0.9086 0.5289 0.5188 0.5088 0.4985 0.4885 0.4834
CPnmu 0.9922 0.9730 0.9536 0.9343 0.9149 0.9055 0.5294 0.5189 0.5084 0.4979 0.4874 0.4822
CPopt 0.9916 0.9731 0.9551 0.9365 0.9183 0.9099 0.5290 0.5187 0.5088 0.4985 0.4884 0.4837
NoCNN 2.8502 0.9560 0.7276 0.6087 0.4071 0.2522 1.2011 0.8565 0.4432 0.3357 0.2345 0.2132
NoOUT 0.1564 0.1446 0.1408 0.1131 0.1130 0.1098 0.0698 0.0613 0.0587 0.0448 0.0437 0.0387
NTC 0.1252 0.1179 0.1102 0.1090 0.1073 0.1051 0.0565 0.0456 0.0427 0.0410 0.0386 0.0334

Improve 8times 8times 9times 9times 9times 9times 9times 11times 12times 12times 13times 14times

As expected, in Fig.10, with the increase of L, more learning

ability of 3D CNN and better recovery performance can

achieve under both NTC and NoOUT.

The 3D CNN in NTC is designed following the half-size

tower structure. That is, the size of every convolutional layer

is half the size of the previous layer. Therefore, the maximum

number of CNN layers depends on the size of the interaction

map, which further depends on the feature dimension R. As

we set R = 16 for Abilene and R = 32 for WS-DREAM, the

maximum numbers of convolutional layers for these two data

sets are 4 (Abilene) and 5 (WS-DREAM), respectively.

Impact of CNN Model. Besides 3D CNN, we also imple-

ment 2D CNN to extract the features for missing data recovery.

In Fig.11, as expected, the recovery performance under 3D

CNN is much better than that under 2D CNN. The convolution

in the depth direction of 3D CNN explicitly models high-order

feature correlations while 2D CNN cannot achieve this in such

an explicit manner.

C. Performance Comparison

Table II reports the experimental results of 6 tensor com-

pletion algorithms. Due to the limited space, Table II only

lists the results of two metrics TER and MAE. As expected,

with the increase of sampling ratio thus measurement sam-

ples, the recovery performance under all tensor completion

algorithms increase with the reduction of TER and MAE.

Under all sampling ratios, our NTC achieves the best recovery

performance with the smallest TER and MAE. Even when

the sampling ratio is 1%, a very low sampling ratio, TER

under our NTC is around 0.05 (Abilene) and 0.13 (WS-

DREAM), while TER under the best conventional CP-based

tensor completion is 0.99 (Abilene) and 0.99 (WS-DREAM),

which is 21 times and 8 times larger than our NTC. These

results demonstrate that NTC is very effective in extracting

complex hidden correlations in the monitoring data to achieve

significantly better recovery performance.

VIII. CONCLUSION

In this paper, we propose a novel Neural Tensor Completion

model (NTC) which enhances current tensor completion by ex-

tracting high-order and non-linear feature correlations among

different feature dimensions through neural networks. In NTC,

we propose a 3D interaction map to explicitly represent

complex feature correlations among origin, destination, and

time slot. To extract the hidden features for more accurate

missing data recovery, we propose a novel framework to

employ 3D CNN on the top of the 3D interaction map. We

have demonstrated that our design can leverage 3D CNN

to learn high-order correlations among feature dimensions.

Through extensive experiments on two real world network

monitoring datasets, we demonstrate that our NTC can achieve

significantly better recovery accuracy even when the sampling

ratio is very low.
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