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Abstract—In distributed IoT data systems, full-size data collec-
tion is impractical due to the energy constraints and large sys-
tem scales. Our previous work has investigated the advantages
of integrating matrix sampling and inference for compact dis-
tributed IoT data collection, to minimize the data collection cost
while guaranteeing the data benefits. This paper further advances
the technology by boosting fast and accurate inference for those
distributed IoT data systems that are sensitive to computation
time, training stability, and inference accuracy. Particularly, we
propose CODET, i.e., Compact Distributed IOT Data CollEction
Plus, which features a cluster-based sampling module and a Convo-
lutional Neural Network (CNN)-Transformer Autoencoders-based
inference module, to reduce cost and guarantee the data benefits.
The sampling component employs a cluster-based matrix sampling
approach, in which data clustering is first conducted and then a
two-step sampling is performed in accordance with the number of
clusters and clustering errors. The inference component integrates
a CNN-Transformer Autoencoders-based matrix inference model
to estimate the full-size spatio-temporal data matrix, which consists
of a CNN-Transformer encoder that extracts the underlying fea-
tures from the sampled data matrix and a lightweight decoder that
maps the learned latent features back to the original full-size data
matrix. We implement CODE under three operational large-scale
IoT systems and one synthetic Gaussian distribution dataset, and
extensive experiments are provided to demonstrate its efficiency
and robustness. With a 20% sampling ratio, CODE* achieves an
average data reconstruction accuracy of 94% across four datasets,
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outperforming our previous version of 87% and state-of-the-art
baseline of 71%.
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sampling.

I. INTRODUCTION

S ONE of the most important impetuses to push for-
A ward the construction of smart city, large-scale distributed
Internet of Things (IoT) systems have been widely deployed
permeating the fields of environment monitoring, transportation,
communication, and more [2], [3], [4]. Over time, the distributed
IoT systems can collect extensive data in terms of system op-
eration, user profiles, targeted status, etc., based on which a lot
of intelligent services to government, business, and users, can
be provisioned by leveraging the advanced technologies of Big
Data and deep learning [5], [6], [7], [8]. However, collecting and
storing the large-scale IoT data is costly and usually prohibited
when considering the system efficiency and robustness. On the
one hand, as the system scale increases, the data size grows
explosively, posing significant communication and storage over-
head for data collection. On the other hand, the distributed
IoT sensors are usually power- and communication-restrained,
being prohibited to support full-size data collection in the long
run [9]. Besides, the IoT data may have underlying spatio-
temporal correlations, and the full-size data collection can result
in information redundancy, restraining the system efficiency.
Therefore, how to reduce the data collection cost without losing
data benefits has become an urgent yet challenging problem for
ubiquitous distributed IoT systems.

To deal with the issue, sparse sensing can be leveraged to
reduce the data collection cost, via which the system can infer the
missing data based on partial sampled data [10]. As only partial
data are collected, the communication and storage cost can be
largely reduced. However, for most IoT applications, such as
trajectory prediction [11], anomaly detection [5], and evolution
analysis [12], they are highly dependent on the full-size data, and
thus the accuracy of data completion/inference/reconstruction
becomes crucial for the system. Therefore, in recent years, the
technologies of compressive sensing (CS) [13], [14], matrix
completion (MC) [15], and tensor completion (TC) [16], have
received extensive attention, which can be applied to infer the
missing data from the low-rank feature data. However, the
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existing sparse sensing technologies mainly focus on designing
efficient algorithms to infer the missing data, often assuming that
the incomplete data already exists or using the random/uniform
sampling approach. These methods cannot work well in gen-
eral since the sampling process can affect the inference per-
formance significantly. Particularly, random/uniform sampling
approaches can perform well for Gaussian distribution data since
each data matrix location carries the same amount of informa-
tion. Unfortunately, they can lose efficiency rapidly when there
are information differences among data matrix locations for non-
Gaussian distribution data, which has been verified by our pilot
experiments. On the other hand, the conventional sparse sensing
technologies mainly rely on the data linearity correlations to
infer the missing data, which restrains the inference performance
without capturing the non-linearity features for complicated IoT
data structures.

To bridge this gap, we study the deeply coupled problems of
matrix! sampling and inference, to enable compact distributed
IoT data collection without losing the data benefits, which
is challenging for the following reasons. First, given a target
matrix, how much data should be sampled is unknown ahead
for the system. On the one hand, our goal is to sample as
little data as possible to save the data collection cost. On the
other hand, without sufficient sampling ratio, regardless of the
sampling strategy employed, the required data features that
reflect the overall data picture cannot be guaranteed, leading
to the matrix recovering failures. Second, given the amount of
samples, how to determine their locations within the matrix is
another challenge since the sampling quality can affect the data
inference performance directly, especially for the non-Gaussian
distribution data. Third, with the sampled incomplete matrix,
how to design the matrix inference model that can capture both
the linearity and non-linearity correlations becomes crucial.

To tackle the above challenges, in our previous work, we have
demonstrated the superiority of integrating the matrix sampling
and inference for compact distributed IoT data collection. In
this paper, we further optimize the technology by boosting fast
and accurate inference for those distributed IoT data systems
that are sensitive to computation time, training stability and
inference accuracy. Particularly, we first conduct an empirical
study on typical distributed IoT data systems by disclosing
their low-rank features, based on which the matrix completion
theory can be leveraged to determine the minimum amount of
samples. In accordance with the samples amount constraint, we
then propose a systematical framework, named CODE™, i.e.,
Compact Distributed IOT Data CollEction Plus, which consists
of two major components, i.e., matrix sampling and matrix
inference, to determine sampling locations and conduct ma-
trix inference, respectively. In the matrix sampling component,
given the amount of samples |{2| to be collected, we devise
a cluster-based sampling approach. Particularly, for training
matrix samples, the sensing data of each row (in spatial domain)
are first clustered based on data values, resulting in a total of

'For distributed ToT systems, the data is usually managed in matrix format
with temporal and spatial domains.
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K clusters. Then a two-step scheduling process is performed
to determine the respective K and |Q2| — K locations according
to the number of clusters and clustering errors. In the matrix
inference component, we devise a Convolutional Neural Net-
work (CNN)-Transformer Autoencoder to output the estimated
matrix by learning the spatio-temporal correlations of data.
Specifically, a CNN-Transformer encoder is designed to extract
the underlying features of the sampled matrix, and a lightweight
decoder is included to map learned latent features back to
original full-size data matrix. These two neural networks are
trained simultaneously to minimize data inference loss, which
can be used to conduct matrix inference. The merits of CODE™
are two-folds: 1) the cluster-based sampling approach can keep
pace with the underlying data distribution by sampling data with
greater diversity, increased information content, and higher data
benefit; 2) the CNN-Transformer Autoencoders-based model
can unleash the full potential of spatio-temporal correlations
among data for matrix inference, collectively contributing to a
superior performance.

The main contributions are summarized as follows.

® We study the deeply coupled matrix sampling and inference
problem, both of them are valuable to data collection per-
formance in large-scale distributed IoT data systems. Our
investigation can effectively address the one-dimensional
control and potential approach defect issues in existing
works.

® We conduct an empirical study on typical IoT system
datasets, and disclose insightful observations, such as long-
tailed distributions and low-rank features, which direct
our solutions to address the considered data collection
problem.

e To address the challenges, we propose a fast and accu-
rate compact data collection framework, CODE™, which
includes two key technical components: 1) cluster-based
matrix sampling to identify high-information-content sam-
pling locations, and 2) CNN-Transformer Autoencoders-
based matrix inference for rapid and precise data recon-
struction.

e Extensive experiments have been conducted to demon-
strate the effectiveness and efficiency of our proposed
CODE™ framework. Using three operational large-scale
distributed IoT systems and one synthetic Gaussian dis-
tribution dataset, we compare CODE™ with four peer
baselines. The experimental results indicate that CODE™
outperforms state-of-the-art baselines in terms of data
inference accuracy, data distribution fidelity, and opera-
tional efficiency. Furthermore, CODE™ can maintain su-
perior performance across different distributed IoT data
systems.

The remainder of this paper is organized as follows. The
system description and problem definition are given in Section II.
We conduct an empirical data analytics in Section III, and
elaborate on the design of CODE™ in Section IV. Extensive
experiments are conducted in Section V, and the related work
is reviewed in Section VI. Finally, we conclude the paper in
Section VIL
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Fig. 1. Typical large-scale IoT data systems.

II. SYSTEM DESCRIPTION AND PROBLEM DEFINITION

In this section, we first describe the large-scale distributed IoT
data systems, and then define the data collection problem. Fi-
nally, we highlight technical challenges that have to be carefully
addressed when tackling the defined problem.

A. Large-Scale Distributed loT Data Systems

In the Big Data era, extensive physical entities are managed by
information systems, where large-scale distributed IoT sensors
are deployed to collect entity information, monitor the system
environment, and act as server providers for nearby users [4],
[17], [18]. Examples include transportation ETC (Electronic Toll
Collection) systems, air quality sensor networks, cellular com-
munication networks, [oT monitoring systems, etc. By collect-
ing the system data, extensive intelligent services can be enabled
based on advanced techniques of Big Data and deep learning.
This also enables the government to achieve precise governance
capability with system overview, the service providers to deliver
cost-efficient services with efficient resource utilization, and the
users to enjoy high-quality services with personalization [19],
[20], [21]. Fig. 1 shows two typical large-scale distributed IoT
data systems, i.e., provincial highway ETC system and national
air quality sensor networks, which are two fundamental building
blocks for a smart city.? Particularly, Fig. 1(a) shows a provincial
highway ETC system, in which there are 465 toll stations across
6,800 km highway roads covering 90 districts in the province.
Normally, the daily transition traffic in the system can reach
1.6 millions, and the moving states of these vehicles have to be
collected by the system. Fig. 1(b) shows a national air quality
sensor network, which is used to monitor the air quality around
the whole country. There are about 1, 518 sensors located in 375
cities. Each sensor needs to report the air quality value to the
sink node on an hourly basis. Considering the system scales and
energy constraints of sensors, full-size data collection becomes
the significant bottleneck for efficiency and robustness [22],
[23].

Note that, the considered problem and proposed solutions in this paper can
be readily applied in general large-scale distributed IoT data systems, where the
exemplary scenarios are used to carry out specific verification.

IEEE TRANSACTIONS ON PARALLEL AND DISTRIBUTED SYSTEMS, VOL. 35, NO. 11, NOVEMBER 2024

B. Problem Definition

We consider a general data collection system, where each
sensor has to collect the sensing data and deliver the data to
one sink every time slot. Suppose there are a set of n sensors,
{s1,82,...,8n}, and m time slots, {¢1, 1o, ..., ¢, }, where the
length of each time slot can be set in accordance with the system
management/granularity requirements. Then, the collected data
can be represented by an n X m matrix X € R™*™ and each
entry x;; indicates the monitoring data from the sensor 7 at the
time slot j. For instance, in the above mentioned highway ETC
system, the row indicates different toll stations and the column
indicates different time slots, where each entry in the matrix is
a recorded number of traffic flow passing through the station
within the time slot. For n sensors in the distributed IoT data
system, instead of making each sensor periodically collect and
report data to the sink, only a subset of sensors are scheduled to
perform the sensing data collection in each time slot.

It is worth noting that the spatio-temporal data usually has
similarity among neighboring locations and periodicity among
time slots, which has been verified by our pilot experiments.
Therefore, we can sample partial data in a systematic way to
reduce the data collection cost, and infer other empty data
based on them to recover the full data picture. If there is no
measurement data for a location at a time slot, the corresponding
entry in X is set to be empty. All observed entries are denoted
by Q = {i,j | z;; is known}, which forms an incomplete data
sample matrix Xg. If the set {2 contains enough data utility, we
can use the incomplete data sample matrix X to reconstruct
the complete data matrix X. The primary challenge addressed
in this paper is minimizing data collection costs while preserving
data utility, which is a coupled matrix sampling and inference
problem. This involves two key questions: 1) How should we
calculate the cost of sampling data points? 2) How can we reflect
and guarantee the utility of the data? For the first question,
we simplify the cost calculation by assuming that the cost of
sampling each data point is uniform. Thus, the total cost is
directly proportional to the number of sampled data points.
For the second question, we quantify data utility by the recon-
struction error of the unsampled data, which depends on quality
of sampled data and quantity of sampled data. To ensure high
data utility while minimizing costs, the focus is on improving
the quality of the sampled data. Based on these considerations,
we define the problem as a cost minimization problem with a
constraint on acceptable reconstruction error:

min ¢|?|
{2}

subjecttoélZ‘(X—X)*X <4, ()
Q

where c represents the cost of sampling each data point, and €2,
€, |92}, and |Q| denote the sets of sampled and unsampled data
points, and the number of sampled and unsampled data points,
respectively. The term ﬁ 36 (X — X) % X| calculates the
mean absolute percentage error (MAPE), indicating the relative
error between the reconstructed matrix X and the true matrix
X for unsampled data. Here, x denotes element-wise division
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Fig. 2. Long-tailed distribution of observed values.

of the matrices, and 6 is the maximum acceptable relative error
for the system.

C. Problem Challenges

1) Determining the Amount of Sampling Data: To reduce the
sampling cost, the first issue is to consider how much data
are sufficient to recover the required data picture, that is,
how to determine the minimum amount of data (i.e., |2|)
to be sampled. Based on ||, the system should be able to
infer the missing data with an acceptable inference error.

2) Determining the Locations of Sampling Data: The amount
of samples determines whether the unsampled data can
be accurately reconstructed, while the sampling locations
(i.e., 2) determine the quality of sampled data, which can
also affect the inference accuracy significantly.

3) Reconstructing the Unsampled Data: Sampling can re-
duce the data collection cost, but almost all data-based
services rely on the entire data (i.e., X ). Therefore, how
to design the inference model to recover the full-size data
is another pivotal building block.

III. EMPIRICAL STUDY ON IOT SYSTEM DATA
A. Long-Tailed Distribution of Observed Values

In actual distributed IoT data systems, the distributions of data
often differ from ideal assumptions. We reveal this phenomenon
by analyzing the data of two typical distributed IoT data systems.
In the highway ETC system, each station will record the number
of transition vehicles within each time slot. We first investigate
the distribution of traffic value, where the time slot is set to
be one hour and we adopt the one-year data dating from Jan.
Ist, 2019 to Dec. 31th, 2019. Fig. 2(a) shows the cumulative
distribution function (CDF) of station traffic, and we can achieve
the following two major observations. First, the traffic value can
vary widely, e.g., being as small as 0 and as large as 2,000,
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which can enlarge the information space and pose challenges to
data sampling and inference. Second, the observed traffic values
follows a clear long-tailed distribution. Particularly, 80 and 90
percents of traffic values are limited within about 110 and 200,
respectively, while the remaining 10% of the traffic values can
span up to 2,000. Fig. 2(b) shows the proportion of station traffic,
which cross-verifies the long-tailed phenomenon. For instance,
when the traffic value is larger than 180, the proportion becomes
quite small, composing the long tails. In addition, we can observe
that the proportions of traffic values are uneven, which generally
decreases with the traffic value.

The same phenomenon appears in air quality monitoring
data. For the air quality sensor network, each sensor needs to
report data every hour. The data contains the concentration of
many different pollutants (e.g., PM2.5, PM10, SO, and NOy),
together with some meteorological logs (e.g., rainfall, wind
speed, and temperature) collected within the country. Among
them, the primary pollutant of air quality is PM2.5, and thus
we employ its values as the target data. Particularly, we adopt
nearly one-year data dating from Jan. 11th to Dec. 11th, 2021
to observe the overall distribution of the sensor data. As shown
in Fig. 2(c) and (d), the national air quality sensor data also
follows a widely distributed and long-tailed pattern. Both pilot
experiments reveal that in real distributed IoT data systems,
the data distribution typically deviates from a perfect Gaussian
distribution. Therefore, when sampling the same amount of data,
the traditional random/uniform approaches cannot well capture
the data diversity information.

B. Low-Rank Feature

In this subsection, we examine the low-rank features of the
previous two typical IoT datasets. The low-rank feature is the
prerequisite to adopt the sparse sampling approach, as without it,
the unsampled data cannot be accurately recovered. Particularly,
we apply the singular value decomposition (SVD) approach to
strictly examine whether the data matrix has a low-rank struc-
ture. Particularly, the traffic matrix X, «,,, can be decomposed
as

X =UuxvT, )
U1 Uln V11 Uim

where U = ,V=1" : . |are
Un1 Unn Um1 Umm

the n x n and m X m unitary matrix, respectively. In addi-
tion, X is an n X m diagonal matrix with the diagonal el-
ements (i.e., the singular values) in descending order, i.e.,
¥ = diag(oy,09,...,0.,0,...,0). Denote by r the rank of
matrix X, which is equivalent to the number of its non-zero
singular values. A matrix is low-rank if it holds that r <
min{n, m}. Note that, the above calculation is defined for
precise rank, which can be ill-posed for practical data when
there exists arbitrary and small perturbations of matrix ele-
ments, containing limited data features but affecting the rank
calculation significantly. Therefore, instead of calculating the
precise rank, we adopt the approximate rank, which is used in
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Fig. 3. Low-rank feature of distributed IoT system data.

the literature [24]. Particularly, the matrix X is claimed to have
w-rank k if

inf{||X —=Y|:Y has rank £k} <w. 3)

where || - || represents norm operation used to calculate the
distance between X and Y (Y is any matrix with rank k), inf
represents the operation of calculating the lower bound, and w
is the upper bound.

The problem of finding an approximate rank %k can be formu-
lated in a definite manner, i.e., finding one matrix X, withrank &,
such that there is no other matrix of rank £ whose distance from
X is less than the distance from X}, to X. A theorem provided
by Eckart and Young [25] proves that the error of approximating
a matrix X by X}, satisfies || X — X ||% < || X — Y%, where
Y is any matrix with rank &, and X}, is the truncated SVD
of the matrix X with the w-rank %, i.e., X}, = Zf:l ouvl,
where u; and v; are column vectors of U and V, respectively.
The ratio g(k) = Zle 02/ >""_, o2 represents the fraction of
total variance (Frobenius norm) in X that is explained by its
approximated matrix with w-rank k£, i.e., X. According to the
Principal Components Analysis (PCA), if a matrix has low-rank,
its top k singular values should occupy the nearly total variance,
ie, Y% 02~ Y7 02 Fig. 3(a) shows the fraction of total
variance captured by the top k singular values for traffic data,
where we adopt the one year data, i.e., n = 465 and m = 8760.
Fig. 3(b) also shows the fraction of total variance captured by
the top k singular values for air quality monitoring data, where
n = 1518 and m = 8040. We can observe that large fractions
of total variance can be covered by a few top singular values.
Particularly, the respective top 45 and 83 singular values can
capture 99% of total variance for the traffic and sensor datasets,
indicating that the data matrix usually has an approximate low-
rank structure in practice.

According to the matrix completion theory [26], for most
matrix X € R™™ with low rank r, if a subset of its entries
Xij, (i,7) € Qis known ahead, it can be perfectly recovered by
solving the following convex optimization problem,

min || X]).

{Q}

subject to X;; = X;;, (i,§) € Q, )
where || X||, is the nuclear norm of the matrix X. It is the sum
of its singular values, i.e., | X |, = S &, where 6; > 0
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are the singular values of X . However, there is a prerequisite for
|2| (the amount of sampling data), which should satisfy

Q| > Cg%*rlogg, 5)

where C'is anumerical constantand g = max{n, m}. Therefore,
the principle of (5) [26] can be adopted to guide the determina-
tion of the amount of sampling data.

C. Takeaways

With the empirical study, we can conclude that: 1) the [oT data
matrix usually has a low-rank feature, which is the fundamental
for sampling; 2) when the IoT data has uneven distribution, the
traditional random/uniform sampling approach may lose effi-
ciency [27], [28], [29], calling for more efficient methods; and 3)
for low-rank matrices, the matrix completion theory can provide
the principle for determining |Q2|, but the matrix factorization
based inference approach can only extract the linear features
among data, leaving optimization room for complicated data
structure with non-linear features. Inspired by these insights, in
what follows, we propose CODE™, which consists of sampling
and inference components, to determine the locations of ||
and estimate the matrix X, collectively optimizing the data
collection problem in a fast and stable manner.

IV. DESIGN OF CODE™
A. Cluster-Based Matrix Sampling

Cluster-Based Sampling Matters: In distributed IoT systems,
similarity in the observed data values usually implies that their
locations have the underlying correlations. To reduce the data
redundancy, we propose to cluster the observed values, since
data values in the same cluster are more likely to be correlated,
which can be leveraged to guide the location determination.
To verify the effectiveness of the clustering method, we then
conduct pilot experiments on both Gaussian and non-Gaussian
distribution data. Fig. 4 shows the information entropy achieved
by different sampling approaches, using the long-tailed distri-
bution data mentioned above, and one Gaussian distribution
data in [30]. With the clustering approach, the samples are
distributed evenly for each cluster. We can observe that for non-
Gaussian distribution data, there is a significant performance
gap between the clustering and uniform/random approaches,
while for Gaussian distribution data, their corresponding entropy
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values are quite close. However, in most distributed IoT data
systems, the observed data values do not follow perfect uniform
or Gaussian distributions. Therefore, in what follows, we cast
our cluster-based matrix sampling approach.

The Two-step Sampling Approach: As shown in Fig. 5, the
sampling approach works as follows. Given a set of historical
n X m matrices X1, Xo,..., X, we first calculate the his-
torical mean matrix X = %2?:1 X;. For the matrix X, we
then conduct the k-means clustering for each row values, i.e.,
{Xi1,Xi2,..., Xim}. Let k; denote the number of clusters
which is independently learned by each row according to its own
data distribution, and g’ = {g{, g5, ..., g5, - - ., g}, } denote the
set of clusters for the i-th row. The || locations are determined
by the following two-step sampling. In the first step, for each
cluster in each row, we randomly choose one sample, and thus a
total of K’ = Y7 | k; samples are selected. For the remaining
|| — K samples, we distribute them according to the cluster
error of each cluster, since the larger the clustering error indicates
higher diversity of the data within the cluster, calling for more
samples. Particularly, all clusters (i.e., Vg;')) in the list are ranked
by their clustering errors in descending order. Then, one sample
is assigned to the first cluster with the largest error, and the
cluster is then deleted from the list. The process repeats until
all |Q| samples are assigned. Note that, during the two-step
sampling, when determining the specific (7, j) for one sample
in the cluster, the sampling frequency of the time slot index j
is used. Specifically, we maintain a list {g1, g2, ..., ¢j, .-, ¢m }
to record the frequency with which data in time slot j has been
sampled. If one element X; ; in g}, is sampled, then the count
of ¢; adds one. After that, when to determine a new sample
(i,7) in the cluster g;,, the element (7, ;') is selected if g;r
is the smallest count in the candidate elements. Fig. 5 shows
an example of two-step sampling approach with |Q2| = 16 and
K = 15. Specifically, the first step is to determine the first 15
locations in accordance with each cluster, and the second step
is to determine the remaining 1 location based on the clustering
errors.

B. CNN-Transformer Autoencoders-Based Matrix Inference

In this subsection, we introduce a novel CNN-Transformer
autoencoders model to capture spatio-temporal data correlations
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for data inference. Specifically, the model consists of a Pre-
Completion module to preprocess the inputs for improving of
speed and accuracy, a CNN-Transformer encoder to map the
sampling samples to a latent representation, and a lightweight
decoder to reconstruct the full samples from the latent repre-
sentation. Fig. 6 shows the overall architecture of the designed
CNN-Transformer Autoencoders.

Pre-Completion Matrix Input: In applications sensitive to data
volume, like deep learning-based algorithms, performance cor-
relates with the available data. Consequently, the data inference
component aims to swiftly and accurately reconstruct full-sized
databased on sparse samples. However, the incomplete sampling
matrix (i.e., X) contains minimal information due to missing
of most data. Despite this, the clustering information from the
previous data sampling component offers valuable insights that
are not evident in the incomplete matrix. Drawing inspiration
from this, we introduce a data preprocessing module to enhance
the input matrix. By pre-completing the matrix, we inject more
effective information into it. Therefore, instead of using the
incomplete sampling matrix as input, our CNN-Transformer
autoencoders model takes the pre-completed sampling matrix
(i.e., Xs € R™™) as the model’s input so as to reduce the pre-
dictive uncertainty and increase reconstruction efficiency. For
empty-data locations, we conduct the pre-completion operation
based on the clustering results. Particularly, within each cluster,
the empty data is replaced by the empirical mean value of the
sampled data instead of zero. Although the mean value may
not be identical to the true value, it can reflect the basic feature
of the original value to some extent, which is more effective
than starting training from the value of zero. The pre-completion
operation can reduce the training time effectively and improve
the inference accuracy accordingly.

CNN-Transformer Autoencoders: To reconstruct the original
IoT collection data, we devise a novel autoencoder model with
an asymmetric encoder-decoder design, which is proficient in
dealing with natural data with heavy spatial and temporal re-
dundancy in aspects of accuracy, speed and stability. Unlike
classical autoencoders, we adopt an asymmetric design consist-
ing of two sub-modules, i.e., a CNN-Transformer encoder and a
lightweight decoder, for feature extraction from local to global
scales and for full-size original data inference. In what follows,
we will elaborate on each individual component.

CNN-Transformer Encoder: Similar to image data, the data
matrix collected by the distributed IoT data system also has
heavy data redundancy, e.g., an unsampled data point can be
recovered from neighboring points with little high-level under-
standing of whole network. Therefore, driven by the huge suc-
cess of transformer in images, we attempt to address our data in-
ference problem with the transformer structure, which has strong
global inductive modeling capability, and its attention structure
can effectively extract the correlations between features. How-
ever, transformers, despite their success, tend to underperform
compared to CNNs of similar size when the training dataset
is limited. This is because transformers lack certain inductive
biases, which are essentially prior knowledge and assump-
tions embedded within models. Although CNNs possess two
key inductive biases, locality (i.e., similar regions in low-rank
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matrix data have similar features) and translation invariance (i.e., 4
f(g(z)) = g(f(x)), where g(.) denotes convolution operation, i MatMul
and f(.) denotes translation operation), their static parameters 3 f:m 1
. . . . . 0’ ax
hinder them from adapting to massive data effectively. To bridge 3
this gap, we propose a hybrid CNN-Transformer model for ft . [ Mask |
.. . . . . N 4
our encoder modzﬂe. By cgmbm.mg CNN§ 1nduct1v.e. biases Scaled Dot-Product ‘
with Transformer’s global inductive modeling capability and Attention ’
dynamic parameters, our hybrid model optimally adapts to the Multi-Head ﬂ TI ﬂ
data. The specific workflow of CNN-Transformer encoder is Atiention (Linear | [Linear ] (Linear t ot
shown in Fig. 6. ‘t/ |T</ t QK. .V
In more details, the pre-completion matrix is first fed into 2 Sca'eit[:::;orr‘l’d““

a CNN including multiple convolutional, batch normalization
and activation layers to extract the features of the pre-completion
matrix input. After the [-th convolutional layer, the [-th extracted
feature map X' can be expressed as

X =F(XIP ekt +0), 1
X! =F (X, «k*+b}),

2,3,...,L,
(6)

where k! denotes the convolutional filter of the I-th layer, *
represents the convolution operator, and béc is a bias. Besides,
F(-) is a non-linear activation function ReLU, which can be
mathematically represented by F () = max(0, z), and L is the
total number of convolutional layers.

As previously discussed, convolution layers primarily focus
on local feature extraction, often overlooking comprehensive
high-quality feature extraction due to the limited receptive field
of CNN. To address this limitation and capture long-term depen-
dencies without distance constraints in the input sequence, we
incorporate a transformer block into our architecture. Tradition-
ally, a transformer comprises encoder and decoder layers. In our
case, we specifically utilize transformer encoder layers to extract
global high-level features, in which, each encoder consists of a
multi-head attention (MHA) block and a multi-layer perceptron
(MLP) block, both preceded by a normalization layer. Fig. 7
shows the detailed architecture of the transformer block.

Therefore, the extracted convolutional feature map, i.e., X é,
is then fed into the transformer blocks after the size conversion

Transformer Block Multi-Head Attention

Fig. 7.  Architecture of the Transformer Block.

(i.e., Vy). First, the desired size feature map VSO is forwarded into

a normalization layer, which denotes as
V, = Norm (V;) 7

Then, we compute query (Q), key (K), and value (V') projections
according to the normalized Vi, yielding

Q=Wev,
K =wkv,,
vV =w"V,, (8)

where W@, WX and WV are the projection weights for Q, I,
and V/, respectively.

Thereafter, the input of @), K, and V' will be forwarded into
different heads of MHA block. In each head, a scale dot-product
attention (SDPA) is used to extract the global feature, the process
can be expressed as

T
Attention(Q, K, V') = softmax (QK> V. 9)

Vd
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Specifically, in SDPA, the correlation between () and K is first
calculated through dot product operation, and then v/d is used
to avoid overly large values of the inner product and extremely
small gradients [31], where d is the dimension of K. Then, a
masking operation is performed to mask the diagonal of self-
attention score matrix to avoid high matching scores between
identical vectors of ( and K. Later, we use softmax activation
to generate an attention map, which will be used to form the
final weighted output.

Subsequently, the output of each head will be concatenated
together, followed by a linear layer. This process yields the final
output of the MHA, which can be expressed by the following
formula,

head; = Attention (Wﬁvs, WKV, W,LVVS) ,i € (0, h]
(10)

MHA(Q, K,V) = Concat (heady, ..., head ,) W (11)
where WiQ, WiK , and Wiv represent the weights of the linear
layers of the i-th head to map @, K, and V/, respectively. W ¢
is the weight of the last linear layer in MHA.

Afterwards, a skip-connection operation is utilized to avoid
gradients vanishing and exploding. A normalization layer and a
MLP layer are used to further transform the learning feature of
MHA, which can be denoted as

V' = MLP (Norm (MHA(Q, K, V) + V,))  (12)

Therefore, after N transformer blocks, the global long-term
dependencies will be captured, denoted as V..

Lightweight Decoder: The autoencoder’s decoder, respon-
sible for mapping the latent representation back to the input,
varies its role in reconstructing different modal content. In
the conventional autoencoders design, the symmetric decoder
structure corresponding to our CNN-Transformer encoder is
Transformer-DeCNN, which mirrors the encoder, comprising
multiple transformer blocks followed by multiple deconvolution
layers, as shown in the Fig. 6(a). While this design enhances
reconstruction accuracy during training, it significantly impacts
efficiency and memory consumption, especially for extensive
IoT datasets and large models. To overcome these challenges, we
diverge from the classical symmetric design found in traditional
autoencoders. Instead, we introduce an asymmetric lightweight
decoder. This design offers flexibility by allowing the selection
of different implementation structures, balancing the trade-off
between running time and accuracy. Our proposed lightweight
decoder options include partial components of Transformer-
DeCNN or simpler fully connected networks (FCN), as shown
in Fig. 6(b)—(d).

The choice for a lightweight decoder design in our task stems
from the inherently low semantic level of the model output. In
contrast to the high semantic complexity of natural language,
IoT data exhibits significant data redundancy and operates at a
lower overall semantic level. Consequently, a straightforward
decoder suffices for converting the learned latent features into
the desired output. Employing a compact decoder in our asym-
metric encoder-decoder setup leads to substantial reductions
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in computation. This efficiency in both time and memory us-
age renders our model particularly advantageous for training
extensive models. In our subsequent experimental evaluations,
we systematically explore the use of very compact decoders,
outlining the precise trade-offs between reconstruction accuracy
and computational efficiency.

Model Training: Unlike the GAN-based inference module
adopted in CODE [1], which often experiences high output
variance due to the unbounded noise of GAN without con-
straints, our CNN-Transformer Autoencoders structure priori-
tizes stability and reconstruction accuracy over originality and
creativity. CODE™ works in an end-to-end manner, reconstruct-
ing the input by predicting possible values for each unsampled
location. The last layer of the lightweight decoder is a linear
projection whose number of output channels equals the size
of input data matrix. Our loss function calculates the mean
squared error (MSE) between the reconstructed data matrix
and the original data matrix, focusing solely on unsampled
locations. To enhance model robustness and prevent overfitting,
we employ the Adaptive Moment Estimation (Adam) algorithm
for optimization. Additionally, widely used techniques such as
Dropout, L2 regularization, and a learning rate schedule are
applied to mitigate the risk of overfitting [32].

C. Workflow of CODE™

In this subsection, we delineate the workflow of CODE*
when deployed in operational distributed IoT data systems,
encompassing the distinct stages of offline learning and online
working, as depicted in Fig. 8.

The offline learning stage, a pivotal phase in CODE™’s de-
ployment, involves the following steps: 1) Based on the spatio-
temporal analysis of historical data, we set a sampling window,
typically on a weekly basis, to synchronize with temporal pat-
terns. Using this sampling window size, we collect full-size his-
torical data matrices, which serve as the foundation for training
the two integral models within CODE™ . 2) Using the historical
data matrices obtained in Step 1), we implement our proposed
clustering-based matrix sampling module to generate the initial
sampling strategies. 3) The historical sampled data matrices
derived from the sampling strategies in Step 2) are fed into the
CNN-Transformer Autoencoder-based matrix inference module
to reconstruct the unsampled data. We iteratively optimize the
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inference model by minimizing the error between the inference
matrices and the ground-truth matrices. 4) Once the inference
model from Step 3) is trained, we evaluate the reconstruction
error of the complete data under the current sampling strategies.
This error is compared against the system’s acceptable error
threshold. If the error is below the threshold, we finalize the sam-
pling strategies and the inference model. If the error exceeds the
threshold, we return to Step 2), increase the sampling ratio, and
regenerate the sampling strategies. We iterate through Steps 2) to
4) until the reconstructed data from the trained inference model
meets the system’s requirements. 5) Once the model meets
the system’s requirements, we finalize and output the accurate
sampling strategies and the well-trained inference model. These
will seamlessly guide data collection during the online working
stage. Notably, the inherent randomness in our clustering-based
matrix sampling module allows for the generation of multiple
high-quality and distinct sampling strategies during the offline
learning stage.

The online working stage encompasses the future data collec-
tion and processing activities and includes the following aspects:
1) Future data collection is directed by the finalized sampling
strategy. During this phase, only partial data is collected ac-
cording to the sampling positions specified by the strategy,
resulting in a data volume significantly smaller than the full-size
data, which can be directly stored in the storage system. Addi-
tionally, varying sampling strategies can be employed across
different time windows. This approach helps to balance the
energy consumption of various sensors, thereby extending the
operational lifespan of the entire data collection system. 2) When
downstream applications that rely on full-size data require it, the
system can use the inference model to reconstruct the missing
data, providing the complete data set to the applications.

V. PERFORMANCE EVALUATION

In this section, we conduct comprehensive data-driven exper-
iments to evaluate the overall performance of CODE™T, verify
the effectiveness of each individual component, analyze the
impact of sampling ratio, and assess CODE™’s robustness when
deployed in different distributed IoT data systems or handling
different distribution data.

A. Evaluation Methodology

Platform: We develop CODE™ in Python, and implement
the core functions based on PyTorch, which is an open-source
machine learning framework. The experiments are carried out
on a server with 4 CPUs, each containing 192 Intel(R) Xeon(R)
Platinum 8260 processor running at 2.40GHz with 24 cores,
along with the utilization of a graphics processing unit card
(NVIDIA Tian X) to accelerate the training process.

Setup: In our experiments, the CODE™ model has a size of
approximately 5.3MB. The encoder component of the matrix
inference module comprises three convolutional layers, each
with 16 convolution kernels, followed by six transformer blocks,
each containing six attention heads. Symmetrically, the decoder
mirrors this structure, utilizing transformer blocks and deconvo-
lutional layers of equivalent size. Collectively, this architecture
results in a total of approximately 1.37 million parameters.
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Datasets: To comprehensively evaluate the performance of
our proposed CODE™, we employ a diverse range of datasets,
including three real-world IoT datasets and one synthetic dataset
generated with a Gaussian distribution. Each dataset varies in
scale and distribution, providing a robust basis for assessment.
The details of these datasets are described as follows.

e Provincial highway traffic data (A): This dataset records
daily transition traffic within the provincial highway ETC
system, encompassing data from 465 stations and approxi-
mately 1.6 million daily transitions. For our evaluation, we
utilize a four-month period, which translates to 16 weeks of
data. The hourly aggregated traffic data results in a traffic
matrix of dimensions 465 x 2688.

e WiFi system data (B):? This dataset captures public WiFi
usage by tracking the number of users connected to access
points (APs) on a campus per hourly time slot. The dataset
includes data from 3,600 APs, with each time slot repre-
senting one hour of usage. For our evaluation, we consider a
six-week period, producing a data matrix with dimensions
3600 x 1008.

e National air quality data (C):* This dataset contains com-
prehensive air quality monitoring data collected from 1,518
sensors located in 375 cities nationwide, with hourly data
recordings. For evaluation purposes, we utilize a full year’s
data (52 weeks) to ensure a robust and thorough per-
formance assessment. This results in a data matrix with
dimensions 1518 x 8736.

e Synthetic Gaussian-distribution data (D): This dataset
is generated to specifically evaluate the performance of
CODE™ across various data distribution scenarios. For a
robust and meaningful comparison, we synthesized data
following a Gaussian distribution that mirrors the scale and
characteristics of Dataset A. The synthetic data is created
with a mean of 96.5 and a variance of 132, ensuring that
it closely resembles real-world conditions. Consequently,
the total data volume is set at 465 x 2688.

Our primary evaluation focuses on dataset A, as detailed
in Sections V-B, V-C, and V-D. For performance validation
with data diversity and distribution heterogeneity, we conduct
robust experiments with datasets B, C, and D, as discussed in
Section V-E. Given the significant spatio-temporal correlations
and the pronounced periodic characteristics observed in the
temporal dimension of these datasets, we set the sampling
window size to one week. Each hour within this period is
treated as an individual time slot, resulting in a total of 168
time slots. This choice of sampling window ensures the capture
of a complete temporal cycle, thereby enhancing the model’s
ability to extract and learn the underlying temporal features
effectively. To mitigate the risk of overfitting, we initially divide
each dataset into training, validation, and testing sets following
a 6:2:2 ratio. Subsequently, we employ a data augmentation
technique to artificially increase the size of training set. This is
achieved by repeatedly applying the sampling strategy detailed
in Section IV-A. Each iteration yields multiple sets of sample
data that, while maintaining the same overall data benefit, feature

3https://github.com/Intelligent-WiFi/DataSet
“https://quotsoft.net/air
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TABLE I
THE DESCRIPTION OF USING DATASETS

Name Time span  Attribute 1 ~ Attribute 2 Original size Augmented size  Training set ~ Validation set ~ Testing set Source
Dataset A 16 weeks ETC ID Time slot 465 x 2688 465 x 26880 465 x 16800 465 x 5040 465 x 5040  privacy
Dataset B 6 weeks AP ID Time slot 3600 x 1008 3600 x 10080 3600 x 6720 3600 x 1680 3600 x 1680  public
Dataset C 52 weeks  sensor ID  Timeslot 1518 x 8736 1518 x 87360 1518 x 53760 1518 x 16800 1518 x 16800  public
Dataset D 16 weeks ~ device ID  Timeslot 465 x 2688 465 x 26880 465 x 16800 465 x 5040 465 x 5040  synthetic

different sampling locations as dictated by the inherent design
of the sampling strategy. This approach effectively enlarges the
training set by a factor of 10. To ensure the consistency of the
sampling strategy across validation and testing sets, we apply
the same augmentation process to these sets. Consequently,
the sizes of the training, validation, and testing sets are all
increased tenfold. It is crucial to note that the division into
training, validation, and testing sets is performed on the original,
unaugmented data first. This is followed by the augmentation of
each set independently, thereby preserving data integrity and
ensuring an accurate estimation of the generalization error. The
specifics of each dataset are summarized in Table I.

Metrics: Denote by X;; and Xij the raw data and inferred
data, at (, 7)-th element of the traffic matrix X and estimated
matrix X , respectively, where 1 <i <nand1<j <m.Qis
the sampled entries, Q is the unsampled entries, and 2 + Q
represents the total data entries. N is the number of unsam-
pled data entries, i.e., N = |[Q|. To comprehensively evaluate
the performance of our proposed CODE™ framework, we em-
ploy a diverse set of metrics categorized into three key areas:
inference accuracy, data distribution fidelity, and operational
efficiency.

e [nference Accuracy: This category evaluates the precision
of CODE™ is reconstructing the original data from the sam-
pled subset. The critical metrics in this category include:
— Relative Error (RE): This metric measures the relative

discrepancy between each actual value and its inferred
counterpart, providing an intuitive indication of infer-
ence accuracy. It is computed by D(%X”‘ ((i,4) € Q).

— Mean Absolute Percentage Error (MAJPE ): This metric
assesses the average accuracy by comparing the absolute
percentage differences between the original and recon-
structed values. It provides an overall measure of infer-
ence quality and is calculated by + D ijen |XJX;“X] .

® Data Distribution Fidelity: Metrics in this category assess
how well the reconstructed data preserves the statistical
characteristics and distribution of the original dataset. The
primary metric is:

— Kullback-Leibler Divergence (KLD): This metric quan-
tifies the divergence between the probability distribu-
tions of the original data and the reconstructed data.
It reflects how accurately the reconstruction approx-
imates the original distribution and is computed by
> i jyen Xij log(Xij / Xij).

® Operational Efficiency: This category evaluates the com-
putational performance of CODE™, specifically focusing
on the time required for data processing. The main metric
is:

— Time: This metric measures the total time taken to
process the data, reflecting the efficiency of the data
reconstruction process.

In summary, these metrics provide a comprehensive evalua-
tion framework to assess the model performance from multiple
dimensions. Notably, lower values across these metrics indicate
better performance, affirming the model’s effectiveness in accu-
rate data reconstruction, preservation of data distribution, and
efficient processing.

Baselines: To evaluate the performance of CODE™, the fol-
lowing four baselines are adopted.

e CODE [1]: is the state-of-the-art data collection algorithm
based on cluster-based matrix sampling and GAN-based
matrix inference.

e NTC [30]: is an advanced data collection algorithm includ-
ing random sampling approach and deep learning-based
data reconstruction model.

® MF [33]:is a conventional data inference algorithm based
on low-rank matrix factorization, in which the random
sampling approach is adopted.

® MC-Weather [34]: is adata collection scheme based on ma-
trix completion theory, in which the UTSCS (i.e., Uniform
Time-Slot and Cross Sample) model is designed for matrix
sampling, i.e., sampling uniformly in time and crossly in
location, and low-rank matrix factorization is adopted for
data inference.

B. Performance Comparison

We first evaluate the overall performance on dataset A in terms
of model generalization, inference accuracy, data distribution fi-
delity, operational efficiency, and spatio-temporal performance,
where the sampling ratio is fixed to 20%.

Generalization: We first evaluate CODE™’s generalization
capability to unseen data by monitoring both the training loss
and the validation loss during the training process. As shown
in Fig. 9, CODE™ demonstrates strong generalization ability.
As training progresses, both losses decrease, indicating effective
learning. The gap between training and validation losses remains
relatively small throughout the training period, suggesting good
initial generalization. Additionally, the validation loss remains
stable without significant fluctuation, indicating an absence of
overfitting.

Distribution: Fig. 10 shows the performances of all schemes
on reconstructed data distribution fidelity. Obviously, CODE™
outperforms all baselines, exhibiting significantly smaller values
in the data distribution metric (KLD). Specifically, CODE™
achieves an outstanding score of 2.84¢~%, while the scores of
CODE, NTC, MC-Weather, and MF reach about 7.97 x 1074,
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2.26 x 1073, 4.16 x 1073, and 5.10 x 1072, respectively. This
demonstrates CODE™’s superiority, outperforming these base-
lines by factors of 2.8, 8, 14.6, and 18, respectively. These
results underscore the effectiveness of CODE™ inreconstructing
unsampled data and capturing the distribution of long-tailed
skewed data.

Accuracy: Fig. 11 shows the performances of all approaches
on accuracy metrics RE and MAPE. It is evident that CODE™
consistently outperforms other baselines for both metrics.
Specifically, Fig. 11(a) shows the CDFs of RE for all the
approaches (i.e., one location in the matrix is a sample), and
we can observe that CODE™ can outperform other baselines
significantly. For instance, at the percentile of 80%, the REs
of CODE, NTC, MC-Weather, and MF reach about 0.08, 0.46,
0.73, and 1, respectively, while CODE" achieves a score of
0.05, improving the performance by 37.5%, 89.1%, 93.2%, and
95%, respectively. Fig. 11(b) shows the overall average MAPE
with error bars (i.e., one-week matrix results are calculated as
one sample), and we can make the following two statements.
First, CODE™ consistently achieves superior performance and
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the gaps are significant. Specifically, CODE™ scores about 0.058
compared to 0.131, 0.291, 0.519, and 0.623 for CODE, NTC,
MC-Weather, and MF, respectively, improving the performance
by 55.8%, 80.1%, 88.2%, and 90.7%, respectively. Second,
when observing the error bars, we can find that the deviation
achieved by CODE™ is much smaller when compared to other
baselines, demonstrating its reliability in maintaining perfor-
mance consistency.

Efficiency: Fig. 12 presents a comparative analysis of the
operational efficiency across five algorithms, highlighting two
critical observations. First, examining the computation time and
reconstruction accuracy for each algorithm reveals that CODE™
excels in both metrics, as depicted in Fig. 12(a). Specifically,
CODE™ completes its training processes in just 418.10 seconds
with a remarkable 95% accuracy. This indicates an efficiency
performance of 3.25x, 9.73%, 0.85x, and 0.87x compared to
CODE, NTC, MC-Weather, and MF respectively, and improves
accuracy by 9.2%, 33.8%, 97.9%, and 150% correspondingly.
Second, a detailed comparison between CODE™ and CODE
reveals that CODE™ excels in terms of convergence speed, infer-
ence accuracy, and operational efficiency, as shown in Fig. 12(b).
Both CODE™ and CODE exhibit strong generalization capabil-
ities, indicating their robustness across various scenarios. This
comparative analysis underscores the stability, efficiency, and
effectiveness of CODE™ in addressing the challenges of data
sampling and reconstruction.

Spatio-Temporal Performance: With the overall performance
guarantee, we then check its spatio-temporal performance, i.e.,
how it performs across different stations over time. Fig. 13
shows the CDF results at stations (i.e., treating data values
in each station as one sample) for MAPE and KLD metrics.
It can be seen that CODE™ can outperform the other four
baselines significantly for both metrics. For instance, for 80%
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Fig. 14.  Temporal performance.

of stations, their MAPE and KLD can be smaller than 0.002 and
2.84 x 10~* when adopting our proposed scheme of CODE™ .
These values are enlarged to 0.009 and 4.65 x 10~* with CODE,
0.023 and 2.51 x 103 with NTC, 0.028 and 2.63 x 10~ with
MC-Weather, and 0.047 and 3.93 x 10~ with MF, respectively.
Fig. 14 shows the temporal box-plots of MAPE and KLD, re-
spectively, where one day is uniformly divided into six temporal
zones. We can have the following three major observations.
First, under all temporal zones, CODE™ can achieve the supreme
performance with significant gaps. Second, when observing the
25" 50t", 75" and 100" percentiles, their gaps are quite small
by adopting CODE™ and CODE. However, these percentiles can
have large deviations when adopting other baselines, demon-
strating the stability of CODE™ and CODE. Finally, with the
time evolving, the performance of CODE™ and CODE remains
stable while that of other schemes can fluctuate dramatically,
further indicating their superiority.

C. Impact of Sampling Ratio

Then we examine the impact of sampling ratio by varying
the sampling ratio from 0.05 to 0.5 with the step of 0.05, and
plot the average metric performance by adopting the different
schemes in Fig. 15. It is obvious that CODE™ can outperform
all the baselines under all sampling ratio conditions. In addition,
the inference error usually decreases with sampling ratio for
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Fig. 15. The average performance versus sampling ratio.
TABLE II
ABLATION EXPERIMENT RESULTS OF DATASET A
Metric ‘ Accuracy Distribution Efficiency
Variant MAPE KLD Time (s)
- Random sampling 0.1573 1.01 x 1073 454.42
- Uniform sampling 0.1495 8.48 x 1074 494.28
- Transformer 0.1064 6.07 x 1074 401.83
- DeCNN 0.0501 2.42 x 10— 335.01
-FCN 0.1216 7.09 x10~* 387.16
CODE* 0.0577 2.84 x 1074 418.12

all schemes. The difference is that when adopting CODE™, the
error can be bounded within a small range even with a quite small
sampling ratio, while for other baselines, larger sampling ratio
is required to reach a satisfied performance. Taking the metric
of MAPE as an example, when adopting CODE™, the score
can be smaller than 0.07 with a sampling ratio as low as 0.05.
Conversely, to reach the same target inference accuracy, CODE
requires a sampling ratio of about 0.5, which is even higher for
NTC, MC-Weather, and MF. This means that to reach the same
inference accuracy, CODE™ can save the data collection cost by
more than 90%.

D. Effectiveness

Effectiveness of Sampling Scheme: In CODE™T, a cluster-
based matrix sampling scheme tailored for long-tailed distri-
bution data collection is meticulously designed. The variations
in information entropy resulting from different sampling ap-
proaches are depicted in Fig. 4, as demonstrated in our earlier
analysis. To underscore the impact of these diverse sampling
approaches on overall data collection, we conduct an ablation
experiment. Specifically, we replace the cluster-based sampling
scheme in CODE™" with random sampling and uniform sampling
schemes. The objective is to assess the final reconstruction per-
formance of the unsampled data, and the results are summarized
in Tables II and III. The outcomes are compelling, in which the
performances utilizing random sampling and uniform sampling
schemes degrade significantly. This degradation underscores
that conventional sampling schemes are inadequate for data col-
lection characterized by long-tailed data distribution. In contrast,
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TABLE III
ABLATION EXPERIMENT RESULTS OF DATASET C
Metric Accuracy Distribution Efficiency
Variant MAPE KLD Time (s)
- Random sampling 0.0729 1.58 x10~3 197.53
- Uniform sampling 0.0725 1.57 x1073 194.71
- Transformer 0.0668 147 x1073 317.31
- DeCNN 0.0490 1.02 x10~3 303.7
- FCN 0.0531 1.24 x1073 390.47
CODE* 0.0459 3.84 x 104 257.7
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Fig. 16.  Effectiveness of Pre-Completion.

our proposed method effectively solves this challenge, high-
lighting the pivotal role of our tailored cluster-based sampling
approach in ensuring accurate and efficient data reconstruction.
Effectiveness of Pre-Completion: To assess the effectiveness
of the pre-completion component in CODE™, we compare its
performance against inference matrices completed using the his-
torical mean over various time ranges. Specifically, we consider
12 different time ranges, extending from the past 1 week to the
past 12 weeks, and use these historical means as generic base-
lines. The generated inference matrices from these baselines are
then compared to the performance of CODE™ with and without
the pre-completion component. The results, shown in Fig. 16,
yield three key observations. First, both variants of CODE™
significantly outperform all baseline matrices completed using
historical means, demonstrating a substantial advantage in terms
of accuracy. Second, a direct comparison between CODE™
with and without the pre-completion component shows that
the inclusion of this component markedly enhances inference
accuracy. This indicates the pre-completion component’s crucial
role in improving performance. Third, the effectiveness of using
historical means for completion varies unpredictably across
different time ranges and datasets. For instance, there is no
consistent pattern to determine which historical mean time range
yields the best completion accuracy. This irregularity persists
when comparing the performance between datasets A and C.
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Effectiveness of Lightweight Decoder: We proceed to val-
idate the effectiveness of our lightweight decoder, consider-
ing the effectiveness and efficiency trade-offs involving three
distinct candidates, i.e., Transformer, DeCNN, and FCN. Note
that we implement a symmetric decoder structure, Transformer
& DeCNN, corresponding to our CNN-Transformer encoder,
within CODE™ . For practical system deployment, the optimal
lightweight technology to implement the decoder should be
selected based on the specific characteristics of the dataset in use,
as validated by the results shown in Tables Il and III. For instance,
the DeCNN architecture yields the best performance for Dataset
A, whereas the Transformer & DeCNN combination excels for
Dataset C. This paper argues that for data completion tasks
involving significant spatio-temporal correlation and low-rank
characteristics, a lightweight decoder structure is both sufficient
and effective. More complex network structures might not only
be unnecessary but could also introduce additional time and
resource overhead. Hence, depending on the dataset’s attributes,
one can achieve a balance between training overhead and ac-
curacy by choosing the most appropriate lightweight decoder
technology.

E. Robustness of CODET

To evaluate the robustness of CODE™, we conduct experi-
ments on datasets B, C, and D to determine its performance
across various distributed IoT data systems and diverse data dis-
tributions. Dataset D features a synthetic Gaussian distribution
designed to mirror the scale and characteristics of Dataset A,
as depicted in Fig. 17. When comparing Figs. 17(b) with 2(b),
it is evident that Dataset A exhibits increased complexity due
to its deviations from a Gaussian distribution. The results of
robustness experiments, as shown in Figs. 18 to 20, reveal three
key insights. First, CODET demonstrates strong generalization
capability across all three datasets. This is evidenced by the
stable and consistent loss curves shown in Figs. 18(a), 19(a), and
20(a). Second, CODE™ consistently outperforms other compar-
ison algorithms across all datasets in terms of inference accuracy
and fidelity to the original data distribution. This highlights
the algorithm’s capability to maintain high performance across
diverse data domains. Third, a comparative analysis of CODE™
across datasets A, B, C, and D shows that it performs optimally
on the Gaussian-distributed dataset D and least effectively on
the WiFi system dataset B. For datasets A (highway ETC) and C
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(air quality monitoring), CODE™ displays similar performance
levels. Specifically, for the MAPE metric, CODE™ achieves
approximately 0.058, 0.079, 0.059, and 0.046 for datasets A,
B, C, and D, respectively. These variations in performance can
be attributed to the intrinsic characteristics of each dataset.
CODE™ performs better with more uniform data distributions
and faces challenges with increased data volatility. Notably,
CODE™ demonstrates superior performance across different
target domains, underscoring its robustness and adaptability.

VI. RELATED WORK
A. Data Sampling

The exponential increase in data volume has imposed sig-
nificant challenges on sensing and storage within distributed
IoT data systems, prompting advancements in data sampling

2019

methodologies. Existing literature categorizes prevalent sam-
pling schemes into three main types: traditional sampling, active
sampling, and online sampling.

Traditional Sampling: Random sampling and uniform sam-
pling are two of the most common sampling approaches used in
various fields of research and data analysis. Random sampling
was rigorously analyzed by Candeés and Recht [26], demon-
strating that an n; X mo matrix with rank 7 can be accurately
recovered by at least Cn%/5rlogn random samples, where
n = max(ny,ny). Zhang and Aeron [35] later extended this,
establishing that a sufficient number of random tubal samples
O(n(T)knrlog® n) enables precise recovery of unobserved en-
tries in 3D tensor completion problem. Subsequent study [36]
further reduced the sample complexity to O(n(*+1)) under the
Bernoulli sampling model, where a is a small constant. Where-
after, numerous works [30], [37] have explored data recovery
using random sampling methods. Uniform sampling, involves
selecting an equal number of samples from both temporal and
spatial domains. For instance, Xie et al. [34] introduced an
online data collection scheme using uniform sampling, adapting
sampling locations based on the UTSCS model.

Active Sampling: This less explored area focuses on select-
ing optimal sampling locations. For instance, CCS-TA [38]
devised a leave-one-out and re-sampling principle, employing
multiple-step sampling to minimize the total number of sam-
ples. Wang et al. [39] introduced the SPACE-TA framework,
which actively identifies sampling locations with significant
uncertainties or errors. Deng et al. [40] proposed an adaptive
scheme utilizing leverage scores to reduce measurement costs
in large-scale networks. Additionally, He et al. [41] presented
a Query-by-Committee-based sampling approach tailored for
high-dimensional magnetic resonance imaging (MRI) with lim-
ited imaging speed.

Online Sampling: From the relevant literature, it is evident
that few studies have focused on online sampling. This is largely
due to the inherent challenges of real-time decision-making,
sampling bias, and the need for adaptability to concept drift,
which are intrinsic to the real-time nature of data collection and
analysis. Al Jawarneh et al. have made notable contributions
in this area, particularly in contexts where cluster computing
resources are limited. In their work outlined in [27], they ex-
plored spatial-aware approximate processing techniques for Big
Data streams. This research aimed to optimize real-time analysis
in geospatial applications by leveraging spatial awareness to
improve the efficiency of processing large volumes of data.
In [28], they introduced an approach specifically designed for
online Big Data sampling within the context of smart cities. This
approach emphasized maintaining spatial representativeness in
geospatial data streams and dynamically adjusting sampling in-
tensity based on spatial density and distribution patterns. Further
expanding on these concepts, their study in [29] proposed a com-
prehensive framework tailored for geospatial data applications.
This framework employed spatially representative sampling and
approximate join methods to effectively manage and process
high-volume, high-velocity spatio-temporal data.

Traditional sampling and active sampling methods predomi-
nantly concentrate on the quantity of samples rather than their
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quality. While effective for Gaussian data, these methods are
often ineffective with non-Gaussian datasets. In contrast, current
online sampling methods prioritize the user’s expectations in
terms of QoS metrics, such as latency, throughput, and accuracy.
These methods make real-time decisions on whether to discard
incoming data, aiming to manage the system’s immediate perfor-
mance. However, when handling large volumes of data, this can
lead to significant costs and inefficiencies, as data is often dis-
carded reactively rather than preemptively. Moreover, the rapid
growth in data necessitates not only improvements in QoS but
also substantial reductions in data collection costs. This includes
lowering the energy consumption of sensors, transmission costs,
and storage expenses. Therefore, how the chosen sampling strat-
egy impacts subsequent data reconstruction processes should
be carefully investigated, which is often overlooked in existing
sampling schemes.

B. Data Inference

While several studies have explored data inference methods
using sparse sensing technologies, such as compressive sens-
ing [37], [42], matrix completion [43], [44], and tensor comple-
tion [45], [46], these methods predominantly rely on mathemati-
cal modeling grounded in linear features. Deep learning models,
with their ability to extract non-linear features, have been applied
in this context. For instance, He et al. [47] introduced NCF, a
framework that combines matrix factorization with neural net-
works for generalization. Xie et al. [30] proposed a neural tensor
completion framework employing 3D CNN to extract hidden
features, thereby enhancing missing data inference accuracy.
Deng et al. [48] presented a graph neural network approach for
network traffic imputation, capturing topological correlations
in network traffic. Additionally, a class of data reconstruction
techniques [23], [49], [50] based on GAN networks has gained
popularity. For example, Tan et al. [50] introduced a projected
generative adversarial network to recover complete point clouds
from partial and sparse data. Xie et al. [23] presented a deep
adversarial tensor completion scheme to infer the skewed distri-
bution of missing data.

In summary, all the mentioned methods have their applica-
bility, but they also come with some limitations. Traditional
data completion approaches often overlook non-linear features,
leading to suboptimal data reference accuracy. Conversely, deep
learning-based methods enhance data inference accuracy but
still under the assumption that the sparse data is known ahead.
Consequently, these methods focus primarily on improving the
inference accuracy of missing data, neglecting the intricacies of
data sampling. However, the sample qualities can affect the data
inference performance significantly, and there is limited study
available to tackle the deep-coupled problem, which motivates
our research in this paper. In our previous work [1], we have
investigated the deep-coupled problem of matrix sampling and
matrix inference, and proposed an efficient compact data collec-
tion framework CODE. In this work, we further improve it by
proposing more comprehensive and effective framework design,
presenting a faster and more stable matrix inference module to
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optimize possible inefficiency and instability arising from the
uncontrolled and creative nature of GAN used in CODE.

VII. CONCLUSION AND FUTURE WORK

In this paper, we propose CODE™, a novel framework de-
signed to address the problem of heavy data collection cost
in large-scale distributed IoT systems, emphasizing compact,
fast, and accurate data sampling and inference. To achieve this,
CODET integrates two key technical components: cluster-based
matrix sampling to identify optimal sampling locations, which
significantly reduces data collection costs without compromis-
ing data benefits, and CNN-Transformer Autoencoders-based
matrix inference for fast and accurate data reconstruction, en-
abling thorough exploration of data for relevant applications. Ex-
tensive experiments on four datasets demonstrate that CODE™
outperforms four state-of-the-art baselines in terms of data re-
construction accuracy, data distribution fidelity, and computa-
tional efficiency. These results confirm that CODE™ consistently
delivers superior performance across various target domains,
highlighting its versatility and robustness.

This work provides valuable insights and directions for future
research on improving the temporal and spatial robustness of
data collection. Our next step is to explore the development of
a fully online version of CODE™ to facilitate real-time data
collection and processing, enabling prompt responses to new
data patterns. Additionally, to address the new challenge of
inference error accumulation over time, we aim to investigate
anovel method to ensure the system’s reliability and robustness
over extended periods.
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