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Advances of edge intelligence have accelerated the explosion of new research frontiers in 5G and upcoming 6G era
(B5G). Using sophisticated learning and big data analytic tools at the edge side, various communication and
computation technologies have been developed to solve complicated problems of allocation, optimization, and
control across different layers of B5G networks. In return, unique characteristics of B5G networks (e.g., interference,
channel conditions, dynamics, bandwidth, etc.) bring a volume of open challenges for the designs of intelligent
communication and computation technologies. The aim of this Special Issue is to solicit articles addressing
numerous topics within its scope.

The first paper introduced the goal-oriented principle for communication systems redesign to provide efficient
communication links at the physical layer for achieving wireless collaborative intelligence. The paper focused on the
application of federated learning (FL) and demonstrated how the goal-oriented principle can be leveraged to solve
the bottleneck of uplink model aggregation in FL.

The second paper proposed a multi-model deep learning approach to fuse the features of both point clouds and
range-Doppler for classifying six activities, i.e., boxing, jumping, squatting, walking, circling and high-knee lifting,
based on a millimeter wave radar. The authors adopted a CNN-LSTM model to extract the time-serial features from
point clouds and a CNN model to obtain the features from range-Doppler. The proposed method has higher accuracy
than utilizing the two kinds of information separately and achieves a recognition accuracy of 97.26%.

The third paper considered the problem of �-channel multiple descriptions and proposed distortion criteria among
reconstructions within the same level. The authors showed the new coding strategy strictly improves the VKG
scheme. The authors also discussed the special case of zero distortions among reconstructions, in which the new
inner bound coincides with the rate-distortion region of SMDC.
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Abstract – The communication requirements of wireless collaborative intelligence (WCI) pose
great challenges to existing communication systems. This paper introduces the goal-oriented
principle for communication systems redesign to provide efficient communication links at the
physical layer for achieving WCI. In particular, we focus on the application of federated learning
(FL) and demonstrate how the goal-oriented principle can be leveraged to solve the bottleneck of
uplink model aggregation in FL.

Keywords: Wireless collaborative intelligence, 6G, federated learning, over-the-air computation.

1. Introduction
Wireless collaborative intelligence (WCI) aims to address the problem that how a team of
wirelessly connected agents can collaborate to achieve joint intelligence based on their sensed
data from the environment. The joint intelligence can be a collaborative machine learning (ML)
model that transforms the sensed data into other representations for particular tasks [1], [2].
Applications include federated learning (FL) and distributed inference, wherein a group of agents
targets to attain a global ML model. The joint intelligence can also be an autonomous protocol
among agents [3], [4], whereby they collaborate for a common goal. Applications include
vehicular platooning and autonomous channel access, in which the wireless network itself is the
intelligence.

A main challenge of WCI is wireless communications, owing to the scarcity, unreliability, and
capacity limitation of wireless channels. The collaboration of agents, in contrast, often requires
frequent, reliable, low-latency, and large-volume data exchanges [1-2], which are heavy burdens
for wireless links. To meet the challenge, a promising approach is goal-oriented communication
system redesign at both the physical layer [2], [5-8] and higher layers [9-12] for achieving WCI.
In this paper, we consider the application of FL and demonstrate an efficient physical redesign
via over-the-air computation (OAC) for gradient aggregation in practical mobile edge networks.

2. System model
FL is a distributed learning algorithm to enable the collaborative learning of a group of �
devices without sharing private data. In its basic implementation, orchestrated by a parameter
server (PS), each iteration of FL consists of five main steps [1], as illustrated in Fig. 1.

Fig. 1. In FL, edge devices collaboratively train a shared model with the help of a PS.
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1) DL broadcast: at the beginning of the iteration, the PS broadcasts the global model � ∈ ℛ� to
the � edge devices; 2) Local training: each of the � devices trains the global model � on its
local dataset �� of size �� and obtains a new model ��� ∈ ℛ�; 3) UL aggregation: each device
scales the local model update ��� − � by �� and transmits the scaled model update ��' =
�� ��� − � back to the PS; 4) Arithmetic-sum estimation: the PS estimates the arithmetic sum
of the transmitted model-updates ��' from the edge devices: �+ = �=1

� ��'� ; 5) Model update:
the PS updates the global model by ���� = � + 1

����
�+ . The updated global model ���� is

then broadcasted in the next iteration and the cycle continues.

Among the above five steps, the uplink model aggregation requires each device to transmit � real
numbers to the PS, where � can run into hundreds of millions or more for today’s neural
networks [13]. This poses the greatest challenge to traditional radio access networks with
orthogonal multiple access techniques. In this context, we resort to OAC for a goal-oriented
solution.

The essence of OAC is to create and leverage inter-user interferences over the multiple-access
channel (MAC) rather than trying to avoid it. When operated with OAC, edge devices transmit
their raw model updates ��' simultaneously to the PS in a discrete-time analog fashion. The PS,
on the other hand, estimates the sum of the model updates �+ directly from the received
overlapped signal.

The successful operation of OAC hinges on accurate channel-gain precoding and strict
synchronization among the participating devices. In practice, however, both requirements may
not be perfectly fulfilled. With the residual channel gains and residual asynchronies in the system,
which we refer to as the misaligned OAC, an open problem is how to estimate the arithmetic sum
of the transmitted symbols from different devices. In this paper, we fill this gap.

The signal flow of the misaligned OAC is detailed as follows. Each device partitions its sequence

of scaled model update ��' to two subsequences ��' = ��� ⊤, ��� ⊤ ⊤
, where ��� , ��� ∈ �

�
2 ,

and constructs a complex sequence �� ∈ �
�
2: �� = ��� + ���� . That is, the raw model update

information ��' is carried on both the real and imaginary parts of ��. Time is divided into slots,
and each device transmits a packet of � symbols in each slot. Without loss of generality, we
focus on signal processing in one slot. The time-domain signal transmitted by the �-th device in
one slot is given by

�� � = ��
�=1

�

�� � � � − ��� ,# 1

where �(�) is a rectangular pulse of duration � and �� is the channel precoding factor. Given an
estimated channel coefficient ℎ�� at the �$-th device, �� is designed to be �� = 1/ℎ�� .Each of
the � edge devices then calibrates the transmission timing, based on its distance from the PS and
its moving speed, so that the signals from different devices arrive at the PS simultaneously.
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In practice, however, both the channel-gain precoding and transmission-timing calibration can be
imperfect due to the non-ideal hardware and inaccurate estimation of the channel gains and
transmission delays. The received signal � � at the PS can be written as

� � =
�=1

�

ℎ���� � − ��� +� � , # 2

where 1) ℎ�� is the time-domain complex channel response and we consider flat and slow fading;
2) without loss of generality, we sort the � devices so that the symbols from the devices with
smaller indexes arrive at the receiver earlier. The delay of the first device is set to �1 = 0 and the
relative delay of the �-th device with respect to the first device is denoted by �� < �; 3) �(�) is
the zero-mean baseband complex additive white Gaussian noise (AWGN), whose double-sided
power spectral density is �0. Substituting (2) into (1) gives us

� � =
�=1

�

�=1

�

ℎ�' �� � � � − �� − ���� + � � , # 3

where ℎ�' = ℎ��/ℎ�� is the residual channel-fading coefficient between the �-th device and the
PS. The objective of the PS is to estimate the arithmetic sum of the local model updates �+. This
is equivalent to estimating the arithmetic sum of the transmitted complex symbols �+ ≜

�=1
� �� �� . Therefore, we shall focus on the estimation of the complex symbols �+ in the

following.

3. Aligned and misaligned OAC
Prior works on OAC considered only the perfectly aligned case, where there is neither channel-
gain misalignment nor time misalignment, which we refer to as the aligned OAC. In this case,
we have �� = 1/ℎ�� and �� = 0, ∀�, and the received signal is given by

� � =
�=1

�

�=1

�

�� � � � − ���� + � � # 4

Matched filtering � � by � � and sampling at � = �T, � = 1,2, …, � give us

� � =
1
� �−1 �

�T
� � ��� =

�=1

�

�� �� + � � = �+ � + � � # 5

where the noise sequence � � in the samples is independent and identically distributed (i.i.d.),
� � ∼ �� 0, �0

�
. As can be seen, the target signal �+ � appears explicitly on the right-hand

side (RHS) of (5). In this context, the fading MAC degenerates to a Gaussian MAC and the �
devices can be abstracted as a single device transmitting the arithmetic sum of the local model
updates directly to the PS. In practice, however, the channel-gain precoding and the calibration
of transmission timing can be inaccurate. With either channel-gain or time misalignment, clean
samples as in (5) with �+ � explicitly present are no longer available.

Considering both channel-gain and time misalignments, we first matched filter � � by � � and
then oversample the matched filtered signal at �� + ��: � = 1,2, …, �, � = 1,2, …,� to collect
sufficient statistics. In so doing, the samples we get, denoted by �� � can be written as
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�� � =
�=1

�

��,� � �� � − ��>�� +
�=1

�

��,�' � �� � + ��<�� +�� � # 6

where � is the indicator function and ��,� � = ℎ�'

�
1 − ��>� � + �� − �� , ��,�' � =

ℎ�'

�
��>�� + �� − �� . Given the samples �� � , we now set out to estimate the desired

arithmetic sum �+. First, the sequence of samples �� � can be written in a more compact form as
� = �� + �, # 7

where the dimensionalities of � , � , and � are �� × 1 , and the dimensionality of matrix � is
�� × ��. The desired sequence �+, on the other hand, can be written as a linear transformation
of the complex vector �: �+ = ��, where the � × �� matrix � is given by

� =

�1×� � � �
� �1×� � �
� � … �
� � � �1×�

,

in which �1×� represents a 1 × � all-ones matrix.
Multiplying both sides of (7) by ��−� gives us

��−�� = �+ + ��−��, # 8
based on which an ML estimator can be devised, as in Definition 1.

Definition 1 (ML estimation for misaligned OAC). Given a sequence of samples � ∈ ��� , the
ML estimate of sequence �+ ∈ �� is ��+�� = ��−��.
The ML estimator follows directly from (8) since the likelihood function of �+ is an � -
dimensional Gaussian distribution. Specifically, given �, the likelihood function of �+ is

� ��−��|�+ ∝ �� ��−��, ��−����−���

Differentiating � ��−��|�+ with respect to �+ gives us the ML estimate in Definition 1.
It is worth noting that the ML estimator in Definition 1 has high computational complexity due
to matrix inversion. To address this problem, we further put forth in [?] a factor-graph-based ML
estimator by exploiting the sparsity of the coefficient matrix.

4. Conclusion

This paper introduces the goal-oriented principle to design an efficient communication physical
layer for achieving WCI. In the application of FL, OAC, as a goal-oriented scheme, exploits the
property of the MAC that its output is the arithmetic sum of the inputs, and jointly performs
computation and communication, thereby significantly speeding up the uplink aggregation in FL.
In a broader context, the goal-oriented principle can be used in both the physical and higher
layers to refine the legacy communication system design for supporting WCI.
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Abstract:Millimeter wave radar has demonstrated its high efficiency in complex environments in recent years, which
outperforms LiDAR and computer vision in human activity recognition in the presence of smoke, fog and dust. In previous
studies, researchers mostly analyze either 2D (3D) point cloud or range-Doppler information from radar echo to extract
activity features. In this paper, we propose a multi-model deep learning approach to fuse the features of both point clouds and
range-Doppler for classifying six activities, i.e., boxing, jumping, squatting, walking, circling and high-knee lifting, based on
a millimeter wave radar. We adopt a CNN-LSTM model to extract the time-serial features from point clouds and a CNN
model to obtain the features from range-Doppler. Then we fuse the two features and input the fused feature into the full con-
nected layer for classification. We build a dataset based on a 3D millimeter wave radar from 17 volunteers. The evaluation
result based on the dataset shows that this method has higher accu-racy than utilizing the two kinds of information separately
and achieves a recognition accuracy of 97.26%, which is about 1% higher than other networks with only one kind of data as
input.

Index Terms: Human activity recognition, millimeter wave radar, deep learning, feature fusion, point cloud, range-Doppler.

1. Introduction

With the fast development of communication networks, such as 5G and WiFi net-work, millimeter wave has emerged as a
key technology to achieve high data rate trans-mission. With the increase of frequency, the perception ability of wireless
signal improves. In the future, wireless signals will not only have communication ability, but also have sensing ability, such
as Millimeter wave in 5G and Terahertz in 6G. Compared with the traditional communication technologies, millimeter wave
has the capability of sensing. Hence, wireless sensing based on millimeter wave has attracted more research attentions.
Human activity recognition is widely investigated in the field of ubiquitous sensing based on inertial sensors, computer vision
or LiDAR. Compared with those traditional approaches, human activity recognition based on millimeter wave radar has many
unique advantages. Firstly, compared with LiDAR, millimeter wave radar has better penetration ability to floating particles
such as smoke and dust. This advantage means that the process of activity recognition of millimeter wave radar has strong
environmental adaptability. Secondly, because the millimeter wave radar uses radio frequency signals, it will not return the
privacy screen of the target person, which means that the radar monitoring will not reveal personal identity information. This
edge enables indoor activity recognition based on millimeter wave radar more widely applicable, such as nursing homes,
kindergartens, wards, etc.

In previous studies, researchers generally used to collect data such as point cloud, range-Doppler, echo intensity from
millimeter-wave radar echo signals for activity recognition. For instance, RadHAR [1] shows how to voxelize sparse and
non-uniform point clouds and feed it into a classifier. Additionally, in [2], since the single-sensor system can only observe the
radial component of the micro-Doppler signal, researchers propose a multi-static sensor consisting of two bistatic micro-
Doppler sensors to enhance the classification of micro-Doppler signatures to improve activity recognition accuracy. In [3],
also using Doppler information, the researchers propose an environmental impact mitigation method by analyzing millimeter
wave signals in Doppler-Range domain. In terms of extracting activity features, deep learning is favored by researchers [4],
among which Convolutional Neural Networks (CNN) and Long Short-Term Memory networks (LSTM) are widely used.
Because most human actions have time-series characteristics, these two network models are often combined. For example,
some researchers [5] adopt LSTM+CNN network to classify activities.

However, most of these studies only focus on a single type of data which cannot comprehensively depict the activity feature.
The approaches based on point clouds merely leverage the distributions of point clouds in 3D space but do not consider the
moving speed. In contrast, the methods using range-Doppler does not take the distributions of point clouds into consideration.
Our goal is to design a multi-model network by fusing multiple types of input data to increase the recognition accuracy based
on mmWave. We are going to extract the features from the two kinds of data, fuse them, and then classify the activities.

In this work, we propose a new method for activity recognition that uses both 3D point cloud data and range-Doppler data as
input. We propose a multi-model deep learning model to fuse the point cloud and range-Doppler to achieve activity
recognition based on millimeter wave radar. We voxelize and merge the 3D point cloud data in multiple frames into a 4D
array. We further merge and convert the range-Doppler data in the same number of frames into a 3D array. Afterwards, we
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use two sub-networks to train these two kinds of data separately. The 3D CNN+LSTM network is ap-plied for the point cloud
data while the 3D CNN network is used for the range-Doppler data. Next, we fuse the outputs of the two networks, that is, the
activity features contained in each kind of data, to obtain a more comprehensive activity feature than utilizing only one kind
of data. Finally, the fused features are input into the fully connected layer for classification. Finally, experimental results
show that the classification using the fused features of these two kinds of data is about 1% more accurate than merely using
point cloud or range-Doppler, which shows that the use of multiple types of information has a positive effect on the
recognition accuracy.

2. Activity recognition based on fusion of point cloud and range-doppler

Data Pre-processing

Since the millimeter-wave radar has a wide coverage area, and the distance between the collected person and the radar is
relatively fixed, we consider removing some unnecessary data. This is done to prevent the excessive invalid data which
reduce the speed and accuracy of recognition. Hence, we filter the data whose range values are between 1m and 2m. In the
following part, we explain how to pre-process 3D point cloud data and range-Doppler data respectively.

Considering the irregularity of the number of 3D point cloud data in each frame, we must convert it into a data format with a
fixed size and shape, so that it can be effectively input into a convolutional neural network (CNN). Therefore, we first
establish a three-dimensional discrete coordinate system. Then we calculate the scale of the x, y, z axes for each frame, in
which the two ends of the coordinate axis are the minimum and maximum value of the point cloud data of the axis. Then we
create a 10×32×32 array, and fill the point cloud coordinates of each frame into the corresponding position of the array. It is
worth mentioning that we do not directly filled in the coordinate value but count the number of points located in each array.
This is to avoid having two different coordinates filled in the same position. Thus, we get a three-dimensional array of size
10×32×32 that represents the distribution of the point cloud in this frame. However, when the sampling rate is eight frames
per second, a single frame of data cannot reflect the timing characteristics between frames. Therefore, we developed a fourth
dimension based on the three-dimensional data, which represents the time series, and merged the eight frames of data to
obtain a 4D array with a size of 8×10×32×32. So far, the pre-processing of 3D point cloud data is over.

On the other hand, the pre-processing of range-Doppler data is relatively simple. The range-Doppler data is presented in a
picture-like form. Its abscissa is the range, the ordinate is the Doppler speed, and the value in the picture is the thermal value.
Hence, we export the range-Doppler data from each frame separately and get a 2D array of size 32×32. Then, to synchronize
with 3D point cloud, we merge the range-Doppler data in eight frames, and finally get a 3D array with a size of 8×32×32.

Using only 3D point cloud data as input

Considering that the activities are continuous, there is a timing characteristic between the received frames. Hence, we use a
3D CNN+LSTM network for training and classification. Because the acquisition rate is eight frames per second, and the
duration of each activity is about one second, we pre-process the 3D point cloud data into a four-dimensional array of size
8×10×32×32, which includes the merging of 3D point cloud data received in one second. Because the input of LSTM must
contain the parameter timesteps, we use the ‘TimeDistributed’ layer wrapper to encapsulate the convolutional layer, pooling
layer and flatten layer, adding a time dimension to the input data. As mentioned above, we set the value on this dimension to
8.

In the convolution part, we use the ‘Conv3D-Conv3D-Maxpooling’ structure three times. The parameter settings are the same
with the first network. Then the extracted features are flattened and input into the bidirectional LSTM layer, whose number of
hidden layer units is 16. Finally, a fully connected layer is used for classification after regularization, whose activation
function is Softmax.

Using only range-Doppler data as input

Because a piece of range-Doppler data is actually a superposition of multiple images in the time dimension, we try to use a
3D CNN to train the range-Doppler data. The network is similar to the convolutional part of the point cloud network. We
used the structure of ‘Conv3D-Conv3D-Maxpooling’ three times, where the parameter settings are consistent with the
network in Part B, without the ‘TimeDistributed’ layer wrapper encapsulating the layers. Then we input the features to the
flatten layer and the fully connected layer for classification successively. The network takes eight frames of range Doppler
data as a set of input data, that is, the data with the shape of 8 × 32 × 32 × 1 can be regarded as a three-dimensional single
channel stereo image, so the network can be understood as a classification network of three-dimensional images. But different
from the ordinary image classification network, the input data has not only spatial characteristics, but also temporal
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characteristics. The temporal characteristics can be understood as the series between frames, that is, the characteristics
reflected by Doppler velocity. This network can better learn the characteristics of dynamic actions, rather than only extracting
static two-dimensional features.

Using both 3D point cloud data & range-Doppler data as input

We know that the more types of information describing an object, the higher the classification accuracy and loss will be.
Multimodal fusion is based on this principle [6]. In our study, there are various kinds of information describing an activity,
such as point cloud information, echo intensity information, range-Doppler information, and so on. This information
describes an activity from different aspects, and the information contains different characteristics of the activity. If we extract
these features and fuse them effectively, we can get more comprehensive features than using one kind of information alone.
Therefore, we propose to fuse the features contained in the 3D point cloud information and the range-Doppler information.
Of course, fusing more kinds of features will get a more comprehensive description of the activity, but the difficulty of their
fusion will also increase accordingly, so this paper only fuses the features of point cloud information and range-Doppler
information.

Taking the second network of part B and the first network of part C as an example, the network structure is shown in Fig.1.
We parallelize the networks of part B and C, and input the 3D point cloud data and range-Doppler data into these two
networks respectively. The input of the fully connected layers of the two networks is the features contained in the two kinds
of information, so we output the results of the previous layer of the fully connected layer separately, and found that they are
all two-dimensional, and the first dimension is the amount of data. Hence, we feed these two features into the concatenate
layer, merge them in the second dimension, and get a feature that contains two different features. Finally, we regularize this
feature and feed it into a fully connected layer for classification.

Figure 1. The structure of the parallel network.

3. Experiment and Results

Data Collecting and Experiment Setup

We adopt IWR1843 which is produced by Texas Instruments (TI) for data collecting. The IWR1843 device is an integrated
single-chip millimeter wave sensor based on FMCW radar technology, which can operate in the 76GHz to 81GHz band.
IWR1843 includes three transmitting antennas and four receiving antennas, ADC converters, a DSP subsystem [7].

After configuring, we connect the IWR1843 device to the computer, and place it on a plat-form with a height of 1.2 meters.
The side where the antenna array is located faces the person doing the activity. In the process of data collection, the fixation
of the millimeter-wave radar must be guaranteed. We design six activities, which are boxing in place, jumping in place,
squatting, walking in place, circling in place and high-knee lifting. Each activity is completed by 17 collectors and repeated
for 20 seconds per person. During the data collection process, we decode the hexadecimal 3D point cloud data and range-
Doppler data contained in the signal received by serial port in real time. After using one-hot encoding to label the data, we set
the ratio of the amount of training data to the amount of validation data to be 4:1, that is, the training set accounts for 80% of
the total data, while the verification set accounts for 20%.

Evaluation and Analysis

Using only 3D point cloud data as input
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As mentioned above in the data preprocessing section, we input the acquired 3D point cloud data into the network and then
train them by 100 epochs. The accuracy and loss are shown in Table I. To better evaluate the precision, we visualize the
confusion matrix as shown in Fig.2. Each column of the confusion matrix represents the predicted category, and the total
number of each column represents the number of the data predicted as that category. While each row represents the true
ascribed category of the data, the total number of the data for each row represents the number of data instances of that
category. We find that the prediction difficulty of these activities except circling, which is slightly more difficult, is all close.

Using only range-Doppler data as input

Similar to 3D point cloud data, we combine eight frames of range-Doppler data. After training the network with 100 epochs,
we make Table II. In order to compare the verification accuracy of each action in 3D CNN network, we draw the confusion
matrix, as shown in Fig.3. In this network, we find that high-knee lifting is easy to predict, while circling is relatively difficult
to identify. The spectrograms of other activities are similar.

Using both 3D point cloud data & range-Doppler data as input

It can be concluded that, for point cloud data, the 3D CNN + LSTM has the highest accuracy and the lowest loss among the
two networks. While for range-Doppler data, the 3D CNN performs best. Therefore, we choose these two networks to be the
two parallel branches of the feature fusion network mentioned above. The obtained network structure is shown in Fig.1. After
training, we tabulate the specific values as Table III.

TABLE I. ACCURACY AND LOSS OF THE TWO NETWORKS USING
POINT CLOUD AS INPUT

Network Structure Accuracy Loss

3D CNN + LSTM 96.59 0.129

TABLE II. ACCURACY AND LOSS OF THE TWO NETWORKS USING
POINT CLOUD AS INPUT

Network Structure Accuracy Loss

3D CNN 95.85 0.125
Figure 2. The confusion matrix of 3D CNN + LSTM network.

Figure 3. The confusion matrix of 3D CNN + LSTM network.

TABLE III. ACCURACY AND LOSS OF THE TWO NETWORKS USING
RANGE-DOPPLER AS INPUT

Input Data Kinds Network Structure Accuracy Loss

Only Range-Doppler 3D CNN 95.85 0.125

Only 3D point cloud 3D CNN + LSTM 96.59 0.129
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Both 3D point cloud &
Range-Doppler

3D CNN + LSTM &
3D CNN Parallelized 97.26 0.088

Figure 4. The confusion matrix of 3D CNN + LSTM network.

From the above results, we find that the network using both 3D point cloud data and range-Doppler data as input has better
accuracy and loss than using one of them alone. This shows that using more kinds of data can extract more action features,
which has a positive factor for the improvement of network performance. We also find that the convergence speed of the fusion
network is faster. Like the above two networks, we also draw the confusion matrix, as shown in Fig. 4, so as to analyze the
verification accuracy of each action. We find that the prediction difficulty of these activities is all close except squatting and
circling, which are slightly more difficult to identify.

4. Conclusion

Nowadays, with the deepening of the interconnection of all things, people pay more attention to millimeter wave radar,
which can ensure privacy and performance at the same time. In this paper, depth learning is used to classify people's different
actions collected by millimeter wave radar. Different from previous studies, we increase the types of input data, input 3D point
cloud data and range-Doppler data into the network for training at the same time, and then fuse the extracted features
respectively. Finally, the network preforms better and achieves a recognition accuracy of 97.26%, which is about 1% higher
than other networks with only one kind of data as input. This represents the success of our attempt to increase data types to
achieve higher accuracy. We also consider that we can continue to expand data types, optimize the process of feature extraction,
and better integrate different types of data in order to obtain better network performance, which requires further study.
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Abstract
We generalize the Venkataramani-Kramer-Goyal (VKG) coding scheme for � -

channel multiple descriptions via generating a common description at each layer. The new
achievable rate region coincides with the rate region of symmetrical multilevel diversity
coding (SMDC) for all � ≥ 2, in the special case of zero distortions among reconstructions,
while the VKG region does only when � = 2 . Moreover, we prove that the new region
strictly contains the VKG region.

Index Terms
multiple descriptions, VKG region, common description, SMDC, superposition coding.

1. Introduction
In the multiple description problem, a memoryless source is encoded by a number of

encoders. There are several decoders, each of which can access a certain subset of the
encoders and reconstruct the source with a certain distortion criterion. The description by
each encoder is either received errorfree or completely lost. The problem is to characterize
the rate-distortion region, which is the set of all achievable rate-distortion tuples.

The optimal scheme for generating even two descriptions remains unknown. El
Gamal and Cover (EGC) obtained an achievable region for 2-description problem in [1].
Ozarow [2] proved the EGC inner bound is tight for Gaussian source and mean squared
error distortion measures. Ahlswede proved the tightness of EGC region for the no excess
rate case in [3].

Zhang and Berger [4] obtained a tighter inner bound by generating a common
description and refining it with EGC coding scheme. This is the best result till now for the
2-description problem. Venkataramani, Kramer, and Goyal (VKG) generalized Zhang-
Berger inner bound into the general �-description case in [5]. Wang et. al. [6] proved that
the VKG region, when specialized to the 2-description case, is equivalent to Zhang-Berger
region.

In this paper, we focus on the � -channel multiple description (MD) problem. A
decoder is said to be in level- � , if it can access a set of � encoders. We define a set of
additional distortion measures among each level of reconstructions. When these additional
distortions are set to be zero and reconstructions within the same level are identical, the
multiple description problem is specialized to symmetrical multilevel diversity coding
(SMDC), which was introduced by Roche [7] and Yeung [8]. The achievable rate region
for SMDC system was determined in [9][10]. In particular, it was shown that a strategy
known as superposition coding is optimal, where the sources are encoded separately. In
this paper, we confine our discussion to SMDC with distortions, and denote � -channel
problem as SMDC-�.

In the special case of zero distortions among reconstructions, we find that Zhang-
Berger inner bound and thus VKG-2 coincides with the rate-distortion region of SMDC-2.
However, when � ≥ 3 , the corresponding VKG region is exactly contained in the rate
region of SMDC, which implies that VKG is not tight in the special case.

We notice that when generalizing Zhang-Berger coding scheme, VKG only involved
one common description in the first layer. Here a further generalization is proposed, where
we generate a common description at each level, and then refine them using the VKG



IEEE COMSOCMMTC Communications - Frontiers

http://www.comsoc.org/~mmc/ 14/22 Vol.15, No.5, September 2020

coding scheme. We apply the idea of superposition to deal with the common descriptions
and the VKG refinement. Similar ideas can also be found in [11], which is called
combinatorial message sharing.

The new inner bound, when specialized to the case of zero distortions among
reconstructions, coincides with the rate region of SMDC for all � ≥ 2. Therefore, our new
inner bound strictly improves the VKG region. The newly introduced common
descriptions compared with VKG scheme play the same role of improvement as Zhang-
Berger’s common description. The work is partially presented in [12], which involves
some detailed proofs.

The rest of the paper is organized as follows. In Section 2, we state our problem and
describe some existing results. In Section 3, we discuss the VKG region in the special case
where distortions among reconstructions are zero. We propose a new coding strategy and

show its strict improvement against VKG in Section 4. We conclude the paper in Section 5.

2. Problem Formulation and Existing Results
2.1 Problem Statement

Let �� (denoted by � ) be the discrete memoryless source sequence with generic
random variable � taking value from finite alphabet �. The �-channel multiple description
problem is depicted in Fig. 1. The single source is encoded by a set of encoders, indexed
by ℒ = {1,2, . ⋯, �}. A set of decoders are required to reconstruct the source, where each
decoder is indexed by the index set � of its accessible encoders. Decoder � ⊆ ℒ, � ≠ ∅
reconstructs the source as ��� , where ����, � = 1,2,⋯, � take values in some finite
reproduction alphabet ��� . We denote decoders that access � (� ∈ ℒ) encoders as level-�
decoders. As in Fig. 1, we will often simplify notation by dropping braces of sets when no
confusion arises.

We define a single-letter distortion measure ��: � × ��� → ℝ+ for each reconstruction, where ℝ+

is the set of nonnegative reals. The distortion measure between the source sequence and respective
reconstruction sequences are defined by the average distortion per symbol

�� �, ��� ≜
1
�
�=1

�

��� ��, ���� , � ⊆ ℒ,� ≠ ∅. # 1

Additional to the usual set up of multiple description problem, we define distortion measures among the
same level reconstructions via

Fig. 1. The �-channel Multiple Description
Model
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�(�) ��(�) ≜
1
�
�=1

�

� �� �� � , � ∈ ℒ, # 2

where �(�): �(�) → ℝ+ is the corresponding single-letter distortion measure, and ��(�) is a shorthand for
{���: � = �} and �(�) for the Cartesian product of ��, � = � . We assume that �� and �(�) are
upper-bounded by �max for all� ∈ 2ℒ − {∅} and � ∈ ℒ.

Formally, an �, ��, Δ�, Δ(�), � ∈ ℒ, � ∈ 2ℒ − {∅} code is defined by the encoding functions
��: �� → 0,1,2,⋯,�� − 1 , � ∈ ℒ, # 3

and the decoding functions
��:

�∈�

0,1,2,⋯,�� − 1� → ���
� , � ⊆ ℒ,� ≠ ∅# 4

and the expected distortions

Δ� = �
1
�
�=1

�

��� ��, ���� , � ⊆ ℒ,� ≠ ∅# 5

Δ(�) = �
1
�
�=1

�

� �� �� � , � ∈ ℒ. #(6)

A rate-distortion tuple ��, �(�), � ∈ ℒ, ��, � ∈ 2ℒ − {∅} is achievable if for every � > 0, there exists
for sufficiently large �, an �, ��, Δ�, Δ(�), � ∈ ℒ, � ∈ 2ℒ − {∅} code such that

1
�
log�� ≤ �� + �, � ∈ ℒ # 7

and
Δ� ≤ �� , � ⊆ ℒ,� ≠ ∅# 8

Δ(�) ≤ �(�), � ∈ ℒ. #(9)
The multiple description rate-distortion region ℛ is the set of all achievable rate-distortion tuples. Our
goal is to find the rate-distortion region ℛ.

2.2 VKG Region
The first general result for the 2-channel case was derived by El Gamal and Cover in [1]. Zhang and
Berger [4] proposed a tighter inner bound by generating a common description before applying the
EGC coding scheme. Venkataramani, Kramer and Goyal (VKG) generalized the results of EGC and
Zhang-Berger to L-description problem in [5]. We now restate their result.
Theorem 1 (VKG [5]): Let ��(2ℒ) be any set of 2� random variables jointly distributed
with �, where ��∅ takes values in some finite alphabets �� ∅ and each ��� takes values in
the reproduction alphabets ���, � ≠ ∅ . Then the rate-distortion region of the �-channel
multiple description problem contains the rate-distortion tuples ��, ��, � ∈ ℒ, � ∈ 2ℒ − {∅}
satisfying

�� ≥ ���(�, ���), # 10

�� ≥ � − 1 � �; ��∅ − � �� 2� |� +
ℳ⊆�

� ��ℳ|��(2ℳ−{ℳ})� #(11)

where �� is a shorthand for �∈���� and ��(�) for {��ℳ:ℳ ∈ �}, and we interpret ��( ∅ −{∅}) = ��(∅) as
a constant.

Remark 1: The VKG region is a convex set, since we can incorporate a time-sharing random
variable into ��(∅).

Remark 2: Since the distortion measures among the reconstructions are first introduced in this
paper, it suffices to set these distortion fidelities �(�) = ∞ for all � ∈ ℒ.

2.3 Symmetrical Multilevel Diversity Coding (SMDC)
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SMDC was first introduced by Roche [7] and Yeung [8], where the word “symmetrical” refers to
the fact that the reconstruction depends on the set of accessible encoders only via its cardinality. The 3-
level case was solved in [9], and �-level case in [10].

We now confine our discussion to SMDC with distortions, which is illustrated in Fig. 2 as a 3-
level example. There is only one source sequence �, and the reconstructions within the same level are
identical due to the same distortion criteria. The optimality of superposition coding, which is shown in
[10], can be easily generalized to the lossy case here.

The superposition rate-distortion region of lossy SMDC is characterized in the following lemma.
For simplicity, we write ��, � ∈ ℒ as a shorthand for level-� reproduction random variable ��1,2,⋯,� and
�� for �1,2,⋯,�, when no confusion is caused here.

Lemma 1 (superposition region): A nonnegative rate-distortion tuple �1, ⋯, ��, �1, ⋯, �� is
achievable for SMDC if and only if

���(�, ��) ≤ ��, � ∈ ℒ # 12
and

�� =
�=1

�

���� , � ∈ ℒ # 13

for some ��� ≥ 0, 1 ≤ � ≤ �, satisfying

�∈�

��
|�| ≥ � �; �|�||�1

� −1� , for � ∈ 2ℒ − ∅ , # 14

where
�1

� −1 = �1, �2, ⋯, � � −1 . # 15

3. VKG Region in the Special Case of SMDC
The VKG region, which extends EGC region and Zhang-Berger region, is an inner

bound of the � -channel multiple description problem. Wang et. al. [6] proved the
equivalence of RV KG and RZB for � = 2 , which appeared as a consequence of the fact
that the final layer in the VKG scheme is dispensable. We restate the result in the
following lemma, whose proof can be found in [12].

Lemma 2: ℛ���2 = ℛ��.

3.1 Equivalence between VKG-2 and SMDC-2
The difference between multiple descriptions and SMDC lies in the fact that reconstructions within

the same level are required to be identical due to the same distortion criteria in SMDC. We introduce
distortion measures among reconstructions in this paper to unify the two problems.

First we assume that the distortion criteria within the same level are identical, which is
�� = �ℳ# 16

Fig. 2. Symmetrical multilevel diversity coding with
distortions (L = 3)
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and
�� = �ℳ# 17

for all�,ℳ ∈ 2ℒ − {∅} such that |�| = |ℳ|.
Now define the distortion measures among the reconstructions as Hamming distortions

� � �� � = 0, if ��� = ��ℳ for all |�| = |ℳ| = �
1, otherwise # 18

for all � ∈ ℒ. If the corresponding distortion fidelities are set to be zero,
�(�) = 0# 19

then the multiple description problem reduces to SMDC with distortions. We denote the VKG region
under condition (19) as ℛ���

∗ .
Since Hamming distortion fidelities among the reconstructions are set to be zero, the

reconstruction random variables in ℛ���
∗ should satisfy
�� � �� � = 0, � ∈ ℒ, # 20

which implies that
��� = ��ℳ# 21

for all�,ℳ ∈ 2ℒ − {∅} such that |�| = |ℳ|.
We shall show that the VKG region ℛ���

∗ and thus the corresponding Zhang-Berger region
coincides with the superposition rate-distortion region of SMDC-2. The proof is omitted here and can
be found in [12].

Theorem 2: ℛ���
∗ = ℛ����2.

Since the zero-distortion condition (19) is looser than the requirement of SMDC that
reconstructions within the same level are identical, the rate-distortion region of multiple descriptions
with condition (19) should contain the rate-distortion region of SMDC. Now, when � = 2 , the VKG
inner bound of multiple description problem coincides with the rate-distortion region of SMDC.

3.2 Non-tightness of VKG-3
Consider the 3-description case with condition (18)(19), which indicates ��1 = ��2 = ��3 and

��12 = ��13 = ��23 . The VKG inner bound ℛ���3
∗ is the set of rate-distortion tuples

(�1, �2, �3, �1, �12, �123) , for which there exists an auxiliary random variable ��∅ jointly distributed
with �, such that

�1 ≥ ��1(�, ��1), # 22
�12 ≥ ��12(�, ��12), # 23

�123 ≥ ��123(�, ��123), # 24
�� ≥ � �; ��1, ��∅ , � = 1,2,3#(25)

�� + �� ≥ � �; ��1, ��∅ + � �; ��1, ��12, ��∅ + �(��1|�, ��∅), 1 ≤ � < � ≤ 3#(26)
�1 + �2 + �3 ≥ � �; ��1, ��12, ��123, ��∅ + 2�(�; ��∅) + 2�(��1, ��12|��∅)#(27)

where ��1, ��12, ��123 take values in the reproduction alphabets�� 1, �� 12, and �� 123, respectively.
Remark 3: Since �1 = �2 = �3 and �12 = �13 = �23 , we only consider �1 and �12 in the

discussion for simplicity, and omit the zero distortion criteria �(1) = �(2) = 0.
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We now compare regions ℛ���3
∗ and ℛ����3 in Fig. 3 for some valid ��1, ��12, ��123 , where

ℛ����3 is specified by blue lines with corner points (��) and ℛ���3
∗ is characterized by red lines with

corner points (��).

Focusing on the relation between two points �1 and �1, we find that
�1
�1 − �1

�1 = �(�; ��∅|��1) ≥ 0 # 28
�2
�1 − �2

�1 = � �; ��∅ ��1, ��12 + �(��1|�, ��∅) ≥ 0#(29)
�3
�1 − �3

�1 = � �; ��∅ ��1, ��12, ��123 + � �; ��12 ��1, ��∅ #
+� ��12 �,��1, ��∅ +� ��1, ��12 �,��∅ ≥ 0#(30)

which indicates that �1 is always contained in ℛ����3 . Similar results hold for the other corner points
�2, ⋯, �6 of ℛ���3

∗ . Since at least one of the following two conditions happen,
i. �7, �8, �9 are always active,
ii. equalities in (28), (29), and (30) do not hold,

we conclude that ℛ����3 properly contains ℛ���3
∗ . This further implies that ℛ���3

∗ is not tight, since
ℛ����3 is obviously an inner bound of the rate-distortion region of multiple description with condition
(19). Similar results hold for � > 3.

4. Main Results
Since ℛ���

∗ is exactly contained in ℛ���� when � ≥ 3 , we want to close the gap.
Inspired by the improvement of Zhang-Berger inner bound against EGC region, we
propose a new coding scheme via adding a common description at each layer of VKG
scheme. The common descriptions perform superposition coding as SMDC, where the
description of layer � is recovered due to the same distortion criteria if any � encoders are
accessible. We then refine the common description of each layer using the corresponding
layer of VKG scheme.

Fig. 3. Comparison between VKG inner bound and the region
of SMDC
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The inner bound derived from the new coding scheme coincides with the SMDC rate-
distortion region under the zero-distortion condition (19). Therefore, by introducing the
common descriptions, our new coding scheme improves the VKG scheme.

4.1 A New Inner Bound
Our main result is an inner bound to the rate-distortion region for �-channel multiple

descriptions. In the following discussion, we define ��∅ and �� to be constants. Denote
��(�) ≜ ���: |�| = � # 31

as the collection of all level-� reconstructions. For example,
�� 1 = ��1, ��2, ⋯, ��� # 32

�� 2 = ��12, ��13, ⋯, ���−1, � # 33
�� � = ��1,2,⋯,� # 34

For any � ⊆ ℒ with cardinality |�| = �, denote
���

� ≜ ���: � ⊆ �, |�| = � # 35
as the collection of all level-� reconstructions when only the encoders indexed by � are
available. We write ��(�) as a shorthand for {��ℳ:ℳ ∈ �}.

Let auxiliary random variables �1, ⋯, ��−1 take values in some finite alphabets
�1, ⋯,��−1 , and ��� take values in reproduction alphabets ���, � ∈ 2ℒ − {∅, ℒ} . Now
we state our main theorem as follows.

Theorem 3: A rate-distortion tuple ��, � � , ��, � ∈ ℒ, � ∈ 2ℒ − {∅} is achievable
for �-channel multiple description problem, if

�d� �, ��� ≤ �� , � ∈ 2ℒ − {∅}# 36
�d(�) �� � ≤ �(�), � ∈ ℒ. #(37)

and

�� =
�=0

�−1

���� , � ∈ ℒ# 38

for some ��� ≥ 0, 0 ≤ � ≤ �-1, satisfying

�∈�

��
|�| ≥ � �; �|�||�1

� −1� , for � ∈ 2ℒ − ∅, ℒ # 39

and
��0 ≥ � � , � ⊆ ℒ# 40

where
�1
|�|−1 = �1, �2, ⋯, � � −1 , # 41

and � � , � ⊆ ℒ is defined via

� � =
�=1

|�|

�⊆�,|�|=�

� ���|�� 2�− � , �1, ⋯, ��� − � ��(2�)|�, �1, ⋯, ��−1 .� # 42

Proof: The theorem can be proved by a coding scheme that introducing more
auxiliary random variables compared to VKG. The details can be found in [12], which are
omitted here.

The idea of superposition coding is introduced to obtain Theorem 3, thus we denote
the corresponding inner bound as ℛ���.

4.2 Equivalence between the New Inner Bound and SMDC-L
We now consider the special case of zero distortion fidelities among reconstructions,

where conditions (18)(19) are satisfied. Likewise, denote the resulting inner bound as ℛ���
∗ .

We shall show the new inner bound ℛ���
∗ coincides with the rate-distortion region in

Lemma 1. The detailed proof is given in [12] and thus omitted here.
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Theorem 4: ℛ���
∗ = ℛ����.

Remark 4: Theorem 4 only states that the inner bound ℛ���
∗ coincides with ℛ���� . But

since condition (19) is looser than the symmetrical reconstruction requirement of SMDC,
ℛ���� is of course an inner bound for multiple description problem with conditions
(18)(19). The tightness of ℛ���

∗ has not yet been shown.

4.3 Strict Improvement Against VKG
We now show that our new inner bound ℛ��� reduces to VKG region ℛ��� , via

setting
�2 = �3 = ⋯��−1 = 0# 43

where the values of �(�) reduce to

�' � =
�=1

�

�⊆�, � =�

� ���|�� 2�− � , �1� − � ��(2�)|�, �1� # 44

=
�⊆�

� ���|�� 2�− � , �1� − � ��(2�)|�, �1 # 45

and the rates corresponding to common descriptions reduce to
��1 ≥ �(�; �1)# 46

��� = 0, ��� � = 2,3,⋯, � − 1.# 47
Thus, the rates of each encoder reduces to

�� = ��0 + ��1, � ∈ ℒ# 48
which implies

�� ≥ �' � + � ⋅ �(�; �1)# 49

= � − 1 � �;�1 − � ��(2�), �1|� + � �1 +
�⊆�

� ���|�� 2�− � , �1� . # 50

Note that ��∅ = 0 in (50). We can further replace �1 by ��∅ to obtain the inner bounds in
Theorem 3, which implies

ℛ��� ⊆ ℛ���. # 51
In the special case where conditions (18)(19) are satisfied, VKG region is strictly
contained in ℛ���� (Section 3.2), which coincides with our new inner bound ℛ���

∗ (Section
4.2). This indicates that

ℛ���
∗ ⊆ ℛ���

∗ . # 52
Therefore, we conclude that our new inner bound strictly improves VKG inner bound.

5. Conclusion and Future Study
This paper considered the problem of �-channel multiple descriptions, where we proposed
distortion criteria among reconstructions within the same level. It generalized the work in
[5], via generating a common description at each layer and then refining it with the VKG
coding scheme. We showed the new coding strategy strictly improves the VKG scheme.
In this paper, we discussed the special case of zero distortions among reconstructions, in
which the new inner bound coincides with the rate-distortion region of SMDC. But
whether the inner bound is tight under the special case remains unknown and will be
explored in future work.
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