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Abstract— The advent of artificial intelligence and Internet of
Things has led to the seamless transition turning the big data into
the big knowledge. The deep learning models, which assimilate
knowledge from large-scale data, can be regarded as an alterna-
tive but promising modality of knowledge for artificial intelligence
services. Yet, the compression, storage, and communication of
the deep learning models towards better knowledge services,
especially over networks, pose a set of challenging problems on
both industrial and academic realms. This paper presents the
deep learning model communication paradigm based on multiple
model compression, which greatly exploits the redundancy among
multiple deep learning models in different application scenarios.
We analyze the potential and demonstrate the promise of the
compression strategy for deep learning model communication
through a set of experiments. Moreover, the interoperability in
deep learning model communication, which is enabled based on
the standardization of compact deep learning model representa-
tion, is also discussed and envisioned.

Index Terms— Deep learning, deep learning model communi-
cation, neural network compression, knowledge centric network.

I. INTRODUCTION

THE evolution of ubiquitous computing and widely
deployed Internet of Things (IoT) [1] are sensing and

processing tremendous growth of data, which are featured with
unstructured, noisy, and high redundancy. With the advance
of artificial intelligence, there has been an increasing demand
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Fig. 1. Illustration of knowledge communication with deep learning model,
and the deep learning models are required to be compressed and transmitted
sequentially.

in turning the raw data into knowledge, which is of para-
mount significance for decision, optimization and analytics [2].
The deep learning models, such as AlexNet, VGG, ResNet
[3]–[5], which are mostly learned from large scale data, can
be regarded as a specific modality of knowledge implying the
unique data statistics and the mechanism of domain applica-
tions. In order to facilitate the knowledge assimilation and
utilization with deep learning techniques, the knowledge dis-
tribution is essentially important in bridging the gap between
the computationally expensive learning process and the limited
capabilities afforded in end devices. This raises fundamental
challenges in deep learning model communication over net-
works, which are critical for a wide variety of applications.

The temporally dynamic data sensed from the ambient
environments are constantly creating new knowledge that can
play a complementary role of the existing model. In order to
understand the current state and predict the future, knowledge
updating at a certain level is highly desired. Generally speak-
ing, the new model can be generated at the cloud side and then
distributed to the IoT, such that knowledge is propagated to
facilitate better intelligent applications. As illustrated in Fig. 1,
deep learning models are delivered frequently for better uti-
lization with the services of IoT. Alternatively, the distributed
generation of the deep learning models at the edge end
also requires the models to be further transmitted and fused.
For the same task or intrinsically similar tasks, there exists
high correlation among different models even with different
domains of the training data. In particular, they may share
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some common layers or the learned weights may have high
correlations. This motivates a new paradigm that exploits the
inter model redundancy in the model communication, aiming
to compactly and efficiently deliver the deep learning models
with the help of the external information. This is different
from the state-of-the-art deep neural network compression
methodologies [6]–[9] in nature, which target at seeking the
compact representation of an isolated model.

The concept of the Knowledge Centric Networking (KCN),
which was proposed in [2], reinforces the importance of
knowledge penetrated into both sensing and networking.
In KCN, the knowledge creation, composition and distribution
are three vital components that drive the networking to be
smarter and better managed. In line with the concept of KCN,
to provide better services with knowledge, one key ingredient
is exchanging the knowledge in terms of deep learning models.
This requires the extension of the traditional neural network
compression in terms of motivation, application scope as well
as the methodology. In this context, important and challeng-
ing issues regarding deep learning model communication are
raised accordingly. Furthermore, regarding the transmission
and communication of deep learning models, we have also
witnessed a strong demand in the standardization of deep
learning model representation to enable the interoperability.

Motivated from these substantially different principles,
in this paper we investigate a new deep learning model
communication paradigm based on the exploration of the
inter redundancy deep learning model compression, aiming to
provide better services of knowledge over networks. In other
words, we investigate deep learning model communication
through model compression based on the redundancy among
different models. The main contributions of this paper are
summarized as follows:

• The neural network model communication paradigm,
which reformulates the exchange of knowledge in the
context of KCN and artificial intelligence, is presented
and analyzed.

• The model prediction and compression based on the
removal of inter-model redundancy from the viewpoint
of communication and transmission, are investigated to
pursue better coding efficiency.

• The performance of the deep learning model communi-
cation for knowledge utilization is validated from various
perspectives, and the future standardization of the deep
model compression is discussed and envisioned.

II. RELATED WORK

In this section, we first review the recent deep learning
model compression techniques, indicate the limitation of these
methods and detail the relationship with the proposed scheme.
Subsequently, the KCN is introduced based on a few examples
regarding visual data, to better illustrate the idea of knowledge
communication.

A. Deep Learning and Network Compression

Deep learning based methodologies have achieved great
success in many fields including computer vision, speech
recognition, nature language processing, etc. Recently, a vast

amount of deep learning models are designed, trained and
widely distributed for practical applications. For example, for
Convolutional Neural Network (CNN), various CNN based
architectures including VGG [3], Resnet [5], GoogleNet [10],
DenseNet [11], have been widely adopted in computer vision
tasks such as image classification [3], [5], facial recogni-
tion [12] and object detection [13]. Moreover, Recurrent
Neural Network (RNN) [14] has also been widely employed
due to its capability in characterizing the dynamic temporal
behaviors. The Generative Adversarial Network (GAN) [15],
[16] and its variations, which can also be built upon CNN,
have also attracted a lot of interests in the generative tasks.

Despite the great promises of deep learning in these tasks,
most of the deep neural networks suffer from the enormous
cost in terms of both storage and computation due to the
huge amount of parameters. For example, the VGG-16 [3]
has more than 60M parameters, and it is widely acknowl-
edged that there exists abundant redundancy for parameters in
the deep neural networks [17], such that the deep learning
models can be potentially compressed without sacrificing
the performance. Therefore, numerous deep neural network
compression methods are arising, and the present approaches
of neural network compression can be divided into 6 different
categories: 1) parameters pruning; 2) matrix factorization; 3)
filter selection; 4) quantization; 5) knowledge transfer; 6)
network redesign.

1) Parameters Pruning: The premier design philoso-
phy of parameter pruning is pruning the neurons with
weak response or unnecessary neurons within the network.
Han et al. [6] proposed to prune the neurons below a given
threshold. Guo et al. [18] proposed the Dynamic Network
Surgery (DNS) to prune parameters during gradient decent
steps with a mask matrix. Dong et al. [19] proposed a layer-
wise Optimal Brain Surgeon (OBS) that prunes considerable
number of parameters with marginal degradation in perfor-
mance. Regarding the fully-connected layers, circulant struc-
ture based on Fast Fourier Transform has also been proposed
[20], [21].

2) Matrix Factorization: The whole neuron weight can be
regarded as a matrix, which can be further reconstructed
based on the low rank methods. In [22], low rank and sparse
decomposition are applied for matrix compression. In [23],
the fully-connected layer compression based on domain adap-
tive low rank decomposition was proposed. In [24], the global
reconstruction error was considered to further optimize the
compression process.

3) Filter Selection: The strategy of filter selection treats
the whole weight matrix as the combination of multiple
filters, such that unnecessary filters can be removed to achieve
identical goal as the pruning. In [7], LASSO regression based
channel selection and least square reconstruction strategy were
proposed. Moreover, the method in [25] makes use of the
information in frequency domain to prune the channel of
models, and the work in [26] accomplishes the decomposition
in channel level to prune filters. In [27], Batch-norm Layer
was utilized to select the unimportant channels.

4) Quantization: Quantization is a classical method in com-
pactly representing the weight. The work in [28] first proposed
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to quantize the deep model using vector quantization. The
incremental network quantization (INQ) was proposed in [29],
which combined the network pruning and INQ as an integrated
compression framework. In [30], the pruning and quantiza-
tion were combined based on the principle of Bayesian and
minimum description length. Dong et al. [19] proposed an
extreme quantization approach to reach the extremely high
compression ratio with satisfied performance, and Bloomier
filter was further used in [31] to obtain better compression
ratio.

5) Knowledge Transfer: The knowledge distillation aims to
transfer knowledge from a large scale teacher network into a
small scale student model. The work in [32] proposed to learn
the classification distributions with knowledge distillation. In
[9], the knowledge from the teach network was learned with
the neurons in the higher hidden layers.

6) Network Redesign: The neural network can be
redesigned based on light-weight network structures or well-
designed modules. Binary network are typical examples for
network redesign, such as BinaryNet [33] and XNORNet [34].
SqueezeNet [35], which achieves the same accuracy of
Alexnet, was designed with a fire module that uses 1∗1 con-
volutional filter. Analogously, MobileNet in [36] also utilizes
the 1*1 convolution as well as the Depthwise Separable Con-
volution (DSC). Xie et al. [37] adjusted the original ResNet
structure using an aggregated transformation to filters, which
is named as ResNeXt. In [38], the ResNet was redesigned with
more weight-sharing blocks.

In this work, we are not simply aiming at proposing a
new deep model compression method to reduce the number
of parameters and economize weight storage space. Instead,
we attempt to view and resolve the problem of deep model
communication from a completely different perspective, and
propose to compress models based on the redundancy among
different models. This scheme can also be feasibly combined
with the existing compression methods mentioned above to
form an integrated compression and communication frame-
work. Moreover, it is also worth noting that distributing the
training task also has the concerns of the communication cost,
which motivates the deep gradient compression approach in
[39]. In particular, in [39] the techniques such as momentum
correction and local gradient clipping were used to achieve
deep gradient compression. Our approach is different from this
work in principle. We aim to decrease the communication cost
for deep model transmission while distribution training targets
for reducing transmission cost of the continuous gradient. As
such, in our work the inter redundancy among different models
is exploited to reduce the transmission cost, in contrast to the
significant gradient changes.

B. Knowledge Centric Networking

The concept of KCN [2], which is inspired by the
rapid development of deep learning and refers to the
knowledge-oriented networking paradigm, has largely
reformed the traditional Content Centric Networking (CCN)
with machine learning based knowledge creation, composition
and distribution. In KCN, the created knowledge, which serves

as the modality for transmission and utilization instead of the
raw data, can greatly facilitate the removal of redundancy
and enhance the intelligence level of the networking system.

Herein, the surveillance video data, which are regarded
as the biggest big data, are used for illustration regarding
the knowledge creation and distribution. Traditional CCN
based strategy deals with the surveillance video streams,
which are generated by typical video coding standards such
as H.265/HEVC [40] and AVS2/IEEE 1857.4 [41]. Though
numerous efforts have been devoted to improving the coding
performance, the state-of-the-art compression efficiency still
cannot meet the exponential increase in the demand for high
efficiency coding algorithms due to the video data explosion.
For surveillance video, instead of raw pixels, image/video
analyses are performed relying on the extracted features, which
can also be regarded as one kind of knowledge modality.
As such, conveying the powerful and discriminative features
becomes an alternative and promising way towards future
knowledge communication. This paradigm is also in line
with the analyze-then-compression framework, which has been
detailed in [42] and [43]. For feature compression, both
handcrafted and CNN features have been widely investigated
[44]–[46]. In particular, the MPEG has also accomplished the
Compact Descriptors for Visual Search (CDVS) [47] standard,
which was developed based on compact representation of
handcrafted features. The subsequent Compact Descriptors
for Video Analysis (CDVA) standard [48] combines both
handcrafted features and deep learning features, such that
much better analysis performance can be achieved for video
analysis. Though numerous approaches have been proposed
for feature compression, in the context of knowledge creation
and communication, the scope of knowledge can be further
extended in several ways. In particular, deep learning model
can be regarded as the special modality of knowledge, and
transmission as well as standardization of compact deep
learning models are of special interest to facilitate knowledge
communication.

III. DEEP LEARNING MODEL COMPRESSION IN A

KNOWLEDGE COMMUNICATION FRAMEWORK

In this section, the problem of deep learning model com-
pression is thought of within a knowledge communication
framework, and the application scenarios are demonstrated
through both cloud computing and edge computing. Subse-
quently, the knowledge communications with deep learning
models are illustrated in the context of KCN, and the concepts
regarding knowledge creation, composition and distribution
based on deep learning models are further extended.

A. Application Scenarios

1) Knowledge Communication Based on Cloud Computing:
The IoTs are constantly generating data, which are subjected
to be further utilized to sense the current dynamics, make
decisions and forecast the future. In cloud computing, the out-
sourcing of storage and computational capabilities to a cen-
tralized party fills the large gap between the low capabilities
of the IoT and high demand in the computationally expensive
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Fig. 2. Illustration of knowledge communication framework with edge computing. Deep models can be transmitted from edge to edge, edge to cloud, as well
as edge to the IoT devices.

applications. As such, the data are usually converged to the
cloud server side, which can be progressively used for model
training. Moreover, with the gradually enabled capabilities
of intelligent tasks performed at the IoT, the trained models
can be subsequently distributed to the IoT to improve the
availability of the data with compact representation, feature
extraction and analytics.

Again, an excellent example is the visual sensing
in smart city. In particular, the front-end cameras in
smart city constantly capture the visual data, which are
further transmitted to the cloud side. Given the constantly
generated data, the deep learning models can be gradually
learned or finetuned. As such, the temporally dynamic visual
data from different locations are consistently providing new
knowledge and enhancing the capability of the current model.
Under such circumstances, the deployed deep learning models
at the front-end are desired to be frequently updated, such
that there is a great demand to economize the bandwidth
and cost of delivering and distributing the deep models.
Due to the high redundancy between the deep learning
models generated sequentially, the deep learning model
compression based on inter model prediction is strongly
desired.

2) Knowledge Communication Based on Edge Computing:
One of the most challenging aspects for cloud computing lies
in the growing quantity of data pulled from IoT and pushed
by cloud, such that the bandwidth for data transportation
limits the performance of cloud services. The edge computing
[49], which leverages the computation resources between the
central cloud server and the data sources, is emerging as
an alternative paradigm to enable the computation performed
close to the data sources. By offloading the computations
from cloud and caching the data at the edge side, the user
experience can be significantly improved. The illustration of
such a communication framework is shown in Fig. 2, where
deep learning models are transmitted from edge to edge, edge
to cloud as well as edge to the IoT devices.

In the context of edge computing, the knowledge communi-
cations can also find their own applications between edge and
edge, as well as cloud and edge. Regarding the visual sensing
for smart city applications, the front-end cameras generate new
data from different areas, which are subsequently transmitted
to the corresponding local edge for further processing. As
such, the communications of knowledge in terms of deep
learning models at different granularity levels can be sum-
marized as follows:

(a) Knowledge communication between edge and cloud:
Each edge node can generate the corresponding deep learning
model based on the local data. The deep learning models can
then be uploaded to the cloud server for convergence. In par-
ticular, the cloud servers can gather the deep learning models
instead of the data from different edges, and then distribute
multiple deep learning models to the front-end for utilization
and decision-level fusion. In this process, the exploration of
inter deep learning model redundancy based on prediction and
compensation can greatly improve the compression efficiency
of a set of deep learning models.

(b) Knowledge communication between edge and edge: The
generated model at one edge node can be specifically requested
by the other edge node for performing particular tasks. For
example, the trained model at one local area can be transmitted
to another edge node for further fine-tuning based on its own
data. This also requires frequent knowledge communication
between edge and edge in terms of deep learning models.
Again, the removal of the redundancy between different mod-
els generated in temporal domain can greatly facilitate the
frequent deep learning model update over networks.

B. Towards KCN

The deep learning model communication can be fully
explained within the KCN paradigm. In particular, KCN aims
to achieve knowledge-oriented networking based on knowl-
edge creation, composition and distribution. For knowledge
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creation, the scope of knowledge has been extended to the
deep learning model, as the parameters of the model are highly
representative for the data as well as the specific task. More-
over, the deep learning models are also capable of conveying
meaningful information [50], [51] according to visualization.
The knowledge from multiple domains or learned with mul-
tiple modalities can be further composited for decision and
prediction. The knowledge compositions at different levels
aim to achieve different specific objectives, and the pre-
trained and half-trained models are also involved as in this
case abundant knowledge has already been absorbed from
the external training samples such as ImageNet [52]. For
knowledge distribution, the transmission of the deep learning
model, especially multiple deep learning models, is essentially
important. As such, the compression of the deep learning
models by fully exploiting and removing the redundancy
serves as the foundation for efficient knowledge distribution.
Moreover, to provide a standardized bitstream syntax to enable
interoperability in the context of knowledge distribution and
communication, the standardization of model compact repre-
sentation in reducing the computation and memory footprint
becomes an emerging and important topic for investigation.

IV. DEEP LEARNING MODEL COMPRESSION WITH INTER

MODEL REDUNDANCY REMOVAL

The application scope of deep learning model compression
is far beyond the deployment on embedded systems of con-
strained hardware resources. In essence, any deep learning
model communication scenario would involve certain model
compression, either explicitly or implicitly. In this section,
we will show how to explore the inter model redundancy to
facilitate the communication of deep learning models, such
that efficient knowledge distribution can be further supported
as a service over networks.

A. Single Model Compression

In this subsection, we first investigate the single model
compression to compactly represent the deep neural network.
In particular, the weights are quantized and entropy coded
to remove the precision and statistical redundancy. As such,
we are not aiming to squeeze the single model as smaller as
possible due to the fact it will be used as the reference for
future prediction. Such a single model compression method
also lays the foundation to reflect the performance of multiple
model compression discussed in Section IV-B.

The weights in deep neural network are quantized based on
a scalar quantization approach. In analogies to video coding,
given the weight w, it can be quantized to qw with the
quantization step as follows,

qw = round

(
w × 10s_bits + f × 10q_bits

10q_bits

)
. (1)

Here, s_bits is the fixed parameter for the amplification of
the weights, and q_bits is the parameter that determines
the quantization step to quantize the weights. More specifi-
cally, higher q_bits corresponds to coarse quantization levels,
leading to worse prediction accuracy and less coding bits.

Fig. 3. Illustration of the weight distribution. (a) The weight distributions
of different deep learning models for image classification; (b) the weight
distributions of similar structure deep learning models for different tasks. The
x axis is divided with equal space 0.0002, and only weights within the range
of [−0.1 0.1] in (a) and [−0.04, 0.04] in (b) are displayed.

The parameter f is introduced to maintain an equal expected
value for the input weight and de-quantized weight [8]. In par-
ticular, we provide some typical weight distributions, as illus-
trated in Fig. 3. It is observed that the weights follow typical
Generalized Gaussian Distribution [53], such that f should
be defined in the range between [0, 0.5]. Here, we choose
f = 0.4. To obtain the final bitstream, the quantized weights
are further subjected to binarization and lzma coding [54].

At the receiver side, the quantized weight qw is further de-
quantized to recover the deep neural network, and the de-
quantized weight w′ is calculated as follows,

w′ = (qw × 10q_bits−s_bits). (2)

Basically, we target at providing a conceptually meaningful
way for deep learning model communication by removing inter
model redundancy, and the fundamental single deep learning
approach is adopted here, which is also feasible to be extended
to more sophisticated methods such as network pruning [6].
In Section IV-C, we demonstrate that when the prediction
model is pruned, it is still feasible to apply the proposed inter
model prediction approach to achieve redundancy removal and
better compression performance.

B. Multiple Model Redundancy Analysis

In this subsection, we will statistically investigate the redun-
dancy existing in multiple deep learning models based on
the application scenarios described above. More specifically,
in the context of sequential deep model transmission, it is
necessary to study the difference of models (DoM) between
the previously transmitted and current to-be-encoded one.
Moreover, when a set of deep learning models are required to
be transmitted simultaneously, the redundancy among models
should also be fully exploited based on a well-designed model
prediction method. As such, we will analyze the rationality
of multiple model prediction from two perspectives. First,
we compare the weight distributions of the original model and
DoMs, to illustrate the variation of weight energy and the influ-
ence of deep model prediction on theoretically derived rate-
distortion relationship. Subsequently, the Kullback–Leibler
(K-L) divergence is calculated to measure how the probability
distribution of one model diverges from another, to provide
statistical analysis on deep learning model prediction.
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Fig. 4. Comparisons of the weight distributions between the original deep
learning models and the DoMs. The x axis is divided with equal space
0.0002, and only weights within the range of [−0.04, 0.04] are displayed.
(a) Comparisons based on the fine-tuned models (V1-V3). (b) Comparisons
based on the same structure deep learning models aiming at different tasks.
Here, “Det” represents detection, “Rrv” represents image retrieval, and “Cls”
represents classification.

1) Weight Distribution Comparisons: First, we focus on the
scenario that the temporally dynamic data are used for training,
leading to different deep learning models at different points in
time. Here, we adopt the VGG model for investigation, and
the 3D landmark dataset [55] is used to train the deep learning
models (V1-V3). As such, the best model within every 10-
epoch is extracted. In other words, VGG-V1 represents the
initial model, VGG-V2 represents the best model in 10 epochs
and VGG-V3 represents the updated model of 20 epochs. Sub-
sequently, the DoMs between VGG-V1 and VGG-V3, as well
as VGG-V2 and VGG-V3 are computed. The comparisons of
weight distributions are illustrated in Fig. 4, and it is obvious
that the energy of the DoM has been significantly shrunk due
to the inter model prediction, leading to higher peak at zero
and narrower distribution.

Subsequently, the weight distribution of different deep
models trained for different tasks1 with similar structure is
also investigated, including object detection, image instance
retrieval as well as classification. Again, the DoM between
them is computed and the comparisons of the distributions are
illustrated in Fig. 4(b). In this scenario, similar observations
can be found, due to the high redundancy among multiple
models corresponding to different tasks. These comparisons
demonstrate the demand of multiple model prediction, which
significantly reduces the weight energy to achieve more com-
pact representation. Moreover, the compact distributions of
residuals are able to decrease the influences of random bit error
occurring during transmission periods. In particular, the DoM
strategy is also able to enhance the robustness in terms of
the random bit error as part of knowledge are preserved and
inherited from the prediction model.

Here, we apply the widely adopted zero mean Laplace
distribution to model the residuals, which is a special case
of the Generalized Gaussian Distribution [53] and shows a
good trade-off between fidelity and complexity,

fLap(x) =
Λ
2
· e−Λ·|x|, (3)

1http://www.vlfeat.org/matconvnet/pretrained/

where x represents the coefficient in the modeling. It indicates
the weight in the neural network for single model compression
and the DoM residue for inter model prediction. The para-
meter Λ is called the Laplacian distribution parameter. Here,
the parameter Λ is obtained with the maximum likelihood
estimation,

Λ = 1/

(
1
N

N∑
i=1

|xi|
)

, (4)

where N is the number of samples.
Moreover, considering the quantization process with quan-

tization step Q = 10q_bits and rounding offset f = 0.4,
the distortion and rate can be modeled as:

D =
∫ (Q−f ·Q)

−(Q−f ·Q)

x2
i fLap(xi)dxi

+ 2
∞∑

n=1

∫ (n+1)Q−f ·Q

nQ−f ·Q
(xi − nQ)2fLap(xi)dxi

R = −P0 · log2 P0 − 2
∞∑

n=1

Pn · log2 Pn. (5)

Here, it is worth mentioning that D indicates the signal level
weight distortion instead of the final utility of the deep learning
model such as the classification accuracy. The probabilities of
the transformed residuals that are quantized to the zero-th and
n-th quantization levels P0 and Pn are computed based on the
Laplace distribution,

P0 =
∫ (Q−f ·Q)

−(Q−f ·Q)

fLap(x)dx

Pn =
∫ (n+1)Q−f ·Q

nQ−f ·Q
fLap(x)dx. (6)

As such, the distortion and rate modeling based on the
Laplacian distribution are given by

D =
ΛQ · efΛQ(2 + ΛQ − 2fΛQ) + 2 − 2eΛQ

Λ2(1 − eΛQ)
(7)

R =
1

ln 2

(
−

(
1 − e−(1−f)ΛQ

)
ln

(
1 − e−(1−f)ΛQ

)

+ e−(1−f)ΛQ
(
ln 2 − ln(1 − e−ΛQ) − fΛQ

+
ΛQ

1 − e−ΛQ

))
. (8)

where D indicates the signal level weight distortion and R
represents the theoretically derived rate.

Based on the theoretical derivations of rate and distortion,
we show the Laplacian distribution parameter Λ and the
corresponding rate-distortion values in Table I. It is obvious
that the DoM based representation strategies can achieve
significant rate savings for the similar distortion of the weight,
due to the fact that the energy of DoM is significantly shrunk
compared to the original model.

2) Relative Entropy Analyses: In order to further investigate
the model prediction from the perspective of information
theoretic analysis, we calculate the K-L divergence between
different models to further study the relative entropy of one
model with respect to another. The K-L divergence [56] aims
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TABLE I

COMPARISONS OF THE LAPLACIAN DISTRIBUTION PARAMETER, THE
CORRESPONDING RATE AND THE DISTORTION BETWEEN SINGLE

MODEL AND DOM. HERE, D1 AND R1 ARE OBTAINED WITH

q_bits = 8, AND D2 AND R2 ARE OBTAINED WITH q_bits = 9

TABLE II

K-L DIVERGENCE OF DEEP MODELS WITH SAME STRUCTURE

BUT FINE-TUNED AT DIFFERENT EPOCHS

to compute the distances between two distributions, which is
calculated as follows,

DKL(Φ||Ψ) =
∑
i=1

Φ(i) log
(

Φ(i)
Ψ(i)

)
, (9)

where Ψ represents the weight distribution of the prediction
model and Φ represents the weight distribution of the to-be-
compressed model.

In particular, the VGG models trained from 3D landmark
dataset as described above are used, and moreover a model
whose weights are generated randomly within the range of
[−0.1 0.1] is used for comparison. It is also worth mentioning
that the randomly generated model has the same number
of parameters compared to others. The results are shown
in Table II, from which we can observe that the relative
entropy is much lower between the sequentially trained models
than between the trained model and random model. This
further demonstrates the potential of removing the redundancy
between different models when the models are obtained in
a meaningful way. Again, similar trends can be observed
for the models with different tasks, as shown in Table III.
These results imply that significant coding efficiency can be
achieved based on model prediction for inter model redun-
dancy removal. The results also imply the redundancy among
different models even trained with the target of different tasks.

C. Multiple Model Compression

The potential redundancies among different deep learning
models inspire us to explore the space of inter model pre-
diction for efficient deep learning model communication. The
principle of the inter model prediction framework is to select
the most appropriate reference to reduce the weight energy and
remove the redundancies. In this subsection, the inter model
prediction and compression approaches under different scenar-
ios are discussed. In particular, they are mainly attributed to
the sequential transmission of deep learning models over time,
and simultaneous transmission of multiple models.

TABLE III

K-L DIVERGENCE OF DIFFERENT VGG BASED MODELS
TARGETING AT DIFFERENT TASKS

Fig. 5. The utilization of DoM in the sequential deep learning models
communication, where V2 is the newly generated model to-be-compressed
and V1 is the previously transmitted model.

1) Sequential Transmission Over Time: As discussed above,
the edge or cloud sides are able to gradually receive new data,
which can be further utilized to enhance the capability of exist-
ing deep learning models. For example, the most straightfor-
ward way is to fine-tune the existing models and transmit the
newly generated models to the IoT devices or intelligent front
end, as illustrated in Fig. 5. In this scenario, the cloud or edge
sides stores the previously transmitted models that can used to
predict the current to-be-compressed one. As such, the DoM
can be computed to achieve compact representation.

One straightforward method to extract the DoM between
the prediction and the to-be-compressed models is computing
the difference for each corresponding weight layer by layer,
as illustrated in Algorithm 1. Subsequently, the weight dif-
ference can be quantized and entropy coded, according to
the method described in Section IV-A. At the receiver side,
the weight difference is entropy decoded and dequantized to
recover the DoM. Given the DoM, the newly generated model
can be recovered such that new knowledge is conveyed to
improve the overall system performance. It is worth men-
tioning that in some scenarios, only a portion of the para-
meters or layers in the deep learning models are supposed to
be updated, and others remain unchanged. As such, the DoM
can be calculated based on the comparison between partially
updated weights and the corresponding prediction weights.

Another practical scenario that needs to be considered is
that the deep learning models to-be-compressed or used for
prediction could be corrupted. Generally speaking, there are
two types of distortions that lead to the corruption of the
pristine deep learning model. On one hand, the degradation
in precision caused by quantization is commonly observed.
On the other hand, the model can be shrunk by reducing the
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Algorithm 1 The Computation of DoM
Input: The prediction model Mp, the to-be-compressed

model Mc. The larger numbers of layers, kernels,
and weights inside each kernel between Mp and
Mc are represented as NL, NK and NW .

Output: DoM MDoM between Mp and Mc.
1 The layer index L = 0;
2 The feature map index I = 0;
3 The weight location index J = 0;
4 while L < NL do
5 for I = 0; I < NK ; I = I + 1 do
6 for J = 0; J < NW ; J = J + 1 do
7 if � ∃ Mc(L, I, J) then
8 Mc(L, I, J) = 0;

9 if � ∃ Mp(L, I, J) then
10 Mp(L, I, J) = 0;

11 MDoM (L, I, J) = Mc(L, I, J) − Mp(L, I, J);

12 L=L+1;

13 return MDoM ;

number of weights or changing the structure of the model.
Moreover, three different scenarios are considered, including
the to-be-compressed model is pristine while the prediction
model is corrupted, the to-be-compressed model is corrupted
while the prediction model is pristine, and both the to-be-
compressed model and the prediction model are corrupted.

In this context, the DoM still can be derived between the
prediction and the to-be-compressed models. For example,
when the prediction model is pruned, the missing layers can
be filled with zero padding. Therefore, even if the prediction
is corrupted, it is not necessary to directly transmit the whole
model. As such, deep model compression approaches aiming
at reducing the inner redundancy inside the model can also be
combined with the proposed inter prediction method.

2) Simultaneous Deep Learning Model Set Compression: In
deep learning model communication, different deep learning
models targeting at different tasks or learned with different
data may be required to be transmitted simultaneously. Due
to the fact that some popular deep learning architectures
have high generalization ability and can well handle differ-
ent tasks, the employed deep learning models usually have
similar structures or possess shared structures. For example,
the VGG model can be retrained or redesigned to achieve
object detection, face recognition and classification. Based on
the redundancy removal between different models, a set of
deep learning models can be compactly represented based
on one root model for inter model prediction, as illustrated
in Fig. 6.

First, a root model is selected and the rest of to-be-
compressed models can be represented based on the compar-
isons of these models with the root model. The root model
is directly compressed with the single model compression
method. As such, only one integrated model is requested to be
transmitted, and other models can be represented with DoMs.

Fig. 6. The utilization of DoM in compressing a set of deep learning models,
where the DoM is obtained based on the selected root model and to-be-
transmitted model.

At the receiver side, all the models are reconstructed based on
the received root model and DoMs. In this process, the opti-
mization problem is modeled as follows,

max
n∑

i=1

U i subject to RRoot +
n−1∑
i=1

Ri
DoM ≤ Rc, (10)

where n is the number of models, U i represents the utility
of the model such as analysis accuracy, RRoot represents
the size of the root model and Ri

DoM denotes the size of
the i-th DoM. Rc represents the constraint transmitted model
sizes. Analogous to the image set compression [57], [58],
the performance of the proposed compression scheme is highly
dependent on the selection of the root model, and the best root
model should have the following desired properties,

∀j ≤ n,
n∑

i=1

Dis(MRoot, Mi) ≤
n∑

i=1

Dis(Mj, Mi) (11)

where Mi indicates the i-th model, and Dis represents the
model distance. Here, the K-L Divergence and the shared
memory are utilized to characterize the model distance and
select the best root model among all the to-be-compressed
models. In particular, the K-L distances of the root model to
the rest models are minimized, aiming to select the model
that is closest to all rest models for enhanced coding perfor-
mance. Moreover, the shared memory that characterizes the
shared structures between different models is also taken into
consideration.

D. Discussions on Further Standardization

To apply the deep learning model communication in real
applications scenarios, we can perceive great promises and
major challenges, especially for the standardization of compact
deep learning model representation. Indeed, there is a strong
demand for defining the standardized deep learning models
compression formats with a full suite of relevant technologies
to enable the interoperability. Generally speaking, such com-
pression format needs to be compact, task independent, and
sufficiently robust, and has the following desirable properties,

• ensure interoperability of deep learning model
communication;

• reduce load on transmission and storage of deep learning
models;
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TABLE IV

EXPERIMENT SETUP IN DIFFERENT APPLICATION SCENARIOS. WE ALSO LIST THE APPLICATION
SCENARIOS BASED ON THE ORDER OF OUR EXPERIMENTS

• provide a strict format for hardware-supported deep learn-
ing model compression;

• enable a high level performance of implementations con-
formed to the standard, and

• simplify the design of deep learning model compression
for knowledge communication applications.

To achieve compact deep learning model compression,
the inter prediction techniques can become the dominating
coding tools leading to significant performance improvement
in coding efficiency. Even though, the rapid development of
deep learning creates many challenging research problems.
The most importance issue is that the dynamically evolved
deep neural network architectures require the standardization
to be more flexible. As such, the newly developed network
structure can accommodate to the existing standard. In view
of the great demand of deep neural networks compact repre-
sentation, MPEG has also initialized the coded representation
of neural network and many use cases have been identified
[59]–[61]. In particular, after investigating the current deep
learning model compression approaches [62], the inter model
prediction as well as the evaluation framework when consid-
ering the deep learning model transmission and compression
were also proposed in the standardization process [63], [64]. It
is envisioned that a wide spectrum of novel technologies and
functionalities will be developed in the near future, making
the standard to be more flexible and versatile in the knowledge
communication environment.

V. VALIDATIONS

A. Experimental Setup

In order to validate the performance of the inter prediction
in deep learning model communication, extensive experiments
are conducted with three tasks, including classification, image
retrieval and object detection. For different tasks, we use
different models and training data to well reflect the perfor-
mance, such as VGG and Resnet. In particular, for image
classification, we use the datasets Cifar10 and Cifar100 [65].
For detection as well as instance image retrieval tasks, we fine-
tune the pre-trained models with ImageNet. For retrieval
tasks, we fine-tune the pre-trained VGG using triplet loss
in 3D landmark dataset [55] and testing is conducted on
Holidays [66], Oxford5k [67] and Pair6k datasets [68]. For
the detection tasks, we use Pascal VOC [69] as our training
datasets based on the pre-trained models.

For the models trained with Cifar10 or Cifar100 datasets,
the learning rate is set as 0.001, the batch size is set as 128 and
the softmax loss is used to train the models in 150 epochs.
Regarding object detection, Faster R-CNN is employed, and
we train the pretrained VGG and Resnet101 where the learning
rate is set as 0.005 and the batch size is set as 1 following
with 5 epochs [13]. For the retrieval tasks, we train VGG and
Resnet 50 using the above parameter settings. The learning rate
is set as 0.001, the batch size is set as 64, and 551 clusters
are selected (22,156 images, 5,974 of them are queries) for
training and 162 clusters are selected (6,403 images, 1,691 of
them are queries) for triplet loss training. Each training triple
contains 1 query, 1 positive and 5 hard negative images.
Regarding quantization, we set s_bits to 12 and different
quantization levels are achieved by varying q_bits.

The experimental setup is summarized in Table IV. First,
the sequential transmission scenario is investigated such that
the models are required to be transmitted one after another.
We validate this scenario with different tasks among detection,
retrieval and classification as well as partially updating cases
on retrieval. The results are listed in Table IV (row 1,2).
In this context, we also consider the cases when the to-be-
transmitted model or the prediction model is corrupted. Both
pruning and corrupted are considered, as listed in Table IV
(row 3,4). Finally, we study the simultaneous deep learning
model transmission and a set of deep learning models is
compressed to facilitate many applications simultaneously.

B. Experimental Results on Sequential Model Transmission

1) Pristine Model for Prediction, Pristine Model for To-
Be-Compressed: In practice, we individually study the deep
learning models for different tasks. For the classification tasks,
we train the deep model with the structure of VGG16 from
scratch on Cifar10 and Cifar100 datasets with 150 epochs
and we select the two models corresponding to the last
40 epochs and the last 20 epochs. For object detection, we train
the deep model with the structure of Resnet101 from the
pretrained model in ImageNet and finetune on Pascal VOC
using Faster R-CNN. Due to the nature of fast convergence,
we choose the models from the 2 and 3 epochs. For the
image retrieval, we train the deep model with the structure of
VGG16 from the pretrained model in ImageNet and finetune
on 3D landmark as feature extractor (the fully connected
layers are removed). We choose best two models in terms
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Fig. 7. Performance comparisons in the scenario of sequential model transmission under the three given tasks. Here it is worth mentioning that
the model size approaching to zero in the DoM case implies that very few bits are transmitted for model updating. (a) Detection; (b) classification;
(c) retrieval.

TABLE V

THE PERFORMANCES OF THE SELECTED MODELS FOR THREE TASKS

WHEN THE MODELS ARE PRISTINE. “CLS” REPRESENTS CLASSIFICA-
TION TASKS, “DET” REPRESENTS OBJECT DETECTION AND “RRV”

REPRESENTS INSTANCE IMAGE RETRIEVAL TASK

of the overall performance on all test datasets. The detailed
performances as well as the model structures are listed on
Table V. It is also observed that with the updating of the
models, the performances are improved. This implies that with
more data, better knowledge can be extracted to facilitate
these analytics applications. The performance comparisons
with and without inter model prediction are shown in Fig. 7.
For the model without inter model prediction, we compress
the to-be-transmitted model (V2 in Table V) with single
model compression using quantization parameter varying from
4 to 11, such that different compressed model sizes with the
corresponding performances are plot. Regarding inter model
prediction, we calculate the DoM between V2 and V1 based on
the proposed approaches. Then we compress the DoM using
quantization parameter from 4 to 11 as well. The performances
in terms of the model sizes are compared. From Fig. 7,
we can observe that DoM strategy greatly reduces the size
of deep learning models with the same analysis performance,
which provides useful evidence that the proposed inter model
prediction approach is effective for the deep learning model
communication. Though the results from 0 to the largest model
size are displayed, the performance varied and significant per-
formance drop appears when extreme compression is applied
to the strategy w/o DoM. Regarding the strategy w/o DoM,
as least the backbone of the model needs to be transmitted,
such that in the Fig. 7 the w/o DoM approximately starts from
the middle point.

TABLE VI

THE PERFORMANCE OF SELECTED MODELS FOR INSTANCE IMAGE

RETRIEVAL. VGG REPRESENTS THE DEEP MODEL VGG16, AND
RES50 REPRESENTS THE DEEP MODEL RESNET-50

Furthermore, we investigate the performance of inter model
prediction in more complicated scenarios. Firstly, the predic-
tion and current to-be-compressed models are trained sequen-
tially across a long time interval. In this case, the correlations
between different models is decreased. Here we choose Ima-
geNet as the pretrained model, which is further finetuned with
15 and 20 epochs on 3D landmarks for model generation.
Subsequently, we consider the circumstance that only partial
model is updated with the other layers fixed. In particular,
we finetune ImageNet pretrained Resnet50 on 3D landmarks
and fix the parameters before the “Conv4” blocks. Then
the to-be-compressed model is generated after finetuning for
20 epochs, achieving completely different performance.

The configurations are listed in Table VI and the corre-
sponding performance is shown in Table VII. Here, it is worth
mentioning that the model performances of these retrieval
tasks are generally improved with the retraining, as shown
in Table VI. As such, retraining plays an important role
and it is particularly considered in our experiments. Here,
the quantization parameters (q_bits) are set from 6 to 9 to
maintain the analysis performance. We also directly com-
press the VGG-epoch20 and Res50-epoch20 to investigate
the potential coding efficiency. Though long-term reference
is essentially worse than short-term reference, significant
compression performance improvement can still be achieved
compared to directly transmitting the to-be-compressed model.
The compression ratios when the performances are maintained
are shown on Table VIII. Again, similar observations can be
obtained, which further illustrates the advantage of the inter
model prediction.
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TABLE VII

PERFORMANCE COMPARISONS FOR DIFFERENT QUANTIZATION PARAMETERS (Q_BITS). THE ΔMAP IS OBTAINED BASED ON THE MAXIMAL DIFFER-
ENCES BETWEEN THE MAP VALUES OF THE ORIGINAL TO-BE-COMPRESSED MODELS (VGG-EPOCH20 AND RESNET-EPOCH20) AND THE MAP

VALUES OF THE CORRESPONDING COMPRESSED MODELS FOR THE THREE DATASETS (HOLIDAYS, OXFORD5K AND PARIS6K)

TABLE VIII

COMPARISONS OF THE COMPRESSION RATIONS. THE QUANTIZATION
PARAMETER Q_BITS IS OBTAINED BY SELECTING THE HIGHEST

QUANTIZATION PARAMETER THAT CANNOT LEAD TO THE VARI-
ATION OF THE RETRIEVAL PERFORMANCE. HERE THE DIF-

FERENCES OF PERFORMANCES LAGER THAN 0.00001 IS

REGARDED AS PERFORMANCE VARIATION

Fig. 8. Comparisons of the compression ratios for different quantization
parameters with different DoM intervals.

We also compare the compression ratios in terms of dif-
ferent quantization parameters with and without DoM. As
demonstrated in Fig. 8, the DoM based scheme can achieve
higher compression ratio compared with the naive single
model compression scheme without inter model prediction.
Moreover, inter model prediction is able to further enhance
the compression performance by involving more shared infor-
mation. We also plot the long interval inter model prediction
with different deep learning model structures, such as partially
updating Resnet with and without inter model prediction.
As shown in Fig. 9, when utilizing inter model prediction,
higher compression ratio can also be achieved.

2) Corrupted Model for Prediction: In real application
scenarios, the prediction model is usually corrupted as it
can be compressed and transmitted to the receiver side in a
lossy manner. Thus, it is important for us to investigate

Fig. 9. Comparisons of the compression ratios for different quantization
parameters on Resnet50 for the partially updating scenario. The performance
of VGG DoM in the entire updating scenario is also provided for illustration.

whether inter model prediction is still beneficial in such
circumstances.

Here, we take the classification task on Cifar10 and
Cifar100 into consideration. In particular, the prediction mod-
els are generated by quantizing the original model with quanti-
zation parameters ranging from 9 to 11. From Table IX, we can
observe that with the decrease of the quantization parameters
of prediction models for Cifar10, which represents different
levels of corruptions of the prediction models, better perfor-
mances and higher compression ratios can be achieved for
the same to-be-compressed models. In other words, the more
information can be obtained from the prediction model,
the better performance can be achieved. Regarding Cifar100,
it is also interesting to see there is slight performance influence
on inter model prediction. As such, when the precision of the
prediction model is decreased, we are still able to utilize the
inter model prediction for better coding performance.

3) Pruned Model for Prediction, Pruned Model for To-
Be-Compressed: Another important scenario is that the pre-
diction and to-be-compressed models are pruned instead of
being pristine. For example, some deep model compression
approaches for single model such as Han et al. [6] can be
incorporated such that a light-weight model is delivered. More
specifically, we use Han et al.’s pruning algorithm [6] to gen-
erate the lightweight models and these pruned models achieve
2x (prune50%) and 5x (prune20%) compression compared
to the original models, as shown in Table X. In particular,
three different DoM models are generated for performance
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TABLE IX

PERFORMANCE COMPARISONS FOR DIFFERENT PREDICTION MODELS WITH DIFFERENT QUANTIZATION PARAMETER(Q_BITS)

TABLE X

PERFORMANCE COMPARISONS WHEN THE TO-BE-COMPRESSED

MODEL IS CORRUPTED. P2 REPRESENTS prune20%, P5 REPRESENTS

prune50%, AND U REPRESENTS UN-PRUNED

validation, and the compression ratio is calculated between the
model size for transmission and the to-be-compressed model
size.

1) DoM1 (P2-P2): The DoM between the pruned
VGG-epoch0 (prediction) and pruned VGG-epoch20 (to-be-
compressed). The VGG-epoch0 is pruned with 20% coeffi-
cients retained, and the pruned 20% VGG-epoch20 is obtained
by retraining the pruned VGG-epoch0 with 20 epochs. The
DoM between the pruned models is transmitted.

2) DoM2 (P5-P2): The DoM between the pruned
VGG-epoch0 (prediction) and pruned VGG-epoch20
(to-be-compressed). The VGG-epoch0 is pruned with
20% coefficients reserved and VGG-epoch20 is pruned with
50% coefficients reserved. The pre-processing is performed
to facilitate the DoM computation by adding extra parameters
with the values equaling to 0 for zero padding on the
prediction model.

3) DoM3 (U-P2): The DoM between the pruned
VGG-epoch0 (prediction) and pristine VGG-epoch20
(to-be-compressed). Regarding the prediction model VGG-
epoch0, the VGG is pruned and only 20% parameters
are preserved after pruning. The to-be-compressed model
VGG-epoch20 is pristine. The DoM between the pruned
model and pristine model is calculated based on the same
pre-processing process in DoM (P5-P2) with padding zeros,
and the DoM is finally transmitted.

From Table X, we can observe that the inter-model predic-
tion can potentially decrease the cost of transmission of the
pruned models. Therefore, in the scenario of transmitting an
already compressed model, we are still able to make use of
the inter-model redundancy. We also compare the compression
ratios in terms of the quantization steps for the pruned 20%
model in Fig. 10 with different inter model prediction intervals.
Similar tendencies as in Fig. 8 and Fig. 9 can be observed,
which prove that the inter model prediction is able to further
enhance the functionality of light weight models.

Fig. 10. The performance comparisons in terms of the compression ratio
when the to-be-compressed model is pruned 20% with different inter model
prediction intervals.

TABLE XI

ILLUSTRATION OF THE TO-BE-COMPRESSED MODELS WITH THE CORRE-
SPONDING PERFORMANCE AND MODEL SIZES. THE PERFORMANCES

FOR RETRIEVAL ARE TESTED ON HOLIDAY/OXFORD5K/PARIS

USING MAP. THE PERFORMANCE FOR CLASSIFICATION IS

TEST ON IMAGENET TOP5 ACCURACY AND DETECTION IS
TESTED ON PASCAL VOC USING MAP

C. Experimental Results on Simultaneous Model
Transmission

In this subsection, the performance of simultaneous model
compression is studied. Here, we consider three models with
similar structures (VGG) but fine-tuned for different tasks,
including image retrieval (3D landmark), object detection
(Pascal VOC) as well as the pretrained ImageNet VGG-
16 model. More details are provided in Table XI. Though these
deep learning models are all built upon the VGG structure,
there are still some differences among different tasks. For clas-
sification, the fully connected layers are required. Regarding
object detection, RPN layers [13] are taken into consideration.
As such, shared memory can be computed based on similar
network layers. The retrieval model shares the rest models with
the layer before the fully connected layers, which is 56.1MB.
The detection and classification model share more than 2 fully
connected layers with total shared memory 473MB. For better
coding efficiency, we also calculate their K-L divergence to
reveal their correlation between each other.
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Fig. 11. The performance comparison for simultaneous model transmission
(retrieval).

Fig. 12. The performance comparison for simultaneous model transmission
(detection).

From Table XI, considering both the shared memory and
distances, the classification model is selected as the root
model for better coding efficiency. Subsequently, we calcu-
late the DoM on the shared layers, and fill zeros to the
layers which do not exist in the root model. The DoM is
quantized with different quantization parameters, and we also
separately compress the two to-be-compressed models with
single model compression for comparison. The performance
is shown in Figs. 11& 12, from which we can see that
significant performance improvement can be achieved based
on the proposed scheme for both detection and retrieval
tasks. From Fig. 11, it is noticed that when the transmitted
model sizes are among 4-6 MB, DoM strategy is able to
maintain the performance while the performance begins to
drop for the w/o-DoM strategy. Moreover, all the curves
with DoM strategy are higher than the curves of w/o-DoM,
indicating better performance can be achieved under the same
transmitted model sizes. Analogously, in Fig. 12, when the
performance is maintained around 70%, less data are needed
to be conveyed for the DoM than the w/o-DoM strategy.
As a result, significant performance improvement can be
achieved based on the proposed scheme. This further illustrates
that the proposed scheme is effective in both sequential and
simultaneous transmission scenarios.

VI. ENVISIONING THE FUTURE

Despite significant recent progress on the deep neural
network compression, there remains significant room for
improvement in the scenario of deep learning model communi-
cation. In this paper, we have emphasized the great potentials
by exploiting the inter redundancy of deep learning models in
a variety of application scenarios. As such, the application

scope as well as methodology of traditional deep neural
network compression have been extended, and the feasibility
of new deep learning model communication paradigm has been
demonstrated and validated through extensive experiments. In
the future, it is envisioned that the need for advanced deep
model compression algorithms and the relevant standards will
become more pronounced.

Driven by the demand for efficient deep learning model
communication, there are many open problems that need to
be solved. One of the most important issues to be addressed,
as we hinted at, is selecting an appropriate prediction that
leads to better redundancy removal performance. This requires
more flexible prediction methodologies at multiple levels.
Another important problem is regarding the standardization
of deep model compression, especially in the context of
the fast advances of deep learning algorithms and network
architectures.
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