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Towards Efficient Front-End Visual Sensing for
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Abstract—The digital retina excels at providing enhanced visual
sensing and analysis capability for city brain in smart cities,
and can feasibly convert the visual data from visual sensors
into semantic features. With the deployment of deep learning or
handcrafted models, these features are extracted on front-end
devices, then delivered to back-end servers for advanced analysis.
In this scenario, we propose a model generation, utilization and
communication paradigm, aiming at strong front-end sensing
capabilities for establishing better artificial visual systems in smart
cities. In particular, we propose an integrated multiple deep
learning models reuse and prediction strategy, which dramatically
increases the feasibility of the digital retina in large-scale visual data
analysis in smart cities. The proposed multi-model reuse scheme
aims to reuse the knowledge from models cached and transmitted
in digital retina to obtain more discriminative capability. To
efficiently deliver these newly generated models, a model prediction
scheme is further proposed by encoding and reconstructing
model differences. Extensive experiments have been conducted to
demonstrate the effectiveness of proposed model-centric paradigm.

Index Terms—Digital retina, model reuse, model
communication, visual sensing.

I. INTRODUCTION

IN THE era of big data, massive surveillance cameras de-
ployed in urban areas form the visual systems of cities. How-

ever, the video streams collected from front-end cameras impose
great challenges to the bandwidth and computational resources.
Due to the insufficient sensing capabilities of the front-end, the
city brain is unable to monitor the current dynamics in real-time.
Attempting to address such computational and transmission is-
sues, the emerging digital retina is revolutionizing the artificial
vision system of smart cities.
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Fig. 1. Illustration of digital retina framework in smart cities. The digital
retina includes front-end smart visual sensing and back-end intelligent analysis.
The interaction between front-end and back-end includes video stream, model
stream, and feature stream.

In human visual system, the retina is a crucial and indispens-
able component. In the retina, the rods and cones cells are re-
sponsible for perceiving the low and high light levels, as well as
the color vision. Then, light signals are converted into neuronal
representations by retina. Besides, retina acts as a filter which
conveys specifically required and meaningful visual information
to the brain [1], [2]. To complete the perception process, the pho-
tosensitive retinal ganglion cells extract the complex features.
Therefore, retina not only perceives the visual information, but
also works as a highly efficient visual data processing engine in
the central nervous system. Motivated by the concept of retina,
as illustrated in Fig. 1, the digital retina [3] includes front-end
smart visual sensing and back-end intelligent analysis in the city
brain.

Regarding the digital retina, the interactions between front-
end and back-end are performed in terms of video stream, fea-
ture stream and model stream. In smart cities, the main ele-
ment of visual system is video stream from massive surveillance
cameras. The computing system transmits highly compressed
video streams from front-ends to back-ends where visual anal-
ysis can be intensively performed. Video coding standards such
as HEVC [4] and AVS [5] have been developed towards achiev-
ing highest quality representation of videos given limited band-
width. With respective to the feature steam, to improve the data
exchange and collaboration efficiency, the MPEG organization
launched standardization work of CDVS [6] and CDVA [7], [8],
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which generate the compact feature of visual information to
achieve interoperability of different ends. In digital retina, the
front-end visual sensors directly extract and compress the fea-
tures, such that the compact features can be efficiently sent to
central server. For a typical surveillance visual system, a series
of analysis tasks can be performed based on visual features, e.g.,
person re-identification [9], [10], vehicle retrieval [11]–[14],
face recognition [15], [16]. Besides video stream and feature
stream, we propose that the interactions of model stream be-
tween front-back ends are also necessary in the digital retina,
and the entire digital retina framework is illustrated in Fig. 1.

The central process of digital retina is visual representation,
transmission and analysis. In this context, the models are the core
components in the city brain. The models are usually learned at
the central server by leveraging the visual data, and the learned
models are subsequently delivered to the front-end devices for
feature extraction and compression. As such, the model genera-
tion, utilization and communication are essential in establishing
the digital retina, especially in the sense that the collected visual
data are featured by high variations in terms of locations, time
and ambient environments. In particular, the recent advances of
artificial intelligence technologies [17] are driving many appli-
cations for understanding the current city dynamics and ensuring
the securities [18], [19]. However, how the models-of-interest
can be feasibly generated by leveraging the existing massive
models in different domains have not been fully exploited.

In this paper, we focus on an integrated model-centric solu-
tion for efficient front-end sensing in digital retina. The pro-
posed scheme relies on effective model generation and efficient
transmission by exploiting the cross-domain and inter-model
relationships for the construction of digital retina. The trans-
fer learning, which has been studied for decades from the psy-
chological [20] and educational [21] perspectives, motivates
us to design a novel multi-model reuse method based on the
widely acknowledged evidence that learning from prior experi-
ence or knowledge transfer is beneficial to the model learning.
As such, the existing models can be reused for model genera-
tion, even when the source and target models are in different do-
mains. Moreover, as knowledge correlations between different
source models and target models are different, a novel adaptive
model weighting scheme is also incorporated for better model
reusing.

It is commonly believed that the energy consumption for the
information transmission between neurons in human brain is
usually very light due to the selective and adaptive regulation
mechanism [22]. This inspires us to propose a low transmission
cost strategy that enables incremental and adaptive delivery of
the deep learning models. To promote the application of deep
learning models, the model compression approaches have been
widely investigated to produce light-weight models. However,
the model communication, instead of single model compression,
has been largely ignored. In smart cities, the models may undergo
generation, updating, and distribution process, such that exist-
ing models and the to-be-transmitted models usually have high
correlation in weighting parameters. In view of this, a model
prediction method based on Difference of Models (DoM) has

been incorporated for model efficient delivering. In order to effi-
ciently deploy the DoM to front-ends, we also further investigate
the lossy compression scheme.

In this work, towards establishing extremely economic, effi-
cient and effective digital retina in smart cities, we aim to explore
the model-centric approach to enhance the smart sensing capa-
bilities at the front-end based on the model generation, utiliza-
tion, and distribution methodologies. The main contributions of
this paper are summarized as follows,
� We propose a novel model generation, utilization and com-

munication paradigm towards digital retina to better con-
struct the artificial vision system in smart cities.

� We explore a multi-model reuse method with adaptive
model weighting scheme to learn more discriminative
models in the desired target domain.

� We design a model prediction scheme from the perspective
of transmitting difference of model to efficiently deliver the
newly generated models.

This work extends our previous conference version [23] from
the following perspectives. First, we propose a novel adaptive
model weighting scheme to attentively reuse the knowledge
from the source models. Second, we detail the theoretical proof
and offer more analysis for the proposed multi-model reuse
scheme. Third, we explore more quantization methods for DoM
based model prediction. Finally,we conduct extensive experi-
ments in terms of hyper parameters sensitivity, model conver-
gence, ablation study and visualization analysis.

The rest of the paper is organized as follows. In section II, we
review the related work including model reuse and deep network
compression. We further introduce the model-centric paradigm
with generation, utilization and communication in section III.
The proposed multiple model reuse and prediction scheme is
presented in section IV. Experimental results are demonstrated
and discussed in section V. Finally, section VI concludes this
paper.

II. RELATED WORK

Model Reuse: Many existing models that contain different
knowledge are off the shelf. Recently, these existing models
are reused to promote the training for a target model with lim-
ited labeled data and computational resources. In [24], Ajakan
et al. trained hidden layers for fitting multiple domains. Ghifary
et al. [25] used maximum mean discrepancy measure to reduce
distribution mismatch in the latent space. However, these ap-
proaches only reuse the structure and weights directly from the
source networks and can hardly utilize the existing pre-provided
model/features.

Recently, in [26], Yang et al. proposed a fixed model reuse
(FMR) method that uses a set of additional features for each
training sample. In FMR, the method only uses features and
more information in the models are not considered. Moreover,
only one type of feature can be reused is also a limitation of
FMR. In [27], Wu et al. proposed a heterogeneous model reuse
method via optimizing multiparty multiclass margin in the con-
text that several remote local models are available, such that
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multiple local models can be reused to approximate a global
model. In [28], Xiang et al. proposed a multi-model reuse strat-
egy, but it assumes there are several modalities in each domain
and cannot be applied to one modality. Moreover, it only uses the
label information and requires several source models involved
to be presented in testing phase. In [29], Jha et al. proposed a
bag of experts method that directly reuses the output features or
labels of several expert source models, but the same limitations
as in [26] or [28] are observed. Besides, Lou et al. [23] devel-
oped a multi-model reuse strategy based on multi-view subspace
learning, where abundant unlabeled data are utilized.

In this work, we propose a novel and generalized framework
that can well alleviate these problems and make full use of the
knowledge contained in existing source models towards a better
target model, which greatly promotes the model generation and
knowledge centric networking in city brain.

Network Compression and Transmission: Despite the promis-
ing performance of deep learning models in the current artificial
vision system of smart cities, most deep learning models suf-
fer from the enormous cost in terms of storage and computation
due to huge amount of parameters. For instance, the VGG16 [30]
has more than 60 M parameters, and it is widely acknowledged
that there exists abundant redundancy within the model [31].
To compress the deep learning models without sacrificing the
performance, numerous approaches have been proposed, which
can be categorized into the following categories: (1) Parameters
pruning: pruning the neurons with weak response or unneces-
sary neurons in the deep network [32], [33]. (2) Matrix factoriza-
tion: reconstructing neuron weights based on the low-rank meth-
ods [34], [35]. (3) Filter selection: removing unnecessary filters
in network [36], [37]. (4) Quantization: representing the weight
compactly in scalar quantization or vector quantization [38],
[39]. The above methods all aim to economize the model stor-
age space. However, the transmission and communication of the
deep neural network have been largely ignored.

The deep network transmission and communication is a typ-
ical type of applications in Knowledge Centric Networking
(KCN)[40] which reforms traditional Content Centric Network-
ing (CCN)[41] with machine learning based knowledge gen-
eration, utilization and distribution. In digital retina, a model
serves as a modality of knowledge for intelligent analysis. The
deep neural network transmission aims to utilize and deliver the
knowledge concentrated in the network model to facilitate dif-
ferent intelligent applications. In [42], Chen et al. formulate the
model compression from the perspective of model transmission.
In incremental model updating, the redundancy among updating
models of different versions can be further exploited to promote
numerous applications in front-end visual sensors. Such scheme
can be elegantly integrated into compression and communica-
tion framework with the existing compression methods.

III. MODEL-CENTRIC PARADIGM WITH GENERATION,
UTILIZATION, AND COMMUNICATION

In this section, we demonstrate the model generation, uti-
lization and transmission paradigm in the digital retina system
of smart cities. The digital retina can be decomposed to the

front-end and back-end. Such architecture enjoys the data gen-
eration and sensing capability in front-ends and computation
capability in back-ends. The front-end devices constantly gen-
erate data, which are transmitted to the back-end for knowledge
learning. In particular, the knowledge learning from a large quan-
tity of raw data requires high computation and storage cost. The
back-end fills the large gap between the low capabilities of the
front-end and high demand in terms of the computational cost.
Therefore, the generated data on the front-end are constantly
conveyed to the back-end server, enabling the progressive train-
ing of analysis models. Such front-back end architecture can be
elegantly applied to the visual sensing system in smart cities.
With this scheme, the front-end cameras constantly capture and
transmit visual data to the back-end. As such, the models can
be progressively trained or fine-tuned. The temporal and sce-
nario different data distribution can be covered with this man-
ner, consistently providing new knowledge and promoting the
performance of the existing models.

For efficient knowledge creation, utilization and distribution,
we propose a model-centric paradigm including model genera-
tion, utilization and communication in front-back end based dig-
ital retina system. As illustrated in Fig. 2, the proposed paradigm
involves edge end, which serves as an intermediate layer be-
tween the front-end visual sensor and back-end central cloud.
By offloading the computation from back-end and caching the
data from front-end at the edge side, the whole efficiency of
the digital retina system can be significantly improved. Accord-
ingly, there arise multiple requirements for model generation
and communication from different perspectives, which can be
summarized as follows,

1) Model Generation: The initial models are generated on the
back-end with a large quantity of training data. Therefore, the
edge nodes need to collect the generated data on the front-end
and transmit them to the center server, enabling the progressive
training of analysis models. Since the analysis tasks are per-
formed on the front-end visual sensors, the trained models are
then distributed to the front-end devices to facilitate the anal-
ysis tasks with more discriminative feature representation and
analysis.

2) Model Utilization: The generated models on back-end con-
tinuously flow through edge-end to the front-end. Therefore,
there are many models cached on the edge-end, which have
great potential to be used for generating a better target model. In
real-world applications, the deployed front-end visual sensors in
different locations may deal with the data in different domains.
For a specific task, the models trained in different domains con-
tain different knowledge, which can be utilized to generate a
better domain adaptive model. For example, the trained models
at several edge nodes can be used to promote a target model
training, leading to better performance. Again, such paradigm
allows the knowledge to be more efficiently utilized, and the
models themselves can be customized to better accommodate to
the target scenarios.

3) Model Communication: The front-end devices often re-
ceive the models from edge-end or back-end for deployment.
For a particular task, a series of updating models will be contin-
uously deployed to the front-end from time to time when more
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Fig. 2. Illustration of the proposed model generation, utilization and communication paradigm in digital retina. From left to right, the models are generated at
back end, reused at edge end, and deployed to front end. The DoM-based model transmission is also performed in the deployment.

training data or better model optimization strategies are avail-
able. In such scenario, there exist high redundancies among a
series of updating models. Therefore, transmitting entire updated
models consumes large unnecessary transmission cost. An alter-
native solution is to explore the inter-model redundancy. Specif-
ically, transmitting the updated weights can greatly reduce the
transmission cost of the to-be-deployed models.

IV. MULTIPLE MODEL REUSE AND PREDICTION

In various application scenarios, the data distributions show
severe domain bias, which is mainly caused by different acqui-
sition conditions. Due to such a domain gap, the generalization
capability of the model has been greatly affected. For example,
the model trained in one specific domain cannot well generalize
to other domains. In the visual system of smart cities, there often
exist many similar models for the same analysis task. Collecting
data in numerous front-ends for model training is infeasible in
practice, due to the unacceptable transmission and annotation
cost. However, the knowledge contained in models actually is
the abstract representation of data domain, which motivates us
to leverage knowledge in existing multiple models to obtain a
domain adaptive one. In view of a large quantity of cached mod-
els and cached data on edge-end, the edge-end is an ideal place
to perform model reuse before actual deployment.

In this section, we detail how the models can be effectively
learned based on multiple model reuse, and how the generated
models can be efficiently transmitted and delivered to facilitate
the intelligent sensing at the front-ends in smart cities.

A. Multi-Model Reuse

In model reuse, the knowledge is reused from source mod-
els to target models. We assume there are M source domains
and one target domain. Moreover, in the m-th source domain, a
deep learning model fm(Θm) is already trained using abundant
data. Note that, the tasks of models in source domains could
be different but similar to that in the target domain. By reusing
the knowledge in source domains, our goal is to learn a model
fT (ΘT ) in the target domain with limited labeled data and a
large quantity of unlabeled data.

We show the architecture of the proposed multi-model reuse
framework in Fig. 3. A mild assumption is made that the
pretrained source models and target model are Convolutional

Fig. 3. Architecture of the multi-model reuse framework. The hidden layer
representation from different source models are used for target model training.
In particular, the attention block is designed for adaptive model weighting.

Neural Networks (CNNs) that are widely used in various visual
analysis applications. In our proposed reuse method, since we
transfer the knowledge in feature domain, the reuse stage is not
constrained to the labeled data. Given input x, we map x as Zh

and Zmh, which are hidden layer representation in target model
and mth source model, respectively. For Zmh,m = 1, . . . ,M ,
h is the layer index and M is the number of source mod-
els. Here, each representation Z is a Q-order tensor of size
d1 × d2 × . . .× dQ. In order to reuse the multiple source mod-
els, different Zmh are mapped into a common subspace. Then,
we constrain Zh to be close to the representation in common
subspace. We use multi-view learning strategy [43] for knowl-
edge reuse, i.e., using Zh to reconstruct each Zmh. As such, Zh

can be considered as a meta-embedding of different source layer
representations. In this way, the hidden layer representation can
be improved by all features in the source domains. Compared to
using only the limited labeled information in the target domain,
a target model with better domain adaptive capability can be
achieved. The formulation of model reuse R(·) is given by,

R(Zh
n ; {Zmh

n })

=

M∑
m=1

αm

∥∥Zmh
n −Zh

n ×1 V
mh
1 . . .×q V

mh
q

∥∥2
F
, (1)
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where each V mh
q is a transformation matrix of size dmh

q × dhq ,
×q is the q-mode tensor-matrix product. {αm} are the weights
that reflect the importance of different source models and satisfy∑

m αm = 1. In a typical CNN structure, the representation of
the shallow layers is of 2D shape. To ease the difficulty of opti-
mizing R(·), we reduce the parameters in V mh

Q by pooling the
hidden representations as vectors. Thus, when Z is an one-order
tensor (Q = 1), the formulation R(·) becomes,

R(zhn; {zmh
n }) =

M∑
m=1

αm

∥∥zmh
n − V mhzhn

∥∥2
2
. (2)

It is worth mentioning that the risk of over-fitting may be caused
by additional parameters {V mh}. This issue can be alleviated
since large amount of unlabeled data are available to train
{V mh}.

B. Adaptive Model Weighting

The αm in the Eqns. (1) and (2) is the weight that reflects
the importance of the m-th source model. In essence, assigning
a proper value for hyper-parameter αm is a tough task because
the values of knowledge contained in the different source mod-
els are unknown. Besides, with the increase of the number of
reuse models, the prediction of hyper-parameters αm will be-
come more difficult. Attention model which allows the networks
to selectively focus on specific information has been employed in
image caption, machine translation and action recognition, etc.
Similarly, selectively reusing knowledge from different models
is also crucial to obtain a better target model and ensure the
stability of optimization procedure. Therefore, we design an at-
tention block for adaptive model weighting as follows,

em = qTmzmh
n , (3)

Here, qm is the attention vector to be learned for the m-th source
model. Then the model weighting parameter em is normalized
as follows,

αm =
exp(em)∑M

m=1 exp(em)
. (4)

During the reuse stage, the parameters qm in attention block
will be fine-tuned for adaptively weighting the reuse feature
vector from different source models.

C. Joint Optimization

The model reuse is applied on the target model training stage
as an extra regularization term. We assume that there are N
images {xn}Nn=1 in the target domain for training, including
limited labeled samples {xn, yn}Nl

n=1 and large amounts of un-
labeled data {xn}Nn=Nl+1. Fig. 4 shows the joint optimization
pipeline. To achieve reliable model reuse, the objective function
with the joint optimization fashion is given by,

ε(ΘT ;xn, yn) =
1

Nl

Nl∑
n=1

L(fT (ΘT ;xn), yn)

+ γ
N∑

n=1

H ′<H∑
h=1

R(Zh
n ; {Zmh

n }), (5)

Fig. 4. Architecture of the joint optimization framework. In our learning stage,
we use labeled images to optimize the target model, and use unlabeled images
for model reuse. The intermediate features of target model are regularized by
the features from source models.

where ΘT = {θhT }Hh=0 is the set of all parameters of the tar-
get learning task. h is the layer index and the choice of layers
is arbitrary. In order to obtain the common task-independent
knowledge, we choose to reuse the lower layers of source mod-
els. Zh

n = ϕ(θh−1
T ;Zh−1

n ) and ϕ(·) is an activation function. γ
is the scale parameter to balance the L(·) and R(·); L(·) is loss
of a specific task and R(·) is proposed multi-model reuse regu-
larization term.

D. Theoretical Analysis

Here, we detail the theoretical analysis for the proposed
multi-model reuse scheme. For simplicity, we treat the deep
learning models as end-to-end learning algorithms, which are
adopted in most deep learning methods. More specifically, we
denote the prediction function for the target model as fT , while
the prediction functions for the source models are denoted as
fm,m = 1, . . . ,M . To measure the accuracy of a model f ,
we introduce the expected risk R(f) = E(x,y)∼D[L(f(x), y)].
Then we have the following theorem, which shows that the pro-
posed model can benefit from the source models with a theoret-
ical guarantee on the expected risk. Here, the least square loss
is simply adopted.

Theorem 1: Assume the linearity of their input-output map,
i.e., (f1 ± f2)(x) = f1(x)± f2(x) and f(x) ≤ ‖f‖‖x‖, and
the feature space is bounded with an upper boundary r, i.e.,
‖x‖ ≤ r, then when we adopt the least square loss, we can have

R(fT,Nl
) ≤ 2M

M∑
m=1

α2
mR(V mfm)(r2/γ + 1). (6)

Here,R(fT,Nl
) is the expected risk of the target model trained

using the Nl labeled samples, and R(V mfm) is the risk of the
transformed source model w.r.t. the data in the target domain.
Since the source models are well-trained using abundant labeled
data, we believe that there exists (or we can learn) a V m such
that R(V mfm) is small if the source tasks are related to the tar-
get task. When {αm} and {V m} are determined appropriately,
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the term M
∑M

m=1 α
2
mR(V mfm) can be small. As such, the

expected risk R(fT,Nl
) of the target model is guaranteed to be

low. We do not have such a guarantee when the designed regular-
ization term does not exist, since the expected risk of the target
model would be high, in which the model is prone to over-fit for
limited labeled data in the target domain.

Proof of Theorem: From Eqns. (1) and (2), we can see that, for
each input data x, the newly proposed regularization pushes the
representations on different layers to be similar among different
models via learning some transformations. Because the input
x for each model is the same, we interpret the regularization
as to push the end-to-end functions to be similar via learning
some transformations. We rewrite the regularization asR(fT ) =

γ
∑M

m=1 αm‖fT − V mfm‖22, where
∑M

m=1 αm = 1 and V m

is a transformation matrix to be learned by matching fT and
fm. When minimizing the regularization, it is to push fT to be
close to

∑M
m=1 αmV mfm (this can be obtained by letting the

derivative R′(fT ) = 0). To provide some insights, we exploit
the least square loss and further rewrite the objective function
(5),

O(fT ;xn, yn) =
1

Nl

Nl∑
n=1

(fT (xn)− yn)
2

+ γ‖fT −
M∑

m=1

αmV mfm‖22. (7)

Let gT = fT −∑M
m=1 αmV mfm, we have

O(gT ;xn, yn) =
1

Nl

Nl∑
n=1

(gT (xn)− yn

+

M∑
m=1

αmV mfm(x))2 + γ‖gT ‖22. (8)

Let gT,Nl
= argmingT O(gT ;xn, yn) = fT,Nl

−∑M
m=1 αm

V mfm, where the subscript Nl indicates that gT,Nl
and fT,Nl

are learned from the Nl labeled examples. Now we show that
the expected risk R(fT,Nl

) of the target model can be bounded
using the risk {R(fm)}Mm=1 of source models.

The expected risk for the target model is as,

R(fT,Nl
) = R

(
gT,Nl

+

M∑
m=1

αmV mfm

)

= E(x,y)∼D

⎡
⎣
((

gT,Nl
+

M∑
m=1

αmV mfm

)
(x)− y

)2
⎤
⎦

= E(x,y)∼D

⎡
⎣
(
gT,Nl

(x) +

M∑
m=1

αmV mfm(x)− y

)2
⎤
⎦

≤ 2E(x,y)∼D[(gT,Nl
(x))2]

+ 2E(x,y)∼D

⎡
⎣
(

M∑
m=1

αmV mfm(x)− y

)2
⎤
⎦ (9)

Then,

R(fT,Nl
) = 2E(x,y)∼D[(gT,Nl

(x))2] + 2

E(x,y)∼D

⎡
⎣
(

M∑
m=1

αmV mfm(x)−
M∑

m=1

αmy

)2
⎤
⎦

≤ 2r2E(x,y)∼D[‖gT,Nl
‖22] + 2M

M∑
m=1

α2
mR(V mfm),

(10)

where,

E(x,y)∼D

⎡
⎣
(

M∑
m=1

αmV mfm(x)−
M∑

m=1

αmy

)2
⎤
⎦

≤ M
M∑

m=1

α2
mE(x,y)∼D[(V mfm(x)− y)2]

= M
M∑

m=1

α2
mR(V mfm). (11)

holds because of the Hölder’s inequality.
Now, we are going to upper bound the term E(x,y)∼D

[‖gT,Nl
‖22]. We have O(gT,Nl

;xn, yn) ≤ O(0;xn, yn), i.e.,

1

Nl

Nl∑
n=1

(
gT,Nl

(xn)−yn+

M∑
m=1

αmV mfm(x)

)2

+ γ‖gT,Nl
‖22

≤ 1

Nl

Nl∑
n=1

(
yn −

M∑
m=1

αmV mfm(x)

)2

. (12)

Then, we have

γ‖gT,Nl
‖22 ≤ 1

Nl

Nl∑
n=1

(
yn −

M∑
m=1

αmV mfm(x)

)2

≤ M

Nl

Nl∑
n=1

M∑
m=1

α2
m(V mfm(x)− yn)

2. (13)

Taking expectation on both side, we have

E(x,y)∼D[γ‖gT,Nl
‖22] ≤ M

M∑
m=1

α2
mR(V mfm). (14)

Thus,

R(fT,Nl
) ≤ 2M

M∑
m=1

α2
mR(V mfm)(r2/γ + 1). (15)

This completes the proof.

E. Model Prediction

After generating a better target model, it is necessary to effi-
ciently and economically deploy it to the front-end visual sen-
sors. Model communication is an essential component in vi-
sual system. In particular, the new models will be frequently
updated with the adoption of model reuse, such that efficient
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communication of these models is highly expected. Hence, we
investigate difference of models (DoM) [42] between the exist-
ing model (e.g., existing in both sender and receiver) and the
to-be-transmitted model to explore an economic model com-
munication philosophy. Specifically, the DoM between the pre-
diction and the to-be-compressed models is calculated by the
difference for each corresponding weight in each layer. Basi-
cally, we target at providing a conceptually meaningful way for
deep learning model communication by removing inter model
redundancy. Denote the weights of prediction model as Wp and
the weights of to-be compressed model as Wc, then the DoM
between Wp and Wc can be formulated as follows,

WDoM (h, i) = Wc(h, i)−Wp(h, i), (16)

where h and i represent the layer index and weight index in each
layer, respectively. Then model compensation is performed to
recover the model that is desired to be transmitted, i.e.,

Ŵc(h, i) = ŴDoM (h, i) +Wp(h, i). (17)

By means of transmitting DoM, the new model can be recovered
at receiver side. In addition, the recovered source models from
model prediction are also allowed to facilitate the model train-
ing in the target domain through the multi-model reuse method.
Moreover, in some cases, only a small portion of the parameters
or layers in deep models is updated and the others remain un-
changed. In view of this, the DoM computation is based on the
comparison between the partially updated weights.

In this work, we further investigate the use of lossy compres-
sion method to compress the DoM. We use k bits memory cost
to represent each weight parameter in the network. The gen-
eral structure of the quantization function can be formulated as
follows,

Q(v) = sc−1(Q̂(sc(v))), (18)

where sc−1 indicates the inverse of the scaling function, and
Q̂ is the actual quantization function. The input v could be
multi-dimensional weights. In our investigation, we explore 4
different quantization methods on DoM, i.e., Linear Quanti-
zation, Log MinMax Quantization, MinMax Quantization, and
Vector Quantization [44].

V. EXPERIMENTAL RESULTS

A. Experimental Setup

We conduct experiments on person ReID [9] which is a typical
task in smart city applications aiming to find person images of the
same identity as the query person image in the database. Four
different person ReID datasets, Duke [45], Market1501 [46],
MSMT17 [47], CUHK03 [48] are used in the experiments, and
the details are shown in Table I. The reason for choosing this
task is that variant capture conditions lead to severe domain bias
between datasets. As shown in Fig. 5, the domain bias could
be reflected in terms of backgrounds, distinct lightings, seasons,
resolutions, human races, etc. The model trained on CUHK03,
Market1501, MSMT17 only achieves the 6.62%, 17.11% and
30.71% mAP when tested on Duke, which shows the severe
domain bias.

TABLE I
DETAILS OF THE DATASETS IN OUR EXPERIMENTS

Fig. 5. Illustration of the domain gaps between person ReID datasets.

In all experiments, the source models are trained on MSMT17,
CUHK03 and Market1501 datasets, and the target model is
trained and tested on Duke dataset. During model reuse stage,
the parameters of source models are fixed and serve as feature
extractors to generate feature representations of the training data.

Implementation Details: In this work, we adopt ResNet50
network [49] as our base network, both in the source and target
models. It is widely acknowledged that in deep neural networks
features in the lower layers are more general and in higher layers
are more task-specific [50]. Therefore, we use the lower hidden
layer representation Conv3 in source models for reusing. Both
in source and target models, classification layer is implemented
by fully connected layer and softmax loss (softmax function +
cross-entropy loss). For the labeled data, the training follows the
standard classification paradigm where each person identity is
regarded as a unique class. The models are fine-tuned from Im-
ageNet pretrained weights. The images are resized to 256 * 128.
Batch size and weight decay are set to 32 and 5e− 4, respec-
tively. The total training for model reuse lasts for 300 epochs.
Initial learning rate starts from 2 ∗ 10−4, and is divided by 10
after 150 epochs.

Mean Average Precision: The mAP metric evaluates the over-
all performance for ReID. Average precision is calculated for
each query image as follows,

AP =

∑n
k=1 P (k)× gt(k)

Ngt
, (19)

where k is the rank of retrieved persons in the sequence, n is the
number of retrieved persons, and Ngt is the number of relevant
persons. P (k) is the precision at cut-off k in the recall list and
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Fig. 6. (a) The performances of reusing different single models on Duke test set by varying the percentage of unlabeled data. (b) The performances by setting
different scale γ in the loss function. (c) The performances by setting different importance factors αm between reused models.

gt(k) indicates whether the k-th recall image is correct or not.
Therefore, the mAP is defined as follows,

mAP =

∑Q
q=1 AP (q)

Q
,

(20)

where Q is the number of total query images. Moreover, Top 1
match rate is also reported in the experiments.

Comparison methods: We compare with the recent person
ReID methods as follows,

PCB [9] is a part based convolutional feature represen-
tation scheme with refined part pooling method for person
re-identification.

DefenseTriplet [10] is an improved triplet embedding mining
scheme with classic triplet loss for person re-identification.

AlignedReID [51] uses a novel local feature alignment
method to benefit global feature learning.

BagofTricks [52] is a competitive baseline in person ReID.
For fair comparison, we do not adopt the reranking and random
erasing augmentation mechanism.

Unlabeled Data Usage: The unlabeled data are involved in
multi-model reuse, and we split the training set (Duke) into two
parts, i.e., the labeled and unlabeled. Regarding the unlabeled
data, the label information of a part of training samples are not
used in the experiments. To denote the different proportion of
labeled and unlabeled data, we use 30% Duke to indicate only
30% samples are used as labeled samples and the rest serve as
unlabeled samples during training. As such, the mixed training
of labeled and unlabeled data in real-world scenarios can be well
simulated in our experiments.

B. Results of Model Reuse

Single Model Reuse: In Fig. 6(a), the results of single model
reuse are demonstrated. We provide the results of baseline
model trained with the splitted labeled Duke training set. For
model reuse, we use three different models trained on MSMT17,
CUHK03 and Market1501 as source models. Compared with
baseline models, it is clear that the introduction of single model
reuse significantly boosts the performance of ReID models. In

TABLE II
THE mAP PERFORMANCE BY SETTING DIFFERENT SCALE γ WHEN REUSING

TWO MODELS ON THE DUKE TEST SET. (70% SAMPLES IN

DUKE TRAIN SET ARE USED AS UNLABELED SAMPLES)

addition, we can find that with different settings on the percent-
age of unlabeled data in model reuse, the target model can con-
sistently achieve better performance than baseline model. For
example, with the 40% labeled data, reusing MSMT17 model
can bring about 5.42% mAP (38.42% → 43.84%) performance
gains.

The hyper-parameter analysis: The parameter γ is used to
balance the empirical loss and regularization term for reuse in the
training objective (Eq. 5). It is crucial to choose proper value of
γ to improve the performance of model reuse. We vary the value
of γ and show the performances in Fig. 6(b) to investigate the
sensitivity of model w.r.t. γ. Across a wide range of γ from 2−3

to 23, the performance variation of model remains fairly stable.
Moreover, in Table II, we show the performances of reusing
two models on different scales. We can find that the overall
performances under different scales are close.

Importance factors αm between reused models: The αm indi-
cates the importance of themth model in model reuse. To explore
the effect ofα, we present the performance of two model reusing
with different importance factors in Fig. 6(c). The peak point
on the performance curves in Fig. 6(c) indicates that choosing
proper importance factors between the different reused mod-
els can achieve maximum model utilization in performance im-
provements. However, as the number of reuse models increases,
it becomes more difficult to assign proper parameters.
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TABLE III
THE mAP PERFORMANCE WITH/WITHOUT ATTENTION

BASED MODEL WEIGHTING ON THE DUKE TEST SET

Fig. 7. The performance comparison between with and without attention block
for every epoch during model reuse training.

Adaptive model weighting: In order to automatically set
hyper-parameterαm, we use attention block in reuse for adaptive
model weighting. We conduct the adaptive and manual parame-
ter setting experiments. The λ is set to 1, and αm is set to 0.5 and
0.333 in two and three model reuse, respectively. As shown in
Table III, the proposed method with attention block can achieve
higher performance, which implies that attention mechanism
can obtain more optimal hyper-parameters. Fig. 6(c) provides
the performance under different parameter combinations. Com-
pared with the optimal results under manual parameter setting,
the adaptive weighting method still has significant advantages.

Using the adaptive model weighting mechanism brings some
unexpected merits. (1) It can reduce the potential of over-fitting.
Fig. 7 shows the performance variations during the training
stage, which illustrates that the method with attention block can
obtain more stable performance gains, while the performance
without attention drops from 39.19% (at 70th epoch) to 35.56%
(at 130th epoch). (2) The attention block can improve the effi-
ciency and effectiveness of model reuse mechanism. As shown
in Fig. 8, the introduce of attention block makes the learning
converge faster with lower loss (with attention 0.02 vs. without
attention 0.04).

Multi-model reuse: We provide the results of multi-model
reuse in Table IV. Compared to the baseline models, we can
find that reusing additional models achieves better performance
both in mAP and Rank 1. By increasing the number of reused
models, the incremental performance gains can be consistently
achieved. With three reused models, we can achieve 42.67%

Fig. 8. The variation of loss during the training stage with and without attention
block reusing.

TABLE IV
THE PERFORMANCE COMPARISON AND THE INCREMENTAL GAIN BY

INCREASING REUSED MODELS ON THE DUKE TEST SET. (70% SAMPLES IN

DUKE TRAIN SET ARE USED AS UNLABELED SAMPLES)

mAP, which significantly outperforms the baseline 31.5% mAP.
We also compare with the recent state-of-the-art methods such
as BagofTricks [52], which has much superior performance over
baseline softmax method. With incremental multi-model reuse,
our baseline model can be significantly improved. When reusing
three additional models, we can outperform BagofTricks [52]
by 4% mAP without any complicated feature representation or
loss functions. Such performance improvements can adequately
prove the effectiveness of the proposed reuse strategy.

We also visualize the retrieval results comparison in Fig. 9,
which lists Top 15 retrieval results of softmax baseline and three
model reuse with (MSMT17 + Market1501 + CUHK03). In both
methods, the recalled images at the top position show similar at-
tributes with query images, such as color. Moreover, the false
positives at high position in model reuse method often present
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Fig. 9. Top 15 retrieval results on Duke test set. The images with red box are the wrong recall results. For each query, the first and second rows are results from
softmax baseline and model reuse (MSMT + CUHK + Market).

TABLE V
THE mAP PERFORMANCE COMPARISON OVER DUKE TEST SET BY

TRANSMITTING MODELS WITH DOM (FIRST LINE) AND WITHOUT DOM
MODULE (SECOND LINE) IN TERMS OF DIFFERENT QUANTIZATION LEVELS

similar backgrounds as query. Besides, reusing additional mod-
els can achieve more robust capability in analyzing low resolu-
tion images, which is important for person re-identification.

C. Results of Model Prediction

It is necessary to deploy the enhanced model by multi-model
reuse to the front-end. In Table V, we show the results of DoM
with the decrease of compression bits. It is worth noting that
the k bits compression means taking k bits memory cost to rep-
resent each weight parameter in the model. The smaller com-
pression bits indicates coarser quantization. We use models of
different performances as existing models and to-be-deployed
models to simulate model prediction. For model reusing with
Market1501 and CUHK03, the performance of existing model
is 38.76% mAP and the to-be-deployed model is 40.57% mAP.
The model prediction is able to obtain better compression per-
formance by using model sharing information. Given the same
to-be-compressed models, better performance can be achieved
with the DoM, say compression bits= 6 to 3. When compression

Fig. 10. The performance comparisons among different quantization methods.

bits = 3, the DoM strategy can well maintain the performance
(40.57→31.88), while the single model compression strategy
even collapses (40.57→0.07).

For better understanding of DoM, we plot the mAP changes
in terms of different quantization methods with/without DoM
in Fig. 10, i.e., linear quantization, MinMax quantization, log
MinMax quantization and vector quantization. The linear quan-
tization and vector quantization can achieve higher performance
compared with other methods. Besides, the DoM strategy sig-
nificantly outperforms the simple single model compression
scheme under all quantization configurations. The reason is that
DoM compresses the differences of the models while the sin-
gle model compression is applied to the whole model. Thus, the
DoM is more suitable for delivering incremental information
under constrained transmission environments.

VI. CONCLUSION

In this work, we explore the model-centric paradigm with
model generation, utilization and communication to better shape
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the digital retina system and support front-end smart visual
sensing in smart cities. Within such paradigm, we propose a
multi-model reuse scheme for better model utilization in digi-
tal retina. To economically transmit the updated model to the
front-end, a model prediction method based on Difference of
Model (DoM) is proposed. The challenging task of person ReID
is utilized to illustrate the effectiveness of the paradigm in the
context of model domain bias and model transmission. In the fu-
ture, we will systematically integrate model generation, utiliza-
tion, communication and standardization to build an intelligent,
economic and efficient digital retina in smart cities.
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