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Abstract—In the big data era, there has been an increasing
consensus that the label information, computational resources
and communication bandwidth are particularly precious. State-
of-the-art research is revolutionizing the vision systems of the
smart city, which converts the visual signals from sensory input
into feature representations and conveys the compact feature for
analysis by using the computational resources of both front and
back ends. To deploy a robust model, large amounts of labeled
data are usually required, and thereby heavy computational and
communication resources are incurred in model training as well
as inference. However, the computational resources in front-end
devices are usually constrained, and heavy transmission burden
is imposed when leveraging multiple models amongst different
ends. In this work, we propose a novel collaborative computing
approach for intelligent sensing and low-cost analysis, which
reduces the requirement of labeled data and communication
cost, and balances the computational load in model training and
inference. By incorporating the adversarial learning mechanism
into collaborative model training, knowledge of different domains
can be better exploited. Moreover, the learned models are
deployed for inference in a collaborative manner, in which part of
model is placed in front-ends for extracting intermediate feature
maps, and part of the model remains in back ends for inference
with received feature maps. The effectiveness of the proposed
approach has been validated in the context of an emerging digital
retina system for smart city intelligent applications.
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I. INTRODUCTION

The visual data such as images and videos have been
growing exponentially due to the advent of the Internet of
things. This poses great challenges for both intelligent sensing
and data communication. For example, label information is
crucial to train models in a range of artificial intelligence
applications, but it is resource consuming to obtain and digest
large amounts of labeled data. Besides, although the current
image/video transmission is supported by the gigantic scale
communication bandwidth and computational power, it is still
nontrivial to transmit and deal with vast amount of image and
video data. Hence, it is desirable to figure out the issue of
intelligent visual sensing and low cost analysis.

Recently, a new paradigm of digital retina [1] was proposed
for economic visual sensing in smart city. As a crucial com-
ponent, retina not only perceives the visual information, but
also works as a highly efficient visual data processing engine
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in the central nervous system [2]. Inspired by this, in the
digital retina system, compact descriptors from visual signals
are extracted at the front-end, and the compressed descriptors
are transmitted to the back-end for intelligent analysis.

There are two main challenges arising from real applications
of the current digital retina system. First, learning a robust
model requires large amounts of data from various source
domains, which imposes great transmission burden in view of
the limited bandwidth. As such, an intelligent algorithm which
relies on models instead of data is required for model training.
Second, the constrained computational capability of front-end
cannot sufficiently meet the demand of many visual analysis
tasks shifting from the back-end, and a low-cost strategy is
highly demanded for model inference.

In this work, we propose a novel collaborative approach
for intelligent visual sensing and low-cost analysis. Inspired
by collaborative learning [3], our approach works on multiple
models, and allows the models to communicate and benefit
each other. By injecting the collaborative mechanism into
model training and inference, our target is to alleviate the
deficiency of labeled data for improving model performance,
and reduce the communication cost in analysis.

In the collaborative model training, we propose to use well-
trained models in related source domains, instead of the origi-
nal labeled data, to help the model training in a target domain.
The target model is to be deployed in the front-end, while the
source models may originate from front or back ends. To well
exploit source models for training target models, we come up
with a novel adversarial learning based model reuse method.
Different from existing model-reuse methods [4]–[6], our
method attempts to study the consistency and complementary
effects between different source models. By allowing different
source models to compete for model-reuse, we learn model
invariant representation in an adversarial manner [7] to capture
the consistency between models. However, this may discard
useful information contained in each source model, which
motivates us to learn model-specific representations to explore
the complementary of different source models.

In the collaborative model inference, we propose to deploy
part of a specified model in the front-end, and the remaining
part of the model in the back-end. The intermediate feature
map is transmitted to bridge front and back ends. This collab-
orative mode contributes to the trade-off of communication and
computational cost between front and back ends. Accordingly,

978-1-7281-3723-0/19/$31.00 ©2019 IEEE



Fig. 1. Illustration of collaborative model training and model inference for intelligent sensing and low-cost analysis, respectively.

feature map compression is applied. Both lossless and lossy
compression strategies are investigated to remove the spatial
and temporal redundancy when dealing with the batch of
feature maps as video streams. With the flexibility of selecting
and transmitting intermediate feature maps, we are able to seek
for load balance between front and back ends.

To sum up, the main contributions of this paper are:
• We propose a collaborative computing approach for intel-

ligent analysis and low-cost analysis, which is expected to
substantially reduce the requirement of labeled data and
communication cost, balance the computational load, and
improve the performance of model inference.

• We propose to incorporate the adversarial learning mech-
anism to improve the performance of collaborative train-
ing of multiple models, which is a useful complement to
the model reuse methodology.

• We propose to extract, compress, and transmit the inter-
mediate feature maps from the front-end to the back-end,
which elegantly supports the low-cost collaborative visual
analysis in the emerging digital retina system.

II. THE PROPOSED METHOD

As illustrated in Fig. 1, we focus on the learning collabora-
tion between different models, and the analytics collaboration
between front and back ends. The first relates to the model
reuse, while the latter relates to the model inference.

Adversarial Model Reuse. We aim to use multiple source
models to help the target model training. However, there may
be inconsistency and redundancy in different source models,
and thus it is necessary to discover both consistent and com-
plementary information from the various source models. This
is achieved by learning common and model-specific represen-
tations. Suppose that zm is the hidden-layer representation of
the m-th source model, we learn two mappings φmc and φms
to derive a common (or model-invariant) representation zmc =
φmc (zm) and model-specific representation zms = φms (zm).
The common representation zmc is shared by all source models
and is learned using an adversarial strategy. Although we can
directly learn a common representation without adversarial
learning, the distributions of the mapped representations from
different source domains may be inconsistent. This issue can
be duly addressed by adversarial learning, which enables that
both the mapped representations and data distributions to be
consistent, and hence the consistency of different domains can
be better exploited. In particular, given a representation zmc , a
discriminator D is learned to recognize which source model

generates the zmc , while φmc attempts to generate the common
representation that cannot be discriminated by D.

To learn the model-specific representation, we propose to
minimize the reconstruction error for each source hidden
representation based on the auto-encoder scheme. A decoder
function ψm(·) is proposed to obtain ẑm, which is the recon-
struction of the input zm. Therefore, the optimization problem
is formulated as follows,

min
{φ,ψ}

max
D

M∑
m=1

(
‖zm − ψm([zmc ; zms ])‖22 + γD logD(zmc )

)
,

s.t.

M∑
m=1

D(zmc ) = 1,

(1)
where D(zmc ) is the probability of the discriminator D that
predicts zmc to be the common representation of the m-
th source model. The adversarial model reuse procedure is
shown in Fig. 2 (a). This adversarial strategy is supposed
to better exploit the consistency and complementary of the
source representations. Note that this is different from the
existing multi-model reuse method in [6], in which multiple
fixed source models are employed to facilitate the target model
training, namely, the target hidden-layer representation is used
to reconstruct the source hidden-layer representations.

Fig. 2. Architecture of the proposed adversarial model reuse method. (a)
Model common and specific feature learning in source models. (b) Multi-
model feature reuse in target model learning.

We utilize the learned common and model-specific repre-
sentations to improve the target model, and the formulation of
reusing the source models at a certain hidden layer is:

ε(ΘT ;xn, yn) =
1

Nl

Nl∑
n=1

L(fT (ΘT ;xn), yn)

+γ

Nl+Nu∑
n=1

R(zn; {zmnc, zmns}),

(2)



where {xn, yn}Nl
n=1 and {xn}Nl+Nu

n=Nl+1 are the limited labeled
data and abundant unlabeled data in the target domain, ΘT

denotes all parameters of the target model, L(·) is target loss
adopted in deep learning, and R(·) is the regularization term
that enables model reuse. γ balances the task objective and
regularization term. R(·) can be formulated as,

R(zn; {zmnc, zmns}) =
∥∥zn − g ([znc; z1ns; · · · ; zMns

])∥∥2
2
, (3)

where znc = 1
M

∑M
m=1 z

m
nc, and g(·) is a linear or nonlinear

mapping to be learned. That is, the mean of the common repre-
sentations is fused with all the model-specific representations
to improve the target hidden-layer representation. The model
reusing procedure is illustrated in Fig. 2 (b).

Intermediate Feature Map Compression. As an important
extension of compact feature descriptor [8], [9], deep feature
map compression aims to incorporate feature compression into
the model inference between front and back ends. In this
work, we investigate the use of lossless and lossy compression.
Three lossless compression methods are evaluated, including
GZIP [10], ZLIB [11], and LZMA [12]. GZIP is a fast
compression method with small memory cost. With higher
compression ratio and speed, ZLIB is now widely used in data
storage and transmission. LZMA employs a dictionary based
scheme followed by a range encoder, which well balances the
compression ratio and speed.

Furthermore, we explore lossy compression by video coding
algorithms. Since the video coding algorithm can only process
data of INT8, we first introduce pre-quantization to convert
feature data from FLOAT to INT8 type as follows:

I ′ = floor
(

log(1 + I)

log(1 + max(I))
× (2bits − 1) + 0.5

)
, (4)

where I ′ and I denote input data and pre-quantized data, and
bits represents the data precision. Then, we repack the deep
learning features as the video format. In this work, the state-of-
the-art HEVC video encoder [13] is utilized to encode the deep
learning feature maps into bitstreams. At the receiver side, the
bitstreams are decoded then derepacked and pre-dequantized
to reconstruct the deep features. These features can be then
fed into another network to complete visual analysis.

III. EXPERIMENTAL RESULTS

A. Experimental setup

To validate the benefits of collaborative computing, we
choose the person ReID [14], a typical visual analysis task
in smart city. It aims to identify images in the database with
identical person as the query one. Besides, the domain gap has
been widely acknowledged in ReID [15], which is expected
to be effectively alleviated by reusing multiple models.

Four benchmark datasets are used, including Duke [16],
Market1501 [14], MSMT17 [15], CUHK03 [17], as shown in
Table I. According to the principle of multiple source models
and one target model in reuse, we select MSMT17, CUHK03
and Market1501 datasets to train source models, and the target
model is trained and tested on Duke dataset, in analogous

TABLE I
DETAILS OF THE DATASETS IN OUR EXPERIMENTS.

Dataset Images/IDs Train Test
Duke [16] 36,411/1,812 16,522/702 19,919/1,110

Market1501 [14] 32,688/1,501 12,936/751 19,752/750
MSMT17 [15] 126,441/4,101 32,621/1,041 93,820/3,060
CUHK03 [17] 28,192/1,467 26,264/1,367 1,928/100

to [4], [6]. Moreover, we select two datasets each time for
adversarial learning, e.g., CUHK03 vs Market1501.

Unlabeled Data. The unlabeled data in target domain are
involved in model reuse. Thus, we split the training set into
two parts, i.e., the labeled and unlabeled. For example, 50%
Duke means only 50% samples are used as labeled samples
and the rest serve as unlabeled samples in training.

Network Architecture. We adopt the ResNet50 network
[18] as our base network, and use softmax loss as supervision.

Evaluation Metrics. The mean Average Precision (mAP)
is used to evaluate ReID performance, as in [14]. Moreover,
the compression ratio is used to evaluate feature compression
performance, which is defined based on the ratio between data
length after and before compression.
B. Results of Model Reuse
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Fig. 3. Analysis of adversarial model reuse. (a) The domain classification
accurary in adversarial learning in first stage. (b) The performance of target
model in reuse by setting different scale γ in the loss function.

The adversarial learning analysis. To learn the common
features, we adopt a domain adversarial learning strategy.
From Fig. 3(a), as training continues, the domain classification
accuracy on two different domains gradually decreases, which
means the features are becoming difficult for discriminator
to discriminate which domain the feature are generated from.
Thus, the expected common features can be learned.

The parameter analysis. In the model reuse stage, the
γ balances the task objective and regularization term. We
investigate the sensitivity of γ to the performance in Fig. 3(b).
Clearly, across a wide range of γ from 2−3 to 24, the
performances of our model remain fairly stable. Thus we
choose γ = 2 in all experiments.

Model reuse. We present the results of adversarial model
reuse in Table II. On Duke test set, we first show the
performance of baseline target model and source models with
softmax loss. The baseline target model achieves 42.49%
mAP, while the source models from Market1501, CUHK03,
MSMT17 show unsatisfactory results with only 17.11%,
6.62%, 30.71% mAP, respectively. Such results indicate the
severe gap in different domains. The comparison method FMR
[4] uses fixed model reuse and can improve the performance of
target model from 42.29% to 46.74% mAP. Besides, in MMR
[6], a multi-model reuse strategy is proposed to explore more



TABLE II
THE PERFORMANCE COMPARISON BY DIFFERENT MODEL REUSING

METHODS ON DUKE TEST SET. (50% SAMPLES IN DUKE TRAIN SET ARE
USED AS UNLABELED SAMPLES IN REUSING.)
Method mAP(%)
Softmax(duke) 42.49%
Softmax(market1501) 17.11%
Softmax(cuhk03) 6.62%
Softmax(msmt17) 30.71%
MMR [6]-market1501 47.06%
MMR [6]-cuhk03 47.06%
MMR [6]-msmt17 47.20%
FMR [4]-market1501 46.11%
FMR [4]-cuhk03 46.71%
FMR [4]-msmt17 46.74%
MMR [6]-(cuhk03 + market1501) 47.59%
MMR [6]-(cuhk03 + msmt17) 47.31%
MMR [6]-(market1501 + msmt17) 47.62%
Ours-(cuhk03 vs market1501) 49.24%
Ours-(cuhk03 vs msmt17) 49.18%
Ours-(market1501 vs msmt17) 49.92%

+ and vs denote multi model and adversarial model reuse, respectively.

domain knowledge and can achieve 47.62% mAP. As com-
parison, our proposed adversarial model reuse significantly
outperforms the baseline method Softmax by 7.43% mAP
gains from 42.49% to 49.92%. In particular, we apply a similar
reuse stage as MMR, and the resulting 2.3% mAP performance
gains (49.92% vs 47.62%) demonstrate the effectiveness of the
adversarial scheme based feature learning in model reuse.
C. Intermediate Feature Compression

The produced target models is (partially) deployed in front
and back ends. To further realize the collaborative analysis,
we choose the proper layer of intermediate feature map, and
transmit the compressed maps from the front-end to the back-
end. In Table III, we report the compression ratio by different
compression methods. Several different intermediate layers,
Conv Block 2, 3, 4 in ResNet50 are used for evaluation.
It can be observed that the lossless compression method
can efficiently compress the deep features. In particular, the
features from ‘Conv Block 3’ show large statistical redundancy
and can be highly compressed. From the comparisons, we can
find the performance of LZMA is superior to the other two
methods on most feature layers.

We also report the results of lossy compression in Table
IV. Four different QP points i.e., 12, 22, 32 and 42 are
used for evaluation, and higher QP value indicates higher
compression capability and lower quality correspondingly. By
compressing features from Conv Block 3 at QP12, the lossy
compression can achieve nearly 4× compression ratio as
lossless LZMA without performance drop. Even at QP 32, it
achieves 10× compression ratio as LZMA with less than 1%
performance drop. In the demand of frequent collaborative
model inference between front-end and back-end, the lossy
compression methods have already been applied in the digital
retina based visual analysis system in real scene and have
demonstrated large potential to be further investigated.

IV. CONCLUSION

In this work, we explore the potentials of collaborative
computing approach for intelligent visual sensing and low-
cost analysis. From the perspective of model reuse, model

TABLE III
THE COMPRESSION RATIO BY DIFFERENT LOSSLESS COMPRESSION

ALGORITHMS.

Block Name Conv 2 Conv 3 Conv 4
LZMA [12] 54.31% 20.97% 59.76%
GZIP [10] 57.03% 22.53% 61.03%
ZLIB [11] 57.18% 22.75% 61.12%
Original size 2048 KB 512 KB 256 KB

TABLE IV
THE COMPRESSION RATIO AND PERFORMANCE BY DIFFERENT LOSSY

COMPRESSION PARAMETERS.
Block Name Conv 2 Conv 3 Conv 4
QP12-Compression Ratio 10.84% 6.45% 15.95%
QP12-mAP Performance 49.93% 49.92% 49.94%
QP22-Compression Ratio 6.33% 4.44% 10.86%
QP22-mAP Performance 50.00% 49.89% 49.88%
QP32-Compression Ratio 2.02% 2.34% 5.21%
QP32-mAP Performance 45.81% 49.12% 49.59%
QP42-Compression Ratio 0.24% 0.42% 1.70%
QB42-mAP Performance 2.77% 9.55% 46.77%

deployment, and feature compression and transmission, we
come up with a person ReID solution in the context of digital
retina with improved performance and efficiency. Further study
on large-scale adversarial and collaborative learning between
models as well as the standardization of core technologies will
be included in our future work.
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