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To enhance the quality and speed of data processing and protect the privacy and security of the data, edge computing has been
extensively applied to support data-intensive intelligent processing services at edge. Among these data-intensive services, en-
semble learning-based services can, in natural, leverage the distributed computation and storage resources at edge devices to
achieve efficient data collection, processing, and analysis. Collaborative caching has been applied in edge computing to support
services close to the data source, in order to take the limited resources at edge devices to support high-performance ensemble
learning solutions. To achieve this goal, we propose an adaptive in-network collaborative caching scheme for ensemble learning at
edge. First, an efficient data representation structure is proposed to record cached data among different nodes. In addition, we
design a collaboration scheme to facilitate edge nodes to cache valuable data for local ensemble learning, by scheduling local
caching according to a summarization of data representations from different edge nodes. Our extensive simulations demonstrate
the high performance of the proposed collaborative caching scheme, which significantly reduces the learning latency and the
transmission overhead.

1. Introduction

With the breakthrough of artificial intelligence (AI), we are
witnessing a booming increase in AI-based applications and
services [1]. ,e existing intelligent applications are com-
putation intensive. To process a huge number of data in time
at the edge of the network, edge computing has rapidly
developed in recently. Edge computing [2] takes a part of the
resources andmemory from the data center and puts it at the
edge of the network to be closer to end users, which can
reduce the network transmission delay, protect user’s pri-
vacy, and improve the network experience of end users.

,e rapid uptake of edge computing applications and
services pose considerable challenges on networking re-
sources [3]. Fulfilling these challenges is difficult due to the
conventional networking infrastructure. ,e extensive

application of deep neural network models at edge makes
this problem more serious. Neural network models learn
relationships among a huge number of training data [4].
Meanwhile, this type of complex nonlinear models is sen-
sitive to initial conditions, both in terms of the initial
random weights and in terms of the statistical noise in the
training data [5]. ,is nature of the learning algorithm
means that different neural network models are trained; it
may learn a new group of features from inputs to outputs,
which have different performances in practice.

To meet the stringent demands of emerging edge in-
telligence applications such as smart home, smart city, and
virtual reality in 5G/6G networks, distributed learning has
been applied in practice. Its learning performance, however,
depends on the level of synchronizing the parameter updates
from neighbors, and significant asynchronous updates from
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various nodes could severely compromise the learning
quality and the convergence speed [6]. Ensemble learning
[7, 8] provides a feasible way to handle the variance of neural
network learning at different nodes. Ensemble learning
schemes train multiple models and combine their outputs to
alleviate the variance of model learning processes [9].
Nguyen et al. proposed an edge learning architecture with
long short-term memory (LSTM) and ensemble learning
[10]. Wang and Nakachi developed a secure face recognition
framework to orchestrate sparse coding in edge networks
from the ensemble learning perspective [11]. We can achieve
a high-quality ensemble neural network model by com-
bining different neural network models to outperform other
models.

Although ensemble learning can enhance the capability
of edge deep learning, there is no performance improvement
if the similar individual submodels are combined [12].
Tumer and Ghosh [13] analyzed simple soft vote ensemble
methods by decision boundary analysis, revealing the im-
portance of difference among submodels. ,e same con-
clusion is also applicable to other ensemble methods.
However, it is not easy to generate individual submodels
with high diversity. A significant challenge comes up that
submodels are obtained on similar training data, so they are
often highly correlated [14].

To make all submodels different from each other, we
target on an adaptive collaborative caching scheme to
guarantee submodels learning different data and conse-
quently being diverse. With comprehensive study of col-
laborative caching at edge, we propose a compact recording
structure of the cached data, maximizing the difference
among the data cached in different nodes. Besides the
caching locality considered in the conventional caching
schemes [15], it is also important to consider the diversity of
the data cached to train submodels. In this way, we improve
the performance of the ensemble learning.

1.1. Contributions. Our main contributions are summarized
as follows:

(1) To efficiently record cached data among collabora-
tive nodes, we study data recording and exchanging
among edge nodes and introduce a compact rep-
resentation structure, Combinable Counting Bloom
Filter (CCBF)

(2) We design an adaptive collaborative caching scheme
based on CCBF, based on which a high-performance
ensemble deep learning at edge is proposed

(3) Comprehensive evaluation of the proposed scheme
is performed on NS-3-based simulations over real-
world deep learning models and data

1.2.Organization. In Section 2, we study the related work. A
compact data structure to collect the information of the
cached data is present in Section 3. Based on this data
structure, we propose an adaptive collaborative caching
scheme for ensemble learning in Section 4. In detail, we
exchange the information of the cached data, elevate these

data to learn local knowledge, and achieve a high-perfor-
mance ensemble result. ,e performance of our design is
evaluated in Section 5. Finally, we conclude the work in
Section 6.

2. Related Work

In recent years, ensemble learning at the edge has been used
in all kinds of applications [14, 16]. Meanwhile, due to the
storage limitation of each edge node, edge nodes always
collaborate in data collection and model training [17–19].

2.1. Ensemble Learning. We investigate relevant works in
recent years, and we find that the performance can be effec-
tively improved with the introduction of ensemblemechanism.
To optimize the determination process of deep classification
model structure and the combination of multimodal feature
abstractions, Yin et al. [20] proposed multiple-fusion layer-
based ensemble classifier of stacked autoencoder (MESAE) for
recognizing emotions, in which deep learning is used for
guiding autoencoder ensemble. Moreover, based on the as-
sumption that different convolutional neural network (CNN)
architectures learn different levels of semantic representations,
Kumar et al. [21] developed a new feature extractor by
ensembling CNNs that were initialized on a large dataset of
natural images. Experiment showed that the ensemble of CNNs
can extract features with a higher quality, compared with
traditional CNNs. Xiao [22] proposed an ensemble learning
method to improve the robustness in traffic incident detection.
Galicia et al. [23] presented ensemblemodels for forecasting big
data time series. Liu et al. [24] applied ensemble convolutional
neural network models with different architectures for visual
traffic surveillance systems. Liu et al. [25] designed an ensemble
transfer learning frameworkwhich used AdaBoost to adjust the
weights of the source data and target data, thismethod achieved
good performance on UCI datasets when the training data are
insufficient. Chen et al. [26] proposed an ensemble network
architecture for deep reinforcement learning, in order to solve
the problem of existing ensemble algorithms in reinforcement
learning.

2.2. Collaborative Caching. Collaborative caching has been
applied in the ensemble learning field to collect sufficient
data for submodels’ training and high-quality ensemble
result achievement. Amer et al. [27] stated the role of
wireless caching in low-latency wireless networks and
characterized the network average delay on a per request
basis from the global network perspective. Li et al. [28]
proposed a cache-aware task-scheduling method in edge
computing. First, an integrated utility function is derived
with respect to the data chunk transmission cost, caching
value, and cache replacement penalty. Data chunks are
cached at optimal edge servers to maximize the integrated
utility value. After placing the caches, a cache locality-based
task scheduling method is presented. Chien et al. [29]
proposed a collaborative cache mechanism in multiple
Remote Radio Heads (RRHs) to multiple Baseband Units
(BBUs). In addition, they use Q-learning to design the cache
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mechanism and propose an action selection strategy for the
cache problem. ,rough reinforcement learning to find the
appropriate cache state, Ndikumana et al. [30] proposed
collaborative cache allocation and computation offloading,
where the MEC servers collaborate for executing compu-
tation tasks and data caching. Tang et al. [31] proposed
caching mechanisms in collaborative edge-cloud computing
architecture, which can implement the caching paradigm in
cloud for frequent n-hop neighbor activity regions. Khan
et al. [32] proposed reversing the way in which node con-
nectivity is used for the placement of content in caching
networks and introduced a Low-Centrality High-Popularity
(LoCHiP) caching algorithm that populates poorly con-
nected nodes with popular content. Wei et al. [33] presented
a system that automatically parallelizes serial imperative ML
programs on distributed caching. ,e system makes a static
dependence analysis to determine when dependence-pre-
serving parallelization is effective and maps a computational
process to a distributed schedule.

2.3. Problems and Our Insight. Although existing caching
approaches can facilitate ensemble learning, enhanced
collaborative caching should be studied. Actually, the
ensembling learning process is highly related to different
submodels. As analyzed by Tumer and Ghosh [13], if the
submodels are independent of each other, the error of en-
semble learning will be reduced. If each submodel is cor-
related with all others, the error of ensemble learning
becomes larger. ,is analysis clearly reveals the importance
of different submodels [12].

To differentiate all submodels as much as possible, we
take different data to train various submodels and improve
the performance of ensemble learning: (1) an efficient way to
record the cached data items is highly required, (2) exchange
the record of the cached data among different edge nodes,
and (3) schedule the edge caching according to the records
and train different submodels for high-quality ensemble
learning.

3. Composable Counting Bloom Filter

To make the valuable data remain on edge nodes, we need to
exchange the compact records of the cached data. However,
the most popular compact recording method, Counting
Bloom Filter (CBF) [34], only supports inserting, deleting,
and querying on data and cannot support the combination
operation of multiple filters which will be used to summarize
the exchanged compact records of the cached data. ,ere-
fore, to meet the aforementioned requirement, we introduce
a Composable Counting Bloom Filter (CCBF) in this section.

3.1. Design Structure. To support the dynamic update of the
record of the cached data, as well as the combination of
multiple compact records of the cached data, we design a
new structure for the proposed CCBF on the basis of the
basic Bloom Filter. We can combine multiple basic Bloom
filters by performing bitwise OR on these filters, but cannot
combine CBFs in the similar way since CBF aggregates the

information of the inserted data into its counters. Based on
the above observation, we can stack several basic Bloom
Filters to build a Counting Bloom Filter which can support
updating and merging operations simultaneously.

,e detailed structure of CCBF is shown in Figure 1. ,e
CCBF has k hash functions (h1, h2, . . . , hk) and consists of
the following two components:

(1) G bit arrays (barri, i � 1, 2, . . . , g): the bit arrays are
used to replace the counterarrays in CBF to support
counting operations of the inserted data items, the
size of which is equal to m. g is set based on the
requirement of counting.

(2) orBarr: the aggregation result of g bit arrays, by
performing bitwise OR, is used to enhance the query
efficiency and facilitate the data caching among edge
nodes.

CCBF not only supports the insert, query, and delete of
items but also supports the combination of multiple CCBFs.
,ese operations will be described one by one in Section 3.2.

3.2. Related Operations. According to the needs of ex-
changing and updating cached data records, we have
implemented the functions of inserting, querying, deleting,
and combination in CCBF. In this part, we introduce the
related operations.

3.2.1. Inserting. To insert a data item into CCBF, we use the
pseudorandom integer generator to generate a random
matrix to perform an efficient and nonrepeated insert
operation. ,e specific inserting operation is shown in
Algorithm 1, and the procedures are shown as follows:

(1) A random matrix (matrix[g][m]) of size g × m is
constructed by using a pseudorandom integer gen-
erator with different seeds on different columns. For
each column, the value of each cell is different from
the others and belongs to a range from 1 to g.

(2) Hash the cached data k times to get k hash results
( pj ) (line 3).

(3) Use the RandChoice function to search the pjth
column of matrix[g][m] for the next available bit
array, according to the number of arrays whose pjth
cells are used (line 4).

(4) Set the pjth cell in barri to be 1 and update orBarr
(line 5–7).

Notice that we will check if the bit arrays used to record
the k hash results meets the following condition:

∀barri pj  � 1, j ∈ 1, 2, . . . , k. (1)

It means that this data item has been inserted, and this
insert operation will be abandoned.

3.2.2. Querying. We include an additional array orBarr to
support efficient membership query operations, which can
directly check whether the corresponding cells of orBarr are
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set to be 1. ,e specific query operation is shown in
Algorithm 2:

(1) Hash the queried data k times to get j hash results
(pj) (line 2).

(2) Check if orBarr[pj] is 1. If it is 1, the data is inserted
before. Conversely, there is no corresponding data
(line 3–7).

3.2.3. Deleting. ,e calculation process of the delete oper-
ation is similar to that of the insert operation. ,e key
operation steps are briefly listed as the follows:

(1) Confirm whether the item exists in this CCBF by
performing a query operation on this item (see
Algorithm 2)

(2) Locate the bit arrays used in the last inserting op-
eration according to the random matrix,
matrix[g][m]

(3) Clear the corresponding cells in these bit arrays, and
update orBarr

3.2.4. Combination. CCBF supports not only inserting,
querying, and deleting data items but also the combination
of multiple CCBFs. ,e combination operation of multiple
CCBFs is equivalent to combining the data items inserted
in these CCBFs. ,e random matrix matrix[g][m] gen-
erated in CCBF can ensure the bit array selected in a fixed
sequence, and thus, the repeated data inserting can be
neglected. ,e specific combination operation is shown in
Algorithm 3, and the combination procedure is listed as the
follows:

(1) Determine whether the number of items in the
compacted representation after merging has excee-
ded the capacity of CCBF (n) (line 1–3)

(2) Combine bit arrays one by one by bitwise OR (line
6–13)

barrg

…

barr2

barr1 0 1 0 1 0 1…

0 0 1 0 0 1

1 0 0 1 0 0

1 1 1 1 0 1

=

orBarr

Bitwise or

…

…

…

Cached data item

�e preudo-random number generator
is used to select the bit array according

to the usage of each bit array

h1 h2 … hk

Figure 1: Structure of Composable Counting Bloom Filter.

Require: d

(1) barrSet � CCBF.GetAllBarr;
(2) for j � 0 to CCBF.k − 1 do
(3) pj � Hashj(d);
(4) barri � RandChoice(barrSet, pj,Counter(pj));

//Function RandChoice searches the pjth column of matrix[g][m]

for an available bit array, according to the number of arrays whose pjth cells are used;
(5) barri[pj] � 1;
(6) end for
(7) Update orBarr;

ALGORITHM 1: CCBF.insert(d).
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CCBF can record the cached data in each edge node
through a compact way. By inserting the data items in CCBF
and exchanging and combining CCBFs among edge nodes,
the cache of each edge node can be scheduled to store diverse
data, which facilitates and obtains different submodels on
these data and achieve an high-performance ensemble
learning result.

4. Ensemble Learning Based on
Collaborative Caching

In this section, we propose an edge ensemble learning
scheme based on adaptive collaborative caching. In this
scheme, CCBF is used to record the cached data informa-
tion, so as to realize the exchange and collection of cache
information between edge nodes. Also, the scheme can
reasonably schedule the cache according to the data dis-
tribution and support the submodels’ learning and final
ensemble learning of each edge node.

4.1. Learning Strategy. Ensemble learning [35] is the process
by which multiple models, such as classifiers, are generated
and combined to solve a particular computational intelli-
gence problem. Ensemble learning is primarily used to
improve the (classification, prediction, function approxi-
mation, etc.) performance of a model. In order to improve

the performance of ensemble learning at edge, we first study
the ensemble learning process. ,e decision boundary
analysis results of the simple soft voting ensemble method
are as follows.

To remain simple, it is assumed that all submodels have
the same error rate. We use θ to describe the relationship
between different submodels. ,e expectation error H(x)

[36] of ensemble learning is

err(H(x)) � 

n

i�1

1 + θ(n − 1)

n
erri hi(x)( , (2)

where erri(hi(x)) is the expectation error rate of a submodel,
hi(x) is the ith submodel, and n is the size of the ensemble
scale. Formula (2) shows that if the submodels are inde-
pendent of each other, i.e., θ � 0, the error of ensemble
learning will be reduced by n times. If each submodel is
correlated with all the others, i.e., θ � 1, the performance of
ensemble submodels will not be effectively improved. ,is
analysis clearly reveals the importance of different sub-
models in ensemble learning, and the same conclusion
applies to other ensemble approaches [12]. In edge ensemble
learning scenarios, different edge nodes often deploy similar
models, build submodels by learning the data around the
edge nodes, and eventually form an ensemble model by
distributing the submodels on different nodes by the central
node. For this case, it is necessary to provide different data

Require: d;
Ensure: Query result (true or false);
(1) for j � 0 to CCBF.k − 1 do
(2) pj � Hashj(d)

(3) if CCBF.orBarr[pj]≠ 1 then
(4) return false
(5) end if
(6) end for
(7) return true
(8) End

ALGORITHM 2: CCBF.query(d).

Require: Two CCBFs, CCBF, and another;
(1) if CCBF.Size + other.Size>CCBF.n then
(2) return error;
(3) end if
(4) barrSet � CCBF.GetAllBarr;
(5) otherbarrSet � other.GetAllBarr;
(6) for j � 0 to CCBF.g − 1 do
(7) barr � barrSet.first;
(8) otherbarr � otherbarrSet.first;
(9) barr.bitwiseOr(otherbarr);
(10) barrSet.Remove(barr);
(11) otherbarrSet.Remove(otherbarr);
(12) end for
(13) CCBF.orBarr.bitwiseOr(other.orBarr);

ALGORITHM 3: CCBF.combine(other).
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for different edge nodes to get different training results of
submodels, so as to achieve a more accurate ensemble
model.

4.2. Leveraging Collaborative Caching to Facilitate Ensemble
Learning Process. According to the analysis in Section 4.1,
we leverage a collaborative caching scheme to support
different submodels’ learning of ensemble learning. In detail,
as shown in Figure 2, the process can be divided into the
following five phases.

4.2.1. Efficiently Recording the Cached Data on an Edge
Computing Node. Data is collected from neighboring end
devices, which will be cached and recorded in the compact
way by CCBF (see Section 3) on edge computing nodes.

4.2.2. Exchanging Compact Representation of Cached Data
with Neighbors. ,e compact representation (CCBF) of the
cached data is exchanged among neighbors in a range, which
adapts to the performance improvement of the submodel
training in step 4. Once a neighbor receives a representation
from an interface, this representation will be stored, with a
name of CCBFl, where l is the id of the corresponding
interface. In addition, the representation is combined with
an aggregated representation on this neighbor, CCBFg, and
gains a global view about the data cached in the neighbors,
which will be used to guide the neighbor to cache various
data received subsequently.

4.2.3. Caching Different Data among Neighbors. When the
neighbor requests to cache some data, it first needs to check
whether this data has already existed in the neighbors. It
queries CCBFg that represents the global view about the data
cached in the neighbors. If the record of this data is found in
CCBFg, which indicates that the data has already existed in
the cache of other neighbors, the data no longer need be
stored in the neighbor’s cache. And, if this record does not
exist in CCBFg, indicating that the caches of other neighbors
do not contain this data; this data can be added to the cache
and a record is added to the corresponding compaction
record. ,e above operation ensures that different data can

be cached at neighbors for training different submodels in
ensemble learning, while reducing the communication
overhead by collaborative caching.

4.2.4. Submodel Training. ,e data cached on one node is
used to train the local submodel. When the local data is not
enough to make the submodel converge, we need to enlarge
the collaborative range by requesting differentiated data
from the other edge nodes. We compare the cached data
records from different neighbors obtained in step 2, CCBFl,
with the local cache record by performing merge on orBarr
of different CCBFl from different neighbors, obtain the
required data compact representation ^orBarr, and send it to
the corresponding edge node. When the corresponding edge
node receives the request, it queries the local cache according
to ^orBarr and returns the differentiated data to the
requesting node. After the requesting node receives the data,
it caches the data and updates CCBFl and CCBFg and then
inputs the data into the submodel for training. ,e proce-
dures are repeated until the submodel converges. When the
loss error of the submodel is less than threshold, it is
considered to be convergent.

4.2.5. Enhanced Ensemble Process. ,e ensemble method
obtains the result by attaching different weights to the output
result of each submodel. ,e ensemble output result H(x) is

H(x) � 
n

i�1
ωihi(x), (3)

where ωi denotes the weight of hi(x), usually with pa-
rameters ωi ≥ 0 and 

n
i�1ωi � 1. ,ese parameter weights

from the submodel are uploaded to the central node, which
conducts ensemble learning in an enhanced way. Specifi-
cally, for n submodels (h1, . . . , hn), the following method is
adopted for ensemble learning.

Suppose the output of each submodel can be written as
the true value plus an error term:

hi(x) � f(x) + εi(x), i � 1, . . . , n. (4)

,e ensemble error can be expressed as [37]

err(H) �  
n

i�1
ωihi(x) − f(x)⎛⎝ ⎞⎠

2

p(x)dx

�  
n

i�1
ωihi(x) − f(x)⎛⎝ ⎞⎠ × 

n

j�1
ωjhj(x) − f(x)⎛⎝ ⎞⎠p(x)dx

� 
n

i�1


n

j�1
ωiωjCij,

(5)
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where p(x) is the input distribution, εi(x) is an error term,
and

Cij �  hi(x) − f(x)(  hj(x) − f(x) p(x)dx. (6)

,e optimal weight can be solved in the following ways:

W � argmin
ω



n

i�1


n

j�1
ωiωjCij, (7)

where W is the set of ωi when the ensemble error is the
smallest.

By means of the Lagrangian multiplier, we get ωi is

ωi �


n
j�1C

−1
ij


n
k�1

n
j�1C

−1
kj

. (8)

According to equation (8), we can get the optimal weight
in the ensemble process.

5. Performance Evaluation

In this section, we conduct experimental simulations of two
learning models on four different datasets to evaluate the
performance of the proposed collaborative caching scheme
for ensemble learning at edge.

5.1. Implementation. We evaluate the performance of our
adaptive collaborative caching scheme on Ns-3 platform
[38]. It is a modular, programmable, extensible, open, open-
source, and community-supported simulation framework
for computer networks.We connect neural networks’ library
OpenNN (Open Neural Networks Library) [39] to Ns-3 for
experimental simulations. OpenNN is an open-source

neural network library to facilitate the building of neural
networks. It has found a wide range of applications, which
include function regression, pattern recognition, time series
prediction, optimal control, optimal shape design, or inverse
problems. All simulations are performed on a local machine,
equipped with an Intel Core i7, 3.4G CPU, and 16G RAM,
running Ubuntu 16.04 with kernel version 3.19.

As shown in Figure 3, we use a general topology for edge
networks. It includes a remote data center, a gateway node, 4
edge computing nodes, and 8 end devices, connected by
Gigabit links. ,e cache size of edge computing nodes is
2,000KB. Edge computing nodes can cache data and effi-
ciently record cached data and perform cached data com-
putational tasks.

End devices generate the learning data of models and
send data to edge computing nodes. ,e distribution of
learning data is random, and the data of each category is sent
to edge computing nodes randomly and identically. In our
simulations, TCP/IP protocol and LRU (Least Recently
Used) strategy are used as the transmission protocol and the
data caching strategy. After receiving the data, edge com-
puting nodes first carry out data caching and efficient re-
cording, then use different data of cooperative caching to
train submodels, and finally send the training results of
submodels to the data center for ensemble learning.

To simulate the real network environment, the data
center generates other traffic data in the network, that is,
background traffic data, and sends data to the edge com-
puting nodes. Among the used background traffic data, a
regular message dataset [40] is collected on Twitter, which
includes five famous events: Ottawa Shooting, Charlie
Hebdo, Germanwings crash, Sydney Siege, and Ferguson.
,e background traffic data obeys Zipf(0.8) distribution.
After receiving the data, edge computing nodes carry out

CCBFg
CCBFg

CCBFg

CCBFg

CCBFl

Data center

1) Efficiently recording
cached data with compact
record CCBF

2) Exchanging and aggregating
compression record periodically

3) Cache different diverse
data according to CCBFg

5) Ensemble learning

4) Sub-model training

CCBFl

CCBFl
Merge

Figure 2: Adaptive in-network collaborative caching process.
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data caching and send background traffic data to end
devices.

Two types of learning models are deployed on these
edge nodes and the data center server. Correspondingly,
four different datasets (D1, D2, D3, and D4) are used to
compare the proposed adaptive collaborative caching
scheme (C-cache) with two baseline schemes imple-
mented as follows:

(i) Centralized: in the model training process, the data
center requests training data from edge nodes to
train ensemble learning models on the server

(ii) P-cache: a caching mechanism in collaborative edge-
cloud computing architecture [31] is proposed, in
which edge computing nodes periodically request
cached data for submodels’ learning, and data center
server performs ensemble learning

To evaluate the performance of the collaborative caching
scheme, we use four datasets to learn. Specifically, two text
datasets (D1, D2) are used to train multilayer perceptron
(MLP) model. To train geometry group network (VGG)
model, we apply an image dataset (D3) of tiger faces and a
dataset (D4) of human faces.

(i) Covertype dataset [41] (D1): this dataset includes
forest vegetation types in the Roosevelt National
Forest. ,ere are four types of soil (Rawah, Neota,
Comanche Peak, and Cache la Poudre), corre-
sponding to 7 types of vegetation. ,e number of
data items' forest vegetation is 581012, which are
identically categorized into 4 different soil types.

(ii) Healthy Old People dataset [42] (D2): this includes
sequential motion data from 14 healthy older people
aged 66 to 86 years old using sensors for the rec-
ognition of activities in clinical environments.
Participants were allocated in two clinical room

settings (S1 and S2). S1 (Room1) and S2 (Room2)
are set with different numbers and locations of the
sensor receiver. ,e number of data items is 75,128,
which are identically categorized into 4 different
behaviors.

(iii) Atrw Reid-tigerface dataset [43] (D3): the images of
Atrw Reid-tiger face are captured. After clipping,
the image resolution is adjusted to 128×128. Each
one of 500 tigers has 10 photos. According to the
areas of activities, the Russian Far East region and
the northern region of India, the dataset is separated
into two scenarios.

(iv) Casia-face dataset [44] (D4): the face images of
human face are captured. After clipping, the image
resolution is adjusted to 128×128. Each one of 500
persons has 10 face pictures. According to the angle
of the photograph taken, the position of the front
and the rhombic 45 degrees, the dataset is separated
into two scenarios.

We implement the following two learning models,
among which Nadam algorithm [45] is used, which can
adaptively adjust the learning rate of the model.,e learning
rate (step size) is initialized to 0.01.

(i) Multilayer perceptron (MLP) model: MLP is a
feedforward artificial neural network that maps
multiple input data to outputs.,e layers of MLP are
fully connected. We implement a six-layer MLP
model, including an input layer, four hidden layers,
and an output layer.

(ii) Visual geometry group network (VGG) model: VGG
is a deep convolutional neural network used in
computer vision. Our implementation includes 5
convolutional blocks with each consisting of 2–4
convolutional layers. For the five convolutional

End Device

Gateway

Data Center Cloud Computing
Device

Router Edge Computing
Device Router Edge Computing

Device Router Edge Computing
Device Router Edge Computing

Device

End Device End Device End Device End Device End Device End Device End Device

Background traffic
Learning data

Figure 3: Simulation topology.
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blocks, each of their layers contains 64-128-256-512-
512 convolution kernels, respectively.

5.2. Evaluation Metrics. To evaluate the performance of
adaptive collaborative caching scheme for ensemble learning
at edge, we use three metrics: hit ratio, latency, and accuracy.

5.2.1. Hit Ratio of Collaborative Caching. ,e concept of hit
ratio is defined for any two adjacent level of memory in
memory hierarchy.,e performance of cache is measured in
terms of hit ratio. If a data item requested by edge computing
nodes is found in the cache, it is called a hit. Hit ratio is the
number of hit data divided by total data items and consists of
local hit ratio, global learning hit ratio, and global back-
ground hit ratio.

(1) Local learning hit ratio (LLRhit) represents how
many local cached data can be used to train a
submodel. For example, if 30 pieces of data items in
the local cache can be used for training the model
and the total amount of cached data items is 100,
then the LLRhit is 30/100� 0.3. LLRhit is the ratio of
the learning data in the local cache and the overall
cached data:

LLRhit �
Nl

Nc

, (9)

where Nl is the number of data items for training a
submodel in the local cache and Nc is the total
amount of locally cached data items.

(2) Global learning hit ratio (GLRhit) represents how
many data items in edge nodes can be used to train
submodels. GLRhit is the ratio of the learning data
items in the global cache and the overall cached data
items, calculated as

GLRhit �
Ng

Ngc

, (10)

where Ng is the number of data items for training
submodels in the global cache and Ngc is the total
amount of globally cached data items.

(3) Background hit ratio (Rhit) is the ratio of the
background traffic data items in the global cache and
the overall cached data items. Background traffic
refers to the flow of data packet exchange between
application program and network periodically or
intermittently when there is no specific interaction.
Rhit is calculated as

Rhit �
Nb

Ngc

, (11)

where Nb is the number of background traffic data items.

5.2.2. Transmission Overhead and Learning Latency.

(1) ,e data transmission overhead is the size of data
requested to support model training among edge
computing nodes

(2) Learning latency is a time period how long the
training model converges

5.2.3. Learning Accuracy. ,e accuracy (Acc) of model
training on a dataset is defined as

Acc �


n
i�1Ti


n
i�1 Ti + Fi( 

, (12)

where i is the number of categories,n is the total number of
categories in the classification, Ti is the number of items that
is correctly classified, and Fi is the number of items that is
incorrectly classified.

5.3. Evaluation Results

5.3.1. Hit Ratio of Collaborative Caching. Since the cen-
tralized scheme trains models in the data center without
caching data in edge nodes, we only compare the cache hit
ratio of the baseline, P-cache, and proposed C-cache. Local
learning hit ratio is depicted in Figures 4 and 5. Global
learning hit ratio is depicted in Figures 6 and 7. ,e local
learning hit ratios of C-cache and P-cache increase to their
maximum stable value of 0.87 and 0.85. ,e global learning
hit ratios of C-cache and P-cache increase to their maximum
stable value of 0.83 and 0.81, while the learning data are
generated and cached in different edge nodes.

Figures 8 and 9 depict the hit ratio of background traffic
data. ,e cache hit ratio of background traffic data first
increases over time, and when the learning data increases,
more background traffic data are switched out from the
caches of edge computing nodes. Consequently, the cache
hit ratios of background traffic data in C-cache and P-cache
decrease to 0.17 and 0.19. Regarding different training
models and datasets, the cache hit ratio under C-cache
declines faster than that under P-cache. ,is is because
C-cache can use learning data better than P-cache, and less
available cache space is reserved for caching background
traffic data.

5.3.2. Transmission Overhead and Learning Latency. To
evaluate the communication and time overhead of the
proposed scheme, we compare two baselines, centralized
and P-cache, with our C-cache in terms of transmission
overhead and learning latency. Among them, the trans-
mission overhead is depicted in Figure 10. No matter which
models or datasets are taken into consideration, C-cache
always has the least transmission overhead. More powerful
model such as VGG will consume more communication
resource, while the transmission overhead of the
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Figure 4: Local hit ratio of MLP. (a) LLRhit during training MLP on D1. (b) LLRhit during training MLP on D2.

400 800 1200 1600 2000 24000
Time (s)

LL
R h

it

0.0

0.2

0.4

0.6

0.8

C-cache
P-cache

(a)

400 800 1200 1600 2000 24000
Time (s)

LL
R h

it

0.0

0.2

0.4

0.6

0.8

C-cache
P-cache

(b)

Figure 5: Local hit ratio of VGG. (a) LLRhit during training VGG on D3. (b) LLRhit during training VGG on D4.
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Figure 6: Global learning hit ratio of MLP. (a) GLRhit during training MLP on D1. (b) GLRhit during training MLP on D2.
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Figure 7: Global learning hit ratio of VGG. (a) GLRhit during training VGG on D3. (b) GLRhit during training VGG on D4.
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Figure 8: Global background hit ratio of MLP. (a) Rhit during training MLP on D1. (b) Rhit during training MLP on D2.
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Figure 9: Global background hit ratio of VGG. (a) Rhit during training VGG on D3. (b) Rhit during training VGG on D4.
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centralized scheme is twice as much as that of C-cache. All
learning data need to be sent to the data center, which
makes the centralized scheme have the largest transmission
overhead. In addition, the rational data requests and col-
laborative caching benefit C-cache regarding the trans-
mission overhead. Valuable data are cached on edge nodes
and thus reduce redundant data transmission among dif-
ferent edge nodes.

Figure 11 depicts the learning latency of different models
on the three schemes. Both MLP and VGG can take

advantage of the collaborative caching of C-cache to achieve
fast convergence.,emaximum difference between learning
latency on P-cache and C-cache is 7000 s. Within one or two
hours, C-cache provides sufficient data items for submodel
learning and their ensemble process. Since the centralized
scheme collects all of the training data to support model
training, the model learning latency on centralized is less
than P-cache. On the contrary, large transmission latency of
centralized also degrades the model learning efficiency on
centralized.
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Figure 10: Transmission overhead.
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Figure 11: Learning latency.

Table 1: Learning accuracy comparison

Scheme
MLP VGG

D1 D2 D3 D4
Centralized 0.848 0.968 0.917 0.923
P-cache 0.789 0.947 0.827 0.852
C-cache 0.847 0.968 0.917 0.923
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5.3.3. Learning Accuracy. Table 1 depicts the accuracy of
MLP and VGG models trained on different schemes. Re-
garding different training models and datasets, the C-cache
and the centralized scheme achieve the similar high per-
formance in accuracy. ,is is because C-cache can provide
more valuable training data to support model training, while
the centralized scheme collects all the training data to
support model training. On the contrary, P-cache cannot
provide sufficient training data in a short time period, which
affects the submodels’ training on edge nodes and thus
degrades the performance of the ensemble results.

6. Conclusion

In this paper, we propose an adaptive in-network collabo-
rative caching scheme to support efficient ensemble learning
at edge. In this scheme, edge nodes collaborate to obtain
cached data items with different features as much as possible
and train submodels with large differences, thus effectively
improving the performance of ensemble learning. ,e ex-
tensive simulations demonstrate that our proposed collab-
orative caching scheme in edge network can significantly
reduce learning latency and transmission overhead for en-
semble learning.
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