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ABSTRACT

Edge intelligence enables edge devices to col-
laboratively perform computations and gener-
ate knowledge where distributed computations
act as the main innovative technologies. The
existing solutions for distributed computations
mainly focus on the designs of computations,
such as distributed machine learning algorithms.
By contrast, edge intelligence poses the design
requirements for efficient networking technol-
ogy, including one request multiple reply in a
time Interval (ORMRI), computation aggrega-
tion, and chained computation, which have not
been well addressed. To satisfy those require-
ments, we design a Computation-Oriented Net-
work (CON) to enable the efficient discovery,
task allocation, and collaborative computations
for edge devices in this article. In CON, model
and datasets are afforded with the names for
direct resource discovery, and a hybrid com-
putation oriented routing (HCOR) mechanism
has been proposed, which combines proactive
and reactive routing approaches. Through CON,
computation requests and replies can be sent
to and collected from multiple suitable edge
devices, respectively; computation aggregation
is enabled during the computation result replying
process; and chained computation is supported
through sequentially popping out model names.
We examine the performance of CON through
analysis and implementation, which shows that
the proposed CON can greatly reduce the com-
munication bandwidth consumption compared
to the existing end-to-end approach.

INTRODUCTION

Billions of mobile devices and small things, such
as sensors, RFIDs, actuators, and robots, are
generating tremendous amounts of big data [1],
where computations play the crucial role to pro-
vide intelligent and Metaverse services. The com-
putations, such as big data processing, mainly
rely on the centralized clouds to perform data
analytics, which however cannot satisfy the soci-
etal needs on privacy, diversity, and efficiency.
Recently accelerated by the success of big data
analytics and Internet of Things (loT) technolo-
gies, edge intelligence has attracted wide atten-
tions as the method to solve those problems,
which moves the computation from centralized
cloud to edge devices.

For edge intelligence, the distributed compu-
tations, such as distributed machine learning and
inference [2], act as the main innovative technolo-
gies to enable edge devices to collaboratively per-
form computations and generate knowledge [3,
4]. The existing work in this area mainly focused
on the design of computation algorithms to
enable them to achieve more accurate and cor-
rect prediction, decision, or classification. Howev-
er, very few attentions have been put on enabling
network technologies to efficiently support the
distributed computations at edge.

Regarding networking for edge intelligence,
how to discover close edge devices with com-
putation resources, federate those devices to
efficiently perform computations, and further
provide services is an indispensable challenging
issue. Recently, interests on that issue within Inter-
net Research Task Force (IRTF) and IEEE are also
growing as are evidenced by the formation of a
new research group, Computation in the Network
Research Group (COINrg) [5], and new special
interest group of IEEE Intelligent Internet Edge
(IIE) [6], respectively.

To address this issue, we focus on a typical
category of distributed computation, distributed
machine learning, to design networking technol-
ogies, where computations are conducted over
datasets at edge devices. For distributed machine
learning, the systems for processing massive
amounts of data largely rely on utilizing a number
of edge devices, each of which holds a relative-
ly small storage capacity and computing power,
rather than one expensive large server [2].

The logic communication structure in a distrib-
uted machine learning scenario, which illustrates
the relations among users and edge devices, can
be tree, peer-to-peer, or chain. To enable a net-
work to naturally and efficiently provide commu-
nications for distributed machine learning, those
structures pose the design requirements on net-
working technology as follows:

* Provide a novel communication paradigm of
One Request Multiple Reply in a time Inter-
val (ORMRI). For distributed machine learn-
ing, the function enabling a user to send one
“computation request” and then receive mul-
tiple “computation results” in a time interval
after that is beneficial for whatever tree or
peer-to-peer structure. This communication
paradigm we call ORMRI is to be supported.

+ Support computation aggregation. The inter-
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mediate nodes aggregating the computa-
tions results obtained from multiple upstream
nodes and then forwarding the aggregated
one to the downstream node(s) is necessary
for all three communication structures. The
intermediate node here denotes router, and
we use them interexchangely in this article.

+ Offer the chained computation. Performing
computation over another node after com-
pleting computation task at one node is the
basic requirement for a chain structure.
Currently, distributed machine learning is

implemented based on the Internet network-

ing technology following end-to-end approach,
where TCP/IP is used for data transmissions from
sources to destinations. Obviously, the Internet
networking technology cannot easily satisfy the
design requirements on ORMRI, computation
aggregation, and chained computation, since it
intrinsically deviates the design goal and violates
the original end-to-end design principle. For the
other emerging networking paradigms, such as
information-centric network/named data network

(ICN/NDN) [7] and software-defined network

(SDN) [8], they also hold different purposes and

cannot inherently support those logic communi-

cation structures.

To satisfy those design requirements, we design
a Computation-Oriented Networking (CON) to
enable the efficient discovery, task allocation,
and collaborative computation for the close edge
devices with computation resources. In CON,
models and datasets are afforded with the names,
which can be used to directly request and achieve
computations over specific dataset(s) and mod-
el(s). Further, we design a Hybrid Computation
Oriented Routing (HCOR) combining proactive
and reactive routing, through which computation
requests and replies can be sent to and collected
from multiple suitable edge devices, respectively.
Also the computation aggregation and chained
computation are provided in CON. We imple-
ment the forwarding and aggregation function of
the proposed CON, and the performance evalu-
ations show that CON can greatly reduce more
than 25 percent bandwidth consumption under
full and complete tree topology compared to the
end-to-end approach.

The remainder of this article is organized as fol-
lows. In the next section, we discuss related work.
Following that, we describe the use scenario and
outline the design requirements. Then we elabo-
rate on the design of CON. We provide the per-
formance evaluation and then conclude our work.

RELATED WORK

Edge intelligence refers to the distributed compu-
tation collaboratively provided by the connected
edge devices proximity to users for data collec-
tion, caching, processing, and analysis based
on artificial intelligence [3, 4, 9]. The innovative
technologies for edge intelligence is distributed
machine learning [2].

The computations at edge become feasible
with the increase in number of devices connect-
ed to the Internet, where data processing can be
performed at the devices surrounding users [1]. It
shows great potential for the future applications
with requirements on local computation, privacy,
or real-time services, such as digital twins.

For distributed machine learning, most existing work is to find the accurate or correct algorithms for

prediction, classification, or decision-making. In contrast, the networking technologies to efficiently
support the communications among users and edge devices have not been well addressed..

Distributed machine learning [2] is a typical
category of computation at edge. It has two fun-
damental different ways of partitioning the compu-
tation problem across edge devices, data-parallel
approach (e.g., federated learning [10]) and mod-
el-parallel approach (e.g., ensemble learning [11]).
For distributed machine learning, most existing
work is to find the accurate or correct algorithms
for prediction, classification, or decision-making. In
contrast, the networking technologies to efficient-
ly support the communications among users and
edge devices have not been well addressed, which
is the targeted issue in this article.

The existing networking technology to support
the distributed machine learning is the end-to-end
approach, the Internet TCP/IP protocol suit. Its
main function is to move data from one device to
another device. There was also application service
design to provide multicast/multicollect service
[12]. However, the end-to-end approach does
not naturally provide model or dataset discov-
ery, which needs an additional third-party to pro-
vide the matching service between computation
requests and computation resources. Besides, it
cannot easily satisfy the design requirements on
ORMRI, computation aggregation, and chained
computation, since it was intrinsically designed for
communication establishment between two end
nodes and those requirements violate its end-to-
end design principle.

On the other hand, ICN/NDN [7] and SDN
[8] have emerged as the promising future net-
work architectures. ICN/NDN focuses on the fast
data retrieval using their names under the assump-
tion that data can be cached at routers. With it,
one data chunk can be acquired through issuing
one request in a quick manner, which does not
aggregate multiple replies per-request and does
not chain the replies. SDN does not change the
basic rules of end-to-end approach, which only
enables the network management to change from
a decentralized model to a centralized model.
Therefore, both of them do not provide method
to natively enable edge nodes to collaborate with
each other on ORMRI, computation aggregation
and chaining. Also they cannot be easily modified
to enable the support of those functions, because
both of them aim to efficiently move data from
one place to another place per-request instead of
collaborative computations.

DISTRIBUTED COMPUTATION

For the centralized computation, data are collect-
ed from physical environment and transmitted to
a centralized cloud for processing and analyzing.
This approach may bring large data transmission
costs and delays because of remote computation.
As a promising approach to solve those problems,
edge intelligence [3, 9] brings the computations
from centralized cloud to edge devices, where
computations can be completed locally. Along
this technological road, users at edge discover
edge devices with available computation resourc-
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FIGURE L. Physical topology and logic structure: a) physical topology; b) logic

structure: tree; c) logic structure: peer-to-peer; d) logic structure: chain.

es and further assign computation tasks to them.
Then, those edge devices will locally analyze
data and provide partial results, which are further
merged into a (partial) result through collabora-
tion and aggregation. Finally, this result is replied
to the requesting user. Here we focus on distrib-
uted machine learning [2] to find the network
design requirements posed from the distributed
computation use scenarios.

To realize such parallel computations at edge,
whether logic communication structure of edge
devices can match physical topology or not plays
a crucial role to enable data exchanges and aggre-
gations to be efficient. Fig. 1 illustrates an example
physical topology and logic structures for distrib-
uted machine learning. As in Fig. 1a, there are
three edge devices with computation resources,
ECN;, ECN,, and ECN3, four routers, Ry, Ry, R3,
and R4, and one user U. ECN4, ECN,, and ECN3
can perform the computation on machine learn-
ing model, M4, while they hold different datasets,
DS4, DSg, and DS¢, respectively. Routers may also
be equipped with computation resources, and
thus ECN, can be set together with R3 to reflect
such possibility in Fig. Ta. In this example topolo-
gy, User U wants to perform the computations of
model My on datasets DS,, DSg, and DSc.

The right side of Fig. 1 shows the possible logic
structures for edge computation use cases, which
can be tree, peer-to-peer, or chain. As the tree
structure in Fig. 1b, ECNy, ECN,, and ECNj3 carry
out the computations and send results back to U,
respectively and U merges the results to gener-
ate the final knowledge. The tree structure shown
in Fig. 1b is the most simple one, which can be
upgraded to a hierarchical one. For example, data
are analyzed and results are forwarded to down-
stream nodes; downstream nodes aggregate them
and further forward to lower downstream nodes
for mergence. Its typical use scenario is federated
learning [10]. Peer-to-peer logic structure corre-
sponds to the peer-to-peer learning [13], which
is basically an extension of tree structure. With it,
one leader node is selected for each round; tree
structure is formed; and then data analysis results
under each tree structure are merged.

For a chain structure in Fig. 1d, user U sends
computation request to ECNy, who performs
computation and sends the analysis results to
ECN,. ECN, carries out the similar action and
moves forward. This process continue iteratively
until the final result is replied to U. One typical
use case for this logic structure is cyclic transfer
learning [14].

The logic structure shows the interactions
among ECNs and user, while the physical topol-
ogy provides the communication services to
support those interactions. The main interaction
for tree structure is ORMRI. That is, user sends
out one request and gets multiple replies from
the close edge devices in a time interval. In the
example physical topology in Fig. Ta, U sends out
request for computation tasks, and ECNy, ECN,,
and ECNj3 locally perform the corresponding com-
putations (e.g., Model M; with datasets as DSy,
DS, and DS¢) and reply the results back to U,
respectively. The intermediate nodes then con-
duct the aggregation over those results during
transmissions and return the final merged result
to U. For a hierarchical tree structure, nodes at
the same level can send out the aggregated com-
putation results, which will be further aggregated
at the downstream devices. Peer-to-peer structure
is an extension of tree structure and similar inter-
actions are required. Hence, the design require-
ments on networking for these two structures
includes the novel ORMRI communication para-
digm and computation aggregation. For a chain
structure, another requirement on networking is
the chained computation, where request will be
sent out or forwarded to the next edge device
together with the computation results after com-
pleting the computations at the current node.

Therefore, the design requirements on net-
working to support distributed machine learning
can be summarized as follows:

* ORMRI
+ Computation aggregation
+ Chained computation.

These requirements have not been well
addressed in the literature as identified above.

The existing network technologies to provide
communication services for distributed machine
learning includes the end-to-end approach, TCP/
IP, and the emerging networking technologies,
such as ICN/NDN [7] and SDN [8].

With the end-to-end approach, users’ requests
and the available computation resources sur-
rounding a user are dynamic and unpredictable,
and there is no method to support the compu-
tation resource discovery. Thus, an additional
mapping server to manage the edge devices with
computation resources and map the computa-
tion request to suitable ECNs is necessary. That
is, when a user wants to query local ECNs to per-
form targeted computations, it first consults this
server, which monitors and manages the compu-
tation resources in local area. This server helps it
to find out a set of suitable ECNs, and replies the
related information of them, such as IP address-
es, available resources, and access methods, to
user. Then user sends out computation requests
to those ECNs independently and retrieves com-
putation results one by one through end-to-end
communication protocol. It will be costly if the
computation resources are highly dynamic, since
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the mapping server needs to realtime update
the resource availability information for correctly
matching requests with resources. Besides the
cost to maintain the service of such mapping serv-
er, obviously end-to-end approach does not pro-
vide the chained computation and computation
aggregation, which leads to large traffic for data
and parameter exchange.

For the emerging technologies, ICN/NDN only
supports the method to retrieve data or find func-
tion on one of the closest server(s) with a specific
name in a fast way. Obviously, it also does not
support ORMRI, computation aggregation, and
chained computation. SDN is similar to the end-
to-end approach, which also cannot satisfy those
requirements.

ComPUTATION-ORIENTED NETWORKING (CON)

To satisfy the design requirements on networking
derived from distributed computations, we design
a CON to enable users to efficiently discover the
close computation resources and datasets to com-
plete computation tasks. Especially, we propose a
Hybrid Computation Oriented Routing (HCOR)
mechanism combining proactive and reactive
discoveries to find and request close edge com-
putation devices to complete computation tasks
collaboratively.

SYSTEM ARCHITECTURE

In CON, each CON node has a unique ID, and
model and datasets are afforded with names,
which can be used to request and achieve com-
putation functions over specific model(s) and
dataset(s). With those names, users can directly
request the suitable ECNs to perform compu-
tations without relying on additional mapping
server.

In CON, user sends out a Computation
Request (CReq) specifying the name(s) of mod-
el(s) and dataset(s) to the network; CON nodes
(routers) forward this CReq hop-by-hop to the
close edge devices with computation resources
and the requested datasets, which perform the
corresponding computations. If logic structure is
tree or peer-to-peer, the computation result will be
replied to users along the reverse path forwarding
CReq. The intermediate routers may aggregate
computation results according to the setting on
field of LocalAgg in the CReq. If the logic struc-
ture is chain, edge device will sequentially pop
out model name and dataset name. Then compu-
tation results at this node will be included in CReq
and forwarded to the next potential edge devic-
es with computation resources and datasets. In
addition, we design alive monitoring function to
monitor computation status. With it, computation
status request (CStatR) can be utilized to query
computation status when waiting for the compu-
tation results reply (CResR).

In CON, HCOR mechanism is proposed,
which combines proactive and reactive routing
designs. One user wants to discover the surround-
ing edge devices and enables them to collabo-
ratively complete a computation task together,
which might have a logic structure of tree, peer-
to-peer, or chain. Users acquire those services
through the HCOR mechanism. If an edge
device can continuously provide computation

Model Name(s) ID Chain (Reverse Path)
Dataset Name(s) Model Name(s)
User ID Dataset Name(s)
HC, HC Limit, Timestamp, Options (LocalAgg,
TimeLimit, LocalAgg,... ECN(s), Signature, ...)
ID Chai .
am Computation Status/
Nonce Computation Results
CReq CStatR/CResR

CReq: Computation Request CStatRep: Computation Status Reply
CResR: Computation Results Reply HC: Hop Count
LocalAgg: Local Aggregation ~ ECN: Edge Computation Node

FIGURE2. Packet types.

service, proactive routing approach is adopted,
where routing entry will be pre-installed through
announcements, such as link state method. If an
edge device is equipped with dynamic resources,
reactive routing approach will be utilized, where
the resources will be discovered hop-by-hop
through flooding the CReq in local area.

For proactive routing, each CON node (rout-
er) can become aware of the other nodes and the
edge devices with stable resources in its neigh-
borhood by the use of several techniques, such
as local broadcasts known as hello messages. The
edge devices with stable computation resourc-
es and datasets announce their existences to the
network; and the paths to acquire them are reg-
istered at the routers’” Computation Request For-
warding Tables (CRFTs) beforehand. CRFT is the
forwarding information table designed to realize
the ORMRI communication paradigm.

For edge devices with dynamic computation
resources and datasets, they may provide resourc-
es during discontinuous time interval(s) for many
reasons, such as the instability of network connec-
tion, and the willingness on the provision. Those
resources will not be recorded at the CRFTs
beforehand. For those devices, routers do not
have to discover and maintain a route to them
until one user is desired to achieve their services.
They will be discovered through reactive routing
mechanism.

As described previously, there are three types
of packets, CReq, CStatR and CResR in CON as
described in Fig. 2. It contains the fields of model
name(s) and dataset name(s) to directly route the
CReq to the potential multiple ECNs. User ID is
used to return CStatR and CResR back to request-
or. Besides, it holds the fields of Hop Count (HC)
and HC Limit to restrict the scope of discovery,
timestamp and timelimit to show the limitation
on computation time, and LocalAgg to illustrate
whether to enable the local aggregation or not.
ID chain is included to record the path to edge
devices, which can be utilized to return CStatR
and CResR to user through the same path for-
warding CReq.

Regarding the CStatR and CResR, besides
the model names, dataset names, and compu-
tation results, the names of the ECNs and their
signatures are optionally included to trace the
computation responsibility of ECNs. In CON, the
management of the resource can be potential-
ly realized through the blockchain technology
[15], though it will not be included for resource
discovery.
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FIGURE 4. CON node.

HyBrID CompuTATION ORIENTED Routing (HCOR)

The HCOR is composed of two processes, com-
putation and dataset discovery process and
CStatR and CResR forwarding process.

The computation and dataset discovery pro-
cess is initiated whenever a user needs to request
the close ECNs to collaboratively complete a
computation task with model M and dataset DS,
for which it may or may not have routing record
in its CRFT.

User initiates Computation and Dataset dis-
covery by broadcasting a CReq to its neighbors.
User firstly sends the CReq to request the compu-
tation with specifying model and dataset names.
Routers check CRFT and forward CReq based on
the matching entry in CRFT if there is. Otherwise,
CReq will be forwarded to all potential faces. Also
this CON node (router) ID will be recorded at the
CReq for tracing back to user.

If a CON node (edge device) holds the
requested model and dataset and have enough
computation resources, it invokes the correspond-
ing computation to process this CReq locally.
At the same time, this CON node gets the path
from the requesting user to this edge device. It
also registers itself with an entry in the CRFT as
being in the process of computation. This entry is
associated with a timeout using the TimeLimit as

specified the CReq. Further it will respond CReq
with the computation status information, such as
the progress of computation, through the reverse
path of forwarding CReq.

CStatR and CResR forwarding process is based
on the reverse path recorded at the received
CReq, which will be kept at ID chain (reverse
path) fields of CStatR/CResR packets. The CON
nodes (routers) forward the CStatR/CResR pack-
ets according to the CON node ID listed at the
packet until it reaches user. After user receives
those packets, it also knows the path from itself to
the edge devices that perform computations.

Take Fig. 3 as an example to show the packet
flow for sending CReq and receiving CStatR and
CResR. Figure 3a illustrates such processes for
tree and peer-to-peer structures. User U sends out
the CReq, which is forwarded by Ry, further R,,
R3, Ry4. Finally, the CReq reaches ECN4, ECN,, and
ECN3, where the computations are performed.
The computation results are returned from them,
aggregated at R3 and Ry, respectively, and the
final result is returned to U. For the chain struc-
ture in Fig. 3b, the CReq is first sent to ECNjy,
which performs computations. Then the CReq
with the result will be forwarded to ECN,, and
ECNj3 sequentially for computation aggregation.

During the computation process, users can
check the computation status periodically or
per-request through the alive monitoring function.
It sends out CReq with specifying the path to the
destination edge devices to confirm computation
status. This CReq packet for confirming status is
forwarded based on the node ID list specified at
CReq packet instead of model name(s) and data-
set name(s). If a CON node is the node conduct-
ing computation, it will reply the current status of
computation to user. For reliability of the CON,
the alive monitoring function is used to find the
abnormal node that suddenly fails on performing
computation. If users receive the failure informa-
tion, they will re-issue the CReq and request the
computation again.

When computation is completed by edge
device, the computation results will be returned
according to the pre-specified reverse path and
the CResR is forwarded hop-by-hop to user. If the
time costed reaches Timelimit while computation
is still in progress, it will stop the computation
in progress. If user does not further require the
computation over one specific edge device, it will
send CReq with specifying a new TimeLimit to
this node. After receiving this CReq, the serving
edge device finds the current time exceeds Time-
Limit and stops the corresponding computation.

NODE DESIGN

In CON, node’s ID can be an IP address or an
identifier. The names of models and datasets are
hierarchical ones with semantic meanings, which
are utilized to request the corresponding compu-
tations over specific datasets. Take /CNN/DS,/
DSp/DSc as the example. It is to train a Convo-
lutional Neural Network (CNN) model over the
datasets, DS, DSg, and DSc.

As in Fig. 4, a CON node (router) mainly has
two data structures: CRFT and Computation and
Data Table (CDT).

The CRFT is used to forward the CReq packets
toward the potential ECNs. It allows a list of out-
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going faces instead of only one face. Besides, it
has two matching process for each entry: model
name and dataset names and exact match is uti-
lized to match the names in CReq and the ones
in CRFT. The CDT shows the local computation
resources and local dataset that can be provided
by this CON node. If the requested model and
dataset can be found in local storage/cache, the
corresponding computation will be performed
locally at this CON node.

Based on the designs of packet and CON
node, the basic operations of CON are as follows.
When a user wants to discover the surrounding
ECNs to ask them to perform computations, it
will send out the CReq. The intermediate nodes
check whether the local resource can be used
for the requested computation through match-
ing the names in CReq with the names in CDT
and checking whether the local computation is
enough. If it is, local computation will be per-
formed; the node ID will be recorded; and the
CStatR will be replied. Otherwise, it will increase
the HC with 1, and then continue to forward the
CReq to the faces listed in the matching entry or
default entry in CRFT, where default entry is used
for reactive forwarding. This process continues
until it reaches HC limit or all model and dataset
names are found.

PERFORMANCE EVALUATIONS

Herein we investigate how the proposed CON
can utilize computation aggregation to reduce the
computation result transmission cost compared to
the end-to-end approach. The critical performance
indicator is the bandwidth consumption reduction
ratio (BCRR), which is defined as the total amount
of reduced bandwidth (the amount of bandwidth
consumption using end-to-end approach — the
amount of bandwidth consumption using CON)
over the total amount of bandwidth consumed
using end-to-end approach.

The network topology under investigation is
assumed to be a full and complete tree topology
characterized by degree and depth. The root of
a tree is the user who sends out CReq; the leaf
nodes are the edge devices that conduct compu-
tations; and the intermediate nodes are the rout-
ers. Each node is either a leaf or possesses the
exact degree number of child nodes.

We let each intermediate nodes (routers)
to aggregate the computation results obtained
from the upstream routers or leaves. We vary the
degree from 2 to 10 and the depth from 1 to 10,
and obtain the BCRR as Fig. 5.

In Fig. 5, we can observe that the BCRR
increases as the depth increases and also as the
degree increases. For the situation with both
degree and depth as 2, the bandwidth consump-
tion will be reduced with 25 percent by CON,
which is the lowest value of BCRR. It means the
bandwidth consumption will be reduced with at
least 25 percent. In Fig. 5, it can be also observed
that bandwidth consumption will be dramatically
reduced with 89 percent for the situation with
both degree and depth as 10. We can see that
the proposed CON can reduce the bandwidth
consumption greatly through computation aggre-
gation compared to the end-to-end approach.

To validate such analysis, we also implement
the CON main function of forwarding and exper-

—e—Degree=2 —eo—Degree=3 Degree=4
Degree=5 —o—Degree=6 —o—Degree=7
—e—Degree=8 —e—Degree=9 —eo—Degree=10

100%
90%
80%
70%
60%
50%
40%
30%
20 Y (U
10%

0%

BCRR

1 2 3 4 5 6 7 8 9 10
Depth

FIGURE 5. Bandwidth consumption reduction ratio
by CON.

iment the same tree topology using Ubuntu
docker containers in local environment. The work-
station for experiments holds Intel Xeon 2 CPU
with Gold 6132, 3.700GHz 24core and 2 GPUs
of NVIDIA Quadro RTX 5000 and the operation
system is Ubuntu 18.04.6 LTS. For the computa-
tion, we employ the simple linear regression with
the aggregation as averaging the model param-
eters. We set the maximum number of Docker
containers as 45, which reaches the capacity limit
of the workstation. The experiment results match
the above analysis result, which is proved to be
trustworthy.

CONCLUSIONS AND FUTURE DIRECTIONS

In this article, we identify the design require-
ments on networking toward the efficient edge
intelligence as ORMRI, computation aggrega-
tion, and chained computation. To satisfy those
requirements, we design a computation-oriented
network (CON), where a hybrid computation ori-
ented routing mechanism combining proactive
and reactive routing approaches has been pro-
posed. Through the analysis and experiments, we
observed that the bandwidth consumption can
be greatly reduced with at least 25 percent com-
pared to the end-to-end approach. For the future
directions, there are several open challenges, for
example, how to match the computation tasks and
the available resources; how to differentiate the trust-
worthy nodes from the untrusted ones; how to assure
the security for such decentralized computations.
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