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ABSTRACT With the rapid arrival of the Internet of Everything era, massive data resources are generated on edge sides, causing
problems such as large network load, high energy consumption, and privacy security in traditional distributed training based on cloud
computing. Edge computing sinks computing power resources to the edge side, forming a collaborative computing system that integrates
“cloud, edge, and end,” which can meet the basic needs of real-time operations, intelligence, security, and privacy protection. With the
help of edge computing capabilities, edge intelligence effectively promotes the intelligent development of the edge side, which has
become a popular topic. Through our research, we found that edge collaborative intelligence is currently in a stage of rapid development.
At this stage, several deep learning models are combined with edge computing, and many edge collaborative intelligent processing
solutions have exploded, such as distributed training in edge computing scenarios, federated learning, and distributed collaborative
reasoning based on technologies such as model cutting and early exit. The combination of a shallow breadth learning system and
virtualization technology allows for quick implementation of edge intelligence, which considerably improves service quality and user
experience and makes services more intelligent. As a key link of edge intelligence, edge intelligence collaborative training aims to assist
or implement the distributed training of machine learning models on the edge side. However, in an edge computing scenario, the
distributed training of the model must coordinate several edge nodes, and many challenges remain. Therefore, by fully investigating the
existing research foundation of edge intelligent collaborative training, we focus on the challenges and solutions of edge intelligent

collaborative training in edge scenarios such as equipment heterogeneity, limited equipment resources, and unstable network
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environments. This paper introduces and summarizes the overall architecture and core modules of edge intelligent collaborative training.

The overall architecture mainly focuses on the interaction framework between edge devices. In terms of whether there is a central server

role, it can be divided into two categories: parameter server centralized architecture and fully decentralized parallel architecture. The core

module of edge intelligent collaborative training mainly focuses on the problem of collaborative training of a large number of edge

devices for neural network models to update parameters. In terms of the role of parallel computing in model training, it is divided into

data parallelism and model parallelism. Finally, the many challenges and prospects of edge collaborative training are analyzed and

summarized.

KEY WORDS cloud computing; edge intelligence; collaborative training; edge computing; machine learning; distributed training
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Table 1 Related works of a parameter server with centralized architecture

Communication

. Optimization level Research questions Optimization objective Reference
mechanism

Equipment level Limited resources Improve local model quality [41]
Communication level Limited resources Reduce traffic [56]

Synchronization Equipment level Heterogeneous equipment Shorten communication time [58-59]
Equipment level Comprehensive consideration Architecture flexibility [60]
Communication level Unstable environment Architecture robustness [56]

Equipment level Stale gradient Architecture flexibility [62—-64]
Communication level Comprehensive consideration Trade optimization [65]

Asynchronization . L . . S

Equipment level Dynamic client Time consuming optimization [66]
Overall architecture Heterogeneous equipment Architecture robustness [67]
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Table 2 Related works of dispersed parallel stochastic gradient descent

Research questions Research protocol Optimization objective Reference
Random selection Reduce interaction complexity [69-72]
Cooperation by batch rotation Improve model consistency [73]
Neighbor interaction Look for similar targets Best communication partner [74]
Single trust set Improve architecture robustness [75]
Weight comparison selection Best communication partner [76]
Asymmetric interaction Avoid redundant communication [77]
Overlapping commumcatlon Avoid redundant communication and computing [78]
L . computation
Communication consumption
Model compression Make full use of link resources [79]
Model cutting Improve communication flexibility [80]
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Table 3 Related works of data parallel

Parameter update

method Main problems Solution Reference
Client filtering [58-59]
N Client selection [83]
Synchronize .
updates Clientdelay  poprig update [84]
Partial update of
model (8]
Astringency [61,86]
Penalty old
gradient [90.92]
Asynchronous  Obsolescence Adjust learning [62,91]
update effect rate ’
Use momentum [94]
Adjust super [95]
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Table 4 Related works of data non-independent and identical

distribution issues

Research classification Research direction Reference
Source and classification [40]
Theoretical proof Astringency [96-97,99]
Negative effect [98-99]
Modity existing algorithm [98-102]
Solution Share information [103-105]
Personalization model [106-107]
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Table 5 Related works of model parallelism

Research direction Main problems Solution Reference
Save version model parameters [111]
Parallel pipeline Gradient obsolescence problem Weight prediction [112]
Synchronize updates [113]
Dynamic programming [111]

Model cutting training

Adaptive cutting and unloading

Intensive learning [114]
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