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IEEE Life Fellow, AAAS Fellow, IAPR Fellow，CAA， CAAI, 
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C. L. Philip Chen

2002 
Universityy of 
Texas， San 

Antonio
 

2005 UTSA, 
Dept head and 
Associate Dean

2010, Dean of 
Faculty of S&T, 

University of 
Macau

Visiting Research 
Scientist, 1990-2000, 
US WP AFB， Wright 

Lab， NASA Glenn 
Research Center

2019-, Dean, 
School of 

Computer Science 
and Eng

2007 IEEE 
Fellow/AAAS 
Fellow/IAPR 
Fellow，2015

2012-2013, 
IEEE SMC 
Society

2014--2019 -2021 
IEEE Trans on SMC: 
Systems/Cyberneti
cs Editor-in-Chief 

（IF  13.451/11.488）

1985 MS 
University of 

Michigan

1988 Ph.D. 
Purdue 

University

2018 Elected 
member of 
EA&EASA

1989-2001 
Wright State 
University, 

Ohio

• IEEE Fellow，AAAS Fellow，IAPR Fellow，中国自动化学会Fellow

• 中国自动化学会副理事长；

• 国际总主席，IEEE系统人机及智控学会(SMCS) (2012-2013)；

• IEEE SMCS Fellow 评选主席 （2016-2017）、审核委员 （2009-
2018）；

• 现任CAAI Trans. on AI执行主编，曾任IEEE Trans. Cybernetics和IEEE
Trans. on SMC: Systems期刊主编及中国科学等多个期刊副编，自动化
学报副主编；

• 2018和2021两次获IEEE TNNLS最佳论文奖；

• ESI前1%高被引论文58篇、3篇入选ESI前0.1%热门论文；

2018-
2026 
HCR

Member of Academia Europaea

Member of European Academy of 
Science and Arts（EASA）

2021, Wu WJ AI 
Distinguished 
Contribution Award,
2018, 2021年，IEEE 
Norbert Weiner,
IEEE Joseph G. Wohl
Award

• SCI期刊文章1000余篇(其中，IEEE Transactions期刊文章600余篇)，学术
专著1部，授权美国专利4项；

• 2018年-2024年连续6年入选科瑞唯安全球高被引科学家；5次IEEE SMC学
会杰出贡献奖得主；

• 主持科技部重点研发计划、973课题，国家自然科学基金重大研究计划培育
项目等10余项基金；

• 2018年获  IEEE系统 人机 控制论 的最高 学术 奖--IEEE 诺伯 特 ·维纳 奖
(Norbert Wiener Award)

• 2021年度IEEE Joseph G. Wohl（约瑟夫·沃尔）终身成就奖
• 荣获2021年度吴文俊人工智能杰出贡献奖



Guangzhou: capital of Guangdong Providence

Hong Kong

Macao

Guangdong, Hong Kong & Macao 

Greater Bay Area

A window connecting China and the world

⚫ The world's only major trading port that has 

remained prosperous for over 2,000 years

⚫ One of the fastest-growing megacities in the world

⚫ 13,000 high-tech enterprises, 80 new R&D 

institutions, 1.65 million university students,  and 

3.74 million skilled talents

Population: 19.1 million residents

Guangdong Providence
✓ Population: 128.1 million residents

✓ GDP: 2.05 Trillion equiv to Canada, 

and Russia, and Brazil
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Campus size 4.47 million㎡
Building size 2.84million ㎡

Fixed assets totaled 10.433 
billion yuan

4,500+ faculty and staff 
members

55,000+ students enrolled

37 colleges and schools

4个附属医院

5院1园校地协同创新平台

3个孔子学院

海内外校友会157个

Wushan Campus

• 1.83 million㎡

• 28,000 students

• Engineering 

University Town Campus

Guangzhou International 
Campus

• 1.13 million㎡

• 10,000 students

• Cross-disciplinaries 

• 1.11 million㎡

• 17,000 students

• Information & Literature 

Arts 

注：数据截至2025年2月20日

South China University of Technology
All three campuses are in Guangzhou
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66Engineer ing  ranks  22nd g loba l ly

Ranking agencies 2019年 2020年 2021年 2022年 2023年 2024年

SH Rank 201-300 151-200 151-200 151-200 101-150 101-150

US NEWS 336 290 250 219 219 187

QS 480 462 407 406 392 385

THE 501-600 401-500 401-500 401-500 251-300 251-300

（There are about 45,000 universities worldwide）

ShanghaiRanks
World University

Top 150

2025 Global University 
Google Academic 
Impact Ranking

Mainland 
univers it ies

22nd place

World

2024 Times Higher 
Education Asia 

University Rankings

Asian  
un ive rs i t ies

45th place

Mai nl and 
un ive rs i t ies

17th place

Nature index ranking World

Top 50

South China University of Technology (SCUT)
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World-class subject rankings

3个学科前102个学科前10

World University Academic Ranking

2 Disciplines Top 10

18 Disciplines Top 50

3 Disciplines Top 10

18 Disciplines Top 50

2024 US News World University Subject Rankings

Top three in the world
2

⚫ Food Science 
and Technology

⚫ Polymer science

20
Disciplines ESI 

top 1% globally

6
Disciplines ESI 

top 1‰ globally

3
Disciplines ESI 

top 1‱ globally





LLMs vs Small Models

Pre-trained large language models

Parameter volumes ranging from tens of billions to over 

100 billion

• Possesses strong reasoning and generation abilities, and

has the ability to "emerge."
Autonomous training of small models

The number of parameters can be less than ten million, 

Lowest computational costs and fastest inference speed

• Task-specific training，Lack of versatility

• YOLO、MobileNet、EfficientNet、Broad learning system

• In the era of LLM, research related to small models is

relatively limited

[1] Abacha, Asma Ben, Wen-wai Yim, Yujuan Fu, Zhaoyi Sun, Meliha 
Yetisgen, Fei Xia and Thomas Lin. “MEDEC: A Benchmark for Medical 
Error Detection and Correction in Clinical Notes.” ArXiv
abs/2412.19260 (2024.

LLM has rapidly become a research hot spots，its application potential and industrial driving capacity 
have strong advantages. However, it faces challenges such as high computing power consumption 
and high deployment costs。Lightweight large and small models are crucial for reducing 
computational costs and increasing computing speed.

Lightweight large models

Compressed by large models through distillation, 

pruning, and other methods

• Parameter count Less than one billion

• Reduces computational resource consumption and

increases reasoning speed

• It possesses strong reasoning abilities but relies on

primitive LLM making the technology incapable of

autonomous control

GPT-4：1.76T Claude 3.5：175B

DeepSeek V3：670B Qwen 1.5：110B



The concept of edge AI agents

The structure of edge agents

Edge AI agents It is an intelligent entity deployed in edge computing environments (usually a combination of software and 

hardware).），posses Perception、Decision-making、Execution ability。It is not only the "functional unit" of 

edge computing but also the core of intelligent applications deployed at the edge.

⚫ Autonomy：在本地完成数据处理与决策，不
依赖中心云的实时反馈。

⚫ Intelligence：集成机器学习模型，支持模式
识别、预测、优化等任务。

⚫ Real-time capability：在边缘端快速响应，满足低延迟需求。

⚫ Synergy：多个边缘智能体之间可形成分布式协作网络，与云
端形成“云-边-端”联动。

章鱼就是用“边
缘计算”来解决
实际问题的。
作为无脊椎动物
中智商最高的一
种动物，章鱼拥
有巨量的神经元，
但有高达60%分
布在其八条灵活
自如的触手（腕
足）上，脑部却
仅有40%。

Perception layer：
传感器、摄像头、IoT设备等，负责采集环境数据。

Edge Computing Layer (Agent Core):
 轻量化模型、推理引擎、缓存与本地存储。新型边缘计算具备实时决  

策、自主学习、隐私保护等能力。

Synergy Layer:
    智能体之间的横向协作（边-边）, 云端的纵向协作（边-云）

Execution Layer：
将智能体的决策转化为具体动作，如设备控制、告警、优化指令。

边
缘
智
能
体
架
构



Mid regional collaboration layer

Cloud-based global control layer

Lightweight layer at the edge

(edge intelligence)

Comprehensive 
knowledge 
generation

Massive data 
integration

Regional data 
fine-tuning

Macro strategic 
planning

Task 
adaptation

✓ Providing unified data support to achieve global knowledge 
integration and strategic control.

✓ Meeting local scenario needs to enhance model 
adaptability.

✓ Efficient operation on the terminal enables 
autonomous task execution.

Strategy 
issuance

Lightweight 
deployment Real-time

Dynamic 
feedback

Real-
time 
status 
aggreg
ation

Multi-
domain 
informa
tion 
integrat
ion

Build hierarchical, decoupled large-size models collaborating with AI systems

Low

Collaborative large and small models: Cloud-edge AI 
systems



Industrialization application scenarios: Drone swarms

Integrating adaptive flight control and dynamic strategic planning，
Enables efficient and stable cluster-based task execution.

Edge-end 
small model

Image annotation Flight control
Cluster 

collaboration
Path 

planning

✓ City patrol
✓ Environmental 

monitoring
✓ Real-time risk 

avoidance

A general large model with cross-domain knowledge integration 
and multi-agent cluster decision-making capabilities

domain model

Visual domain
large model

Knowledge distillation
throughout the region

Flight planning, 
conduction, and 

coordination

Directing and 
studying hardship

Road network Communication



AI large models assist community school psychologist:，Digital intelligence 
empowers grassroots mental health (网信办立案：440105230362901260017)

• 华佗之心项目以心理大模型为技术核心，以多轮对话的形式精准洞察并响应用户的心理健康需求，衍生一系列心理健康
测评系统、疗愈倾听平台、心理知识科普课堂等心理健康服务产品，全面实现心理咨询服务的数字化与多元化。

Guidance from 
professional knowledge

Empathetic dialogue 
management

Long-term memory 
management

• 华银康-华佗之心
华银康海珠社区体检中心

➢ 25年实现广州多
个社区试点。26
年计划多省推广。

➢ 按照专业评测项
目付费、疗愈超
时长付费、个性
化服务等收费方
式向社区、学校、
心理咨询机构收
取AI心理咨询服
务费。

Professional psychological knowledge base + psychological 
counseling scenario model

L2

L1

General knowledge large modelsL0

提升心理咨询室
服务规范达标率
90%，提升居民
对心理咨询服务
的满意度75%

覆盖全国心理
咨询机构12.7
万家、社区医
院1.5万家、
初高中学校和
高校6万所。

华佗之心
AI心理医生

降低心理咨询的
门槛和心理咨询
成本80%，提升
居民对心理咨询
服务的知晓率
80%，

解决 72% 的
县域地区心理
服务空白，缓
解国家心理健
康危机和公共
医疗压力。

Broad emotion 
recognition model

Medical knowledge 
recommendation 

model

Scale assessment 
model

Mental health 
models

Medical knowledge 
large models

Multi-turn dialogue 
model







Hardware  Systems

云端业务平台

管理 服务 应用 服务

智能分析

数据 路由服 务

视频管理

资源管控边侧应用 边缘计算设备

智能工作站 AI加速卡与模组

AI边缘服务器 推训一体机

端侧设备

数据管理

设备运维

算力管理

文件服务 流量管控

日志、管理模型文
件等存储与分发

优化边缘侧带宽
分配

处理视频流采集编
解码及分析
实时推理

硬件算法资源调度

算法
下发

数据
回传

核心产品

AI servers

AI workstation

AI accelerator 
card

AI中心侧推理、
模型训练

边缘侧AI场景
高性能设备

搭载华为昇腾
AI芯片平台

云-边-端全场景概念架构

16
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Real-time computation in 
Edge Embodied Intelligence

via：
Broad Learning Systems

Wu WenJun AI Outstanding 
Contribution Award, China



Engineering and Scientific Applications

18

Least Square Regression

𝑎𝑟𝑔 𝑚𝑖𝑛𝑾: 𝒀 − 𝑨𝑾 2
2 + 𝜆 𝑾 2

2

𝑾 = 𝑨𝑻𝑨 + 𝝀𝑰
−𝟏
𝑨𝑻𝒀

Optimization, Regression, and Modeling



19

Least Square Regression
𝑎𝑟𝑔 𝑚𝑖𝑛𝑾: 𝒀 − 𝑨𝑾 2

2 + 𝜆 𝑾 2
2

𝑾 = 𝑨𝑻𝑨 + 𝝀𝑰
−𝟏
𝑨𝑻𝒀

Deep Neural Networks approach

Convert to 
“Broad” 
Architecture 

Almost in real systems, there exist some levels of non-linearity and uncertainty
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x1x2

x2

x1

Decision Lines



𝑥 1𝑥2 ……… . 𝑥𝑖
输入

Learning—Reaching the accuracy：Dynamically adding 
neurons (expanding the structure) –-incremental learning

Y

W

非线性函
数扩充

X

A                 

𝝃(𝒙𝐖𝒉 + 𝜷𝒉)

𝛏(𝐱𝐖𝐡 + 𝛃𝐡)

Modeldata

Solve AnewWnew = Y

Least Square Regression
𝑎𝑟𝑔 𝑚𝑖𝑛𝑾: 𝒀 − 𝑨𝑾 2

2 + 𝜆 𝑾 2
2

𝑾 = 𝑨𝑻𝑨 + 𝝀𝑰
−𝟏
𝑨𝑻𝒀

𝑎𝑟𝑔 𝑚𝑖𝑛𝑾𝑛𝑒𝑤: 𝒀 − 𝑨𝑛𝑒𝑤𝑾𝑛𝑒𝑤 2
2 + 𝜆 𝑾𝑛𝑒𝑤 2

2
Anew

Wnew

Anew



Picturing：Dynamically Adding Neurons：
reach learning accuracy

• CLP Chen and ZL Liu, “Broad Learning System: An Effective and Efficient Incremental Learning System Without the Need for Deep Architecture,” 

IEEE Trans on Neural Networks and Learning Systems, Vol, 29, No.1, pp. 10-24, 2018. 

• CLP Chen, ZL Liu, and S. Feng, “Universal approximation capability of broad learning system and its structural variations,” 2018 (SMC), ,” IEEE 

Trans on Neural Networks and Learning Systems, Vol, 30, No.4, pp. 1191-12044, 2019.
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a…

X 𝝃(𝐱𝐖𝒉 + β𝒉)

W = Y

Only need incremental learning to 
find the new W

WWWW

W W W W W

Solve W continuously 

WW

W

W+   w

W

W+  w

Modelnew data

data

YY

Note: 当加入新数据时，W的维度是 列 的增加 
Dimension of W increases columnwise-ly while adding the new data

Adding new streaming data: dynamically 
incremental learning



Picturing：incrementally learning for new 

data stream：dynamically restructure the model

Existing data
 𝑿𝟎, 𝒀𝟎

= Labeled 𝒀𝟎

[𝑨𝟎 𝑯𝟎]

线性特征𝑿 𝛏(𝑿𝑾𝒉 + 𝜷𝒉)feature 
extraction

W

Labeled 
𝒀𝟎
𝒀𝟏

New data 𝑿𝟏, 𝒀𝟏 feature 
extraction 

W

+𝚫𝒘

𝑨𝟎 𝑯𝟎

𝑨𝟏
线性特征𝑿 𝛏(𝑿𝑾𝒉 + 𝜷𝒉) =

Labeled 

𝒀𝟎
𝒀𝟏
𝒀𝟐

W =线性特征𝑿 𝛏(𝑿𝑾𝒉 + 𝜷𝒉)

+𝚫𝒘

New data 𝑿𝟐, 𝒀𝟐

𝑾𝒉, 𝜷𝒉

feature 
extraction

𝑨𝟎 𝑯𝟎

𝑨𝟏
𝑨𝟐

𝑾𝒉, 𝜷𝒉



Core Modules in BLS

➢ Random Sparse Autoencoder

𝑎𝑟𝑔 𝑚𝑖𝑛෢𝑾: 𝒁෢𝑾− 𝑿
2

2
+ 𝜎 ෢𝑾

1

➢ Random Projection

𝑯𝑗 = 𝜉𝑗 𝒁𝑛𝑾ℎ𝑗 + 𝜷ℎ𝑗 , 𝑗 = 1,2, … ,𝑚,

➢ Feature Extension
𝐴 = 𝒁𝑛 , 𝑯𝑚

➢ Least Square Regression
𝑎𝑟𝑔 𝑚𝑖𝑛𝑾: 𝒀 − 𝑨𝑾 2

2 + 𝜆 𝑾 2
2

𝑾 = 𝑨𝑻𝑨 + 𝝀𝑰
−𝟏
𝑨𝑻𝒀

Broad Learning System

(1)

(2)

(3)

(4)

Or by SGD Methods

Invented by Philip Chen

Machine learning is to solve
Inhomogeneous non-linear equations, 
AW=Y （i.e., BLS structure)，
Do not need deep structure learning

• CLP Chen and ZL Liu, “Broad Learning System: An Effective and Efficient Incremental Learning System Without the Need for 

Deep Architecture,” IEEE Trans on Neural Networks and Learning Systems, Vol, 29, No.1, pp. 10-24, 2018. (影响因子：
11.683，Top期刊, 高被引論文。 ), Google學術引用2102次，Web of Science學術引用 1500+次。

Core Theory of BLS and Method：convert Regression to light weighted broad 

structure and can be computed in real-time

Or by Greville’s Method



Broad Learning Systems development history

domestic and international recognition:

Stanford University、University of Oxford、

Tsinghua University etc. 110+ research

institutes，published 1500+ BLS related

papers, more than 300 patents filed.

2017-2018

2018-2021

2022

2024

Tree-shaped 
structure
Tree BLS

Imbalance
Double kernel BLS

Federated
FCL-BL
...

2023

BLS invented

Fuzzy BLS

Unsupervised BLS

Semi-Supervised
BLS

Stacked BLS
...

Attention
Multi-Attn BLS

Twin networks
Twin-BLS
Graphed Networks
GEDBLS
...

Continuous learning
BLS-CIL

QR decomposition
QR BLS

Recommendation system
BroadCF
...

2025
Online
OLBLS

Category 
incrementsG

CBLS
...

BLS is a shallow NN，It features efficient training and dynamic 

incremental growth. It is an efficient solution for lightweight deployment at the 

edge to achieve collaboration between large and small models.

X. Gong, T. Zhang*, C. L. P. Chen and Z. Liu, "Research Review for Broad Learning System: Algorithms, Theory, and Applications," in IEEE Transactions on 
Cybernetics, doi: 10.1109/TCYB.2021.3061094.



Broad Learning System Fuzzy Broad Learning System

27

Ensemble of fuzzy systems

2 Structure of a Fuzzy Broad Learning System

• Remove the 

sparse-

autoencoder

• Replace the 

feature nodes 

with Takagi-

Sugeno fuzzy 

sub-systems



2.1 Fuzzy BLS

Structure of the i-th fuzzy sub-system

Inputs for enhancement layer

Fuzzy broad learning system: A novel neuro-fuzzy model for regression and classification, IEEE Transactions on 
Cybernetics 50 (2), 414-424,2018

https://scholar.google.com/citations?view_op=view_citation&hl=en&user=Q5248zwAAAAJ&citation_for_view=Q5248zwAAAAJ:nrWaKUwFfA0C
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=Q5248zwAAAAJ&citation_for_view=Q5248zwAAAAJ:nrWaKUwFfA0C
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=Q5248zwAAAAJ&citation_for_view=Q5248zwAAAAJ:nrWaKUwFfA0C


Source codes link：
http://dsail.vip/bls.html

Source codes：



X. Gong, T. Zhang*, C. L. P. Chen and Z. Liu, "Research Review for Broad Learning System: Algorithms, Theory, 
and Applications," in IEEE Transactions on Cybernetics, Vol 52, Issue 9, pp. 8922-8950, 2021, doi: 
10.1109/TCYB.2021.3061094.



✓ Model training speed has greatly improved。

✓ Classic database testing acceleration 726 times，

1590 times。

✓ It has a significant impact on neural network 

models。

✓ incremental learning algorithm is proposed to 

reduce the time required for model retraining.

Broad Learning Systems: Research Fronts in Chinese Academy of Science

• CLP Chen and ZL Liu, “Broad Learning System: An Effective and Efficient Incremental Learning System Without the 

Need for Deep Architecture,” IEEE Trans on Neural Networks and Learning Systems, Vol, 29, No.1, pp. 10-24, 

2018. (IF：11.683，TopJournal), Highly Cited Papers。 ), Google Scholar 2207，Web of Science 1500+次。

• CLP Chen, ZL Liu, and S. Feng, “Universal approximation capability of broad learning system and its structural variations ,” 2018 

(SMC), ,” IEEE Trans on Neural Networks and Learning Systems, Vol, 30, No.4, pp. 1191-12044, 2019. (IF：11.683，Top 

paper, Google Scholar 612，Web of Science  430 次。

Wu WenJun AI Outstanding 
Contribution Award, China

Data increment

Feature increments



Currently, network structures have limited 

precision, fixed frameworks, and insufficient 

learning capabilities. This does not meet the needs 

of brain-inspired research, and innovative 

computing frameworks need to be further 

designed based on brain-related models.

Challenge

Innovation

Stacking multiple BLS blocks forms 

a deep network structure.

Introducing the concept of 

residuals，。

[1] Liu, Zhulin, CL Philip Chen, Shuang Feng, Qiying Feng, and Tong Zhang. “Stacked broad learning system: From incremental flatted structure to deep 

model.” IEEE Transactions on Systems, Man, and Cybernetics: Systems 51, no. 1 (2020): 209-222.（SCI 一区TOP，IF：13.451）

Additional 
Enhancement nodes

Stacked width neural network model
architecture

Stacked
BLS

Residuals

Dynamic deep neural networks (Based on incremental stacked BLS ) 
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…

…

…

…

input

Enhancement nodes

output

𝒖𝟏

𝒖𝟐

𝒖𝒊

𝒚 = 𝒖𝟏 +𝒖𝟐 +⋯+𝒖𝒊

Output of BLS block 1

BLS block 1

BLS block 2

BLS block i

…

……

… …

…

…

…

…

…

Desired output: 𝒚

Desired output: 
𝒚 − 𝒖𝟏

Desired output: 

𝒚 − σ𝒌=𝟏
𝒊−𝟏 𝒖𝒌



➢ ResNet



Compared with ResNet Structure



Compared with ResNet Structure

88
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蒲慕明、李德毅院士

See a few words Hear a few words

Say a few words Think a few words



Aside: Robotic-Manipulator Control （advantage of Incremental Learning）



Unmanned System Applications：Incremental Learning in real-time

Path planning
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Multi-aircraft adversarial behavior analysis based on a BLS is a key to 
victory in multi-aircraft combat in complex dynamic environments 

Trajectory forecasting Intent to reasonMotion recognition

Meaning and practical value

✓ Identify false moves and 
confusing tactics

✓ Early warning and 
avoidance

✓ Anticipate enemy actions in 
advance

✓ Improves attack accuracy

✓ Optimize tactical layout

✓ Psychological tactics and 
psychological advantage

✓ Optimize tactical decision-making

✓ Auxiliary intelligence and decision 
support

5.左侧爬升 2.爬升 8.右侧爬升

7.右转弯

9.右侧俯冲

3.俯冲

1.稳定飞行

10.加速飞行

4.左转弯

6.左侧俯冲

11.减速飞行
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Greville’s Method

Inverse-free Broad Learning Systems

➢Least Square Regression
𝑎𝑟𝑔𝑚𝑖𝑛𝑾: 𝒀 − 𝑨𝑾 2

2 + 𝜆 𝑾 2
2

𝑾 = 𝑨𝑻𝑨+ 𝝀𝑰
−𝟏
𝑨𝑻𝒀

Previously, “pseudo-inverse” computation is needed

All improvements and various 
transformations are placed on the pseudo-
inverse operation of solving W!



Inverse-free BLS

Problem： inverse operations 
causes unstable values

Inverse-free improvements: 
stable and efficient modeling

去除
求逆运算

Need 
Inverse

Traditional analytical solution solving process

LSE semi-regular equation Solution

Large matrix、High Dimension– 

Singularity 

Data Unstable High computing
costs

Real-time capability
is limited

求解结果对数值敏感、波动大 高维矩阵求逆复杂度高 高维矩阵求逆计算时间长

将最小二乘问题转化为半正规方程求解

将最小二乘问题转化为半正规方程求解，借助三角矩阵迭代
计算，快速稳定地解析计算更新权重。

支持数据节点双增量

无逆宽度学习通过消除求逆依赖，实现更稳定、高效的协同建模，更适用于开放复杂环境下云边端智能的实时计算。

对比伪逆方法准确率提升最高2.56%，计算速度提升330.24%！

Efficient incremental learning for Inverse Matrix-Free broad learning system，GZ Chen, CY Lei, ZL Liu, CLP Chen, 

HW Sun , Information Fusion, 127 (2026) 103842. 

➢ Least Square Regression
𝑎𝑟𝑔 𝑚𝑖𝑛𝑾: 𝒀 − 𝑨𝑾 2

2 + 𝜆 𝑾 2
2

𝑾 = 𝑨𝑻𝑨 + 𝝀𝑰
−𝟏
𝑨𝑻𝒀



➢ The LSE problem is transformed 

into a semi-normalizagtion

equation

A paradigm for calculating data 

increments without inverted weights

Inverse-free BLS is a breakthrough of data unstable, and achieve、parallelism 

and lightweighted computing

Efficient and high-precision incremental calculations：Single round

min
𝐖0

𝐀0𝐖0 − 𝐘0 𝐹 →

To Solve W0 ，multiply𝐀0
T

become 𝐀0
T𝐀0，become 𝐑0

T 𝐑0



➢ The LSE problem is transformed into a semi-

normalizagtion equation

A paradigm for calculating data 

increments without inverted weights

Inverse-free BLS is a breakthrough of data unstable, and achieve、

parallelism and lightweighted computing

min
𝐖0

𝐀0𝐖0 − 𝐘0 𝐹 → 𝐑0
T 𝐑0𝐖0 = 𝐀0

T𝐘0 ≜ 𝐕0

𝑲

Solve    𝐑0
T𝑲 = 𝐕0 find K 

Then solve 𝐑0𝐖0 = 𝑲 find𝐖0

Efficient and high-precision incremental calculations：Single round



➢ achieve、parallelism 、memory module update algorithm 

adapted to data increments
A paradigm for calculating data 

increments without inverted weights

Efficient and high-precision incremental calculations ：Weight updated 

➢ By using the 

triangular matrix for 

forward and 

backward calculation, 

the weights are 

quickly and stably 

parsed and updated





➢ Through progressive method, a 

memory matrix update 

algorithm is designed to 

support data increment and 

adapt to distributed computing 

needs under dynamic input.

Data increments

Efficient incremental calculations  in parallelism :Real-time data flow incremental calculation
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Summary: Efficient and high-precision data incremental calculation：



➢ Through progressive method, 

a memory matrix update 

algorithm is designed to 

support data increment and 

adapt to distributed 

computing needs under 

dynamic input.

Data and nodes 

increments

Real-time distributed Data an Nodes increments
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Summary：Efficient and high-precision nodes increments 
(Accuracy approximation)



➢ 通过递进式推广，设计一

种记忆矩阵更新算法，支

持数据与节点以任意顺序

独立执行或交替迭代增量，

并适配动态输入下的分布

式计算需求

数据、节点同时增量的无逆权重计算

范式

Efficient incremental calculations  in parallelism :Real-time data flow+nodes incremental calculation

将单增量拓展到数据及节点双增量的无逆权重计算范式，支持分布式计算提升模型性能



➢ 通过递进式推广，设计一

种记忆矩阵更新算法，支

持数据与节点以任意顺序

独立执行或交替迭代增量，

并适配动态输入下的分布

式计算需求

数据、节点同时增量的无逆权重计算

范式

将单增量拓展到数据及节点双增量的无逆权重计算范式，支持分布式计算提升模型性能

Real-time data flow+nodes incremental calculation



➢ 通过递进式推广，设计一

种记忆矩阵更新算法，支

持数据与节点以任意顺序

独立执行或交替迭代增量，

并适配动态输入下的分布

式计算需求

数据、节点同时增量的无逆权重计算

范式

将单增量拓展到数据及节点双增量的无逆权重计算范式，支持分布式计算提升模型性能

Real-time data flow+nodes+data incremental calculation



➢ 通过递进式推广，设计一

种记忆矩阵更新算法，支

持数据与节点以任意顺序

独立执行或交替迭代增量，

并适配动态输入下的分布

式计算需求

数据、节点同时增量的无逆权重计算

范式

将单增量拓展到数据及节点双增量的无逆权重计算范式，支持分布式计算提升模型性能

Real-time data flow+nodes+data+nodes incremental
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Efficient and high-precision data 
incremental calculation

Efficient and high-precision node 
increments (precision approximation)



Time Efficiency and Accuracy



Time Efficiency and Accuracy



Space and Memory Efficiency

Lots of N in other approaches

Memory and data volume not depend on N，，It 
only relates to neuron nodes, p
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Real-time computing of edge embodied 
intelligence

Offline intelligence

via：

BLS provides
Real-time computing in

a dynamic open environment



effectively solving the problem of excessive communication overhead in traditional federated 

learning methods and providing a new paradigm for secure distributed deployment of lightweight 

neural networks in open environments.

A broad federated learning system that communicates efficiently

初始化

本地
深度学习
模型

模型聚合

全局深度学习模
型

Federated Deep Learning Systems

初始化

全局宽度学习
特征提取器

本地
宽度学习
分类器

全局宽度学习
分类器

分类器聚合

Federated Broad Learning System

迭代
更新

单轮
计算

支持增量
扩展

网络结构
固定

实时
学习

✓ Leveraging the advantages BLS, feature alignment and near-end regex mechanisms are 

introduced to enhance the generalization capability of federated systems under 

heterogeneous data, achieving efficient federated learning for communication.

在保证模型精度的前提下显著减少通信轮数

Broad federated learning – a federated modeling approach aimed at low communication 
overhead



Broad federated learning – a federated modeling approach aimed at low communication 
overhead

客户端
本地

特征学习

服务器
云端

特征聚合

客户端
本地

分类训练

服务器
云端

模型聚合

特
征
对
齐

分
类
协
同
优
化

客户端1 客户端2

本地数据
本地

特征提取器 本地数据
本地

特征提取器

客户端3

本地数据

全局
特征提取器

本地
分类器

客户端1

全局
特征提取器

本地
分类器

客户端2

全局
特征提取器

本地
分类器

客户端3

本地
特征提取器

Core challenges of traditional federated learning

In an open and complex environment, cloud-edge-end 

intelligence requires a privacy-protection collaborative 

modeling method that offers lower latency, higher 

efficiency, and sustainable updates.

Broad federal learning

By utilizing the single-round analytical training feature 

of breadth learning, it replaces traditional federated 

learning with multi-turn iterative optimization to achieve 

efficient collaborative modeling。

Data privacy protection
Data never leaves the local area

Low communication 
overhead
Only transmit 
model parameters, 
averaging fewer 
communication 

turns22.9×倍

Reduce multiple 
rounds of 
iteration

Supports 
continuous learning
Adapt to a 
dynamically 
changing 
environment

全局分类器

全局特征提取器

上传本地
特征提取器

参数

下发全局
特征提取器

参数

上传
本地分类器

参数

分类器
持续更新

服务器云端聚合

服务器云端聚合
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Invert-free Broad Federated Learning

Methodological framework

1 Client-side local processing

2

Single round upload

3 Server solves without inverse

本地数据

𝑋1, 𝑌1

本地数据

𝑋2, 𝑌2

本地数据

𝑋N, 𝑌N

Cholesky
分解

特征提取

Cholesky
分解

特征提取

Cholesky
分解

特征提取

Core advantages

Single-round collaborative 
communication

Heterogeneous、Distributed、Robust

一次交互完成建模，提升实时协同能力。

Inverse-freefederated learning combines the advantages of single-wheel, efficient, robust, and stable.This
further enhances the application capability of broad federated learning in complex scenarios.

结果相对数据分布不变，适应复杂场景。

避免显式求逆，降低边缘端资源占用。

Efficient analytical solutions

Stable online updates

减弱病态矩阵影响，提升更新稳定性。

𝑨𝑻𝒀
𝑳′

𝑨𝑻𝒀
𝑳′

𝑨𝑻𝒀
𝑳′

Aggregation
𝑀 = 𝐴1

𝑇𝐴1 +⋯+𝐴𝑛
𝑇𝐴𝑛

𝑊 = 𝑀−1𝐴1
𝑇𝑌1 +⋯+𝑀−1𝐴𝑛

𝑇𝑌𝑛

Global model



A federated learning framework for continuous data flows

难点：数据在时间和空间上

的分布都不均衡，数据时间

异质性会引发模型对早期知

识的灾难性遗忘；而数据空

间异质性会导致聚合损失曲

面发散，引发不一致收敛。

在多轮学习中，两者还会存

在叠加效应，进一步加剧模

型性能的退化。

Traditional federated learning usually assumes fixed tasks and struggles to cope with knowledge forgetting when new tasks 

arrive, thus introducing the concept of continual learning. Federated continual learning achieves continuous adaptation of 

models to new knowledge under privacy protection and distributed constraints, while striving to retain old knowledge。
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Currently, it has exported Mongolian, German, Arabic, 

Malay, and other foreign language copyrights



Thank you, everyone！
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