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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
V Population: 128.1 million residents

V GDP: 2.05 Trillion equiv to Canada, 

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

Fixed assets totaled 10.433 
billion yuan

4,500+ faculty and staff 
members

55,000+ students enrolled

37 colleges and schools

4ѥ ṝת

5 1 ᶉᴂᵂֲᾚẇᴵ‏

3ѥḒḑḘ

─Ԓᶸ‏ᴣҹ157ѥ

Wushan Campus

Å1.83 million

Å28,000 students

ÅEngineering 

University Town Campus

Guangzhou International 
Campus

Å1.13 million

Å10,000 students

ÅCross-disciplinaries 

Å1.11 million

Å17,000 students

ÅInformation & Literature 

Arts 

├χᾭὯἈ 2025ẉ2ῴ20ῄ

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

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

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

εThere are about 45,000 universities worldwide ζ

ShanghaiRanks
World University

Top 150

202 5 Global University 
Google Academic 
Impact Ranking

Ma inland  
unive rs it ies

22nd place

World

2024 Times Higher 
Education Asia 

University Rankings

A s ian  
u n ive rs i t ies

45th place

Mai nl an d  
u n ive rs i t i es

17th place

Nature index ranking World

Top 50

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

3Ѧḙ ׁ102Ѧḙ ׁ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 1ă globally

3
Disciplines ESI 

top 1Ƶ globally





LLMs  vs Small Models

Pre-trained large language models

Parameter volumes ranging from tens of billions to over 

100 billion

Å 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

Å Task-specific training ιLack of versatility

Å YOLO MobileNet EfficientNet Broad learning system

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

relatively limited

[1] Abacha, Asma Ben, Wen- wai Yim, Yujuan Fu, ZhaoyiSun, Meliha 

ArXiv
abs/2412.19260 (2024.

LLM has rapidly become a research hot spotsιits 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

Å Parameter count Less than one billion

Å Reduces computational resource consumption and

increases reasoning speed

Å It possesses strong reasoning abilities but relies on

primitive LLM making the technology incapable of

autonomous control

GPT-4χ1.76T Claude 3.5χ175B

DeepSeek V3χ670B Qwen 1.5χ110B



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).ζιposses 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 σᶇ῞ᶉḡởᾎὊᶳⱣј֗ εї
ӗ Ѧị҈ַײḪᾩᴥ

¸ Intelligence σ ởῡᵷḘѼ⁴ᶙεᾀἵ⁴ẩ
ַ ≡ ҷצ Үז

¸ Real-time capability σᶇ Ồ ᵟẓε╤ ӈẢ ₱

¸ Synergyσᶹѥ ῀ ӋѲ ᴴẺở֪Ṵẩᴂӏ εј҈
ẺởɎ҈- - ɏ ח

ľ
Ŀ ‗
Ȃ

ᵬҹ ꜚ
Ҭ ѿ
ꜚ ̆

ᾝ̆
ᵖ 60%№

ῒῇ
̂

̃҉̆
ֽ 40%Ȃ

Perception layer σ
ҼỖᵷ ὪӴ᷂ IoT ᶴ ε ♩ᶪᾎὊ

Edge Computing Layer (Agent Core):
⁴ᶙצ  ὕⱣẫύ Ḕј῞ᶉḔӳ ᾚᶙ ԎᶴḪᾩ֗  

ѭḘѼ ӟἑ ג

Synergy Layer:
    ῀ ӋѲ ⁵ᵆᴂӏαײַ - β, ҈ ײַ ᵆᴂӏα -҈β

Execution Layer σ
ṃ῀ Ӌַ֗ײ ӏεḄחѬԎӋצ ᶴὔֹ ᵒ ҷצἷҦ

῀

Ӌ
῾
ῶ



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

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

V Meeting local scenario needs to enhance model 
adaptability.

V 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 ε
Enables efficient and stable cluster -based task execution .

Edge -end 
small model

Image annotation Flight control
Cluster 

collaboration
Path 

planning

V City patrol
V Environmental 

monitoring
V 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: εDigital intelligence 
empowers grassroots mental health ( Ӡד ’σ440105230362901260017 )

Åᴁ Ѳị ҨỌתᶽ₩ᶚѭἩ ⁄ỌιҨᶺ Ḿ ￼ẻẪ ֝╓ḻẊᵠẔּזἋ￼ỌתӰẞ ∂ι וּ ֯ỌתӰẞ
╜ וֹ ӫᵎẈᴶ Ọת ῞ ᶣ ỌתӰẞῸחғᵝιԅ ḫאỌתᵛ Ὸח￼ᾭḔקљᶺӺק

Guidance from 
professional knowledge

Empathetic dialogue 
management

Long -term memory 
management

Åᴂ ẞ-ᴁ Ѳị
ᴂ ẞ╤ל ӌ₅ѧỌת

ü 25ẉḫאẍṩᶺ
Ѧ ת ♇ 26
ẉ ֮ᶺ ὸẍ

ü ὟⱢњў ╜
ҥ וֹ
Ὴ ҥ Ѧớ
חῸק ᾠ Ά
Ẫᵇ ת ḙ›
Ọתᵛ  ‗ᾠ
ᴨAIỌתᵛ Ὸ
ח

Professional psychological knowledge base + psychological 
counseling scenario model

L2

L1

General knowledge large modelsL0

Ὕ׳ịⱣᵚ Ḯ
ΐז  ♆
90%εὝ׳Ṗ€
ḽịⱣᵚ ΐז
ổẘ75%╤ײַ

ԄᶁịⱣשׁ
ᵚ ῡῶ12.7
ѓḱ תש

1.5ѓḱ
ֳ ѦḘ‏ᵘ
6ѓỨ‏

ᴁ Ѳị
AIịⱣתⱳ

ӈịⱣᵚ ײַ
ᵘịⱣᵚ

ở῞80%εὝ׳
Ṗ€ḽịⱣᵚ
ΐרּײַזᾸ♆
80%ε

ײַ 72% ֗
ᴞᶞᶉשịⱣ
ΐז εיִ
ᶁḱịⱣӯ
ẛᴍῡᵘԆԉ
גᴘꞈת

Broad emotion 
recognition model

Medical knowledge 
recommendation 

model

Scale assessment 
model

Mental health 
models

Medical knowledge 
large models

Multi -turn dialogue 
model







Hardware  Systems

҈ ѝזẇᴵ

Ᵽΐז ẓⱴΐז

ΰ ֫‘
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Ᵽ
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ᶵ
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AI servers

AI workstation

AI accelerator 
card

AIѦịәὕⱣ
⁴ᶙ

әAIᶊᾼ
ᶴ

Ὠ ᴁѬ
AI ○ẇᴵ

҈- - Ԅᶊᾼ⁭ồ῾ῶ

16



17

Real- time computation in 
Edge Embodied Intelligence

viaσ
Broad Learning Systems

Wu WenJun AI Outstanding 
Contribution Award, China



Engineering  and Scientific Applications

18

Least Square Regression

ὥὶὫάὭὲ╦ȡ╨ ═╦ ‗╦

╦ ═╣═ ⱦ╘ ═╣╨

Optimization, Regression, and Modeling
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Least Square Regression
ὥὶὫάὭὲ╦ȡ╨ ═╦ ‗╦

╦ ═╣═ ⱦ╘ ═╣╨

Deep Neural Networks approach

Convert to 
ɎEurdgɏ 
Architecture 

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

x2

x1

Decision Lines



ὼὼȣȣȣȢὼ
ԃ

Learning ɇReaching the accuracy σDynamically adding 
neurons (expanding the structure) Ɇ- incremental learning

Y

W

֨
ᾎỴӻ

X

A                 

Ⱪ●ἥ▐ ♫▐)

ὀἥἰ ἰ)

Modeldata

Solve  AnewWnew = Y

Least Square Regression
ὥὶὫάὭὲ╦ȡ╨ ═╦ ‗╦

╦ ═╣═ ⱦ╘ ═╣╨

ὥὶὫάὭὲ╦ ȡ╨ ═ὲὩύ╦ὲὩύ ‗╦ὲὩύ
Anew

Wnew

Anew



Picturing σDynamically Adding Neurons σ
reach learning accuracy

Å CLP Chen and ZL Liu, ñBroad Learning System: An Effective and Efficient Incremental Learning System Without the Need for Deep Architecture,ò 

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

Å CLP Chen, ZL Liu, and S. Feng, ñUniversal approximation capability of broad learning system and its structural variations,ò 2018 (SMC), ,ò IEEE 

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

X Ⱪὀἥ▐ ɼ▐)

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: ặוԃᾚᾎὊᾩεWַײ ẘᾴ ֮ ַײᶬו 
Dimension of W increases columnwise - ly while adding the new data

Adding new streaming data : dynamically 
incremental learning



Picturing σincrementally learning for new 

data stream σdynamically restructure the model

Existing data
 ╧ȟ╨

= Labeled  ╨

═ ╗

◕Ề╧ ╧╦▐ ♫▐)feature 
extraction

W

Labeled 
╨
╨

New data  ╧ȟ╨ feature 
extraction 

W

◌

═ ╗
═ ◕Ề╧ ╧╦▐ ♫▐) =

Labeled 

╨
╨
╨

W =◕Ề╧ ╧╦▐ ♫▐)

◌

New data  ╧ȟ╨

╦▐ȟ♫▐

feature 
extraction

═ ╗
═
═

╦▐ȟ♫▐



Core Modules in BLS

ü Random Sparse Autoencoder

ὥὶὫάὭὲ╦ȡ╩╦ ╧ „╦

ü Random Projection

╗ ‚ ╩╦ ♫ ȟὮ ρȟςȟȣȟάȟ

ü Feature Extension
ὃ ╩ ȟ╗

ü Least Square Regression
ὥὶὫάὭὲ╦ȡ╨ ═╦ ‗╦

╦ ═╣═ ⱦ╘ ═╣╨

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 αi.e., BLS structure) ε
Do not need deep structure learning

Å CLP Chen and ZL Liu, ñBroad Learning System: An Effective and Efficient Incremental Learning System Without the Need for 

Deep Architecture,ò IEEE Trans on Neural Networks and Learning Systems , Vol, 29, No.1, pp. 10-24, 2018. ( ̔
11.683̆Top ℮, Ȃ ), Google 2102 ̆Web of Science  1500+ Ȃ

Core Theory of BLS and Methodσconvert Regressionto light weighted broad 

structure and can be computed in real-time

Or by DǊŜǾƛƭƭŜΩǎ Method



Broad Learning Systems development history

domestic and international recognition :

Stanford University University of Oxford

Tsinghua University etc . 110 + research

institutes εpublished 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 
increments G

CBLS
...

BLS is a shallow NN εIt 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 Transact ion s 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

Å Remove the 

sparse-

autoencoder

Å 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 link̔
http://dsail.vip/bls.html

Source codes̔



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.



V Model training speed has greatly improved

V Classic database testing acceleration  726  times ε

1590 times

V It has a significant impact on neural network 

models

V incremental learning algorithm is proposed to 

reduce the time required for model retraining.

Broad Learning Systems : Research Fronts in Chinese Academy of Science

Å CLP Chen and ZL Liu, ñBroad Learning System: An Effective and Efficient Incremental Learning System Without the 

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

2018. (IF̔11.683̆TopJournal ), Highly Cited Papers Ȃ ), Google Scholar 2207̆Web of Science 1500+ Ȃ

Å CLP Chen, ZL Liu, and S. Feng, ñUniversal approximation capability of broad learning system and its structural variations,ò 2018 

(SMC), ,ò IEEE Trans on Neural Networks and Learning Systems, Vol, 30, No.4, pp. 1191-12044, 2019. (IF̔11.683̆Top  

paper, Google Scholar 612̆Web of Science  430 Ȃ

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 

residualsε

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

model.ò IEEE Transactions on Systems, Man, and Cybernetics: Systems 51, no. 1 (2020): 209-222.αSCI שTOPεIFσ13.451β

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

◊

◊

◊░

◐ ◊ ◊ Ễ ◊░

Output of BLS block 1

BLS block 1

BLS block 2

BLS block i

Desired output: ◐

Desired output: 
◐ ◊

Desired output: 

◐ В▓
░ ◊▓



üResNet


