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G uangzhou: capital of Guangdong Providence I T o s

Guangzhou
China's "Southern Gateway" . The world's only major trading port that has
. . . ined f 2,000
A window connecting China and the world FeMAINEL Prosperots for o-ver 3 .years
Population: 19.1 million residents . One of the fastest -growing megacities in the world
_ 13,000 high -tech enterprises, 80 new R&D
Guangdong Providence institutions,  1.65 million university students , and
V Population: 128.1 million residents 374 million skilled talents

V GDP: 2.05 Trillion equiv to Canada,
and Russia, and Brazil

Guangdong, Hong Kong & Macao

Greater BayyAteaa

Hong Kong

Macao




South China University of Technology
All three campuses are in Guangzhou

Wushan Campus

"™ A 1.83 million
» A 28,000 students
g A Engineering

University Town Campus

A 1.11 million
A 17,000 students
A Information & Literature

Arts

Guangzhou International
Campus

B A 1.13 million
A 10,000 students
A Cross-disciplinaries

%

N

N\

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
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B» South China University of Technology (SCUT)

ShanghaiRanks World 2025 Global University Mainland
World University Google Academic universities
Top 150 Impact Ranking 22nd place
2024 Times Higher Asian Mainland _ _
Education Asia universities universities Nature index ranking World
University Rankings  49th place 1 7th place Top 50

Ranking agenmes 2019W 2020W 2021W 2022W 2023W 2024W

SH Rank 201-300 | 151-200  151-200  151-200  101-150  101-150
US NEWS 336 290 250 219 219 187
QS e 480 462 407 406 392 385
THE THESSS 501-600 | 401-500  401-500  401-500 251-300  251-300

3 € There are about 45,000 universities worldwide

Engineering ranks 22nd globally
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Disciplines ESI
top 1% globally

4 . N
Food Science

and Technology
Polymer science Top three in the world

Disciplines ESI Disciplines ESI
top 1 & globally top 12 globally

2024 US News World University Subject Rankings

}'

World -class subject rankings

all®
> =) 2 Disciplines Top 10

L 18 Disciplines Top 50 J L - 18 Disciplines Top 50

World University Academic Ranking

&WORLD REPORT

\el\ 3 Disciplines Top 10
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[1] Abacha, Asma Ben, Wefwai Yim, Yujuan FuZhaoyiSun, Meliha

LLMs vs Small Models

abs/2412.19260 (2024.

(" LLM has rapidly become a research hot spots1 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 Pre- tralhed large language models

— —— — — — — — — — — — — — — — — ——— —— — —— — —— —

EaramBEL volumes ranging from tens of billions to over
100 billion

@ cpPray 1.76T Al Claude 35 175B
' DeepSeek V3x 670B  §v; Qwen 1.5% 1108

Compressed by large models through distillatio
pruning, and other methods

A Parameter count Less than one billion
L 1.76T

it @ | " A Possesses strong reasoning and generation abilities, and
I has the ability to "emerge .

L Aufo‘rTGrT\f)U‘s{)ralnlng of smaII models

@ > The number of parameters can be less than ten million,

GPT-4 GPT-40 GPT-40-mini
Lowest computational costs and fastest inference speed
A Reduces computational resource consumption and
increases reasoning speed

: : A YOLO MobileNet EfficientNet Broad learning system
A It possesses strong reasoning abilities but relies on

primitive LLM making the technology incapable of A In the era of LLM, research related to small models is

autonomous control relatively limited

A Task-specific training | Lack of versatility



Edge Al agents Itis anintelligent 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 on“ 1 g & A0s Pj  Yei , Real-time capabilty on v~ O 3 ze= HA P
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Collaborative large and small models: Cloud -edge Al

systems
Low Cloud -based global control layer
% , Comprehensive -
.2, Massive data Macro strategic
%, generation Multi -
V  Providing unified data support to achieve global knowledge domain

informa
tion
integrat
ion

integration and strategic control.

Mid regional collaboration layer

V Meeting local scenario needsto enhance model
adaptability.

Real -
time
status
aggreg
ation

Lightweight layer at the edge

% (edge intelligence

AC) Lightweight :

6\063 deployment » LSl »
D

2Ny V  Efficient operation on the terminal enables
autonomous task execution

Dynamic
feedback

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




Industrialization application scenarios: Drone swarms

Integrating adaptive flight control and dynamic strategic planning

Enables efficient and stable cluster -based task execution

— 1
- A general large model with cross -domain knowledge  integration
eI el and multi -agent cluster decision -making capabilities
Knowledge distillation _ _ '
hroughout the region | Visual domain Directing and Road network Communication
o Iarge model studying hardship , i
m : /v/a \@{‘

T Bw isﬁ@N e
domain model P

%

[ e |

Flight planning,
conduction, and Cluste_r
coordination collaboration
g_g,n}_;}"’ . V City patrol
V Environmental
Edgﬁ'eng | ) monitoring
Rl V Real-time risk
avoidance




Al large models assist community school psychologist: ¢ Digital intelligence

empowers grassroots mental health (#3717 ' O 440105230362901260017 )
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Real-time computation In
Edge Embodied Intelligence

viao
Broad Learning Systems

Wu WenJun Al Outstanding
Contribution Award, China




Engineering and Scientific Applications

Optimization, Regression, and Modeling

Least Square Regression
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Almost in real systems, there exist some levels of non -linearity and uncertainty

Deep Neural Networks approach

hidden layer 1  hidden layver 2 hidden layer 3

input layer

Convert to
YEur dgy

Architecture A i
(. .Z..O OO...O .....IOO.Z..O

L L Z, 5 —_Z. 5
M Y
Mapped Mapped Mapped B
Feature 1 Feature2 "~ °°°°T Feature n ﬁ Enhancement Nodes TT
2 I 54

E1Z.2,.. Z,W, + B,).) ...




x1

Table 3.4 - Two-Bit Parity in Two and Three Dimensional Feature Space
Xi X, 2-bit Parity

0
1
]
0

—_ O = O

Figure 3.15 - Linear Separation of Two Bit Parity Data in Three Dimensions

Decision Lines

Page - 20




Learning ¢ Reaching the accuracy o Dynamically adding

neurons (expanding the structure) Z-incremental learning
Least Square Regression Whew Bl
Ol QI = _ll

0¥
y — Solve AnewWnew =Y

NG Anew
—— — | Ot 60Q¢  dIt = 0F& Qb _lFé Qb
ey | I
[

| |

x Kenjp ap




Picturing o Dynamically Adding Neurons O

reach learning accuracy
Y

Additi
Enhanceme

/_)\
« 00

LLLL L L]

e e

O o000 OOO .—.. OQO...OOQ .:O Q OO0.0..O. 00000 00000000000

L v v v k 5 ([Z Z L ]W +)6.&) ) add
Mapped Mapped Mapped Y :
Feature 1 Feature 2 seseee Feature n Enhancement Nodes W,

it 10

ol
X

CLP Chen a nd Z LBroad LaarningiSystem: An Effective and Efficient Incremental Learning System Without the Need for Deep Architecture, 0
IEEE Trans on Neural Networks and Learning Systems , Vol, 29, No.1, pp. 10-24,

CLPChen, ZL Li u, a nuhiveSal appreximgtion capability of broad learning system and its structural variations, 6 201 8, ¢ SIMEE
Trans on Neural Networks and Learning Systems Vol. 30. No.4. pp. 1191-12044




Adding new streaming data . dynamically
Incremental learnin

aeée _

X Kon| [p
l__ _,
Y
A i A
l__ _'
Y
4 2 4
Only need incremental learning  to
find the new W

Note: 41 db"HA'OQe WU A WG~ uwm

Dimension of W increases  columnwise -ly while adding the new  data




Picturing o incrementally learning for new

A

[=_I]} M e EL|| &1 ap

data stream O dynamically restructure the mode
8y 71 N (7t — N Fom )
A - =
2 p Z feature M e EL|| &1 2y |0 o W — Labeled 1L
@figting data ) extraction [T = p iy
T 7] \ / = \ I i . .
= s EL : 7 oo —
ewdata Lit) feature I . inr 1 il
extraction \C / :
o |Fm| l / N = \ o ~ —)
- o0 — 1L
W - Labeled [1'-]
L I |
111 1

L?%z]
ewdata +hrl])

: [
feature g K / \ D/

extraction




Broad Learning System

Invented by Philip Chen

Core Theory of BLS and Methods convert Regressionto light weighted broad
structure and can be computed in reatime

Machine learning is to solve
Inhomogeneous non  -linear equations,
=Y a i.e., BLS structure) ¢

Core Modules in BLS

U Random Sparse Autoencoder U Least Square Regression
(LAY [ v, \ 5 | A “( ¢ J_L —_— e
ot a4 el o @ @ = iy o o
U Random Projection _ (—%|— y 9 m Or by D NS @ MétHodb Q 3
T == =

1 (L = I’ )FfQ pltf8 a h @ o
\\/ - {(:+. ifC#£0,
(i Feature Extension Or by SGDMethods { ST atp(14D™D) ifC =0,

- C=A-D'A, DT=AA%

5 [Lfy

Finally, the updated weights W are analytically computed as:

W=W+B(Y-AW).

A CLPChenand ZL Li u, AnBroad Learning System: An Effective and
Deep Architecture, ¢EEE Trans on Neural Networks and Learning Systems , Vol, 29, No.1, pp. 10-24, 2018. ( ‘
11.683 Top e, A ), Google 2102 ~ Web of Science 1500+ A

—an
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Broad Learning Systems development history

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

ncremental growth.

edge to achieve collaboration between large and small models.

X.

Cybernetics,

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 .
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Gong, T. Zhang *
doi : 10.1109/TCYB.2021.3061094.

-

< 2017-2018

BLS invented

N o

/

N

4

It is an efficient solution for lightweight deployment at the

< 2022

Tree-shaped

structure
Tree BLS

Imbalance
Double kernel BLS

Federated
FCL-BL

L /_

2018 -2021

Fuzzy BLS
Unsupervised BLS

Semi-Supervised
BLS

Stacked BLS

< 2024

Continuous learning
BLS-CIL

QR decomposition
QRBLS

Recommendation syste
BroadCF /

/ N
N\ 2025
Online
OLBLS
Category
AN increments G
Attention
Multi -Atn BLS 4
Twin networks
Twin-BLS
Graphed Networks
GEDBLS
<

, C. L. P. Chen and Z. Liu, "Research Review for Broad Learning System: Algorithms, Theory, and Applications," in IEEE Transact

ion s on



Structure of a Fuzzy Broad Learning System

B Broad Learning System ) Fuzzy Broad Learning System

A Remove the
sparse-
autoencoder

A Replace the
feature nodes
with Takagi-
Sugeno fuzzy
sub-systems

[ Output? W
— W
Hm
Enhancement node | [ Enhancement node ]'
Group H; Group H,py :

e - —— — o ——— — o —— S S e e

( Input data X ]

( Output Y J
Ensemble of fuzzy systems '
A

F™ foroutput layer H™
______ = . SLLPTE TSR - S N e e et e ey
|| Fuzzy sub-system \| Fuzzy sub-system [Fuuysub—systunll Enhancementnode] Enhancement node __.(Enhancementnode 1:
1 i 9 n : 'l Group 1 Group 2 J Group m :

" Jor enhancement layer

( Input data X ] “___fz-::-'-f:"": 57




HiryAAIESER Inputs for enhancement laye

B Structure of the i-th fuzzy sub-system

i | Defuzzification output s of enhancement nodes m a Fuzzy BLS. The mput da-
. — T NxM . _
. Itermediate ta are X = (x1,@2,...,TN) E R where &, =
g==2 \_output Zg; Te1,Ts2,....Lsp), s = 1,2...., N. Suppose that there are
IFagzy rule K; tuzzy rules mn the ith tuzzy sub-system which have the
! following form
|
| . ; . ; . ;
:F“ZZY sets If xg1 1s A}y and zg9 1s A}y ... and zgp7 18 ALy
then 23, = fi(zs1. x50, ..., xep), k=1,2,..., K;
@ Input X
We adopt the first-order TS fuzzy system and let
The fire strength of the kth fuzzy rule in the ith fuzzy sub- M
system 1s M il pi n o E : i
. i i N l:";gﬁll - .](k(xsl'. Lg2y. .. :3173111’) — Nt Lst, (?)
Tsk = fuiet (Tst ), (8) t=1

t=1

: . i o :
and we denote the weighted fire strength for each fuzzy rule where aj, 1s the coefficient.

das _¥_ i

wig= —t—. 9)
Fuzzy broad learning system: A novel neuro -fuzzy model for regression and classification , IEEE Transactions on
Cybernetics 50 (2), 414-424,2018
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SOME RECENT APPLICATIONS OF 5L.5S DISCUSSED IN SECTION 1A

Field

Subfield

Method

Computer vision and image processing

Face recognition

Zhang et al. [144], P-BLS [145], ICBL [146]
vision-brain [147], Zhang et al. [148], Luan et al. [149]

Action recognition

DW-Net [136], Fisher-BLS [150], Sun et al. [151]
Wavelet BLS [152], Lei et al. [153], Li et al. [154]
FBLS-MD [155], Lin et al. [156], Luo et al. [157]

Image classification

DABL [94], GBLS [93], Guo et al. [158], Cai et al. [159]
AdaBoost-BLS [160], DBNet [161], Dang et al. [162]

Distributed BLS [163], IWBLS [164], SS-BLS [115], UBL [125]
BLSCF [165], Han et al. [166], EAF-BAP [167], Wang et al. [168]

Image processing

Low-rank BLS [169], Guo et al. [83], DCBLS [107]
Jin et al. [170], SID-BLS [84], Shrivastava et al. [171]

SAE-BLS [172], Lei et al. [173], Chen et al. [174], Zhai et al. [175]

Medical/biomedical data analysis

Electroencephalography (EEG)

GCB-Net [137], CNBLS [176], GSS-BLS [118], TCBLS [177]
MvBLS [87] Mixed-Norm BLS [178], BDGLS [168]
LPVG-based BLS [179], CTW-BLS [180], Zou et al. [181]

Medical data analysis

LPI-BLS [101], Luo et al. [182], MEKM-BLS [183]
MISSIM [184], FNT [185], Chew et al. [186], CFCEBLS [187]

Medical image segmentation

Liu et al. [188], Atlas-BLS [189]

System modeling and prediction

Time series prediction

MIE-BLS [190], R-BLS [64], SM-BLS [95], EMD-BLS [191]
BLS-EC [105], Spatio-Temporal BLS [192], Zhou et al. [193]
RM-BLS [96], SPCA-BLS [194], Yang et al. [195]

System modeling

Weight BLS [77], CCBLS [196], Kuok et al. [197]
ProBLS [198], Sei-BLS [199], RDBLS [200], BCRBM [201]
Regularized-BLS [53], MRBL [202], Lai et al. [203]

Internet and communication engineering

Network and information security

RBF-BLS [204]-[206], Ma et al. [207]
Zhong et al. [208], BL-TDA [209], ASSD [210]

Internet and smart city

Wei et al. [211], BRL [212]
Broad Forest [213], Xu et al. [214]

Control and robotics

Robotics

BLS-FDDEIF [215], BLS-SMC [216], BLS-FONTSM [217]

System control

Adaptive-BLS [218], RIPF [219], BFNN [85]
DT-BLS [220], Feng et al. [80], Yuan et al. [221]
WBLAF [36], [39], QBLS [38], TDFW-BLS [37]

Fault dectect and diagnosis

Motors fault diagnosis

BCNN [74], PABSFD [222], bagging-BLS [104]
Wang et al. [223], Jiang et al. [224], transfer-BLS [225]

Multi-stage BLS [226], FIBL [227], Han et al. [228], OBLS [229]

Nature language processing

Text classification

Gate-BLS [63], BMT-Net [135], BroXLNet [138]

- 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

10.1109/TCYB.2021.3061094.

-8950, 2021, doi:
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Dynamic deep neural networksBased on incremental stacked BL$

Challenge
Currently, network structures have limited
preC|§|on, fixed .f.rz.amewo.rks, and insufficient Residuals
learning capabilities. This does notneet the needs
of brain-inspired research and innovative
computing frameworks need to be further
designed based on braiftelated models. sigcked « 0 m
BLS [— ; |
| . - BLS block L | i
Innovation . \\ Lo /
Stacking multiple BLS blocks forms 0
Dutput of BLS block 1 -
a deep network structure -Additiogal
hancement nodes

Introducing the concept of
residuals

N [1] Liu, Zhulin, CL Philip Chen, Shuang Fem@jyingF e n g , and Tong Zhang.
-2A20nSCI

A4 model .0 | EEE Transactions

on Systems,

N
l Stacked width neural network model (@@ @ @) Enhancement nodes
architecture
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