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. ] ] NGZHOU INTERNATIONAL CAMPUS
s capital of Guangdong Providence UTHCHINA UNIVERSITY OF TECHNOLOGY

Guangzhou

China's "Southern Gateway" ® The world's only major trading port that has

A window connecting China and the world remained prosperous for over 2,000 years

® One of the fastest-growing megacities in the worl

® 13,000 high-tech enterprises, 80 new R&D
institutions, 1.65 million university students, and
3.74 millionskilled 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

Guangdong, Hong Kong & Macao

Greater Bay Area Hong Kong

Macao




South China University of Technology
All three campuses are in Guangzhou

%

Wushan Campus EQE Campus size 4.47 millionm’

Building size 2.84million m*

+ 1.83 millionn’
& + 28,000 students
& ° Engineering

Fixed assets totaled 10.433
billion yuan

® 4,500+ faculty and staff
a2 members

[ )
' 55,000+ students enrolled

University Town Campus

* 1.11 millionm

« 17,000 students

 Information & Literature
Arts

N

\

37 colleges and schools

Guangzhou International
Campus

¢ 1.13 millionm’
« 10,000 students
 Cross-disciplinaries




ot ok L NN
A 200N L0007y  NANARE ™

--— <




B» South China University of Technology (SCUT)

ShanghaiRanks World 2025 Global University Mainland
World University T 1 50 Goog|e Academic universities
op Impact Ranking 22nd place
2024 Times Higher Asian Mainland . .
Education Asgia universities universities Nature index ranklng World
University Rankings 45th place 17th place Top 50

mm

SH Rank Vi¥ 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 THEES=" 501-600 401-500 401-500 401-500 251-300 251-300
S (There are about 45,000 universities worldwide)

Engineering ranks 22nd globally c
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Disciplines ESI
top 1% globally

Disciplines ESI Disciplines ESI
top 1%o globally top 1%o0 globally

(0 Food Science
~_and Technology

® Polymer science Top three in the world

World-class subject rankings
1] <
>l 2 Disciplines Top 10

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

2024 US News World University Subject Rankings

World University Academic Ranking

&WORLD REPORT

\e\/ 3 Disciplines Top 10
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[1] Abacha, Asma Ben, Wen-wai Yim, Yujuan Fu, Zhaoyi Sun, Meliha
LL M S I I M d I Yetisgen, Fei Xia and Thomas Lin. “MEDEC: A Benchmark for Medical
S VS ma O e S 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. _____ .

Pre-trained large language models

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

Compressed by large models through distill
pruning, and other methods

|
Parameter volumes ranging from tens of billions to over
100 billion

@ GPT-4: 1.76T A\ Claude 3.5: 175B

@ g @ DeepSeekV3: 670B  §v, Qwen 1.5: 110B

e - Possesses strong reasoning and generation abilities, and

200B
| has the ability to "emerge."
I Nas ine. iy rge.
i€ Autonomous training of small models

»

« Parameter count Less than one billion
L 1.76T

©

« Reduces computational resource consumption and
increases reasoning speed

The number of parameters can be less than ten million,
Lowest computational costs and fastest inference speed

GPT-4 GPT-40 GPT-40-mini

« Task-specific training, Lack of versatility

It : : « YOLO. MobileNet, EfficientNet. Broad learning system
. possesses strong reasoning abilities but relies on

primitive LLM making the technology incapable of ° In the era of LLM, research related to small models is
autonomous control relatively limited



-:@:-The concept of edge Al agents

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

hardware).) , posses Perception, Decision-making, Execution ability, Itis not only the "functional unit" of
edge computing but also the core of intelligent applications deployed at the edge.

® Autonomy: fEFMISEREEIBLESRE, & ® Real-time capability: {ERSIRPIEIR, #EREERE:
kIO = RIS RIS,
o Intelhgence ERNBEEINEE, TiIHER ® Synergy: SNMLGEGEE ZET RS BIIMEMSE, 5=
QRl. Fll, RICHES. . UmfCRk "m-0mT OBRED. .
The structure of edge agents / Perception layer:
T ——— =' fERkEs. BIEL. 1oTIRES, ARREWENIE.
SORM'IRREHISBADES) |

fasx | ggg?%ﬁ?{; | Edge Computing Layer (Agent Core):

rexmin oo OPRET gy, SR, SIS, EFESHMEMRE, ARSI EESIER
i@ﬁ%ﬁmm%' . BEZFI. IBTARIPSEE
R P R —

= 0)) / 'ﬁm% g

.' oronn | RIZ T
\ A B HX60% 53

: ATER\KRIE _
BwmmF . &) Execution Layer:

Lol ﬁ%ﬁy B A BRI CORBIE, MEEEH. 58, HE0.

6o%W2T 0000 Tmmmemeee——ee- S

Synergy Layer:
BRedZ2EERIME (B-8) , ZIENHRTME (1B-=)
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Collaborative large and small models: Cloud-edge Al

systems

Low Cloud-based global control layer
Comprehensive -
» @y » Gt
generation Muilti-

domain
informa
tion
integrat
ion

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

Mid regional collaboration layer

Regional data » Task » Strategy
fine-tuning adaptation issuance

v Meeting local scenario needs to enhance model
adaptability.

Lightweight layer at the edge

(edge intelligence

Lightweight !
deployment » Real-time »

v' Efficient operation on the terminal enables
autonomous task execution.

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

Real-
time
status
aggreg
ation

Dynamic

(ooée\s feedback
\




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
and multi-agent cluster decision-making capabilities

{ ‘ Knowledge distillation ,r

hroughout the region| Visual domain Directing and Road network Communication
studying hardship S .

Cloud-basea knowledge

. W

de.

& da

domain model 22, W =
S0

[ e |

Flight planning,
conduction, and Image annotation
coordination

Cluster
collaboration

o S e v City patrol
eSS =S O
‘( { v Environmental
Edg?l-endd | K = - monitoring
small mode v Real-time risk
N avoidance




Al large models assist community school psychologist:, Digital intelligence

empowers grassroots mental health (mEna=s:
o« B Z2I0IRE LB KBRS AR,
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Professional psychological knowledge base + psychological

Broad emotion
recognition model

Medical knowledge
recommendation

Scale assessment
model

Guidance from
professional knowledge
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Empathetic dialogue
management
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Long-term memory
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Hardware Systems EMA
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Real-time computation in
Edge Embodied Intelligence

via:
Broad Learning Systems

Wu WenJun Al Outstanding
Contribution Award, China



Engineering and Scientific Applications

Optimization, Regression, and Modeling

Least Square Regression

arg miny: ||Y — AW||3 + Al|[W]|3
-1
w=(ATA+aI) ATY




Least Square Regression &

arg miny: ||Y — AW||%1+ W3
w=(ATA+ 1) ATy

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
“Broad”
Architecture —tY—— - N

output layer

(0O 2220 OO 230 sosese OOose O
Z 5 _ 24y —_Z. 5 ! "
M Y
Mapped Mapped Mapped B
Feature 1 Feature2 "~ °°°°T Feature n l ﬁ Enhancement Nodes TT
2 I 54

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




Table 3.4 - Two-Bit Parity in Two and Three Dimensional Feature Space

x1

X; X, 2-bit Parity
0 0 0
0 1 1
| 0 1
1 1 0

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

Decision Lines

o— ‘ .

Page - 20




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

Least Square Regression Whew J1°
arg miny: ||¥Y — AW||%1+ Allw 13
w=(ATA+ 1) ATy

JEZ 4R
#2347

X f(xwh + ﬁh)
Anew




Picturing: Dynamically Adding Neurons:

reach learning accuracy
Y

Additi
Enhanceme

/_)\
« 00

(L L L2 ] [(YII1X1]

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 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,

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 Svystems. Vol. 30. No.4. pp. 1191-12044 )



Adding new streaming data: dynamically

incremental learnin

f(XWh‘l'Bh)
‘__ _,

A 4 \ Solve W continuously

l__ _,
T A
Only need incremental learning to
find the new W

W=+ W= W->W->W->W"W
Note: ZNIAFEHRER, WHIHER 51 #935H0

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




Picturing: incrementally learning for new
data stream: dynamically restructure the model

(65‘\4\ [Ao Ho] ( — A mnm
3 Pl 6 feature FRIEISAEX | | 5w +Bw oo — Labeled Y,
\Existing data ) extraction X — P U
X0, Yo
Wh,Bn
\ ( — A —
[
l[A(;,HO]] L HEASAEX | | 50w+ Bw oo — y
Ld 7./ ] — — - Labeled [Y‘l)]
owdota x.v.] Feature e

|+Aw
extraction \C / -7
+Aw 0

Wh,Bn l / = \ r N
I = A 7_ h N — YO
[A(Ll fIO] 22 HIFIEX E(XW_ B | || | — Labeled |7
L‘?d%f] A, s o (01 i ¢
ew data X,,Y,) _ il |
feature g & - - \D A y

extraction



Broad Learning System

Core Theory of BLS and Method: convert Regression to light weighted broad
structure and can be computed in real-time

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

need deep structure learning

Core Modules in BLS

» Random Sparse Autoencoder > Least Square Regression
arg ming: ||ZW — X||§ +a||W|, arg miny: Y — AWII3 + 2wl @

> Random Projection Or by Greville’s Method

w = (ATA+ A1) ' ATY

Hj =& (ZWy, +By,),j =12,..m, @ \__/ e B
> Feature Extension Or by SGD Methods {B={A+D(1+DTD)'~ ifC =0,

A=[Z", H™] C=A-D'A, DT=AA*

Finally, the updated weights W are analytically computed as:

W=W+B(Y-AW).

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. (8. X F:
11.683, TopiATI, E#5I5w3C. ), Google i1 5| 21027k, Web of Science 2415 F 1500+ X

BOER S\ T E RIS,



Broad Learning Systems development history

BLS is a shallow NN,

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

It features efficient training and dynamic

edge to achieve collaboration between large and small models.

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.

ck= k% SR
A le Tk X 2 S} “ p
A 41*—"— k*’L’ :ll: o
ATk F itvmuu— ‘EJ:IL.T_JP. Az
AL ?‘ k ‘% {‘?\ A= ‘# /J:\
B 5k Kk n FEee b :’) 9—;7; -
T GET F ,ij:\ )

S Hr K F 4"/?3( 7 i W
jb? )Fﬁ/& k‘:f" ]1.]’3—_7_66 %‘—ikﬂ— 30 E L 2N
R AL ﬁmik:j- I'if

wi?ﬁi&z’ifﬁﬁ%qﬂ)m R 4 F 39 T k—j’—

X. Gong, T. Zhang*, C. L. P. Chen and Z. Liu, "Research Review for Broad Learning System: Algorithms, Theory, and Applications,"

Cybernetics, doi: 10.1109/TCYB.2021.3061094.

< 2022

Tree-shaped

structure

Tree BLS
Imbalance
Double kernel BLS

Federated
FCL-BL

L /_
i

T 9T 2018-2021

/ Fuzzy BLS

Unsupervised BLS

Semi-Supervised
BLS

Stacked BLS

< 2017-2018

BLS invented

4

<4 2024
Continuous learning
BLS-CIL
QR decomposition
QR BLS
Recommendation syst
BroadCF /
/ N
N 2025
Online
/ OLBLS
Category
. incrementsG
2023 CBLS
Attention
Multi-Attn BLS <

Graph

<

Twin networks
Twin-BLS

ed Networks

GEDBLS

in IEEE Transactions on



Structure of a Fuzzy Broad Learning System

B Broad Learning System ) [uzzy Broad Learning System

[ tputY W W
Hm
« Remove the ______________ff_("ip_"_z____[____Gfm:P_”:n_J:
sparse-
autoencoder | IputdaaX |

( Output Y J
* Replace the Ensemble of fuzzy systems '
S

feature nodes

F" foroutput layer H™

with Takagi- e L b e S

1 sul B : 3 tem || | ement node ement n ement node |
Sugeno fuzzy - e ) e =il =l =+ el
su b-SySte ms Z" for enhancement layer .

( Input data X ]




OSSR s for cnhancement la

B Structure of the i-th fuzzy sub-system

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
|
I'F t o ; i ki
| SES 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 i . - E : i
. i i N l:";gﬁll - .](k(xsl'. Lg2y. .. :3173111’) — Nt Lst, (?)
Tsk — et (Tst ) (8) t=1

t=1

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

as _Y_ i
Wi = — 2 —. (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. 8922-8950, 2021, doi:

10.1109/TCYB.2021.3061094.
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Dynamic deep neural networks (Based on incremental stacked BLS )

Challenge

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.

Stacked
BLS

Innovation

Stacking multiple BLS blocks forms
a deep network structure.
Introducing the concept of
residuals, .

[ Stacked width neural network model

(

Desired output:
i—1
y — Z;c:l uk

BLS block i

Desired output:
y—u

—
BLS block 2
Desired output: y

Residuals

Dutput of BLS block 1

>

BLS block 1

- o o NG B EEG y w— w— = = —

000

architecture .

input

-Additional

handement nodes

\0
Enhancement nodes

Q@4 model.” IEEE Transactions on Systems, Man, and Cybernetics: Systems 51, no. 1 (2020): 209-222. (SCI —XTOP, IF: 13.451)



VGG-19 34-layer plain 34-layer residual
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Compared with ResNet Structure

TABLE XII: Performance comparison between Stacked CCFBLS

and ResNet in SVHN

Algorithms ResNet-50 CCFBLS  ptacked CCFBLS
Testing Accuracy 92.06% 96.69% 97.12%
No. of blocks - - -+
No. of layers 50 26 35
No. of Param. 23.521M 2.934M 2.959M

—
-l

=3
=+
) - |
=
|

—
—
=
e
B:E0NE B=

T
o ol
s -

wr LD

o ii‘

RS 2T HESE

NS

1
2
ol
i |
b51
56 |
s
b1
7198

I
| RS
SE. ZAs
SO
= =

ERENONEY BT [

TABLE XI: Performance comparison between Stacked CCFBLS and
ResNet in CIFAR-10

( )
Algorithms ResNet-32  CCFBLS | Stacked CCFBLS
Testing Accuracy  92.49% 94.29% 94.78%
No. of blocks - - 3
No. of layers 32 26 32

No. of Param. 11.174M 2.933M 2.951
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é Flg 12: Example images selected from SVHN Dataset

Fig. 11: Example images selected from CIFAR-10 Dataset



Compared with ResNet Structure

TABLE XIV
PERFORMANCE COMPARISON WITH SELECTED STATE-OF-THE-ART
DEEF METHODS

TABLE XIII
PERFORMANCE COMPARISON BETWEEN STACKED CCFBLS AnND
RESNET 1x CIFAR100D

Algorithms ResNet50  CCFBLS [ Stacked E::l-‘HL&:‘} Algorithins ___ CIFAR-10  CIFAR-100 SVAN
Testing Accuracy 1851%  B1.89% 88.56% C‘ggﬁmﬂfﬁgﬂﬂ ;:-21;“5;‘% e 95.7%
ﬁccurﬁﬁéﬂﬂiﬂ?i? layers 5-{} I-El 3'32 ME,HE NEI_IEHJ Fm_% ) -
No. of Param. 23706M  3.658M 3.803M e A B a6l % 9625%
Stacked CCFBLS  94.78% 88.56%  97.12%
Li> 38
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Aside: Robotic-Manipulator Control (advantage of Incremental Learning)

8608 IEEE TRANSACTIONS ON INDUSTRIAL ELECTRONICS, VOL. 67, NO. 10, OCTOBER 2020
3824 IEEE TRANSACTIONS ON CYBERNETICS, VOL. 51, NO. 7, JULY 2021

Motor Leamir_]g and ngeralization Using Broad Optimal Robot-Environment Interaction Under
Learning Adaptive Neural Control Broad Fuzzy Neural Adaptive Control

Haohui Huang*”, Tong Zhang ““, Member, IEEE, Chenguang Yang“”, Senior Member, IEEE, Haohui Huang ™, Member, IEEE, Chenguang Yang "~ , Senior Member; IEEE,
and C. L. Philip Chen, Fellow, IEEE and C. L. Philip Chen", Fellow, IEEE

3826

X, X | Incremental | @ | Adaptive _I_\

Model Law | Adaptive
Controller Y, | |
- N\ E Switch
E Robust L E','_n_'_:ﬁ?f‘ﬁ@_)_ A

—> Controller Y,

X, Xq,Xq e

Desired Virtual X ~ | | Transient
Trajectory T Controller | Z | Controller
q |

Fig. 2. Control diagram of an adaptive neural controller using a BLS.

Fig. 1. Impedance model of the robot-environment interaction.

Layer1 Layer 2 ‘ m a
(Input | (Membership = (Fuzzy (E '~ (Output
Nodes) ) Nodes) ) Rules) ) Nodes) Nodes) J

Fig. 4. Schematic of BFNN.




Unmanned System Applications: Incremental Learning in real-time
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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
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Trajectory forecasting Motion recognition Intent to reason

Meaning and practical value

v" Psychological tactics and

v" Identify false moves and psychological advantage
confusing tactics

v' Anticipate enemy actions in

advance

v Improves attack accuracy v" Optimize tactical decision-making

v' Early warning and

v Optimize tactical layout rvoidance v' Auxiliary intelligence and decision

support




Inverse-free Broad Learning Systems

Previously, “pseudo-inverse” computation is needed

> Least Square Regression
arg miny: ||¥Y — AW||3 + Al|W||3 i d :
= (A7A _I_M)-lATY A Improvements and various

transformations are placed on the pseudo-

Gre"'"e s Method inverse operation of solving W!
_C+ -------------------------------------- JfC ----- # 0

1 lam(+p™), ifc=o.

C=A-DTA, DT=AA* 3d D= (A2 "Wh,,, +Bs,..);

Flnally, the updated weights W are analytically computed as

Wg: W+B[Y —AW).

40



> Least Square Regression

Inverse-free BLS arg miny: 1Y — AWI[3 + A W13

W= (ATA+AI)" ATy
Inverse-free improvements:

Problem: inverse operations

S IEEA U TE TR VAT stable and efficient modeling

Traditional analytical solution solving process B SRR A G TERAE, RN =FAEHE
. . Soluti itE, REREARTTEENE.
LSE semi-regular equation olution | ] ]
> . = N min |AgWy — Yollr = RgRoWy = ApYy 2V
min [| 4o Wo — Yoll Ag Ag Wy = Ag Y, W, = (45 A9) ' AgY, e H ’
____________________ KiFizH

Inverse | °" %" ! Sinqularitv == |y | N

E2 %‘%ﬂ&l

Data Unstable || High computing | [ Real-time capabilit

) oo costs is limited
! oooo '@ i
| ok & g i

Previous Data X,. Vo | ==| New Input Data X, ¥y

Incremental Data and Feature Expansion

Ll

KRERERE, WAk || SHEMREERES || SEEMERSEEK .— o [ e} —

Phase 3: Node Incremental

1 ; (
T Lo mot, High Dimension ||k |\ {Wm oRC
Need E(Ang) 1 s:zzg?t;x igh Dimension » mw H I smW I E| iﬁ [ﬁﬁ ______ [:\;;?‘ )

xJ tB%LﬁlﬁrEﬁﬁ-r?mﬂﬁnZ 56%, 11'% i@m?‘ﬁ 30. 24%-

VAL ey e S Sk Y812 A . . P~ = Tl piey — 1. 5 = — = — e 3l I:I‘\ =
goi B[S = S i B SR Ak i S P ZH SIS T il ERYSCHS

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

alad_

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



Efficient and high-precision incremental calculations: Single round

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

and lightweighted computing

A paradigm tor calculating

increments without inverted weights

i into a semi-normalizagtion
; equation
: min||A,W, — Yy !l —
W i
[T i

: To Solve Wo , multiply A?
} become AJA,, become R] R,

For large and dense A, previous inverse-based incremental BLS ex-
plicitly computes analytical solution W, by the pseudo-inverse A; for
initialization:

T —1,T
Wo=A2Y, = (AjAg + ) AJY,.
while storing or updating the pseudo-inverse A; is inefficient. In con-
trast, InvF-BLS overcomes these issues via reduced QR decomposition:

9_0 € R/o*? is an orthogonal matrix and R, € R?* is an

where
triangular matrix.

This transforms the least squares problem into seminormal equations
(SNE)[33], which is an easier-solving triangular system:

# Vo =R Q;Qp RyW, =¥ﬂ =AY, 2V, (4)

=1
And we e triangu icient matrix and updated labels (R, V)
as the memory module to integrate the new information.



Efficient and high-precision incremental calculations: Single round

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

parallelism and lightweighted computing

A paradigm for calculating data

increments without inverted weights

> The LSE problem is transformed into a semi- A YR

normalizagtion equation h xwx } : )
minllAWo — Yolls ~ Ri[RoW = ATYo £ Vo R
° :

Solve R)K =V, find K
Then solve R, W, = K find W,




> achieve, parallelism , memory module update algorithm

A paradigm for calculating data
increments without inverted weights adapted to data increments

> By using the
triangular matrix for
forward and

backward calculation,

the weights are

quickly and stably
parsed and updated



Step 1:

Step 2:

Step 3:

Ry = QR(A) .
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Fig. 4. Incremental R-factor update.

W, = BS(R,. FS(RTV,).

where:
r R
Rk — QR k—1 X
3 Ak
Vi=R_ R W +A Y, =V +AY,.

This process enables efficient adaptation to
recursive update chain:

Update in (7) Update ir
Rk—l ~ Rk and Vk—l '
Data Incremental Data Incren
Update in(9)
:>Wk—] > Wk

The overall process of InvF-BLS for adding data is illustra
and Algorithm 3.



Efficient incremental calculations in parallelism Real-time data flow incremental calculation

InvF-BLS for Adding Data

Data increments

Initial Model [ Incremental Model 1 | seesee [ Incremental Model N
A
I'I,':::'_'_'::::'_'_'::::'_'_'::::'_'_'::::'_'_'::::'_'_'::::'_'_'::::'_1 RIR W, = Vg RTR W, =V, RLRN\Wy=Vy 7
| Solved by Substitution Solved by Substitution Solved by Substitution
. » Through progressive method, a | memory moaume Memory Module [ emory moame
odule
= R e T +
: c ‘ Update
. memory matrix update | Re Ve RV, Ry vy
1 R b
| Ry = QR(A) R, = QR(]|}° _ Ry_1
. algorithm is designed to Vo = A3¥o 1 ( A‘f) e - ex ([, ')
g g Vi=Vo+4, Y, Vy =Vy_1+ ALYy

. e A
support data increment and
.."'11. }"1 AN; YN

Previous Data X,, ¥, New Input Data X,,Y, | *** | New Input Data X, YN]— ->-

needs under dynamic input.

Data Streams

adapt to dIStrlbUted ComPUtlng i Broad L4¢arning Feature Extraction A s [Z™, H™] ]

Incremental Data Expansion : m =
: . == [Ao
| ] s (4 e | A,
| ] ] Ao r— == A':{:] see eae =— == N
- - - - - - - - L | — Ayl |



Summary: Efficient and high-precision data incremental calculation:

W, = BS(R,.FS(R..V,)).

A

Vi = R R W, +AY, =V, +AY,.

e

This process enables efficient adaptation to streaming data by the
recursive update chain:

Update in (7) Update in(8)
Rk Rk and Vk— 1

"~ Data Incremental Data Incremental

Update in(9)
:}Wk—l Wk'

47



Real-time distributed Data an Nodes increments

Data and nodes
2.3.1. Incremental data and feature expansion

InvF-BLS supports flexible expansion sequences (e.g., data-first,

- node-first, or mixed iterations). The memory module are updated

> Through progressive method, through the expansion order. Fig. 6 gives a data-first-node-second se-
quence of feature matrix as an example:

increments

a memory matrix update

1 Data X Node H
algorithm is designed to | Ao_]* [A'D] L ”A()]H]]
| A Ay
support data increment and A - TTA - -
: Data X, { 0] H, | Node H, { 0] H,
adapt to distributed - — | |A > || (A H, |
A, A,

computing needs under

dynamic input.
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Scenario 2: Adding Nodes Changes the Factor Size

Adding new columns enlarges the system

When a new node block H, is appended, the feature matrix becomes

Aig= [Ak Hq] :
Accordingly, the regularized Gram matrix changes from
M, = A A+ )

to

Mg = AggqAirq + AL

y

The matrix dimension increases from p x pto (p+ q) x (p+ q). Therefore, the old triangular factor Ly
cannot be used directly for the new system.

Lily =My, Lol g = Mygq.

Instead of recomputing a full Cholesky factorization from scratch, we update the factor recursively.
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Constructing the New Triangular Factor

Reuse the old factor

Since L, is already available, we keep it in the upper-left block of the new factor and introduce two
unknown blocks:
L, | O ]

L"+q:[ E|G

v

Why this block form?

@ L, reuses the factorization of the old system.

@ E captures the interaction between the old features and the new nodes.

@ G completes the factorization of the newly introduced part.

Goal: solve E, G such that Lk+qLE+q = Mg

So the update reduces to solving only two new blocks, rather than factoring the whole matrix again.



qﬂlilﬂﬂ}fF-A

Fast Update by Block Matching

[ ALAL+ AL ATH o [ Lk | LET
Kratkta = | EL} | EET + GGT

Compare the corresponding blocks

Matching the two matrices gives
LE"=AH, — E"=FS(L,ATH,),

and

GG' = (H,H;+ \l) —EE".

The enlarged factor is obtained by
@ one triangular solve for E,
@ one small Cholesky factorization for G.

Hence, the update is much cheaper than full re-factorization.
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Phase 3 (Node Incremental Update):
Phase 1 (Initialization): When adding nodes H,, based on the brighnd node in-
Start by the initiate feature matrix A, and labels Y,, we have V, = cremental methods in Chen et al.[34], Ly could be updated by :
AgYO. Setting Ly = ROT and applying Cholesky decomposition on . L, 01]_ RE 017, (R* )T (12)
B E G | E G | \ k)7

k
M, JAJA, + A= LoL) 2 R(R,,.

where
Therefore, W, gets from the initial memory module (R, V):

E" = BS(L;. AL Hy ).
0 0 = V. GG' =H H; - EE" + /L.

Phase 2 (Data Incremental Update): And V; can be computed from V:
For new data block (A, ’Yk), the memory module (R;,V,) is updated . -
as (7) and (8): Vi =[Ag. . Hy] Yo = " : (13)
Hk YO:k
Ry
=Q,R
{ Ay ] Qe 10)

Vk = Vk—l + AEY}{
Moreover, we can conclude
Ly =R, 1<k<N, an

where M, = AiAk + Al = LkLE, proved in Theorem 3.2 of Section 3. It
is a bridge connecting data and node increments.



Summary: Efficient and high-precision nodes increments
(Accuracy approximation)

W, = BS((L;;)T, FS(LLVE) )

where:
R T
k—1 0
Ay

-

| or
o o

T E G

[ RT R, W, +ATY, ]_
- = _
HEYO:k

p

<
|

Vi +ATY, ]
HEYO:k

The recursive update process follows a chain:

R Update in (10) Transposition in (11) Update in (12) .
k=l Data Incremental k Bridge k Node Incremental
Update in (10) Update in (13) .
and V,_, \Y \
Data Incremental Node Incremental
Update in (14)
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Efficient incremental calculations in parallelism :Real-time data flow+nodes incremental

InvF-BLS for Adding Data and Nodes

Phase 1: Initialization

Phase 2: Data Incremental Update

Phase 3: Node Incremental Update

Initial Model

Lo = Ry, LoLy"Wo =V,
Solved by Substitution

Memory Module

Al B
Al

Ry V,

Ry = QR(A¢)
Vo = Aly,

(Memory Module

Al B
Al

N R Vy

R
R, = o ([
1 Q Al
Vl - Vo r A1TY1

Broad Learning Feature E

traction: 4 = [Z", H™]

New Input Data X,,Y

Previous Data X, Y, | =

|
HE
mE A4
|

ﬁ

Incremental Data and Feature Expansion :




Real-time data flow+nodes incremental calculation

InvF-BL.S for Adding Data and Nodes Phase 1: Initialization Phase 2: Data Incremental Update Phase 3: Node Incremental Update

Initial Model Incremental Model 1

* «T *
—_ pTr T N Ll L1 W, = Vl
Lo = R, LoLo Wo =V Solved by Substitution

Solved by Substitution

(Memory Module\

i N
b ) | S—

1 Vi)

Memory Module (Memory Module

Al B
N

Ry Vg

. . RT 0©
Ro = QR(40) &= er([°]) == [ 7]
Vo = 4pY |4
L 00 V1—VD+A1 yl V;: T‘lyﬂ
1 Y1]
Broad Learning Feature Eftraction: 4 = [Z", H™] ﬁ Add Enhancement Nodes

Previous Data X, Y, | ==| New Input Data X;,Y; | == == == o= o= e o= -

Incremental Data and Feature Expansion :

.~ B e




Real-time data flow+nodes+data incremental calculation

InvF-BLS for Adding Data and Nodes

Phase 1: Initialization

Phase 2: Data Incremental Update

Phase 3: Node Incremental Update

Initial Model

Lo = R, LoLo"Wo =V,
Solved by Substitution

Memory Module

Al N
Al

Ry Vo

Memory Module

Incremental Model 1

T
LiLy Wy =V]
Solved by Substitution

(Memory Module\

Al B

b D) | S—

( Memory Module \

\_F1 Vi) N_ R V2
R « _(pT_|RT O 2
Ry = QR(40) R = ek ([?)) == ] R, = or(|1])
Vo = ALY, b 1 " vV, AzT
Vl_VD+ 1 1 V“l‘: HT Yﬂ V2=V1+A2 Yz
a Y1]
Broad Learning Feature Eftraction: 4 = [Z™, H™] '1 Add Enhancement Node§Hq: A = [Z", H™1] k-

Previous Data X, Y, | ==| New Input Data X,Y,

New Input Data X,, Y, |==

Incremental Data and Feature Expansion :

E
[ ] |
] ] ]
.4, N [j“] —
] | 1

] |

EEEEEE
ENEEEN
2
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Real-time data flow+nodes+data+nodes incremental

InvF-BLS for Adding Data and Nodes

Phase 1: Initialization

Phase 2: Data Incremental Update

Phase 3: Node Incremental Update

Initial Model

A

Lo = R{, LoLo Wy =V,
Solved by Substitution

(Memory Module

Al B
AN

\_ Rl V-]_

a Ro
= OR ([A1D
V]_ = VD - AITYI

Memory Module

N B
Al

Ry V,

Ry = QR(4Ay)
Vo = ALY,

Incremental Model 1

Ly Ly'w, =v;
Solved by Substitution

(Memory Module \ (Memory Module \

Al B
N R

\__R1 1) N Rz V2
.= T — R{ 0 *
b= =3 7] R, - or ([%))
Vi - Azr
V; = HT YU] Vz = Vl + Az YZ
1 Yl

Incremental Model 2

* xT *
LZ Lz W2 - Vz
Solved by Substitution

( Memory Module \

-----—----—-»..l

Module Update

N R Vi)
T
La:RxT:[RZ 0]
A CALE
2
o Yy
VZ‘HTZ"Y,
Y,

Broad Learning Feature ENtraction: A = [Z™, H™]

-

Add Enhancement Node§ H,: A = [Z", H™1]

’._

————— ] o8 e

Add Nodes H,: A = [Z", H™+?]

Previous Data X, Y, New Input Data X,Y,

New Input Data X,,Y,

Network Update

————————————’...

Data Streams

Incremental Data and Feature Expansion :
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Efficient and high-precision data !Efficient and high-precision node
incremental calculation Increments (precision approximation)

W, = BS((L:)" . FS(L:VE) ).
W, = BS(R,, FS(RL,V,)). ( ‘ : k)

where:
'd ( [ R T
Rk—l k—1
9 Ak k k ’
—_ RT T — T 3 .
Vi =R, R Wil + ALY = Vi + ALY i E G |
: . : . R' R, W, +AlY Vi +AlY
This process enables efficient adaptation to streaming d: V.= =17k IT =1 Kokl = k IT kol
recursive update chain: | H Yo, H, Yo,
Update in (7) Update in(8) The recursive update process follows a chain:
R;_ R, and V,_, Vv p p
Data Incremental Data Incremental ) L .
Update in (10) R Transposition in (11) Update in (12) N
~ Data Incremental, k Bridge Tk Node Incrementall
Update in(9) U : o
pdate in (10) Update in (13) .
=>Wiy > W and V,_, .V, .V
Data Incremental Node Incremental
Update in (14)
= Wi ke

o8



Time Efficiency and Accuracy

Table 5
Results of final testing accuracy and total train time on real-world datasets.
i Incremental BLS TiBLS Approximation Method ~ RI-BLS InvF-BLS E
; Dataset !
E Acc (%) [ Time (s) § Acc (%) Acc (%) Acc (%) Acc (%) E
i LED 74.05 1838.14 § 74.05 74.03 74.04 74.08 i
i CIFAR10 88.59 224.92 88.60 24.42 88.59 88.64 i
i CIFAR100  64.92 87.58 64.75 52.46 64.92 65.28 i
: Waveform  82.50 0.31 82.63 81.25 82.50 82.80 :
i Letter 92.72 8.40 93.40 91.22 92.72 95.30 i
i Pendigits ~ 98.03 | 1.01 97.76 98.02 98.02 98.90 |
i Shuttle 98.61 86.57 98.52 98.61 98.61 99.03 i




Time Efficiency and Accuracy

Table 8 !
Accuracy and training time with different numbers of added enhancement nodes on MNIST. i
M, .M, N,.N,, N, One-shotAccu-  One-shot Training  Incremental BLS  Incremental BLS — InvF-BLSAccu-  InvF-BLS Training !
racy(%) time(s) Accuracy(%) Training time(s) racy(%) time(s) i

10000, 100 10, 10, 2000 97.73 6.963 95.86 97.82 i
10000, 500 10, 10, 2000 97.90 17.340 96.62 98.32 i
10000, 1000 10, 10, 2000 97.99 37.407 97.04 98.69 i
10000, 1500 10, 10, 2000 97.93 66.411 97.17 98.77 :
10000, 2000 10, 10, 2000 98.28 104.472 97.36 98.89 i
10000, 100 20, 10, 2000 97.83 7.754 96.12 97.87 i
10000, 500 20, 10, 2000 97.93 18.509 96.98 98.49 i
10000, 1000 20, 10, 2000 98.30 39.075 97.28 98.70 i
10000, 1500 20, 10, 2000 98.45 68.173 97.38 98.91 i
10000, 2000 20, 10, 2000 98.07 106.888 97.50 98.89 i




Space and Memory Efficiency

i Comparison of Number of Operations, Time Complexity, Space Requirements and Space Complexity. Note: N* is the number of new samples; N is the number of
original samples; p is the total number of nodes; ¢ is the number of classes.

i Table 2

Method Number of Operations (Flops) Time Complexity Space Requirements Space Complexity

InvF-BLS (Ours) Steps: O(N*p* + N*pe + p*e) % P+ %p + 2pc O(p* + pe)
- Incremental R-Factor Update Eq. (7): N*p?
- Right-Hand Side Update Eq. (8): 2N*pe
- Weight Calculation Eq. (9): 2p*c
Total: N*p* + 2N*pe + 2p*c

Memory and data volume not depend on N, , It
only relates to neuron nodes,

| RI-BLS [22] Steps (from [22]): O + N*p* + N*pe + pe) 3p% 4 3pe O(p* + pe)

! - Memory Matrix U* Update (Eq. 11 ): 2N*p?

i - Memory Matrix V* Update (Eq. 12 ): 2N*pc

- Weight Calculation (Eq. 15 ): p* +2p%c Lots of NVin other approaches
i Total: p* + 2N*p* + 2N*pc + 2p*c

~

Approximation p® +4N*p* + 2N pe + 2N* pe O(p* + N*p* + Npe + N* pc) 20* +4N*p+2Np+ N*p O(p* + Np+ N*p+ Nc+ N*c + pe)
Method [46]

+Np+ Nc+ N*c +pe
Incremental PP +6NN*p+4N*p> +4N*pc or Op* + NN*p+ N*p* + N*pc)or {3N*p+2Np+ NN* + N*c+pcor O(N*p+Np+NN* + N*c+pe) or
BLS [14]

N*3 +8NN*p+2pN*? +4N*pc O(N*= + NN*p+ pN*2 + N*pc) Q*?+5N;)+NN*+N*C+;;C O{N*3+N*,0+Np+NN*+N*c+p2)

L




Real-time computing of edge embodied
intelligence

Offline intelligence

via.

BLS provides

Real-time computing in
a dynamic open environment




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

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

1
1
1
1
: 92 92 :
I v Leveraging the advantages BLS, feature alignment and near-end regex mechanisms are % % i
88
i introduced to enhance the generalization capability of federated systems under 8 8 i
| 86 84 1
i_ heterogeneous data, achieving efficient federated learning for communication. N 82 i
——————————————————————————————————————————————————————————————————————————————— = 80 I
: %T%%FE—’?—"EJ 3\; 82 78 :
! SHRENES ) 76 I
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Broad federated learning — a federated modeling approach aimed at low communication
overhead
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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

Reduce multiple
rounds of
iteration

efficient collaborative modeling, ?

Data privacy protection
’-@ Data never leaves the local are

| NN

\ Low communication
overhead
Only transmit

Supports
model ters, continuous learning
parameters @ At to s
averaging fewer p .
communication d{::"::a y
turns22.9 x {3 ging

enviro nmsﬂt



Invert-free Broad Federated Learning

Methodological framework

—| e
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@ Client-side local processing
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€) Server solves without inverse

Single round upload
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Aggregation

M = (ATA; + -+ ATA)

W = M~ATY, + -+ M~1ATY,

-
Global model

Core advantages

E;\\ Single-round collaborative

il
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— IR B 5ShkEENE, RASCRHERE

Heterogeneous, Distributed, Robust
ERENEIRD AR, BNERDR,
Efficient analytical solutions

BREIINYE, FHRISmEIRSA.

Stable online updates
IRESRSHAENERIIR, TRFTEEE.

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.




A federated learning framework for continuous data flows

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
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Artificial intelligence, J
technology empowers the,,

development of digital ==
economy industry
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