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<¥IEEE

IEEE Circus stems Society

< Specialty
% Multi-core System on Chip (MPSoC) design
“* Neural network model and accelerator design
“* Reliable system design

2024 IEEE Trans: 3 ry Large-Scale Integration
Systems Best Paper Award

Kun-Chilt (Timmy) Chen

oactive Thermal Management for NoC
tegration (VLST) Systems (Volume 31,

< VLSI CAD design —
% Smart Manufacturing MZ®IE‘{EEU
% Feature Honors g
< Dr. Da-You Wu Memorial Award of NSTC A i e
% IEEE TVLSI Best Paper Award TR

% |IEEE CASS Continuing Education Featuring
Selected Conference Tutorial

% Taiwan IC Design Society Outstanding Young Scholar Award
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Chip Gallery

All-digital temperature sensor

Technology: TSMC 90nm
Size: 0.0016 mm?
Power: 798mW

Clock frequency: SMHz
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Al-sonar for geological analysis

Technology: TSMC 40nm
Size: 1.56 mm?2

i Power: 25.5mW
)N Clock frequency: 100MHz
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NoC-based reconfigurable DNN

Technology: TSMC 40nm
Size: 0.84 mm?

Power: 10.37mW

Clock frequency: 105MHz
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About my school
National Yang Ming Chiao Tung University (1/2)

% NCTU was established in Shanghai in 1896 originally and re-
established in Taiwan in 1958.

¢+ Electrics Institute is the first institute when NCTU re-established in

L)

Taiwan in 1958, and the Taiwan’s semiconductor and space mdustry
were born from NCTU. - .
% The first wafer in Taiwan (1964)

s The first Bipolar Transistors in Taiwan (1965)

** The first IBM computing system in Taiwan (1968)
% The first hybrid rocket in Taiwan (2010)

% The first sounding rocket in Taiwan (2014)
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About my school
National Yang Ming Chiao Tung University (2/2)

“ In 2021, NCTU merged with a prestigious medical university, National
Yang Ming University, and rebranded as National Yang Ming Chiao
Tung University (NYCU).

Medical, Bio-technology =~ Engineering, Science, Administration
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] NYCU at a Glance

—

21,703 Students

13,091 Graduates

\_

e

(1,300 Overseas Students)

8,612 Undergraduates

-

_/

\_

2,454 Faculties

(135 International Faculties)

1,154 Full-time faculties
958 Part-time faculties

89 Research Staff
253 Staff

_/
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Ecosystem Neighboring NYCU

Surrounded by
Science Park and National
Institutes National Measurement

Laboratory (NML)

NYCU

[ %E#E Guangfu Campus ]

the first transistor in Taiwan ﬁl
Taiwan Semiconductor

F‘II Research Institute (TSRI)

(Consolidation of CIC & NDL)

National Center for
High-performance
Computing (NCHC)

National Synchrotron

Taiwan Instrument Ir ]
Radiation Research . —-..—/l
Research Institute (TIRI) -‘. ' Taiwan Space Agency (TASA)

Center (NSRRC)

Hsinchu Science Park
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Institute of Electronics, NYCU

NYCU-EE is the largest EE department in Taiwan

* The best EE department in Taiwan
“ World ranking: 39; Taiwan ranking: 1
s+ |EEE Fellows: 20; IET Fellows: 2; NAE Academician: 3;: NAl Fellows: 2

AR A&

Biomedical

TTEF
IXE
Quantum / &

Optical Electronic
Materials

# & RE IR

Green

Advanced
Memory

& |

Research.com Upcoming Conferences ~  Best Conferences v  Best journals ~  Best Universities v Best Scientists v

Home / Best Universities - Electronics and Electrical Engineering / Taiwan
Best Electronics and Electrical Engineering Universities in Taiwan
2023

The Sth edition of Research.com ranking of the best universities in the field of Electronics and Electrical Engineering was created using data derived from multiple
data sources including Openalex and CrossRef. The bibliometric data for evaluating the citation-based metrics were acquired on 21-12-2022. Position in the
ranking is based on a sum of D-indexes (Discipline H-index) of all ranking researcher’s affiliated with a given institution. D-index includes exclusively publications
and citation values for an examined discipline.

Show more

Search by keyword u Electronics and Electrical Engine v Taiwan (18) v

World National University Details Scholars I Publications I D-Index

National Yang Ming Chiao
=+ Tung University

Taiwan

National Taiwan University

50 2 mE 19 6,155 819

Taiwan

@ National Cheng Kung
104 3 sxert  University 1 3,867 496

Taiwan
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Research Pillar 1:

Smart Thermal Management on MPSoC
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CS-based Low-cost Thermal Sensor Placement
< Features (IEEE TCAD 2022)

— Adopting Compressive Sensing (CS) to achieve fast sensor placement

— Proposing a novel temperature reconstruction method to build the temperature
distribution with low computing cost

Original Full Accurate Reconstructed
Thermal Map tracking Thermal Map
strategy

Thermal sensor

placement
Original Fewer Inaccurate Reconstructed
Thermal Map tracking . Thermal Map

i knowledge

.
0..00.
S
see o

[] Energy-center-based method [13] [] Energy-cluster-based method [13] [[] PCA-based method [14]

[J interpolation-based method [16] [7] StOMP-based method [21] Il MIB-OMP-based method
(& MIB-StOMP-based method
Thermal sensor [HMESESSI =N
- 12, 28
placement | B &G
| £gm0
Original Fewer Accurate Reconstructed % E 8
Thermal Map tracking Thermal Map sk
strategy kS €6
0. 2, = g%
*
-o:o..°. g % 4
' 1. <,
Thermal sensor
. 0 |
placement

12
Allocated Sensor Number
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Adaptive ML Method for Proactive Thermal Management
% Features (IEEE TVLSI 2024 Best Paper; ISCAS 2020 Best Student Paper)

— Adopting online learning to predict the on-chip temperature precisely
— Adopting adaptive reinforcement learning to fine-grained control the system

temperature o% -
.
5% 1 | _
| ® Real sensing result @ Temperature prediction result | | PDTM On PDTM Off ‘ gﬁﬂ ] -
Temperature Temperature @
"9
T T T T T T
TLJ’miI _________ - TL."mjt ................. Dynamic 04 05 06 _ U? UB Ug 1
Deterministic themal control Time (SEC.}
e - ®  thermal control Tr, [ R, —~@- Proposed Adaptive ML-based PDTM
Tingger f=======1 »RELLIILE e~ Trigger ¢ H
. 4 Proposed -B- Deterministic PDTM w/ RC-based model [9]
® Conventional ] adaptive RL- . nd Aariraf
° PDTM : ‘::> based PDTM ~@- Deterministic PDTM w/ 2" derivative-based model [10]
¢ PDTM On System —A— Deterministic PDTM w/ Linear regression-based model |
- d ¢ Deterministic RDTM [7]
Sensing Time Sensing Time o 20
temperature Temperature temperature Temperature
Conventional temperature prediction Proposal adaptive LMS-based | __Prediction N
prediction model temperature prediction model 215 T
O
Prediction Error output Prediction  Error Error output and :_,@
error error output model adaptation 51 0
o © 2
o © © © Error output O 0 E tput N
rror rror outpu
[ T T T 0] TERTERTRP O-—--é---O---o-—- P S
o]
—_
£ o
l_ T T T T 1
Time Time 0.000058 0.0012064 0.0023548 0.0035032 0.0046516 0.0058
(a) (b) Packet Injection Rate(PIR)
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Adaptive Single Layer Perception (ASLP)-based
Temperature Prediction

% Adopt an SLP to re-model the temperature prediction equation

.Thrcl-[tlEl:I node E.
(] Non-throttled node

q
T(k+N|k)y=BVT(k|k)+ ZBff-fDu(f)
i=k

J

' k—g+2
Torgmsr ™. | T(k+N|k)= D w,-X,
n=1

% Adopt the LMS-based adaptive filter to update the parameters (w,) at
runtime to fit the hyperplane of the temperature behavior

'-’r.'i'J.rMH(U
Terrjlﬂ) R ums-{;ased w, () =w, (1 Al )+ pe()T,,, (1)
o Wolt) i ¥ weight updater
Temp;(t) :

oy e =T)-T()

Tempa(t)

Throto(t)i

E Throt .(t)i Temperature
] : prediction at

current time £
Throtg(t)
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Adaptive Reinforcement Learning-based
Temperature Control Mechanism

+ Adopt the Q-learning the select the proper action to throttle the
thermal-emergency NoC nodes.

Throttling
ratio = 100%
Throttling | |
@ Throttied node () Non-throttied node ratio = 100%
No Throttling ratio =
- - - Information on Throttling ratio + 50%|
i temperature status *
u : - » LMS-based o(0) < 5[0-1.96At, Yes Throttling Yes|Throttling
; ' temperature ISl ratio = 0% ratio = 0%
o)) B predicor in . T
U " » Ny (Flg:ﬂ 'I'hro_nllng (atlo:o
mi Information on Throttling ratio - 50%
PP TTT.sTeve'  throftling status | —
Temperature-influence Gnd) Note: e(t)=T(1)-T(t)
window of Ny, Current Predicted
temperature of My, temperature of Ny, , ,
L 3 Q-table at runtime operation

RL-based Temperature Control Unit in Ny,

Throttling ratio (Action) Throttling ratio (Action)

_% 0% | 50% |100% f_g Action ;hmtt1licr;g r‘;atio
D 100°C | 0.12 | 0.31 | 0.45 = ° = b
Temperature %% 99.7°C | 0.20 [ 0.55 | 0.45 [:> é“?ﬁ‘ ;gin{; ? j | Throttling ratio
cnntrnINa:tmn to % E_E, . 2 g : = 50%
S [ Tige |078]044]033 Action 3= -
E Q-value = afl.f;itate. Action) enCOding E Tirigger 0 HJhMEII{;}% ratio
o
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Experimental Results

[[] Proposed ASLP-based model [] RC-based model [9] [l] 2 derivative-based model [10] [} Linear regression-based model [16]

1.5 -

e
B
w
Q
o
5
=
<

Uniform  Transpose-1  Hotspot FFT LDPC_ LDPC_ Fppp Robot RS-32_ RS-32_ H264- Sparse

Random 802_11n 802_16e 28 8 enc  28_B_dec 720p_dec

(a)
46.3%
26.4% 20.9%

Maximum Error("C)

LDPC_ LDPC_  Fppp " RS-32.  RS32.  H264  Sparse

802_11n 802 16e 28 8 enc 288 dec  720p_dec
[] Proposed Adaptive ML-based PDTM [ Deterministic PDTM w/ 2" derivative-based model [10] Deterministic RDTM [7]
[[] Deterministic PDTM w/ RC-based model [9] [} Deterministic PDTM w/ Linear regression-based model [16]
1% 37%
36 1 4.1% B85% 17.1% 24.2% 5.3% \‘\ III }6'6%
24% \ | 1525 18% | [ 30w
— 30 i \
C el _
S 19.3% 14.3% N mnlm
-g 24 6.4% \ / 29.8% 14% 13.2% 2.1% '\\' ( 263% 2360 43%
s i 3.4% \ | 25.4% L 341%\ ,ll[ }75%
= |
2 18 4 1rwz0en RO 1) 1% 108%
E; 123%\ ||[ 3% g | 155% \ [ 30s% 148% 13% 7% \ II| 285
a 12 - | 244%\ [ 485% | 1145 | /261% |
F
6
Unuform ' Transpose-1 = Hotspot  FFT | LDPC_ LDPC. ' Fppp RS-32_ | RS-32. | H264- ' Sparse

Random B802_11n B802_16e 28 B enc 28_8_dec 720p_dec P1 5
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Research Pillar 2:

Reconfigurable Neural Network design
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Lego-based DNNoC Design Paradigm

% Features (IEEE JETCAS 2021)

— Adopting the Neu-Lego design to mitigate the analysis complexity

— Adopting flexible Network on Chip (NoC) interconnection to reduce
interconnection complexity and reduce time-to-market

'rNeuLego block pool Extension
Blk BIk Bk block pool
B ‘amzﬁ
R |

" Noc

s

~

interconnection

I
—_ —
Target: DNN Lego-based ! 7 S
=N DNNoC design |}
| '—‘| SN analysis é Lego A
\. ] 1 placement
* l I LE_,"'\ , i T'_'\.
Ge;;ra;:ﬂ : Eeu%cv me infm'cr;:i;clion T: f\ TJ
I .?,:_;\ ;-_:\. '—.!,'_.'\_
FEFE #B P e | ~_
I
Step 1 : Model analysis I

¢/~ Lego-based
DNNoC

Step 2 : Lego placement

P17



CERES Institute of Electronics, NYCU

DNNoC Construction (1/2) : Model Analysis

% Obtains the required number of NeuLego PEs and model information
from the given DNN model.

% Each NeulLego PE is used to process data from the same data

dimension.
* Facilitates data exchange.
Convolution layer Max Pooling layer Convolution layer Max Pooling layer Dense layer
Channel: 3 Channel: 3 Channel: 3 Channel: 3 Neurons: (1) 128 (2) 32 (3) 10
Kernel size: 5x5 Kernel size: 2x2 Kernel size: 4x4 Kernel size: 2x2

‘ = = = =

¢H¢|
Vv

Model analysis

\/ \/ \/ \/

Multiply-accumulate Max Pooling Multiply-accumulate Max Pooling Multiply-accumulate
NeuLegoPEs NeuLegoPEs NeuLegoPEs NeuLegoPEs NeuLegoPEs

MP MP MP MA MA MA MP MP MP g% .

P18
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DNNoC Construction (1/2) : Model Analysis

% Obtains the required number of NeuLego PEs and model information
from the given DNN model.

% Each NeulLego PE is used to process data from the same data

dimension.
* Facilitates data exchange.
Convolution layer Max Pooling layer Convolution layer Max Pooling layer Dense layer
Channel: 3 Channel: 3 Channel: 3 Channel: 3 Neurons: (1) 128 (2) 32 (3) 10
Kernel size: 5x5 Kernel size: 2x2 Kernel size: 4x4 Kernel size: 2x2

‘ => => => => =:>H=>|
Model analysis [ 1]

The required NeuLego PEs

MP MP MP MA/MAMA MP MP MP %% .I
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DNNoC Construction (2/2) : DNNoC Construction
Flow and Lego Placement

“* We propose to share the computing resources and find the proper
number of NeulLego PEs for a given DNN model.

“* Improve hardware efficiency

II The required NeuLego PEs
|
|

] [TWP\MBM] [MAMAMA] [MPMPMP] |

G The constructed DNNoC

""""" @A

The NeulLego PE pool \ Mesh-NoC size :

®®®® i :?:> MP, MP, MP

Row-based PE alignment

P20
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DNNoC Construction (2/2) : DNNoC Construction
Flow and Lego Placement

“* We propose to share the computing resources and find the proper
number of NeulLego PEs for a given DNN model.

“* Improve hardware efficiency

The required NeuLego PEs

wawawn | [ wewewe | [wamaa | [MPMPMP] .

{
MTCTT i —

Row-based PE alignment o
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DNNoC Construction (2/2) :

DNNoC Construction

Flow and Lego Placement

“* We propose to share the computing resources and find the proper
number of NeulLego PEs for a given DNN model.

“* Improve hardware efficiency

The required NeuLego PEs

[ [MPMPMP

(MA/MA MA] [ MP/MP)MP

o o e EE e O S T I S I DI DI DN DI DG DN DG DI DG DN D D D D e R R .
G The constructed DNNoC

| The NeulLego PE pool \ Mesh-NoC size : MA MA) [(MA

I | 3

| |

L ARy T

I MP MP MP I
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DNNoC Execution

/7

% Layer-wise dynamic mapping algorithm
% The available computing resources of the constructed DNNoC would be sufficient to fit
the largest layer of the target DNN model.

“ Maps a large-scale DNN model to the source-limited DNNoC platform.

Convolution layer Max Pooling layer Convolution layer Max Pooling layer Dense layer
Channel: 3 Channel: 3 Channel: 3 Channel: 3 Neurons: (1) 128 (2) 32 (3) 10
Kernel size: 5x5 Kernel size: 2x2 Kernel size: 4x4 Kernel size: 2x2
> Time-1 > Time-2

P23
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DNNoC Execution

/7

% Layer-wise dynamic mapping algorithm
% The available computing resources of the constructed DNNoC would be sufficient to fit
the largest layer of the target DNN model.

“ Maps a large-scale DNN model to the source-limited DNNoC platform.

Convolution layer Max Pooling layer Convolution layer Max Pooling layer Dense layer
Channel: 3 Channel: 3 Channel: 3 Channel: 3 Neurons: (1) 128 (2) 32 (3) 10
Kernel size: 5x5 Kernel size: 2x2 Kernel size: 4x4 Kernel size: 2x2

s AWA X
_____________ i i © G
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The first NoC-based Reconfigurable DNN Accelerator
with AXI communication protocol in Taiwan

% Features (VLSI CAD Symposium Best Paper Award)

— Support arbitrary kernel size and shape to compute the convolution operations

— Adopting flexible Network on Chip (NoC) interconnection to reduce
interconnection complexity and reduce time-to-market

— Adopt AXI4-stream communication protocol

SRR L
a -LJ
Technology TSMC 40nm = ™
Chip 1.4x1.4 -
S
Area(mm?)| Core 0.84 x 0.84 ey
Gate count 6,871k —
—
|0/Core VDD (V) 2.5/0.9 i
Clock freq (MH2) 105 ~
Power (mW) 10.3672 -

Throughput (GOPS) 143.5

P25
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Design Challenge of DNN Accelerator:
Various kernel size

** The convolutional kernel sizes are usually not fixed in the DNN model.
“» Worst-case design consideration

% The regqister size of processing element (PE) is usually based on the
largest kernel size in the target model.

+ Low utilization of PE computational capability.
+ Cannot process the operation.

DNN model Kernel size/shape 9 = =
AlexNet 3x3, 5x5, 11x11 ? * [— > CPsum
GoogLeNet  1x1, 3x3, 5x5, 7x7 4 = nput T~
DeepSpeech?2 21x11, 41x11

[ P26
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Channel-wise Convolution Operation

< The channel-wise convolution operation.
< PE is low applicable for arbitrary kernel size.
< PE generates channel partial sum (CPsum).

CPsum = ZZ( +m-1, j+n—1,c) ><W(m,n,c))

=l n
d
F. INE Z CPsum,. .
OFmap,, ar
c=1
( Weight REG. h
Channel N CPsum W(1 1) W(1 2)
- . W(:,‘\:) W(;,’Vz) accumulated for c:] C:I
= g - output - -
W(2,1)|W(2,2) P
TRIED) () ) e ST W2 1)W(2,2)  r-g-=--- MAG.
. 1, 1,2
o1 | ¢t | e : ( _(C1) c1 | _c : -EPsum
LEICN U IT~4!(2,1)[1(2,2) [1(2,3) | Iw(1,1)|W(1,2) p :
> ,1[0(2,2)
Channel N el | _c1|_c _cl | _ct | et |(1,2) |(1,3) :. ...........

e 1e0e2NIB3)]  wenweae) ” _c1 | _c1

S (o B e B e 1 | _c
Channel 1’ Channel 1 1(2,2) 1(2,3)
Input Feature Map Kernel Output Feature Map c1 c1

IF OF — —
(IFmar) (OFmap) | Input REG. )
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Weight-wise NN Processing Mechanism (1/2)

*» We can exploit the shape parameters to infer all Input Feature Map
Data (/FD) that the weight will convolve with.

*» PE will process one weight with corresponding inputs and accumulate
operation partial sum (OPsum).

OPsum =7

(i,j,m,n,c) (i+m—1,j+n—1,c)

Channel N

. I. Hwriwe 2)| R
_ AIlIFDs that a weight 1 N oV | EEZ0 -~ OPsum
™ will convolve with  — wez,iwe2)| [0 (accumulated for
. - p —cN'|l _oN output
1(1,1)]1(1,2)|1(1,3) ) ] 1(1,1)[1¢1,2)41(1,3) . E—
_c1 | _c1| _ct I Input feature e ¢ : %l—
< g data (IFD — = = - -
1(2,1)]12.2) -3\ W(1,1)jw(1,2) e \4(2,1) @2012.3)| wit.iwr2) rormy %0(1,12)
- - [
c1]cl]_c 1] o Channel N = S 1-° )= - | OPsum Sl £
~_ e[G2)G3)] Wwenwes) S L) B el I e N e
1 1 -] = _ _ — — _ <1 .-
_c1 | _c1 | _c1 Y Y Channel 1 Channel 1 I:I
Input II=Feature Map Kernel Input Feature Map Kernel Output Feature Map
(IFmap) (IFmap) (OFmap)
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Weight-wise NN Processing Mechanism (2/2)

% Computing data register (CD_REG).
* Scaling factor register (SF_REG).

% SF register size will not be restricted. 1112113
W1lW2 01|02
% Reduce memory access. 14 115 | 16 9% =
W3|W4 03] 04
71181 19
OP ( CDREG OP REG\
Sum sum
10102
=|(l; X W)+ Uz x W) +|(I4 X W3) +|(I5 X W4)‘| Wsa 0304
0, =z X W)|H U3 X W)l +|(Us X W3)|+|(ls X W,) o Output
=y X W) HUs X W)l +|(I7 X W3)|+|(Ig X W,))| i
= (s x W[+ x Wp)|+ [s x W3)|+ |l x w)| || 18 | 18
| SF_REG )

I P29
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Hybrid Data Reuse Method by Using NoC

% After accessing the data from on-chip memory once, PE will share
duplicated data through packet transmission.

% Does not need to design complicated dataflow.
% Weight reuse
* Input reuse

Kernel 1
W1 | W2
1112 I3 w3 lwa
14115 l6 | %
1718|109 |WIfW2
W3 | W4
Kernel 2

Weight reuse

Kernel 1

(Group1)
____________ |
PE2 7 !
[

14 ] |

W1 '
15| |1

[
______________ J
______________ -
PE4 :
14 | |

W1 !
5|1

1

Kernel 2 (Group 2)

[ P30
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The Processing of Fully-connected Layer

% The proposed processing mechanism can also be applied in the fully-
connected layer.

% Store the input data to the CD_REG, and the corresponding weights to the

SF_REG, respectively.

** Input reuse

Input Layer

Output Layer

CD_REG

Ws-1|Ws-2

Ws-3|Ws4

SF_REG

=y X WD)+ |y X Wo_ ) +|(I3 X Wa_q ) + 1y X Wy} +|Us X Ws_q
= Iy X Wi_p)|+|(Iy X W ) +|(I3 X W3} + (I X Wa_p)|+|UIs X Ws_;
= Uy X Wi_g)|+|(Iz X Wo_g ) +|(I3 X W3_3) + Iy X Wy_3)|+|Is X Ws_3
(I; X Wi_ )|+ Uy X Wo_ )| +|U3 X Wa_g) + [y X Wy_ )|+ |Us X Ws_4)
Input reuse
E1 L PE
OPsum_REG — 1-1 W1-3
0102 11 1wi1-2 1 {lw
0304, : b
n-chip
Memory
~ PE3 PE4
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The Applicability of Max-Pooing Layer

* The proposed mechanism can be performed in the max-pooling layer.
*» The SF_REG size will be designed as a multiple of the filter size.
*»» The comparator can be reused by RelLU.

1L, D (1,2)§1(1,3) | 1(1,4)

1(2,1)]1(2,2) pHE-erHasdy >

1(3,1)]1(3,2)|1(3.3)|1(3.4)

4

I(4,1)]1(4,2)|1(4,3)|1(4.4)

Input Feature Map Filter
(IFmap)

CD_REG

16171819 |10

1M1|112113(114]115

M6 |117 118 (119]120

121122123 (124125

Find the
maximum value OPsum_REG
= CO1|C0O2
L lo.n|o1,2) + —_— Output
N [ ]
orploe2) CO5(CO6 1@'.!'-’
Output Feature Map with Rel.U
(OFmap) . SF_REG )
co|co|lco|cCco|
1 2 3 4
wifwz| [LCIL|PY MO1|MO2
* =[Cco|co[co|co =
W3 | w4 9 [10]11] 12 MO3[MO4
CO|CO|CO|CO .
Kernel 13| 14| 15| 16 |,- Filter

J

Conv

v
.

olutional Layer

Y

Max-pooling Layer
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Research Pillar 3:

Smart Manufacturing
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Mini-factory in Ceres Lab

https://www.youtubeeducation.com/watch?v= 9scuX6REvQ



https://www.youtubeeducation.com/watch?v=_9scuX6REvQ
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Overview of Problem Formulation

Reduce the computation

complexity Determining the number

of layers for computing

/NN with 1 Hidden Layer

NN with 2 Hidden Layer
[

J

\_
1. Sensor Selection \
2. Feature Extraction 3. Model Selection

4. Model Adaptation
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Sensor selection and neural architecture
search(NAS) methods for RUL estimation

% Features (IEEE JETCAS 2023; Highlighted IEEE JETCAS paper)

— Adopting LASSO method to select the valuable sensors along with model
training and estimate RUL precisely

— A lightweight NAS method is proposed to find a fit neural network model
during the model training phase

Iteration 1 Iteration 2 Iteration 3 Iteration N
Budding Stem  Budding Stem Budding Stem Stem Stem Stem
layer Iayer ...'."’!Yer layer layer layer Iay_qg
|1'E'POE : |1 ; [ ) g3 ' : E
50 : oY !
2 : : I : ) &O_E_»O #IEEE #IEEECASSOCIETY
|3T>OE a o TOPO
ly :’OE N TIME SERIES-BASED
e o A SENSOR SELECTION AND
LS : o ~OP0; LIGHTWEIGHT NEURAL
| ;9 : o\ ARCHITECTURE SEARCH
4 O A ‘e : FOR RUL ESTIMATION IN
N ! : Yz e $O':'>03 FUTURE INDUSTRY 4.0
PO IN~T P W
:...-.: Leceas e At et b .
W NAS in [19] [l NAS in [20] [] Proposed NAS 65536 45% 26% 89 -
2561 8gu 89% B5%. 80%  B6% 88% B6% B80% 16384 .
- > - 3% 79%
w 3 o 4096
5 64 8 39% 52% L
5 3 1024 [
o 32 = )
IRCE I 26
g . ™
é 4 16
2 4
. 1 . . P36
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Feature Dynamic Adaptive Thresholding Normalization
(D-FATN) to Mitigate the Negative Transfer Learning

*+ Features (accepted by IEEE TIM 2024)

— Adopting Dynamic Feature Adaptive Thresholded Normalization (D-FATN)
to enhances important features while suppressing redundant ones by
utilizing mini-batch statistics for normalization

Target without source CWRU Target with source
Target Bearing Source Target
NYCU-Ceres Dataset NYCU-Ceres
Bearing Bearing
Dataset Dataset
Train @ ﬁ Test Transfer Train Q Test
@ 2 learning
Model ) Model
Test Accuracy 95% Negative Transfer Test Accuracy 85%

learning
P37
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Proposed Dynamic Feature Adaptive Thresholding
Normalization (D-FATN) to Mitigate NTL

% Comparison of input feature distribution across various regularization
techniques for different models

_____________________________________________

Normalized weights

____________________________________________

"

FATN Threshold © Below threshold FATN Above threshold FATN
¢ weights weights

Input feature distribution transfer scenario during Fine-Tuning, a)
Standard BN, b) Stochastic Normalization, c) Proposed Feature
Adaptive Thresholded Normalization (FATN).
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Overview of the Proposed Work using Transfer
Learning Model

—————————————————

FC Layer

64, 3¥, 1% 3¥ 2= 321‘ 3y‘ 12 3y, 27 16%. 3V, 3% 3y, 2%

: _ Classifier
Overview of the proposed 1D CNN model for bearing fault /

—————————————————

\
1 1
! i
N . 1
—p Forward = =ess- Backward D(Omtﬂul][}n . Fine-tuning : :
Classes
3 i i
Source O ¢ : : POOling :
Input 0O .- Leis : :
_CWRU 0 : ! i
C 1020 3 : Conv |
Fine Tuned based : i i
Fre hts 1 : !
Transfer Learning ﬂ reese e : POOllIlg :
- i ¥ s onesnes NN TTAINAblE Layers ! !
3 : G- - ! i
| o . . e sl I Conv !
I at ) ) Target o) ] - 1 !
abora uﬂ\__/ Paderborn Input o : i
1
= o) ! : i
€ 1024 |o - - ¥ 1 Poohng !
P 2500 |O " 3 H i
L4096 (Of it e — !
Conv Pool Conv Pool Conv Pool : i
: i
1 1
1 1
1 1
! i
\ /

diagnosis adopting fine-tuned-based TL.
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Dataset Description
CWRU Dataset description

CWRU Datasets  Health conditions Number of samples Operation conditions
A N/IRF/ORF/RF 10 x 400 0 HP (1797 rpm)
B N/IRF/ORF/RF 10 x 400 1HP (1772 rpm)
C N/IRF/ORF/RF 10 x 400 2 HP (1750 rpm)
D N/IRF/ORF/RF 10 x 400 3 HP (1730 rpm)

Paderborn Dataset description

Paderborn Dataset Health conditions Number of samples Operation conditions

PD N/IRF/ORF 1200/2200/2400 1500 rpm

NYCU Dataset description

Paderborn Dataset Health conditions Number of samples Operation conditions

NYCU N/BF/CF/IRF/ORF 4,096 1000 rpm
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Experimental Results of the Proposed D-FATN in
mitigating NTL

source | 1 | L2 | L2-SP | DELTA | BN | SN [
Target | [26] | [27] | [22) [23] [24] | [25] | FATN
A B |81 9.4 944 954 ] 94.0 | 950 | 952 vource L1 L2 | L2-SP | DELTA | BN | SN D-
A —=C 83.8 94.4 88.7 93.4 97.2 94.6 95.2 Target I26] |27] [22] |23] I24] [25] FATN
A—D | 8028|959 | 91.0 933 | 875 | 945 | 96.8
BoaA |l 8771 966 | 960 058 | 972 | 973 | 987 A — PU | 86.7 | 96.1 91.4 943 952 | 938 | 97.4
B—C | 8.0 | 965 | 96.1 94.0 96.4 | 95.6 | 98.2 B — PU | 895 | 953 924 05.2 050 | 95.7 26.3
B—D | 8.5 94| 947 962 | 973 | 968 | 97.6 C— PU | 889 | 964 | 95.1 94 .4 955 | 972 | 984
C—A | 885|926 942 950 | 934 | 956 | 96.5 D—PU | 894 | 950 | 938 93.7 953 | 959 | 97.8
C—B | 80| 9.0 950 947 | 940 | 952 | 96.9 PU — A | 880 | 947 | 96.6 04.5 200 | 962 | 97.8
C—D | 898 1 958 | 940 | 932 1955 | 964 | 985 PU— B | 835 | 956 | 954 963 | 91.1 | 969 | 97.3
D—A | 871|952 | 945 946 | 960 | 92.7 | 97.5 PU — C | 80.7 | 909 | 886 046 | 910 | 920 | 96.8
D— B 89.1 96.0 94.8 94.5 94,1 95.7 97.3 PU D 817 939 048 04 4 87 1 951 98.9
D—C | 876 | 9.7 | 951 942 | 939 | 972 | 96.6 — : - : - : : :
Same environment condition Different environment condition
[2- T DEL-
Source Ll | L2 | SP | TA | BN | SN -
Target 26 | 1271 | 1221 | 1231 | [24] | [25] | FATN

A — NYCU B0.3 | 923 | 964 | 945 929 | 947 97.9
B — NYCU 90.6 | 944 | 955 96.3 90.5 | 95.7 97.0
C — NYCU 873 | 953 | 948 | 958 | 965 | 974 98.2
D — NYCU B9.5 | 964 | 954 | 920 | 952 | 973 97.1
PU — NYCU | 873 | 969 | 948 | 959 o4 | 973 98.2
NYCU — A 86.1 | 943 | 950 | 954 | 933 | 944 98.0
NYCU — B B6.8 | 969 | 950 | 942 | 940 | 97.8 97.2
NYCU — C B7.3 | 950 | 945 94.1 938 | 964 98.2
NYCU — D B7.6 | 96.3 | 95.1 953 | 935 | 963 97.9
NYCU — PU | 87.1 | 965 | 922 | 957 | 939 | 96.1 97.3 : ; Y
Average 86.9 | 954 | 948 | 949 | 933 | 96.2 97.8 leferent environment Condltlon
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Conclusion

* Three research pillars in Ceres Lab.

% Smart Thermal Management on MPSoC
» Thermal sensor placement and temperature distribution reconstruction
» Temperature prediction and management
» Novel neural computing methods (not covered today)
SNN, stochastic computing, semi-quantum computing
% Reconfigurable Neural Network design
» Lego-based DNN accelerator design flow
» NoC-based reconfigurable DNN accelerator
» Fast protocol translation for NoC-based TLM computing (not covered today)
% Smart Manufacturing
» LASSO-based NAS design and sensor selection
» Negative Transfer Learning (NTL) problem mitigation
Dynamic Feature Adaptive Thresholded Normalization in CONV layer
Source Free Unsupervised Domain Adaption (not covered today)
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