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. Background
B AutoEnocder

O Learning Internal Representation by error backpropagation(1986)* == 0| Al X = Autoencoder 7 &= 27|
- Backpropagation Zif &1} 74 XOR, Encoding Problem = 0f| CHSH Ct&

*D.E.Rumelhart, G.E.Hinton and R.J.Williams
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. Background
B AutoEnocder

(O Neural Networks and Principal Component Analysis:Learning from examples without local minima(1989)
=1 | A auto-encodingO|2t= 0t &1 D 7 E S =3 XAl

. . . . s n I units
to realize Image compression. Auto-association, out

which is also called|auto-encoding pr identity map-
ping (see Ackley, Hinton, & Sejnowski; 1985; ElI-
man & Zipser, 1988) is a simple trick intended to O O
avoid the need for having a teacher, that is, for know-
ing the target values y,, by setting x, = y,. In this

p hiddan units

 input units

*Pierre Baldi and Kurt Hornik, University of California
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. Background
B AutoEnocder (AE)

O Encoder-DecoderS £ 2t Data ReconstructionsS = ol= H|X| &£ st&
- Input x* = (x¥, x%, ..., x) 2t SL St output §* = (P, 9%, ...,y F Xt g

- Loss : Reconstruction error

. MSE for real values : L(6) = %Zk ||37"" — xk||z = %ZkZi(f/i — xlk)z

. Cross entropy for binary {0,1} : L(8) = —Z;{x*logp* + (1 — x*)log(1 — 9*)}

. St5 2 S8l backpropagation &1 2|F= O| &

) bottleneck
@ latent vector /Q
A i L L or s Lik, .
‘;}:j N l D
= O 7 Py
O O=0< O
Ir"-"‘\l D_'_.-'H.#_ e . "-.
Py A \
O O
e e
\_) '\._/I
input reconstructed
output
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. Background

B AutoEnocder (AE)
O X H5a

- 2ot 2= OIO|HE Y&l Latent vector2 BH=11, O| Latent vectore= =5, O| A EIX| S9| CHE
QN5 mputl 2 HEE = US

-CHEX QI X2l =4 8HH 1 PCAZL Linear hyperplane 2 2 X3 ZAE A| £ 5t= YHH | AE= nonlinear
manifold2 At S5 A =g

Interbank Markets Monetary/Economic

Energy Markets

Disasters and
o Accdents

&
roudng Gt o = .;h ‘Legal/dudicial
Indicators & oy ,
F,
: ‘. -
B . Government
Accounts! . "% e Borrowings
Earnings by
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. Background

B Denoising Auto-Encoder
O Autoencoder2| $HA|

CUIEYAE Ehad| Y I HS SASHEE 3 E 0f, Yotet 520 RE5ED 0| X0 3 ofg

O NoiseFz7} : NoiseOf| Z 1St 1atent vector St
- Y EH LO|=E T, Rt HES SRR

Y= x - Noise T > %

O3z = f,(%)

D2 2 = g4 (2)

2 . . .
.Loss: £ = ||x — 2||", NoiseZt =7}l %7} Ol 22 OO X| x2t2| reconstruction errorE At&

Encoder | & = | Decoder | = ‘ ‘

irlput No1isy input code output
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. Background

B Vanational Auto-Encoder

O 7|E Autoencoder2| THA|
-AE= @1 & ot=7d} |:|_7|_ |:|.A

I—|=|_IXEI=|:"|_J\ Ly

— =
- [F2FA Tatent space z = H|HEH 0 | ,Yolo| 0 HEH S MUS M O] Q= =82 Hdd
-5, AEE €8 M7 d2 KT MER HIO|HE dde =& gl&

O VAES] &4 ofo|c|of
- Latent spaceE S EZZ DR IS HAE=Eet &
- T2 3HE latent space =+ = sampling ol o|0| Q= O O] E
L Z~qe(z|x) YECEEH EXE FH (4, o)
L z~N(O,): EEETZEZE 2T
. x ~py(x|z): &8

Loss: L = EZi(j/‘i — x;)? + BDy(qo(z|x) ||V (0, 1)), tradeoff between MSE and KL divergence
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. Background

B Vanational Auto-Encoder

O AE2} VAEQ| H|
- AEE latent space@| Zt attributesE single point 2 2%
- VAEE= single pointZt OtEl "t £ go(zlx) B &=

input
AE input encoder latent vector decoder reconstruction
X —— >  z = Enc(x) > Dec(z)
probabilistic latent sampled generative input
VAE  input encoder gy distribution sampling latent vector decoder reconstruction
/ £
X — qe(z| x) — z~N(yy,0,7) —— Dec(z)
—gendex’: ) gender: 0.13 ——
~or—m age: 0.41
hair color: 0.48 Decoder Y
age: 2 ,‘y beard: 0.21
gkin tone: 0.27

Encoder hair color:
gender: 0.10 - -
i S
beard: % age: 0.58
hair color: 0.63 Decoder |
beard: 0.27 A\

gkin tone:
e -—se—-~ il skin tone: 0.32

Data Mining
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. Background

B Autoencoder| &£

O Representation Learning

- XN E 25 Q10| RE8%t featureE TF — classification, forecasting0l| 22

O Anomaly detection
- 44 HIO|HE g&et =, 53 X7 2 M

— 1

MK
m[o

O| &4 X2 EO}H
O Noise reduction
- B, 29 oA =0|= MAH EHEZ AFE
O Dimensionality reduction
- B KR HAE 86 A=zt BN 2|, Feature compression 8= 2 ALE
OMdd nd

- DAE, VAE, GAN, Diffusion model & AE &0 AM ZLHSIHLE AEE 86 OF M52 =
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. AutoEncoder in Diffusion Models

B Deep Compression Autoencoder for Efficient High-Resolution Diffusion Models
O Hi3
- Latent Diffusion Model2 2/ & O|0|X|& AER Y= = latent S0 A diffusion &
- 7|& AEE Spatial compression ratio f8 (H/8 x W/8) = A&
.f8: 2lEie| O|O|X| Hx W & H/8 x W/8 ALO| =& &=
- DS AE O|O)X| (512x512, 1024x1024)0] M= S1AtZEO| A f64, 128 $=2o| O Zst ¢4=0| L
- SHX| 2t 7|1E AEE 71 HE+E S g7t 2

oo

O # x|
- &= H[Z22 64, 1287t X| =0|H 2t SR &2 FX|St= Deep Compression Autoencoder (DC-AE) =& K| 2F
W W
. ™ s N
| SD-VAE = ] Diff | DC-AE Ay g
nput ~ ﬁ iffusion nput B Diffusion 4
H Image ~ f8 : H Image g f64 _"'_'" Model ’
e _ \ v
(a) Latent Diffusion Models with SD-VAE (b) Latent Diffusion Models with DC-AZ

Data Mining
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. AutoEncoder in Diffusion Models

B Deep Compression Autoencoder for Efficient High-Resolution Diffusion Models

O e 4 0}0|C|0{1 : Residual Autoencoding

C, 2R 2C, R
’ A ’
Space
to P
Channel| ...

Channel

Averaging

4C, R
(a) DC-AE Downsample Block with Residual Autoencoding

—=
2C, 2R
4C, R Channel Channel y 4
Duplicating | = @™

2C, 2R
(b) DC-AE Upsample Block with Residual Autoencoding

Figure 4: Illustration of Residual Autoencoding. It adds non-parametric shortcuts to let the zeural
network modules learn residuals based on the space-to-channel operation. ‘C’ denotes the irumber

of channels. ‘R’ denotes the image size.
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. AutoEncoder in Diffusion Models

B Deep Compression Autoencoder for Efficient High-Resolution Diffusion Models

O e 4 0}0|C|0{1 : Residual Autoencoding

- Space-to-channel + Channel Averaging
. &3 O|0[X|E downsampling StEME #= FEE ZCiot EESIEE et 7|89 shortcut B2 e

H W H : height, W : width, C : # of channels
HXWXC »—XxX—Xp?C )
p p p: \/compression ratio
HxW xC :;pua.:r:-m-chunnt]} E x [ % 4C
2 2
split into two groups H W H W average 1 W
> | — X x 20, — x x 20| —— — x x 2C.
t 2 7 2 2 79 | 2 " 2 )

channel averaging

Data Mining
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. AutoEncoder in Diffusion Models

B Deep Compression Autoencoder for Efficient High-Resolution Diffusion Models

O e 4 0}0|C|0{1 : Residual Autoencoding

- Channel-to-space + Channel Duplicating
. &3 O|0[X|E downsampling StEME #= FEE ZCiot EESIEE et 7|89 shortcut B2 e

H W H : height, W : width, C : # of channels
—X—Xp?C > HXW XC 7
p p p: \/compression ratio
H W chmquurqmue (1
— X — x 2C — H x W
2 2 2
duphaam

—— S [HxW x% HxW ><:—] L H W x C.

Sy —
il

channel duplicating
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. AutoEncoder in Diffusion Models

B Deep Compression Autoencoder for Efficient High-Resolution Diffusion Models
O @4 0}0|C|0{2 : Decoupled High-Resolution Adaptation
- OS2 E(512x512, 1024x1024)0{A] at&50| = tHSHA L YEtat M50| geist= A= sS4
Reconstruction Loss

Reconstruction Loss Reconstruction Loss + GAN Loss
Latent Latent Latent
T
Encoder - Encoder Encoder
Low-Resolution High-Resolution Low-Resolution
Images Images Images
Phase 1: Phase 2: High-Resolution Phase 3: Low-Resnlulica
Low-Resolution Full Training Latent Adaptation Local Refineme:d R

Figure 6: Illustration of Decoupled High-Resolution Adaptation.
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. AutoEncoder in Diffusion Models

B Deep Compression Autoencoder for Efficient High-Resolution Diffusion Models

O &4l 0}0|C|0{2 : Decoupled High-Resolution Adaptation
- Phase1 : 13[4 = O|O|X|E downsampling t% low-resolution A2 EHO|A{ ZH| autoencoderE &t&
.MM AE +ZE QEEHo R ot (NS4 =R E 5H sH50| S5t AE £F, o X0 =&2| tfF)

DS A o] EXESE Detail2 XHX| 51 semantic content + XS XM= At

Reconstruction Loss

@ & & 18l =& donwsampling

x € R3%512x512 _, o = Resize(x, 256 X 256)

Decoder

Latent @ Full AE Training, O|lj AE= VAEZ| OfL| 2} original VAES At& &
we use the original autoencoders instead of the variational autoencoders for our models,
as they perform the same in our experiments and the original autoencoders are simpler

Encoder .
3 0| 1’4 0f| = Residual shortcut 7+ 7t £ 2t E

Low-Resolution
Images

Phase 1:
Low-Resolution Full Training

Data Mining
UKN(I?IE{SEIQ o{\ Quallity Analytics 17 /36



. AutoEncoder in Diffusion Models

B Deep Compression Autoencoder for Efficient High-Resolution Diffusion Models

O &4 0}0|C|0{2 : Decoupled High-Resolution Adaptation
- Phase2 : _LOH“E O|O|X|E YUHHOZ ALESIX| D MM AESHE S QHSt1, latent space YE Tt fine-tuning
. Phase 10| M &3t latent spaces= MM 0= & ZSSHX| 0 A& =0 M= &= XH0|2 HH0| =&
.M AEE =E5HT 0 St layer R0 ZFSHA Do & E0 M B EHESHEE fine-tuning

Reconstruction Loss

Decod @ |2 0G| ME O|0|X|E YHOE ALE
ecoder

3X512X512 or 1024%X1024
xhigh eER

Latent @ Phase1O|A| et5 ot TX| AE L2 E JCHE AR
3 Projection blockZt &t&, LI X| = Freezing

Encoder

High-Resolution
Images

Phase 2: High-Resolution
Latent Adaptation
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. AutoEncoder in Diffusion Models

B Deep Compression Autoencoder for Efficient High-Resolution Diffusion Models

O &4 0}0|C|0{2 : Decoupled High-Resolution Adaptation
- Phase3 : GAN LossE &&%10| decoder?| OX|2} 22T O|M[E%, local detail EES T4
. Phase12E &3t 7+, 2|0, sf& = H3IHA| 2tz
.= E O[0[X| 7t S &l5t ALY, CIH 0| 25352 = O|F 11X|7| #¢t refinement =

Reconstruction Loss
+ GAN Loss

Decod @ CHA| low-resolution O| O] X| AHE (55 2HEd 2 #lgh
ecoder

X1ow € R3X256X256

@ AETZ+= 117, decoder?| OFX| 2 head layer 2 Sf &

Latent
@ reconstruction errorlt 74| 7t O E GAN LossE X &

. GAN Loss= local detail 2} & E[E N|HS}7| @

A HA Rl LR LQF semantic reconstruction errorBt S 2 & S &8t

of this design is based on the finding that the reconstruction loss alone is sufficient for learning to

Encoder

reconstruct the content and semantics. Meanwhile, the GAN loss mainly improves local details and

Low-Resolution removes local artifacts (Figure 5). Achieving the same goal of local refinement. o:ilv tuning the
Images

Phase 3: Low-Resolution
Local Refinement
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. AutoEncoder in Diffusion Models

B Deep Compression Autoencoder for Efficient High-Resolution Diffusion Models
O LDMi} A

DC-AE Encoder

Inputimage — —>»  Compressed Latent z

(f=64)

Trained by Phasel, 2 l

Latent Diffusion Model
(DiT, UVIT etc)

|

“—— Denoised Latent Z

DC-AE Decoder

Generated

image (f=64)

Trained by Phase3

Data Mining
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. AutoEncoder in Diffusion Models

B Deep Compression Autoencoder for Efficient High-Resolution Diffusion Models

O &t

f32 f64 f128

SD-VAE

DC-AE

Data Mining
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. AutoEncoder in Diffusion Models

B Deep Compression Autoencoder for Efficient High-Resolution Diffusion Models

2

32 f64 f128

SD-VAE

DC-AE

Data Mining
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. AutoEncoder for Anomaly Detection

B A multilayer deep autoencoder approach for cross layer IoT attack detection

O Hi 3
- loT(Internet of Things) A|ARI2 A, CIX|, HERZ, MH & S8
- SAXE O|2e LYt HES RS Cross-Layer 342 &g &= o, O|=
A|AHI O 2 = 1jotst7| 71 o2 S
- Cross-Layer attack Network, Transport, Application & CtYSt HE2 EtZCE M= SAICHEH attackS 2|0]
- Cross Layer attack O A| : network layerOi| Al MITM, transport layerO| | DDoS 342 &

@ Man-in-the-Middle(MITM) attacks at the network layer
.4 S BEo S0 =2l /15t HO[HE Zt= R AL =E
 IO|S§Ak= Ar4AI0f QHESHA S4l5tn ULt 25K A 2= S 44Xt S4US Y
@ Distributed denial of Service(DDoS) attacks at the transport layer
. 0j2] The| AFHE 0|85 Cief A|IAES AR5 HElZ THE10 MH|A AR HEfZ BlF
CEofE, g2 273, i s U2z 2 IS A2 AF

O O:|__|.I. EI-I
- Cross-Layer loT 32 EX|E {5t M2 Hald 7|4 22 Xt

L]
- M-LADE(Multi-Layer Deep Autoencoder) 2 2= &3l HERZ, T&, 0fZ2|AH 0|8 ASS a5 2= 24511,
2 AS0A 5= Chefet 2ot s gl ez §A|

Data Mining
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. AutoEncoder for Anomaly Detection

B A multilayer deep autoencoder approach for cross layer IoT attack detection

O Proposed method : Multi-Layer Deep Autoencoder for Anomaly detection

S$2%
Big Dataset
Detection Phase
Training Phase
it Anomaly
el Encoder Decoder |  AE Model |r— =
Detection
Testing Phase
. No

l e————— W]

Encoder

S$1%

—) Multi-Classifier =1 MC Model

Attack Multi-
Classification

Data Mining
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. AutoEncoder for Anomaly Detection

B A multilayer deep autoencoder approach for cross layer IoT attack detection

O Proposed method : Multi-Layer Deep Autoencoder for Anomaly detection

$2%
Big Dataset
Detection Phase
Training Phase
Anomaly

S1%

| Encoder Decoder | AE Model

oz
0
Ll
i)
i
1o
ne
il
w
[N
=
hu
>
m
o
[
fujo
1%
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. AutoEncoder for Anomaly Detection

B A multilayer deep autoencoder approach for cross layer IoT attack detection

O Proposed method : Multi-Layer Deep Autoencoder for Anomaly detection

‘ Big Dataset J.

S1%

Training Phase

Encoder Decoder

Detection Phase

- Detection 21} O|AMO| EFX|E|X| YOO A|AHIS =7

- 0| & O] HA|Z|H, MEE EncoderS AHE510] 0| &f HIO|E{e| £

Data Mining
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P| AE Model

Anomaly
Detection

Testing Phase
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. AutoEncoder for Anomaly Detection

B A multilayer deep autoencoder approach for cross layer IoT attack detection

O Proposed method : Multi-Layer Deep Autoencoder for Anomaly detection

[

Encoder

st [ M3 St Encoder

S1%

Attack Multi-
Classification

Multi-Classifier

MC Model

QOO

- X A E Feature= CHA| S1% 2t S2% 2 LI
@ S1% : Multi Class model (RNN, GNN, TCN) = S5 A|7| =0 AHE
.RNN: A|A €, GNN: = E 22, TeN : & 7|o|&E 8 O 2

@ $2% : 5 El Multi Class model 2 H|A E St=0| A

Data Mining
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. AutoEncoder for Anomaly Detection

B A multilayer deep autoencoder approach for cross layer IoT attack detection

O &1t
- 0j2] &4 typelf HiotY] 240t §5 22 detecting &
Approach Detection Accuracy (%) | False Positive Rate (FPR) (%) | Computational Cost
Traditional Deep Autoencoder 85.2 12.4 High
CNN-Based IoT Attack Detection | 88.5 10.2 Moderate
RNN-Based Attack Detection 90.1 9.5 Moderate-High
Proposed M-LDAE 94.8 6.8 Optimized

Table 5. Comparative analysis of approaches.

Data Mining
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. AutoEncoder for denoising

B Denoising Autoencoder facilitated MEMS computational spectrometer
O Hi3
- Ao ZEY  7|Ho| & Z&7|(spectrometer)= 23t FH O Z7HO| AKX, Do 1010l
MEMS 7|8t =7 ZX|= LO0|=0f 0% F et
- MEMS Z17[2] 7| AN BE/=0|= M0 AHEF M+d s =7t XdtE

- SpectrometerZt?
C2M7t 222 e So[L, SH|0f 8IS H|=0 £ s A
=4S YOt 7| et FX|

- MEMSZ2F?
A 7 BEE0 MA EE2 Aot Al2"”. A s, S5 X o
o

t=ls 2e 240t0] O oty E2£5 ¢dHEC =42

>.

. Micro Electro Mechanical Systems2| 2fX}, =24
CtYot 7| s2 sdste, 20]7| 0 8 227 Xit= EHO0| /S, 20EE, XS4, 9|E7|7| loT M|

o=

Ctefot & =0H7t U=

- 0| =20 M= MEMS 7|8tO] InterferometerE AME.

=

o
=
o

- Interferometer2t?

A, Bl ZHY Sid S 0|80t] BRI E SEots oAl
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. AutoEncoder for denoising

B Denoising Autoencoder facilitated MEMS computational spectrometer

O =&0IM ol 25t 21X} 5= Task

1. 8L AL (Irradiation) : HAMF(EH)E =4 e =220 &
2. 80| &tz &g EEH0| £ WS S YHAL Atk Ho| IEH M7 2271 Hotet
3. Interferometer & : H3tEl 812 interferometer0f| SHA|7|H ZEXIE QS| 7Hd H44 — interferogram ‘47d
4. Zt8 H|O|E{(interferogram) : A|[Zt/HE| vs M|7| & LIEtL = 1A SM. A FH 2= AHEH M Z71e
5. 74 . F2|of Het 22 3X|s BES AHESI0] AHERHZS S0 =20 = CAEE &)
6. 22 AH : AHEH EYS EM5l0 £ SH SEL EX o{FF T
O ==9 24
- MEMS interferometer= 2ot AT ZHO|M O] F2[SFX| 2t Of2f o] |7t US
@ 7IA™ 75, G &2, 22t 522 Q8| interferogram0| #A 0| =0 2 A=
@ 7|&E2| AHEZ H2l YA (Fourier transform)2 0| =0] Oj 2 |t
- [M2}A, Convolutional AutoEncoderE AF&350] 0| =7} 4 Ql interferogram2 28 E @250 sl 0l

spectrum= S5t X} g

Data Mining

KOREA Quality Analytics
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. AutoEncoder for denoising

B Denoising Autoencoder facilitated MEMS computational spectrometer
O N =&

1. Raw Input : Noisy Interferogram
- MEMS interferometer2 & E L}-2 interferogram = 0|=7}

ZotE A=
- MAof W Intensity 54 &
Noisy interferogram
a MEMS cantilever Reconﬁgurable = = Interferogram without noise
NI ot —— Interferogram without denoising
o
=
o
=
P2 =
= =
> Input spectrum A(A) RS -
i 3 —  »
- i
£
Wavelength b P,(AV)
P,(A,V) = A(/l)cosz(T An(A,V)) Voltage V
| TEA =2 AA
e =T
_ X . Y Ao AT BpLto] 2AFXIDL Azl
Pa(A,V) = (Do E)P,(A,V) VE 0| X2 QI3 ES2|D2 ZTHE Noisyst

=

V\

D, E£ Decoder®} EncoderE 2|0].
Z P4(4, V)= Denoised interferogram

Data Mining
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. AutoEncoder for denoising

B Denoising Autoencoder facilitated MEMS computational spectrometer

O MM =&
2. CAE Encoder

- CNN 7[2t9| Encoder?} interferogram®| Ed & F&

AH

- &E MAHO| E2FS X latent representation ‘84

3. CAE Decoder
- 2= = EZZ CHA| denoised interferogram2 £ =

o

e
—— Interfarogram withoul nolse
Interfarogram with denaising
N
= / :Jr
2 ]l\ /A \
@ { / ]
IL f
L= \ \ / \/J
\ [V
‘r 'I.EJF

Voltage V

KOREA ..:‘ Data Mining
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. AutoEncoder for denoising

B Denoising Autoencoder facilitated MEMS computational spectrometer

O "M =&

4. Denoised Interferogram= SpectrumOE
- 8et A EFAE = HESHY 2T AH

Intensity P

Data Mining
KOREA ..:‘ ,

UNIVERSITY Quality Analytics

—— Interferogram without noise

Interfarogram with denoising

/
/

Voltage V

reconstruction

Intensity

Input spectrum

—— Spectrum with denoising

Wavelength
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. AutoEncoder for denoising

B Denoising Autoencoder facilitated MEMS computational spectrometer
O Denoising CAE

- 2359| Denoising AE= original datag§ S&5t== st5A|7|=0|, 0= or2iet €2 Risk7t AUS
@ P QE|X|'d HIO|E{ 7} {2 EESIH X}I0| 0| E1 underfitting E 4= UL

@ AEZt 78 EFYQ| Inputd| specialized &

Q
ne
re
ot
or
iy
mjo
Ho
<
T
n

. & ChE spectrumOf| = EECHE 2 20| ER.

- [MEtA 2 A0 M= original dataZt OFYl, noise-oriented training strategyS &, & 22| X|'d H|O|E{ &

S 2Is}X| 41, noise patterna

KOREA

UNIVERSITY

N

Ho

==

different input spectra. Hereby, we employ a different, noise-oriented
training strategy: instead of training the autoencoder to recover the

input pattern,

we recover the noise pattern|and then subtract it from

the initial input data (see details in Supplementary Note 9)". To be

Data Mining
Quality Analyfics
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. AutoEncoder for denoising

B Denoising Autoencoder facilitated MEMS computational spectrometer

O Denoising CAE
- Noisy observation I 7} 11, 10| &-&3t= original data 1,7} A2 & Ofzf et Z 0

I=1,+e¢ e : noise
- e7t O ZFEFSED consistent®t patternO] U2 B2, AutoencoderZ 3t & eE S&SIEE St
-1 —e & o1l 1, & FSt= A0|, AH I, ot55te AECH EN O 28502t &
d 4 a LU

—— Thermal noise displacement

—— 5Shot noise displacement

Ll

Noise displacement (m)
- P

0 5 10 15 20 25 30
Voltage (V)

Q7F H A0 [FHE Noisel| dlsplacement
Autoencoder= O| NoiseE St& o= A Y

Data Mining
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. AutoEncoder for denoising

B Denoising Autoencoder facilitated MEMS computational spectrometer

O Denoising CAE

- Training Phase : Noise e2t AE2| output?t2| MSE LossE Z%|A2}5t= encoder?t decoder?| parameterg &=

~

0*,6 * = a'r'gmine’e, Mzi\il‘[’ (e(l),ge, (fe(l(l))))
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. AutoEncoder for denoising

B Denoising Autoencoder facilitated MEMS computational spectrometer

O Denoising CAE
- Data preparation
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. AutoEncoder for denoising

B Denoising Autoencoder facilitated MEMS computational spectrometer

O Denoising CAE
- Data preparation
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. AutoEncoder for denoising

B Denoising Autoencoder facilitated MEMS computational spectrometer

O Denoising CAE
- Data preparation
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. AutoEncoder for denoising

B Denoising Autoencoder facilitated MEMS computational spectrometer

O Denoising CAE
- Architecture
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. AutoEncoder for denoising

B Denoising Autoencoder facilitated MEMS computational spectrometer
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. AutoEncoder for denoising

B Denoising Autoencoder facilitated MEMS computational spectrometer
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