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Challenges

Generative models
Residual

Discriminative models
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»High dimensionality of data
» Lack of proper “ground-truth”
»Class imbalance

» Hallucinations

TITAN MEETING, CEA, FEB 2024 p



High dimensional signals
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Tensor primer

scalar vector matrix

3D tensor 4D tensor

R R™

RnmekXp

Mode 2 matricization

Partial (Mode-1) Convolution

X € Ri*h = X[

Mode 1 matricization

Y € R/
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Matrix & Tensor Decomposition

Assume a third-order tensor X € R™1*"2%"3

CANDECOMP/PARAFAC Decomposition Tucker Decomposition i
= ?’ + ﬁ F oo - g Y
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X:Z)\rarobrocr X:gxlA(l) XQA(2) ><3...><NA(N)
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The outer product of N vectors
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Tensor Convolution

X:g)( ><1X(1> XQX(Q) X3 ... XNX(N)

y = gy X1 Y(l) X9 Y(2) X3 ... XNY(N)

Z =conv(X,Y) — (70 =x0 D(I)Y(”‘)

—

Giannopoulos, M., Tsagkatakis, G. and Tsakalides, P., 4D U-Nets for multi-temporal remote sensing data classification. Remote Sensing, 2022
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Backpropagation of 4D Convolution
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Land cover classification
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Results on 4D classification
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=3 3-
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Gaussian <. i 13-
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3D-CNN [8] [ONLY 0.50 n
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Tensor Decomposition Learning

Learn a basis for each mode, D,, € R»*f» for n = 1,.., N, from S training
samples X = (X1,..., X%) € RO xXINX5 guch that

mMing p,,..Dy.q 311X —G X1 D1 X2+« Xy Dy Xni1 Dyl + A4
subject to A=Dy,; and D} -D,, =Ig,, n=1,..,N

where G € Rft X xXEvxS Dy € RS and A € R°*S, by applying ADMM.

Basis Matrices

1 \
Tensor Decomposition . '

ﬁ Factor Matrix of the
Training Sample

Dimension

Learning

o~

G
Core Tensor of
Coefficients

Aidini, A., Tsagkatakis, G., and Tsakalides, P., “Tensor decomposition learning for compression of multidimensional
signals.” IEEE Journal of Selected Topics in Signal Processing, 15(3), 2021
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Algorithm (1/2)

We apply ADMM by minimizing the Lagrangian function

‘C’(gley"aDNwDN—l—l,A,Y) = %”/Y e g X1 Dl X+ XN41 DN—I—l”%“I‘
AlAll«+Y - (A=Dny1) + §IlA = Dyl

where Y € R%*5 is the Lagrange multiplier matrix, while p > 0 denote the step
size parameter. We optimize each variable alternatively while fixing the others

1. Auxilary variable A: V£ =0=

. Y
A < Dyy1——

~

(U,S8,V) <+ svd(A)
s <+ By(diag(9))
A <+ U - diag(s) -V*
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Algorithm (2/2)

2. Basis of each mode D,,, n=1,..,.N: Vp L=0=

D, « (X@wCL ) (CuwCl ),

M (n) = N(n)
(Q.R) + QR(D,)
D, <+ Q(:alan)

where C,, = G x1 Dy X2 -+ Xp_1Dp_1 Xpni1 Dpi1 Xpao-+- Xnyy1 Dya.

3. Factor matrix along the sample-variable Dyy1: Vp,,, L=0=

Dni1 + (X (n41)CN+1wer, TY +PA) - (CNi1 31y CNt1 1) +PIs) ™

4. Core tensor of coefficients G: VgL =0 = G + X x; DI xq--- xxn
Dy X N1 DN+1

5. Lagrange multiplier matrix Y: Y*+D « Y (*) 4.5.(A—Dy. 1), where p =
0.01 in our setup
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Compression and Decompression

Original Sample Compressed Sample
Qb% ::;::::-J/J
Q;b =/ : } -
=
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Compression: G=X x1 D} x5 xy D%
Decompression: X ~ G, X
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Training:
200 multispectral
Images over Chania,

Barcelona, New York,

Sydney

Testing:

100 multispectral
Images over Buenos
Aires and Tokyo

(a) Original image

(b) JPEG2000+DWT
PNSR: 23.85dB

(c) Tucker Thresholding
PNSR: 24.39dB

TITAN MEETING, CEA, FEB 2024

(d) Proposed approach
PNSR: 27.02dB
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Comparison

Data: Satellite multispectral image patches (64 x 64 x 5) Training: 2400 patches,
Testing: 1200 patches (from different regions)
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Tensor Robust Principal Component Analysis

Problem: Recovery of a tensor from partial quantized and sparsely
corrupted measurements.

Quantized and Corrupted Low-rank Real-valued Sparse Corruptions
Measurements Component

A. Aidini, G. Tsagkatakis, and P. Tsakalides. “Quantized tensor robust principal component analysis.” IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP), 2020
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Anomaly detection

Data: Satellite (MODIS) image time-series of the land surface

temperature over Brazil (8 bpppb - 22 days of July and August 2019)

1

0.9 . -7 RN
08F 777 T

)

=071

o

> 0.6 - i

o

E 0.5 F

DC.J. /\

o 041 \/

o

= 03¢ il
0.2 F — Bits |

] ~ - =5 Bits |
1 pu— 6 Bits
0

10 20 30 40 50 60 70 80 90 100
Sampling Percentace

TITAN MEETING, CEA, FEB 2024 17




Tensor-based Neural Networks

Deep learning formulation of tensor models:

e Eixploit the benefits of both tensor analysis and deep learning techniques
e Create a tensor completion network

e Combine the tensor network with other popular networks

e Perform two tasks simultaneously

/ Proposed Network \

Tensor % Pixel-level
Completion | ~» Classification
Incomplete Image Completed Image Land Cover

By \ ¥ / Class Labels
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Baseline model

HllIl%Hg XlDl g o XNDN—Z”%—I

s.t. Pa(Z) =Pa(X) and D! -D, =Ip ,n=1,..,N

Lagrange function:

1
L(G,D1,...,Dn, Z,V)==|Gx1D1 X2 - X ynDn—Z||F—<V, Pa(Z)—Pa(X)>
2

At each iteration [, we update:

D, = QR(Zl(;)l-C;(ln)) where C,, = G Xi_y ;2 D;
G = Z"'xiDf x5---xy D%
z = g><1D1><2°'°><NDN+PQ(X)—PQ(QX1D1><2“°><NDN)

"Low-rank tensor completion via tucker decompositions", Shi, Jiarong, et al., J. Comput. Inf. Syst, (2015)
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Low Rank Tensor Completion — Net (LRTC-Net)

Trainable Parameters: Factor matrices D,,,n =1,..,.N
(the same for all layers)
At each layer [ we update:

G = zi-1 ><1D"1r ><2---><ND%

Z' = Gx1Dixg - -xNyDn + Pa(X)=Pa(Gx1Di xa---x yDy)

Loss function
Loss = MSE(QXlDl Xoe - -XNDN, ZL)

where L is the number of layers.
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LRTC-Net layer

Z! f — 7 — g Zi+l
W, X
f(2.D,) = Z'x;(Dy-DF)xy---xn (Dy-D%)

gT W, X) = TH+HWxX -—WxT

lea"!wN N { 0, (wla“awN) ¢ 2
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DynamicEarthNet dataset

75 arcas of &
interest

o g

Dailylmages JP 2>3046°6>7>8>9>.>.2.0.>.0.2.0.>.>.>.,>. 28
Monthly Labels - Jan  Feb  Mar  Apr  May  Jun  Jul  Aug  Sep = Oct  Nov . Dec -
2 years o 28 . 209

Images from the Fusion Monitoring product from Planet Labs:
- Resolution 3m, 1024 x 1024 , cloud free, 730 days

- 4 spectral bands (RGB + near-infrared), 7 classes

32 x 32 patches of 55 areas — 56320 image time series

Toker, Aysim, et al. "DynamicEarthNet: Daily Multi-Spectral Satellite Dataset for Semantic Change
Segmentation.”, IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.
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LRTC-Net - Results

Data: 2000 image times series of size 32 x 32 x 3 x 100, 80% for training

LRTC-Net: 20 layers, rank 10% of the original dimensions, batch size 16,
learning rate 0.0001, 100 epochs, 20% missing random values

0.0010 - —— Training
—— Testing

0.0008 -

0.0006 - Testing recovery error (NRMSE): 0.0134

Loss

0.0004 -

0.0000 -

0 20 40 60 80 100
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Label recovery (semi-supervised learning)

UNET ——— ™ LRTD -
& (99‘2’6 ) (;oq“%
k5] N v 2
T width % T width ¥
Image Score Tensor Low-rank
X S Score Tensor

-~

S

Loss function: 5
L= —ylog(f(gg(?()))—l—§HS—Q’xlDl xo- - X NDN||% = CrossEntropy(S,Y)+MSE(S,S)

where f is the softmax function, gy indicates the UNET model with parameters

0, S=¢ X1 D1 Xo -+ Xy Dpn, and A > 0 controls the two terms of the loss

function.

LRTD — Layer

1. No parameters, Tucker decomposition (iteratively) -> error on the update of the factor matrices
2. Parameters: Factor matrices, Estimation of Core tensor for each batch




Detection of Hallucinations

ining

Tra

iInpainter
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Detection of Hallucinations

ining

Tra

iInpainter

. 0I¢l¢.¢l:|¢-¢.elo|¢

Inference
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Datasets

UC Merced land use consists of satellite images such as:

SRS, WA S o= v by ] - A T e LA A SRR I
" 3 " v s | - R ey ¢ 3 < X 0
'-?‘): L gr _0" Sy .‘;‘ - . . ' i i I A A
= A LY 2 — v 5 tae & e ae \ -e T ge $e o
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R kY~ L~ ‘ ! A g €N
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Mask types

Rectangular masks

Yk

g

Random masks
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Image Inpainting with masks
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Approach

In distribution 0.2
Out of distribution 0.8
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Initial results - Detection

444

“"m‘“ -

Randomlgl\/lsk

“Probability” of
image being
celebA
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Out of distribution 0.8

Discriminator

, |c»|¢l¢.¢l:|

inpainter

CONV CONV Feature maps Fully connected
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g EEE-o

_—— <—E
GradCAM Heatmap for Heatmap for
CelebA Land Use

Grad-CAM
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Metrics

Upscaled heatmaps Thresholded heatmaps  Modified mask

. L
_

Heatmap for land use

Heatmap for celebA u celeba
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Initial results - Localization
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Challenge of imbalanced datasets

EEE Nevus
mmm Melanoma
= BKL

mmm BCC
mm AKIEC
. VASC
I DF

66.95%

multi-source dermatoscopic
images of 7 skin lesions

Undersampling

B
™,
™

Original dataset

Samples of
majority class

L BN
——

250000
200000

2 150000
8

Fraudulent transactions

Oversampling

Copiesofthe [N

Original dataset

Relative Probability
o e o e o

=
=
@

12 3 4 5 6 7 8 9 10

Class ID

1 12 13 14 15

Land Cover \ Land Use

B AAC EBC EBISTR ESOM

CCK m NPY

Neuron classification

A
ey
Py— < aa
-le ® g © @ e | ~| @ ® 9 .. .
g @ ® tl_ e 0@
gle e |® "o ®
= % ® p “l o ';). ® 9
. \-‘. . D . P
o o 00O Lo g
® g o ©
2 >
Feature 2 Feature 2

TITAN MEETING, CEA, FEB 2024

35



GENDA

ENCODING

qst xi's NN Encoding z4

——  ConvMet }—; \ U g Uniform(()’ 1) DECODING

Ganarulgd
sample x

E —> 2% Ugzy * Ugzp ¥ . UiZy H A N 2
B

Sample x;

] — O )
L = Vi ;(xz —Z;)° = Vi ;(ﬂiz — d(e(N(z:))))

Troullinou, E., Tsagkatakis, G., Losonczy, A., Poirazi, P., & Tsakalides, P. A Generative Neighborhood-based Deep Autoencoder for
Robust Imbalanced Classification. IEEE Transactions on Artificial Intelligence, 2023.

TITAN MEETING, CEA, FEB 2024 36




Results

Trained Encoder

GENERATE SAMPLES

Y
Encoding 2

» Trained Decoder ———» 2

Generated
sample x;

Can be iteratively repeated, so via ii we can obtain as many new samples as needed

HAR TwoLeadECG Ca** Imaging
Method | ACSA Fl1-Score Precision | ACSA F1-Score Precision | ACSA F1-Score Precision
Baseline | 0.605 0.536 0.555 0.5 0.342 0.26 0.65 0.674 0.714
SMOTE | 0.731 0.682 0.652 0.81 0.823 0.815 0.77 0.78 0.792
TimeGAN | 0.713 0.67 0.643 0.735 0.716 0.693 0.697 0.674 0.654
GENDA | 0.877 0.878 0.883 0.829 0.838 0.817 0.787 0.797 0.809
HAR
Rebalancing Approach | ACSA FI1-Score Precision
Oversampling 0.642  0.645 0.65
Undersampling 0.53 0.52 0.525
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GENDA-XL

- M A ~ ~ D N
min ) ;_, fﬂax{ 12: — 25+ |2 = || 2: — 2= |2 +m, O}fﬁ(%—ﬂ?m _Z\:jzl tij log Ji;

J
| | |
Triplet Loss MSE Cross-Entropy

TRAIN GENDA-XL

e ENCODER —— ) DECODER \
Anchor sample x; neonoH [ P A
«H—> ConvNet ——» SRR
] ~s  zj=uz+(1-u)z* ConvNet |,
> 7

Shared IWnInhln

Positive sample x;* Encoding z;* |
ﬂ—» ConvNet — /
~ ENCODING-DECODING LOSS
Negative sample x;° sharchWnlnhln Encoding z;
n_’ J Triplet Loss‘
ConvNet |——» ] ‘ 1 )

/

/

T

PRE-TRAINED CLASSIFIER CLASSIFICATION LOSS
/ Anchor sample X; \
H -~ © = e
A\ N ) /
Generated sample Qi
—> ConvNet —). /

E. Troullinou, G. Tsagkatakis, A. Losonczy, P. Poirazi, and P. Tsakalides, "A Generative Neighborhood-Based Deep Autoencoder with an Extended
Loss Function for Robust Imbalanced Classification," in Proc. 57th Annual Asilomar Conference on Signals, Systems and Computers, 2023.
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Performance
MNIST Fashion-MNIST
Method ACSA F1-Score Precision | ACSA F1-Score Precision
Baseline 0.579 0.563 0.54 0.499 0.475 0.454
SMOTE 0.895 0.894 0.883 0.738 0.708 0.712
DGC 0.948 0.947 0.911 0.836 0.831 0.781
BAGAN-GP | 0.863 0.85 0.841 0.731 0.729 0.69
GENDA 0.925 0.922 0.926 0.811 0.801 0.794
GENDA-XL | 0.952 0.95 0.95 0.84 0.828 0.817
HAR TwoLeadECG Ca’* Imaging
Method ACSA F1-Score Precision | ACSA F1-Score Precision | ACSA F1-Score Precision
Baseline 0.605 0.536 0.5 0.5 0.342 0.26 0.65 0.674 0.714
SMOTE 0.731 0.682 0.652 0.81 0.823 0.815 0.77 0.78 0.792
TimeGAN | 0.713 0.67 0.643 0.735 0.716 0.693 0.697 0.674 0.654
GENDA 0.877 0.878 0.883 0.829 0.838 0.817 0.787 0.797 0.809
GENDA-XL | 0.919 0.918 0.919 0.938 0.934 0.927 0.834 0.846 0.859
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Open topics

Specify 1-2 “grand challenges”
o Classification vs Inverse problems
o |dentify ML aspects (robustness, imbalance, recovery, etc.)

Specify and generate TITAN datasets
o Access to Simulations or Observations
> Dimensions, Characteristics, Storage, Open-access

Define performance metrics
o State-of-the-art solutions (codes & papers)

o SotA datasets
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