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. Contexto
a) Prevencion de accidentes cerebrovasculares
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Embolos y accidentes cerebrovasculares (ACV)
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Doppler transcraneal (TCD)
ArteriaNormal Estrechamiento arterial Ictus TCD-X de Atys Medical
Isquémico
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Estrechamiento de la luz arterial
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DE LOS ICTUS SE DEBEN A LA
OBSTRUCCION DE UNA ARTERIA
CEREBRAL °
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Embolo
solido

 Criterios basicos de identificacion de las senales microembélicas Doppler*

* Duracion <300 ms==) Sefiales transitorias de alta intensidad (HITS)

* Unidireccional en el dominio tiempo-frecuencia.
- mm) No hay simetria con respecto a la linea de base de frecuencia cero.

Freq. (Hz)/Vel. (cm/s)

 Sonido musical «chirrido» o «chasquido».

* Aumentode laintensidad de al menos 3 dB con respecto a la senal de flujo

sanguineo
- mm) Definido a través del “hits-to-blood ratio” (HBR)

*Basic identification criteria of Doppler microembolic signals. Consensus Committee of the Ninth International Cerebral Hemodynamic
Symposium. Stroke. 1995 Jun;26(6):1123. PMID: 7762033. 7
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Otras aplicaciones de monitoreo

Reconocimiento de crisis epilépticas Detecciony clasificacion de arritmias

ARG

(a) Second-degree (partial) block

S AL L L S

(b) Atrial fibrillation

%

1000 mS (d) Ventricular fibrillation

e

(e) Third-degree block

Electroencefalograma Electrocardiograma
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Retos: anotacion de datos

‘ Dificultad para encontrar conjuntos ‘ Anotacion costosa (8685/68491 muestras etiquetadas).
de datos publicos

‘ Dificultad de anotacion— Etiquetas con ruido ‘ Clases desequilibradas (émbolos sdélidos < 10% HITS).
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" Gases dicios, @ Unlabele
: Artefact
EG
ES
Uncertain

Figura - Dificultad de anotacién. En este ejemplo, el 12% de las muestras estan etiquetadas. 15
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Retos: representacion optima

Senal sin procesar

__
»

Amplitud

cCombinacion de

¢Representacion éptima ?
caracteristicas?

R

| [ ]

Forma de Onda Bit
Pulse

Imagen Bit Pattern

Representaciones tiempo-frecuencia (TFRs)
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Retos: compresion de modelos

Exactitud I ‘

‘ Aumento del tamano de los modelos
@
()
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»

Figura — Doppler transcraneal portatil (TCD) de Atys Medical.

. o o > (] 1
‘ Recursos de memoria limitados. >N° operaciones

Figura — Exactitud de clasificacion basada en el tamafioy el
numero de operaciones en coma flotante de diferentes modelos

‘ Limitaciones energéticas. de aprendizaje profundo (inspirado en Abbas et al. 2021). .

‘ Recursos de célculo limitados.
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/ \ Datos de un
nuevo paciente Deriva de conceptos:

Resultados no adaptados
al nuevo paciente

Red neuronal
preentrenada

Deriva de conceptos

Olvido catastrofico
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Posibles soluciones

e Anotacion de datos semi-

Creacion y anotacion de ‘ < da*
. supervisada
conjuntos de datos ,
J e Etiquetado flexible (anotacion)*

lrezia —

e Diferentes modelos con
Multiples representaciones ‘ diferentes entradas**
e Modelo multi-representacion

e Modelos ligeros

e Compresion de modelos™**

e (Entrenamiento con etiquetas
flexibles)

Modelos con gran demanda de -
recursos

*Vindas et al. (IUS 2021), Vindas et al. (MEDIA 2022), Vindas et al. (IUS 2023)
**Vindas et al. (MLHC 2022), Vindas et al. (IABM 2023), Vindas et al. (EUSIPCO 2023) y Vindas et al. (Pattern Recognition 2023)
***Vindas et al. (Neurocomputing 2024) 19
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Supervisado

e Descripcion: aprende
viendo ejemplos con
etiquetas

e Ejemplo: clasificacion
de arritmias.
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No supervisado

e Descripcion: aprende
la estructura de los
datos sin etiquetas.

e Ejemplo: deteccién de
anomalias cerebrales.

Anomalia

(=)

A

CHASER CR=ATIS

Principales tipos de aprendizaje

Semi-supervisado

e Descripcion: aprende
viendo pocos ejemplos
sin etiquetasy muchos
con.

e Ejemplo: clasificacion
de émbolos cerebrales.

Auto-supervisado

e Descripcion: aprende
con etiquetas
generadas
automaticamente.

e Ejemplo: analisis de
registros médicos
electronicos.

d 24

e

21
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b) Reduccion de dimension

22
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Reduccion de dimension
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Principio: escoger las caracteristicas mas importantes para describir las entidades que queremos.

[
1 Imagenes de perros
i
- [
-3 | ]
X
!
Nombre: Dani Nombre: Val Nombre: Luci |
Edad: 3 meses Edad: 7 afios Edad: 29 afnos : G
Altura: 58 cm Altura: 110 cm Altura: 170 cm : g
|
. .
!
[ I
|
|
|
: (@}
Nombre: Aquil Nombre: Reni : (@}
Edad: 58 afios Edad: 5 afios : ®
Altura: 178 cm Altura: 107 cm I (@) 3
|

Puntos representando diferentes perros
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Estructura

n.  Introduccidén al aprendizaje automatico

c) Principio de entrenamiento

24
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Principio de entrenamiento

Objetivo: Ensenarle a un perro a reconocer un hueso de un baldn de futbol. Tiene que hacerla menor cantidad de
errores posibles.

lreeia —

Entrenamiento: Mostrarle varios balones y huesos de diferentes tamafos, formas, colores, etc., diciéndole cada vez
a que corresponde cada objeto.

Prueba: Una vez que él perro vio cierta cantidad de objetos, mostrarle un objeto sin decirle que esy el perro tiene
que apretarun botdén sies un hueso yotro sies un balén. Cada vez que se equivoca, se corrige al perro.

Entrenamiento Prueba
A A

l Hueso Balon Baldn Hueso Baldn Hueso \ { ? ? ? |

CrO@DN B4 1o

Hueso Balon Hueso

25
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Principio de entrenamiento

Perro =» Modelo
Huesoy balén =» Datos (imagenes, senales, texto, ...)
Indicacion sobre el tipo del objeto = Etiqueta

Objetivo y correccion de las respuestas incorrectas = Funcion pérdida

(@)
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Posibles soluciones

e Anotacion de datos semi-

Creacion y anotacion de ‘ < da*
. supervisada
conjuntos de datos ,
J e Etiquetado flexible (anotacion)*

lrezia —

e Diferentes modelos con
Multiples representaciones ‘ diferentes entradas**
e Modelo multi-representacion

e Modelos ligeros

e Compresion de modelos™**

e (Entrenamiento con etiquetas
flexibles)

Modelos con gran demanda de -
recursos

*Vindas et al. (IUS 2021), Vindas et al. (MEDIA 2022), Vindas et al. (IUS 2023)
**Vindas et al. (MLHC 2022), Vindas et al. (IABM 2023), Vindas et al. (EUSIPCO 2023) y Vindas et al. (Pattern Recognition 2023)
***Vindas et al. (Neurocomputing 2024) 27
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a) Anotacion semiautomatica de datos
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e Diferentes modelos con

‘ diferentes entradas™

e Modelo multi-representacion

Multiples representaciones

e Modelos ligeros

e Compresion de modelos™***

e (Entrenamiento con etiquetas
flexibles)

Modelos con gran demanda de ‘
recursos

*Vindas et al. (IUS 2021), Vindas et al. (MEDIA 2022), Vindas et al. (IUS 2023)
**Vindas et al. (MLHC 2022), Vindas et al. (IABM 2023), Vindas et al. (EUSIPCO 2023) y Vindas et al. (Pattern Recognition 2023)

***\/indas et al. (Neurocomputing 2024) 29
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Conjunto
de datos

!
. Code /|

________________

"

————————

Extraccion de
caracteristicas

((®

Diferentes etapas

-----\1 / » \ ( \ /x m X @X\
| ; ® LT
a |

N e BN —
o] Reduccion de Propagacion
dimensiony Anotacion de epti guetas
estrategia de manual )
ia LQ-KNN
W - selecciéon \_ J

Figura - Método semiautomatico de anotacidon de datos
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Conjunto
de datos

!
. Code /|

________________

"

________________

Extraccion de
caracteristicas

J

((®

Diferentes etapas

o,

Reduccion de

/
g% B [ N A o,

L, DY

Propagacion

dimensiony Anotacion \ i
estrategia de manual \ LQ ?(NN
- \ -
~ seleccion \_ Y, \ v
Ne v

Figura - Método semiautomatico de anotacidon de datos
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Propagacion semiautomatica de etiquetas LQ-KNN

Conjunto de datos inicial

5 Leyenda
| XNe
% ° ° « B
® ® o ° ® S 0.6
° 8 @
® X4 — 0.4
8 ° (] T - 0.2
@) 0
® O o :
8 E QO Etiquetado 23 Sin etiquetar
E @ Claset @ Clase2
% [ |

32
Figure - Ejemplo con dos vecinos (es decir, K=2y 1t =0,2).
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Propagacion semiautomatica de etiquetas LQ-KNN

Iteracion 1

O . Leyenda
x o :

O X @ O ® O O pXS . 1
% ° « B
x ® o ® ) x - 0.6
& — 0.4
T - 0.2

0

- .
- QO Etiquetado 23 Sin etiquetar
Buena anotacion n

@)
° Qo
Error de anotacion S
E @ Clase1 @ Clase?2

23 Permanece sin -
- [ |
etiquetar porque su =

calidad local<Tt
33

Figure - Ejemplo con dos vecinos (es decir, K=2y 1t =0,2).
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Propagacion semiautomatica de etiquetas LQ-KNN

Conjunto de datos final

//’ 8\ Leyenda
- N
/ \ ‘ \ — =~
St B 8P APV
| /
, © 2 o ° B I1
0.8
|
® ) 0.6
%f// =1 0.4
o T == 0.2
0

QO Etiquetado 23 Sin etiquetar

@ Clase1 @ Clase?2

Sin etiquetar =» Sin vecinos etiquetados de buena calidad local”

36
Figure - Ejemplo con dos vecinos (es decir, K=2y 1t =0,2).
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Experimento

lreeia —

Objetivo: Medidas de desempeno:
e Destacarlaventaja de laanotacion e Tasa de error de anotacion.
semiautomatica. e (Coeficiente de correlacion de Mathews (MCC).
e Mostrarelimpacto en la mejora del e =>» Permite de medir el desempefio del
desempeno de los modelos. modelo, similar a la precision o exactitud

de clasificacion.

Cantidad de muestras

Base de datos:

HITS:

Artefactos 403
« Datos TCD. Embolos gaseosos 569
* 6 8491 imagenes. - Embolos solidos 569
* 1545 manual- Desconocido 4

mente anotadas
* Tres clases.
* Frecuencia de muestreo: 4385 Hz.

35
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LQ-KNN (T=0.3K=3)

wk e m:}.** *1* ar Annot. Accuracy: 96 %
k- o o A IE Labeled Samples: 36 %

* ?‘%}.;"ﬁ o

#ﬁ f;*** %ﬁ 7}*% {%ﬁi
* Ky *’** * x a**:& **
* & * T

Correct Annotations
*Art. *GE *SE

Wrong Annotations

* Unlabeled

Figura - Propagacion de etiquetas LQ-KNN con K=3yt=0.3

()
o CHASER CRE=ATIS
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[Q-KNN (T = 0.1, K=10)

wi i m}** *’* WK Annot. Accuracy: 93 %
L% Saala ol S o .99 0
' * * g K e R Labeled Samples: 99 %
ok "94** * * * K +*
:& *:****x ;ﬁk‘} M***** * *" :k S, o ok
*
il * *33 %*kt o % *0&*‘&*# f* B ‘Q@}**’? *
W *{! K ﬁ * ‘*" 5 o * ¥k SIS
P AE TL DAL S R JHD el ) Y
A ** : & * ‘**&,*’ “% N

Correct Annotations

*
e ;:,,* ffw** T o **:ﬁ . W * il *Art. *GE  *SE
R E ke, #*3’:**:’ : y ﬁ:{ Wrong Annotations
e Ty *&:?»; or S " * %
™ * *atf;;* Bk * Unlabeled
*

Figura - Propagacion de etiquetas LQ-KNN con K=10yt=0.1

‘ Kyt controlan el equilibrio entre los errores de anotaciony la cantidad de datos etiquetados.

INSA.© CHASER CREATIS
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Tabla - Resultados de clasificacion de émbolos cerebrales

Conjunto de datos compuesto por 13 653 datos
etiquetados: 1 545 etiquetados manualmentey
12 108 etiquetados con Std-KNN

lrezia —

87.5
Conjunto de datos

HITS etiquetado 85.0

Conjunto de datos
compuesto por 14 970

manualmente 85 datos etiquetados: 1
compuesto por 1545 S;Z 545 etiquetados
datos 80.0 | manualmente y 13 425
8 etiquetados con
o\z 77.5 nuestro LQ-KNN
O 75.0
=
72.5
70.0 Baseline Proposed method
Fully expert with K=10 with K=10
67.5 annotated (large dataset) (large dataset)

Whole Whole Std-kNN Std-kNN LQ-kNN LQ-kNN
CE GCE Large Large Large Large
CE GCE CE GCE

38
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MCCin %

87.5

85.0

82.5

80.0

77.5

75.0

72.5

70.0

67.5

((®

Tabla - Resultados de clasificacion de émbolos cerebrales

F Tl

Baseline Proposed method
Fully expert with K=10 with K=10
annotated (large dataset) (large dataset)
Whole Whole Std-kNN Std-kNN LQ-kNN LQ-kNN
CE GCE Large Large Large Large
CE GCE CE GCE

‘ Mejora del 1,78 % con respecto al conjunto de datos original
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b) Modelos multi-representacion
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Posibles soluciones

e Anotacion de datos semi-

INSA
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Creacion y anotacion de
y ‘ supervisada*
e Etiquetado flexible (anotacion)*

conjuntos de datos

e Modelos ligeros

e Compresion de modelos™***

e (Entrenamiento con etiquetas
flexibles)

Modelos con gran demanda de ‘
recursos

*Vindas et al. (IUS 2021), Vindas et al. (MEDIA 2022), Vindas et al. (IUS 2023)
**Vindas et al. (MLHC 2022), Vindas et al. (IABM 2023), Vindas et al. (EUSIPCO 2023) y Vindas et al. (Pattern Recognition 2023)
***\/indas et al. (Neurocomputing 2024) 41
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Método
Objetivos:

e Mejorar la clasificacion de las senales TCD para la prevencion de ACV.
e Aprovechar la complementariedad de las distintas representaciones.

lreeia —

Modelos:
e Red Neuronal (CNN) 2D para las TFRs.

e Red Neuronal1DD CNN-Transformer para las senales sin procesar.

B

B &
-

42
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Objetivos:

e Destacarlaventaja de usa multiples
representaciones.

Base de datos:

HITS:

 Datos TCD.

1545 imagenes y sefales sin
procesar manualmente anotados

* Tres clases.

()
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Experimento

Medidas de desempeno:

e Coeficiente de correlacion de Mathews
(MCCQC).

.

* Frecuencia de muestreo: 4385 Hz.

||I|H\|HI\"I‘ llllvl
R

=» Permite de medir el desempefio del
modelo, similar a la precision o
exactitud de clasificacion.

Cantidad de muestras

Artefactos 403
Embolos gaseosos 569
Embolos solidos 569
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Resultados
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Codifica-
dor senal

Carac-
teristicas
CERE]

Caracte- I
risticas
fusionadas I

Clasificador

Caracteristicas TFR Caracteristicas senal Caracteristicas fusionadas Prediccion
® Artefacto
® Embolo gaseoso Figura — Representacion 2D de las caracteristicas que aprendio el
@® Embolo solido modelo por cada entrada (TFR, sefial y fusion) 44
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mw. Inteligencia artificial para la medicina

c) Compresion de modelos
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Posibles soluciones

INSA

lrreia —
e Anotacion de datos semi-

Creacion y anotacion de ‘ <ada*
. supervisada
conjuntos de datos
) e Etiquetado flexible (anotacion)*

e Diferentes modelos con
Multiples representaciones ‘ diferentes entradas**
e Modelo multi-representacion

*Vindas et al. (IUS 2021), Vindas et al. (MEDIA 2022), Vindas et al. (IUS 2023)

**Vindas et al. (MLHC 2022), Vindas et al. (IABM 2023), Vindas et al. (EUSIPCO 2023) y Vindas et al. (Pattern Recognition 2023)
***\/indas et al. (Neurocomputing 2024) 46
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Cuantificacion y poda de modelos

Cuantificacion

Principio: reducir el numero de bits necesarios
para codificar los parametros del modelo.

Operador de cuantificacion

Parametros L Parametros cuantificados
flotantesentreay b usando n bits

\
Ly ( Q) ‘,L\
‘\V-\-I/l ) yggl
Valores discretos

Valores “continuos”

Ejemplo: Operador de redondeo:
e 1.4=21
e 27293

Poda

Principio: poner a cero algunos parametros del
modelo.

Poda de los valores
entre-2y2

Ejemplo: Poda de valores entre -2y 2:
* 1.4=>0

e 27227

e 52=25.2

 0.7220
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Etapas para la compresion de redes neuronales

Figura — Etapas para la cuantificacion ternaria asimétrica de redes neuronales
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Asymmetric trained ternary quantization (aTTQ)
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Experimento
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Objetivo: Medidas de desempeno:
e Resaltar el interés de utilizar técnicas de compresién de e Ahorrode energia(ECS),
modelos para ganar en energiay recursos de calculo e Tasa de compresion(CRg).

e AMCC, perdida de desempeno de clasificacion.

Bases de datos

HITS: Modelos:
 Datos TCD.
1545 imagenes y sefales sin e 2D CNN.
procesar manualmente anotados e 1D CNN-Transformer.

* Tres clases.
* Frecuencia de muestreo: 4385 Hz.

ESR:

« Datos EEG.

* 11 500 muestras.

== o Dos clases (crisis epiléptica y
ausencia de crisis).

» Frecuencia de muestreo: 174 Hz.
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2D CNN 1D CNN Transformer

Figura — Comparacion de modelos comprimidos con modelos en precision total desde una
perspectiva energética.
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Figura — Comparacion de modelos comprimidos con modelos en precision total desde una
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Figura — Comparacion de modelos comprimidos con modelos en precision total desde una
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Posibles soluciones

*Vindas et al. (IUS 2021), Vindas et al. (MEDIA 2022), Vindas et al. (IUS 2023)
**Vindas et al. (MLHC 2022), Vindas et al. (IABM 2023), Vindas et al. (EUSIPCO 2023) y Vindas et al. (Pattern Recognition 2023)
***Vindas et al. (Neurocomputing 2024)
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Perspectivas y aspectos para mejorar

*Vindas, Y., Roux, E., Guépie, B.K., Almar, M., Delachartre, P., 2023. Soft-labels noise tolerant loss functions for transcranial Doppler ultrasound signal classification, in:
2023 IEEE International Ultrasonics Symposium (IUS)
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hallenges: optimal representation

Raw Signal

»

‘ Temporal dependence.

‘ One modality, different representations
‘ Optimal representation ? / .

Emm) Feature combination ?

Amplitude

\ 4

RIRERI

Bit Pattern Image L U]
Bit Pulse Waveform

Time-Frequency Representations
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allenges: model compression

Inception-v
O R e -t e
Inception-v3 0 o ~ ResNet-152
ResNet-SO‘ 08 3 VGG-16 VGG-19
75 1 ResNet-101 : T
“ ResNet-34 .
‘ Limited memory resources. %70' ResNet-18
® °° GoogleNet
3 ENet
‘ Limited computation resources. & 637
T © BN-NIN
o \
"~ 60- 5M - 35M - 65M - 95M - 125M  155M
‘ Energy constraints. | |
BN-AlexNet
35 AlexNet
50 + . . . . . . . .
0 5 10 15 20 25 30 35 40

Operations [G-Ops]
Figure — Classification accuracy based on the size and number of floating-
point operations of different deep learning models (Abbas et al. 2021)
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GFLOPs
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Figure — GFLOPs over the years. The dashed line is a linear fit (logarithmic y-axis)
for the models with highest accuracy per year. Desislavov et Martinez-Plumed

Limited memory.

Inference time.
Energy consumption.
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Joules
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Figure — Estimated Joules of a forward pass (CV). The dashed line is a linear fit
(logarithmic y-axis) for the models with highest accuracy per year. Desislavov et
Martinez-Plumed (2021).
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Possible solution to noisy-labels

Category 1.)1. . P2 . P3 . P4 . P> . P6 .
Flexibility No Pre-train | Full Exploration | No Supervision | Heavy Noise | Complex Noise
Robust Loss Function X X
edicated Architecture X O O X O
Robust Regularizatio O O O A A
: Loss Correction X X
Loss Adjustment Loss Reweighting 2 B O X A
Label Refurbishment O O A X A
Sample Selection O X O A
Meta Learning Fast O O O A O
g to Update O O O X O
-supervised Learning O A O O O

» Loce(f(X),y) =

Input sample # classes
A

One-hot
Model label

L]

kth element

qg—0

K —
Z yl— fi(X)4
k=1

g—1

Figure — Table from Song et al. 2020. O means completely supported, A means partially supported and X means not supported.

Lce(f(X),y) Noise sensitive

> Laprae(f(X),y) Noise tolerant
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Noisy-labels
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Figure — Table from Song et al

. 2020. O means completely supported, A means partially supported and X means not supported.

Category Method P1 J P2 P3 P4 P5 [ P
Robust MAE O | O @] O X X
Robust Loss Function Generalized Cross Entropy O | @) @] O X X
Symmetric Cross Entropy O | @) O @) X X
Curriculum Learni X A
urriculum Learning O | O O Q Category Method | Pt | P2 | P3 | P4 | P5 | P6
. We&!}' Learning A | X O O x X Decouple O O X Q X A
E , , Noise Model A1 Q| Of O b X MentorNei X X X X O A
g Noisy Adaptation Dropout Noise Model N O O O X X Sample Selection Co-teaching (@] (@] X X @) A
Z Layer S-model Al O O O X X Co-teaching+ O O X X O - A
z C-model 2 @) @) O X @) Iterative Detection O @] X @) O 7AN
2 NINN Al O| O O X X ITLM O | O | X X O 4
S , Probablistic Noise Model X | X | O| X | A O INCV O/l o0 | x|]O|]O A
-4 Dedicated Masking X O ®) % ~ ®)
Architect ! . . Meta-Regressor X
retmfecture Contrastive-Additive Noise Network X @] @] O FaY O b= Past Adaption MLNT : 8 8 8 O ():2 8
3, T . . -E
Adterstrnai Tr_'ammg @] @) @) O JA A 55 Knowledge Distillation O X O X TAN O
Robust Reeularisati Label Smoothing 8 8 8 8 i ﬁ - L2LWS X O O bt AN O
obust Regularization Mixup 5 . CWS§ X @] Q X A O
- — Le to Updat
Bilevel Learning _ @] @) @) X AN AN = aming to Lpdate Automatic Reweighting O O @) X A O
Ammm{m_' Confusion @] X (@] O Ja Fa\ Meta-Weight-Net FaX O (@) X JAN @)
Pre-training @) » Q O A, AN Data Coefficients O O Q X @) @)
. Backward Correction @] @) @) X X X Label Aggregation O X @) X X A
= Loss Correction Forward Correction (@] @) @) X X X Semi-supervised Two-Stage Framework @] X Q Q @) A
% Gold Loss Correciion O X Q X X X Learning SELF _ O O O O @) TaY
é-:, Loss Reweigtin Importance Reweighting O O @) O X ay DivideMix @] O O O O A
= > ghing Active Bias O O O O X A
5 Bm.rxrrfzpping _ O @) O X X A
Label Refurbishment g;iﬂmw Gootstrapping 8 8 8 8 i . 2 |
SELFIE O] O | O] X o A
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Forest Forest

Unlabeled

Figure — Semi-supervised optimum path forest (OPF-semi) (Amorim et al., 2014) 96
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Co-ranking framework: local quality
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N

, 1

Q; (kg k;) = XZ(M (Rijsrij» k) Xps (Rijs ijs ks )+ (Rjis 1y ki) X s (R, 1, Kis))
2X k¢XN =

Size of the neighborhood to consider

worst
i ] Tif Rij <ikgorrij <ikg; dw,
e i | Oelse o
Rank error tolerance : o,
: ) 1if [Rij —rij < ki
Uy (Rijarija kt)—
2 .= 0 else -

--------------------------------------------

Figure — [llustration of the local quality metric on the Swiss roll benchmark date

Size ofthe tolerated | (Lueks et al., 2011).

ranks errors
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Global plpellne

¥ : Unlabeled

e : Labeled
® X Good Local Quality
® X : Bad Local Quality

Figure - Global pipeline of our proposed semi-automatic data annotation approach.
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Propagacion semiautomatica de etiquetas: Hipotesis

= Basado en un enfoque K-nearest neighbors (KNN).

= Tres hipotesis:

= Hipdtesis de estructura/cluster?.

= (Conservacion de las estructuras locales.

Cobertura del espacio de anotacion.

(@)
. CHASER CREATIS

1 Olivier Chapelle, Bernhard Scholkopf, and Alexander Zien, eds.Semi-supervised learning. Adaptive computation and machine learning. OCLC: ocm64898359. Cambridge, Mass:
MIT Press, 2006. 508 pp.isbn: 978-0-262-03358-9
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Diferentes etapas
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/ \
/ \
ﬁcoDEkT\ I/ » \\ a ) s ) @ X @X\
Conjunto N PEY _II> | O -
de datos . ——-ruo-t b Reduccion de I Propagacién
Extracciéon de ! d|menS|'on Yo Anotacion de etiquetas
caracteristicas ' estrategiade / manual
\ > LQ-KNN
\_ - \V seleccion y \_ )
/
N\

~_."7

Figura - Método semiautomatico de anotacidon de datos
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Reduccion de dimensionalidad

S =-0.56

» Art.

Calculo del
Silhouette Score S

Silhouette score

S entre -1 y.1.;

Conjunto de puntos separadosy
agrupados de manera compacta 101
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Reduccion de dimensionalidad
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S =-0.56

» Art. » Art.

Calculo del
Silhouette Score S

Diferentes Silhouette__score
proyecciones 2D S entre-’;J‘,i-y‘I _ Conjunto de puntos
calculadas " se mezclan entre si.
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S =-0.56

*

*

» Art.

Silhouette score
Sentre-1y1

(o)

CHASER CR=ATIS

Reduccion de dimensionalidad

Mejor Silhouette
Score

Proyeccion seleccionada para la
anotacion manual y la propagacion
de etiquetas
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1
X Code /|

Dataset —}
| lessoccmmmmnea Dimensionality
Reduction with Manual ,
Featu.re Selection Annotation Propagation
Extraction \ LQ-KNN
\ j Strategy \_ )
\ ~ -— /

FIGURE - Semi-Automatic Data Annotation Method
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Contribution 1.a.: Semi-automatic data annotation method state-of-the-art comparison

Local Quality Map (the higher the better)

® Artifact
® GE
B SE

Figure - Local Quality Map of the unlabeled samples
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Contribution 1.a.: Semi-automatic data annotation method state-of-the-art comparison

LQ-KINN with Tj81
LQ-KNN with T=03
LQ-KNN with T=05
1 3 7 9 1

Figure - Comparison of LQ-KNN label propagation with different hyper-parameters using a HITS dataset
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LQ-KNN with T=01

11

106



INSTITUT NATIONAL
‘ DES SCIENCES

APPLIQUEES

LYON

lrezia —

Dataset —}

Dimensionality

________________

________________

Reduction with Manual .
Feature \ Selection Annotation Propagation
Extraction LQ-KNN
\ j Strategy \_ Y,
N /
/’

~ -—
FIGURE - Semi-Automatic Data Annotation Method
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Dimensionality Reduction

Silhouette Score’

Compares the similarity of a sample k between :

* The samples of its own class.
* The samples of other classes.
==>The higher the better

Projection with a Silhouette

Hinter (k)_.u‘int"r'a (k)
mafx(}uinfe'r' (k) NU“L'ntTcz, (k))

it |C,| > 2
Vk € [1, L], s(k) = it 1Csl 2

0 else

Projection with a Silhouette Score

Score e;‘Q.A;Q s ).
™ e of

<, &
b}

of -0.56 Art.

w

e

108

TRousseeuw - 1987 - Silhouettes: A graphical aid to the interpretation and
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Score Selection

Computed Projections
(3 t-SNE hyper-parameters)

Selected projection for manual
annotation and label propagation
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Contribution 1.a.: Semi-automatic data annotation method state-of-the-art comparison

t "
- -~ 2

_::) Minimal local quality threshold

e (t_ N
Dataset Propagation | |[] |U| .: T :’ K ' Annotation Final % of Annotation
method e’ *aa*’  accuracy labeled time Metrics:
samples (%) (ms/sample) :
MNIST Std-KNN | 1496 | 13504 | - | 5 | 91.83+1.47 | 9539+ 1.05 | (30.98 +5.84)x 10 Annotation
Std-KNN | 1496 | 13504 | - | 10 | 9074+ 1.45 | 99.43+0.23 | (2878 +5.13)x 1073
LQ-KNN | 1496 | 13504 | 0.1 | 5 | 93.12+1.36 | 93.88+0.66 | (59.10 + 12.35) x 1073 acc ura#x:
LQ-KNN | 1496 | 13504 | 0.1 | 10 | 92.66+1.30 | 98.16 + 0.42 | (50.48 + 11.32) x 1073 orrect new labeled samples
OPF-semi | 1496 | 13504 | - | - | 82.32+6.17 | 100.0 0.0 102.71 + 17.52 # new labeled samples
OrganCMNIST | Std-KNN | 1534 | 13858 | - | 5 | 81.87+0.76 | 90.26 +2.64 | (2633 £ 2.65)x 1077
Std-KNN | 1534 | 13858 | - | 10 | 79.86+0.67 | 99.00 +0.20 | (23.41 +1.98) x 1073
LQ-KNN 1534 | 13858 | 0.1 | 5 | 84.46+057 | 85.62+1.99 | (53.00+7.47) x 10—~j Percentage of new labeled
LQ-KNN | 1534 | 13858 | 0.1 | 10 | 82.73+£0.44 | 96.24 + 1.09 | (44.36 +5.69) x 1073
OPF-semi | 1534 | 13858 | - 7522 +4.48 | 100.0 + 0.0 86.52 +0.51 samples: # new labeled
HITS Std-KNN 152 | 1393 | - | 5 | 82.12+237 | 95.99+1.70 | (10.39+0.20)x 102 # OlQ labeled samples
Std-KNN 152 | 1393 | - | 10| 81.36+1.81 | 99.58 +0.63 | (10.04+0.18) x 102 é%\rr‘ﬁ'ﬁ‘ll%‘@»
LQ-KNN 152 | 1393 | 0.1 ] 5 | 8284212 | 9448 +1.72 | (16.87 £0.48)x 1073
LQ-KNN 152 | 1393 | 0.1 | 10 | 82.67+2.02 | 98.50+0.80 | (16.13 +0.35) x 1072
OPF-semi 152 | 1393 | - 78.40 £ 13.44 | 100.0 £ 0.0 9.48 + 1.1

Table — Label propagation methods comparison on different datasets

R=/ATIS
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Contribution 1.b: Optimal 2D projection selection.

Dataset: HITS Datase

Evaluation: Label Propagation on 2 different projections.
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t.
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C
|

Metrics: Annotation accuracy and percentage of new labeled samples.

ontext

R=/ATIS

Best Projection

Results:
K | Propagation | Projection | || U] 7 | Annotation Final % of
method accuracy labeled samples
5 Std-KNN Best 152 | 1393 | - 89.8 +1.63 95.52 +1.23
Std-KNN Worst 152 | 1393 - 52.2 +£2.53 98.78 = 0.42
5| LQKNN | Best | 152 | 1393 | 0.1 | 90234146 | 94934132
LQ-KNN Worst 152 | 1393 | 0.1 | 70.69 £ 2.64 b7.4 4+ 2.01

Worst Projection

Conclusion:

* Projection selection improves annotation accuracy.
* Ourproposed method is more robust against bad projections.

e
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Dataset: HITS Dataset.

Evaluation: Label Propagation on 2 different projections.

INSA

Contribution 1.b: Optimal 2D projection selection.
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Metrics: Annotation accuracy and percentage of new labeled samples.

A

11

Results:
K | Propagation | Projection | || U] 7 | Annotation Final % of
method accuracy labeled samples
5 Std-KNN Best 152 | 1393 | - 89.8 +1.63 95.52 +1.23
Std-KNN Worst 152 | 1393 - 52.2 +£2.53 98.78 = 0.42
5| LQKNN | Best | 152 | 1393 | 0.1 | 90234146 | 94934132
LQ-KNN Worst 152 | 1393 | 0.1 | 70.69 £ 2.64 b7.4 4+ 2.01

Conclusion:
* Projection selection improves annotation accuracy.
* Ourproposed method is more robust against bad projections.

Contribution 2

R=NATIS

Best Projection

Worst Projection

e
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Contribution 1.b: Optimal 2D projection selection.

Dataset: HITS Datase

Evaluation: Label Propagation on 2 different projections.
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Metrics: Annotation accuracy and percentage of new labeled samples.

ontext

R=/ATIS

Best Projection

Results:
K | Propagation | Projection | || U] 7 | Annotation Final % of
method accuracy labeled samples
5 Std-KNN Best 152 | 1393 | - 89.8 +1.63 95.52 +1.23
|:> Std-KNN Worst 152 | 1393 - 52.2 +£2.53 98.78 = 0.42
5 | LQKNN | Best | 152 | 1393 | 0.1 | 90234146 | 94934132
|—> LQ-KNN Worst 152 | 1393 | 0.1 | 70.69 £ 2.64 b7.4 4+ 2.01

Worst Projection

Conclusion:

* Projection selection improves annotation accuracy.
* Ourproposed method is more robust against bad projections.

e
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Contribution 1.c: Classification using robust loss functions to compensate the noise in the labels.

a
4

3
4

i i AR
921 | | |~ u—
N 4+
Dataset i i i . .
N
Dataset Core Prop. S| rZd # of auto- | Mean K |7 90 1 1 l: :
Dataset | method matically annot. ac- 8 ! ! ! H 8 :
labeled curacy °\Co 88 ! ! !: : 8
samples :_- I I I -I :
© 86 s 1 =
HITS No Prop. HITS No Prop. | 152 | 1393 | - - - - ] 1 1 L N
: | | |
HITS Whole No Prop. | 1545 | 0 - - - - 3 g4 - : g e
HITS Std-KNN-K10 Std-KNN 1390 + 2 88.72+2.33 | 10 |- > | | |
] 1 (]
HITS LQ-KNN-K10 LQ-KNN 1382 + 3 89.92+1.42 |10 | 0.1 g 87 - I o o |
i i i
. 80.
Metrics: i i i
Fully expert Without laljel g Proposed method
Classification accuracy. 781 ‘annotated | gropagatign | | withk=10
. pe . [ ] 1 [ ]
Classification class 26 [ [ I
accuracy. Whole Whole NoProp NoProp Std-kNN Std-kNN: LQ-kNN LQ-kNN
==> Our method allows to increase the classification B GCE GCE 'SEO :;,(2;05 KCE ("_?C%
accuracy by 6 % with respect to using a reduced dataset (no
P ¥ y) P g ( HITS Datasets
propagation 114
Results
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I Subject Metadata : | N} : ata 02’," o !
I 00008 SROL007 Wiz pd .
l Recording Metada | ! : (physician) Physician :
"""""""""" = \ Interface |
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I Model development }' modification
I
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' B =i :
: . . B= Dataset 1 _
. | L_Trained Model ¥ =2 = " description 1 |
I — |1 Experiment HDF5 File:  Ifile generation| Local PC [« ' Processed data !
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I
| Figures and ! 1
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I
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A
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Database Creation

Data and model
storage

Figure — Data pipeline. Two types of data : raw and derivative.

Data
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Data upload
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Auto-encoders architectures
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Encoder

Decoder
/”’—— \
Input: 224 x 96 x 3 E1l: 112 x48 x 16 E2:56x24x 8 D2: 56 x 24 x 8 D1: 112 x 48 x 16 Reconstruction: 224 x 96 x 3
= | . 1 ] —— 1 1 . 1
I = -
28x12x4

! )

> : Conv 3x3 + BatchNorm + Leaky RelLU + Max Pooling
> : Deconv 3x3 with stride 2 + BatchNorm + Leaky RelLU + Interpolation
» : Deconv 3x3 with stride 2 + BatchNorm + Sigmoid + Interpolation

Figure — Convolutional auto-encoder for the HITS dataset.

Encoder Decoder
/-—-—-__’-__f \ -
Input: 20 x 20 x 1 E1l: 16 x 10 x 10 E2:32x5x5 D2:32x6x6 D1: 16 x 12 x 12 Reconstruction: 20 x 20 x 1
= =! ! E3: 64 x3x3 D3: 64 x3x3 [—1 L
—I_I —I'I
— = Bottleneck: [T %
T ([, s2x:
.___ '-._-- L -_.___ ___

— > : Conv 3x3 with stride 2 + BatchNorm + Leaky RelLU + Conv 3x3 with stride 1 + BatchNorm
—— ! Fully Connected Layer + Leaky RelLU

———: Fully Connected + Reshape to 64 x 3 x 3
—— : Deconv 2x2 with stride 2 + BatchNorm + Activation + Deconv 3x3 with stride 1 and padding 1
——  : Deconv 2x2 with stride 2 + BatchNorm + Leaky RelLU + Deconv 3x3 with stride 1 and padding 1 + Sigmoid + Interpolation

Figure — Convolutional auto-encoder for the OrganCMNIST and MNIST datasets. 7
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Classifiers architectures

Encoder

CR=ATIS

Classifier
-—'_-______7 ‘—_-__—-—'—-_______._—
Input: 224 x 96 x 3 ) E1: 112 x 48 x 12 E2: 56 x 24 x 24 ~
I'. | E3: 28 x 12 x 48 FCL:3x1
% E4: 14 x 6 X 96
— 1 CONV 3X3 + BatchNorm + Leaky RelU+ Max Pooling
— 1 FUlly Connected Layer + Dropout (p = 0.2)
Figure — Convolutional classifier for the HITS dataset.
Encoder Classifier
Input: 20 x 20 x 1 E1l: 32x 9 x9 E2: 16 x 3 x 3 Cl:10x1
- 1 4 1 ! 1 1
1 1 1
1
1
> - > >

L
r gl
»
>

: Conv 3x3 with stride 2 + ReLU+ Max Pooling

: Fully Connected Layer +RelU + Dropout (p = 0.5) + Log Softmax

Figure — Convolutional classifier for the OrganCMNIST and MNIST datasets.
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Semi-automatic data annotation based on feature space projection and local quality metrics:
An application to Cerebral Emboli characterization

Context TCD-X from Atys Medical

arotid Stenosis | } 2
Prevention: | :

How to label them
efficiently to train a
&= Deep Learning

High Intensity model?
Transcient
Emboli Signals
Detection -
Proposed LQ-KNN method Annotation Results
( \ / \ / \ Propagation Hyper- Annotation # Labeled
Method parameters accuracy Samples (%)
OPF-Semi - 78.4 100
=

([ ] [5) ([ ]

¢ ° ° e ° Std-KNN K=5 82.1 96.0
° ] 3
° K=10 81.4 99.6
° °

o ® o o LQ-KNN K=5, t=0.1 82.8 94.5
/ k H / K=10, t=0.1 82.7 98.5

Classification Final Classification Results
Robust Loss Labeled Data Annotation Loss Function Classification
dataset Method Accuracy
Prediction o e © No Propagation CE 82.2
Vo A 2! GCE 81.4
LJ LQ-KNN CE 85.9
GCE 87.9
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Model Features Fusion F1 Score
1D CNN-Trans. Raw Signal - 99.16 £0.22
":r'l Lk
0 P 1 ’%‘ Pl 2D CNN TFR . 98.51 +0.61
L NP T
é‘T\ AR Ahmad et al. (2021) GAF 98
98| 17 9 ] MTF
gy - ==y et RP
.| = I o s
e i b <= Late Fusion (MLHC) Weight. Sum 99.65+0.10
0 o l
S
96 ? Late Fusion (ours) 99.22 +0.25
% Ours (No Reg.) Cat. 98.60  0.22
Both
94 Ours (No Reg.) Weight. Sum 98.64 £0.25
o}
1D CNN 2D CNN Late Late ours ours ours ours Ours (Reg.) Cat. 99.64 = 0.05
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FIGURE - Comparison of the classification performances of different single
and multi-feature models on the PTB dataset
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Late fusion weights interpretability

Class Spectrogram  Raw Signal -
Class Spectrogram  Raw Signal
Artifacts 0.46 £0.29 0.54 +0.29
Normal 0.49+0.12 0.51+0.12
Gaseous
Emboli 0.65+£0.17 0.35£0.17 Abnormal 0.18+0.10 0.82£0.10
Solig Emboli me-,gﬁt-g;loir 015\ rq 0.29£0.15 Attention weights for the PTB
dataset dataset
Class Spectrogram  Raw Signal
N 0.48 +0.01 0.52+0.01
S 0.50+0.01 0.50+0.01
Vv 0.50+0.01 0.50+0.01
F 0.49 + 0.02 0.51 +0.02
Q 0.50 + 0.003 0.50 + 0.003

Attention weights for the MIT-BIH
dataset 141
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Experlment noise tolerance on HITS-sada

Objective:

e Study the robustness of GDEC to noisy
labeled datasets.

Datasets:

HITS-sada:

« 8 685 samples.
* Three classes.
« Sampling frequency: 4385 Hz.

||I|Hl.|| i Hu,.
Y”IIW T

' « TCD semi-automatically labeled data.

Metrics:

e Mathews Correlation Coefficient (MCC).

e F1-Score.
e Number of parameters.
e Number of mult-adds.

Loss function:

Class Number of samples |

Artifact 6 987
Gaseous Emboli 1002
Solid Emboli 696

CHASER CRE=ATIS
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MCC F1-Score Accuracy No. No. mult-adds
Parameters (G)
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FIGURE - MCC of the multi-feature classification model on the HITS dataset for different
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Robustness DEC Imbalanced Datasets

lrezia —

Noise Rate Clean Samples GDEC Loss MCC Noise Rate Clean Samples GDEC Loss MCC
Yes No 97.08 = 0.53 Yes No 96.98 = 0.35
Yes CE 99.32+0.17 Yes CE 99.30+0.19
No No 88.61+0.74 No No 78.55 +1.45
5 Yes 93.13 +0.31 10 Yes 82.30+1.15
Yes No 96.58 + 0.49 Yes No 96.27 + 0.59
Yes 98.37£0.27 Yes 98.57 £ 0.36
No No £%12 94.10 £ 1.09 No No £e12 90.22 = 1.30
Yes 96.70 = 0.54 Yes 91.90+1.18
Noise rate of 5 Noise rate of 10
% %
Noise Rate Clean Samples GDEC MCC

Yes No 96.96 + 0.54

Yes CE 98.99 £ 0.27

No No 59.98 £ 1.98

20 Yes 63.77 £ 2.08

Yes No 95.66 + 0.70

Yes 97.84£0.52

No No G1= 71.63+2.52

Yes 71.66 = 3.48

Noise rate of 20

%

Table - MCC of the multi-feature classification model on the PTB dataset for different

levels of label noise.
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Soft labelling
Dataset Soft Labels Mean MCC Median MCC
No 86.13 = 3.80 87.76 = 1.85
Yes 87.03 = 3.55 87.47 +1.75
No 85.92 = 1.79 86.01 = 0.82
Al Sl Yes 86.52 + 3.73 87.63+0.86
No 92.50 = 1.36 92.74 + 0.95
Yes 93.12 = 1.00 92.59 = 0.11
No 85.49 = 0.77 85.49 = 0.77
Al LElEE Yes 86.77 + 0.96 86.35 + 0.49
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Datasets MLHC 2022

HITS: Class Number of
samples

* TCD Data.
« 1545 samples. Artifact 403
* Three classes. Gaseous Emboli 569
 Sampling frequency: 4385 Hz.

Solid Emboli 569
PTB: Class Number of
* ECG Data. samples
* 14 552 samples. Normal 10 506

* Two classes.
* Sampling frequency: 125 Hz.

Abnormal 4 046

Class Number of
MIT-BIH: samples

« ECG Data. N 90 589
* 109436 samples. S 2779
* Five classes.
« Sampling frequency: 125 Hz. \Y 7226
F 803 -
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Experimental Setup MLHC 2022
Objective:

e Comparison to single feature models.
e Comparison to SOTA models.

Models:

e Single feature models : 1D CNN-Transformerand 2D
CNN.

e SOTA :Vindas et al., 2022 (HITS) and Ahmad et al.,
2021 (ECG).

Loss function:
e Cross Entropy Loss.

Optimizers:

e ADAM. }Forimbalanced
e« NOAM. datasets
Metrics:

156
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Results ML 2022
Dataset Model MCC F1-Score Accuracy
AD NN (Pl 85.53 + 2.98 85.68 +2.31 89.48 +2.06
work)
HITS 1DCNN-Transformer 80.29 £1.83 85.36 £1.09 87.37 £1.23
2D CNN 85.03 +3.06 86.88 +2.38 90.55 +2.12
Hybrid 89.33+2.77 91.15+1.97 93.39+1.74
MIF (Ahmad et al.,
2021) - - 98.4
MFF (Ahmad et al., ) ) 99.2
PTB 2021)

1DCNN-Transformer 97.92 £0.28 98.96 +0.14 99.16 =0.11
2D CNN 93.42 +2.27 96.66 +1.20 97.32 +0.91
Hybrid 99.29 +0.21 99.65 +0.10 99.71 +0.08

MIF (Ahmad et al., 2021) - - 98.6

MFF (Ahmad et al., 2021) - - 99.7
MIT-BIH 1DCNN-Transformer 93.17 £0.70 89.44 +0.99 97.87 £0.24
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Results ML 022
Dataset Model MCC F1-Score Accuracy
ADENIN {previeUE 85.53 + 2.98 85.68 = 2.31 89.48 = 2.06
work)
HITS 1DCNN-Transformer 80.29 +1.83 85.36 = 1.09 87.37 £1.23
2D CNN 85.03 +3.06 86.88 £2.38 90.55+2.12

L

MIF (Ahmad et al.,

2021) - - 98.4
MFF (A;On;a1d et al., ) ) 99.2
= o )
1DCNN-Transformer 97.92 £0.28 98.96 £0.14 99.16 £0.11
2D CNN 93.42 +2.27 96.66 +1.20 97.32 +0.91

- MIF (Ahmad et al., 2021) - - 98.6

Using both reprgg:é:ﬂmei%re@gé)che classification performances of the model in the threggazasets
MIT-BIH 1DCNN-Transformer 93.17 £0.70 89.44 +0.99 97.87 £0.24 158
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Results ML 2022
Dataset Model MCC F1-Score Accuracy
2D CNN (previous 85.53 + 2.98 85.68 +2.31 89.48 +2.06
work)

HITS 1DCNN-Transformer 80.29 £1.83 85.36 £1.09 87.37 £1.23

2D CNN 85.03 =3.06 86.88 =2.38 90.55=+2.12

Hybrid 89.33 +2.77 91.15+1.97 93.39x1.74

MIF (Ahmad et al.,
2021) - - 98.4

MFF (Ahmad et al., 1." '~,_ 1.“ 'x_ 99;2“ 'x_

PTB 2021) *euns’ *enns’ *eune

1DCNN-Transformer 97.92 +0.28 98.96 +0.14 99.16 +0.11

2D CNN 93.42 +2.27 96.66 = 1.20 97.32 +£0.91

Hybrid 99.29 +0.21 99.65 +0.10 99.71 :0.08
“ll.‘ “ll.‘ .‘l..‘
MIF (Ahmad et al., 2021) 4 . + N o8s 5
".l’. ".l’. ". -’.

More stable motfEfM¥BALEHA 2 A%bHity), except forthe HITS dataset. - 99.7

MIT-BIH 1DCNN-Transformer 93.17 £0.70 89.44 +0.99 97.87 £0.24 159
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Results ML 2022
Dataset Model MCC F1-Score Accuracy
AD NN (Pl 85.53 + 2.98 85.68 +2.31 89.48 +2.06
work)
HITS 1DCNN-Transformer 80.29 £1.83 85.36 £1.09 87.37 £1.23
‘ 2D CNN 85.03 =3.06 86.88 +2.38 90.55 £2.12
Hybrid 89.33 +2.77 91.15+1.97 93.39+1.74
MIF (Ahmad et al.,
2021) - - 98.4
MFF (Ahmad et al., ) ) 99.2
- PTB 2021)
1DCNN-Transformer 97.92 £0.28 98.96 +0.14 99.16 =0.11
2D CNN 93.42 +2.27 96.66 +1.20 97.32 +0.91
Hybrid 99.29 +0.21 99.65 +0.10 99.71 +0.08
MIF (Ahmad et al., 2021) - - 98.6
State—of—the—artmglsztsﬁgmo%dt%ca)ldaztoazgéts. ) ) 99.7
MIT-BIH 1DCNN-Transformer 93.17 £0.70 89.44 +0.99 97.87 £0.24
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Experiment 2: Influence of the fusion layer
MLHC 2022
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Experimental Setup MLHC 2022
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Objective:
e Comparison to intermediate fusion models.

Models:

e Concatenation.
e Sum.

e Weighted sum.

Loss function:
e Cross Entropy Loss.

Optimizers:
e NOAM.
For imbalanced
Metrics: datasets
* Matthews Correlation Coefficient (MCC).
* F1-Score.

[
Accuracy. .



((c=))

g \[[e A
reia - INSAGE ASER  CREATIS
Results MLHC 2022
Dataset Fusion Type MCC F1-Score Accuracy
Concatenation 84.96 + 2.54 86.37 £2.11 90.62 =1.65
HITS Sum 89.04 =1.98 90.23 £1.71 93.16 £1.29
Weighted Sum 86.31 £2.80 87.73 £2.32 91.31 £1.92
Hybrid 89.33 +2.77 91.15+1.97 93.39 +1.74
Concatenation 92.91 +2.61 96.42 +1.33 97.11 £1.05
Sum 92.12 +2.33 96.02 +1.19 96.78 + 0.99
P1B Weighted Sum 92.74 +2.01 96.35 +1.00 97.06 =0.81
Hybrid 99.29 +0.21 99.65 +0.10 99.71 +0.08
Concatenation 91.51+£0.79 86.93 +1.10 97.42 +0.27
MIT-BIH Sum 91.89 +0.47 87.50 £ 0.87 97.55+0.15
Weighted Sum 91.56 +£0.72 86.70 £1.13 97.44 +0.24
Hybrid 94.63 +0.29 91.28 +0.54 98.37 £0.09
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Results MLHC 2022
Dataset Fusion Type MCC F1-Score Accuracy
Concatenation 84.96 + 2.54 86.37 £2.11 90.62 +1.65
Sum 89.04 +1.98 90.23 £1.71 93.16 £1.29
HITS Weighted Sum 86.31 +£2.80 87.73 £2.32 91.31 £1.92
SEE— Hybrid 89.33 x2.77 91.15x1.97 93.39:x1.74
Concatenation 92.91 +2.61 96.42 +1.33 97.11 £1.05
Sum 92.12+2.33 96.02 +1.19 96.78 + 0.99
P1B Weighted Sum 92.74 +2.01 96.35 +1.00 97.06 =0.81
Hybrid 99.29 +0.21 99.65 +0.10 99.71 +0.08
Concatenation 91.51+£0.79 86.93 +£1.10 97.42 +0.27
— MIT-BIH Sum 91.89 +0.47 87.50 £ 0.87 97.55+0.15
Weighted Sum 91.56 £0.72 86.70 £1.13 97.44 +0.24
Hybrid 94.63 +0.29 91.28 £0.54 98.37 +0.09
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Results MLHC 2022
Dataset Fusion Type MCC F1-Score Accuracy
Concatenation 84.96 +2.54 86.37 £2.11 90.62 +1.65
g Sum 8904s1e  9023x171  93.16:120

Weighted Sum 86.31 +£2.80 87.73 £2.32 91.31 £1.92

Concatenation 92.91 +2.61 96.42 +1.33 97.11 £1.05

oTR Sum 92.12 +2.33 96.02 +1.19 96.78 + 0.99

Weighted Sum 92.74 +2.01 96.35 +1.00 97.06 =0.81

Hybrid 99.29 +0.21 99.65 +0.10 99.71 +0.08

Concatenation 91.51 £0.79 86.93 +1.10 97.42 +0.27

Sum 91.89 +0.47 87.50 +0.87 97.55+0.15

MIT-BIH
Weighted Sum 91.56 £0.72 86.70 £1.13 97.44 £0.24

For the HITS dataset: tq%,itg\rti%rm ediate sum fu@&re@gt@ggl achieve sér.p i% g%rfs%rmances §§t§? liaa')e09

—hybrid fusionmethod
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Results MLHC 2022
Dataset Fusion Type MCC F1-Score Accuracy
. HITS
Hybrid 89.33+2.77 91.15+1.97 93.39+1.74
PTB
- Hybrid 99.29 +0.21 99.65 +0.10 99.71 +0.08
MIT-BIH

. The other fusion mel_pgda have S|m|lar perg)drggncg gor the threg,fjitg _96[%4 98.37 +0.09

ATIS
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Results MLHC 2022

Class Spectrogram  Raw Signal -
Class Spectrogram  Raw Signal
Artifacts 0.46 £0.29 0.54 +0.29
Normal 0.49+0.12 0.51+0.12
Gaseous
Emboli 0.65+£0.17 0.35£0.17 Abnormal 0.18+0.10 0.82£0.10
Solig Emboli meigr?t-gﬂoi; 015\ rq 0.29£0.15 Attention weights for the PTB
dataset dataset
Class Spectrogram  Raw Signal
N 0.48 +0.01 0.52+0.01
S 0.50+0.01 0.50+0.01
Vv 0.50+0.01 0.50+0.01
F 0.49 + 0.02 0.51 +0.02
Q 0.50 + 0.003 0.50 + 0.003

Attention weights for the MIT-BIH
dataset 168
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Contribution 3 : Model compression based on extreme quantization
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General Overview

Trained ternary
quantization (TTQ)

, Differentiable pruning function
Deep Compression

Gong et al.
Kinf2Hdee  ©

.................. : Xuetal. (201877 e Jietal.
----------- ~<Hanetal. .

..

Hoefler et al.

.
.....

: ; N A O e 2021 (
....................................... 1 eEpl. (2016 Ha(n et al. Has
Zhang et al. Bhalgatetal. (X@hBet al. (202 FECEL L

Mariet and Sra
(2016)

(2Bt al. (DY et al.

Zhou et al.
Rerdpgari et al. (2020 e

Luo et al. (2017)

Hessian based
metric for mixed
quantization 170
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Quantization principle

Quantization operator

lrezia —

Full precision FP32 weights L Quantized weights
with values between [a, b] encoded using n bits

A N :Q:' ’L\
(\v_\!} — —> (\\/!91

« Continuous » values Discrete values

* Clipping range :interval [a, b]where the values of W live.
e Calibration : step of clipping range search.

* Scaling factor S : Number of partitions of the clipping range to use.
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Differentiable pruning function
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(b)

N W

p(x,2, 100)
o -

—_—

Vx,t, € R,p(x;t,a) = [ReLU(x —t)+tXo(aXx (x—1)] +[-ReLU(—x —t) —t Xo(a X (—x —1))]

Figure — Differentiable pruning function (Manessi et al. 2017) 17
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Uniform vs non-uniform :

+ Easier to deploy 4‘ + Higher
- Worst classification | classification

performances . [ R performances
r ,—‘ | r - More difficult to

’7 deploy

Uniform Non-
uniform
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Symmetric vs asymmetric :

Symmetri Asymmetric
a=-1 0 SZ g =15
40— —-—-=-9 ¢ .————O--P r «————0 ¢ —=—==0» T
Q
—-127 0 —128 0 127
+ Easier to implement + Better classification performances
+ Reduce computational cost + Adapted for imbalanced weights/activations
- Not adapted to imbalanced - More difficult to implement
weights/activations - More computationally expensive 174

- Worst classification performances
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Static vs dynamic (w.r.t. clipping range) :

Static Dynamic
Clipping range pre-computed before inference Clipping range computed dynamically during
inference
+ Less computation resources + Higher performances
- Lower performances - Computationally expensive
==>Most commonly used

175



((c=)

L INSTITUT NATIONAL )
leeian INSH o GHASER - CREATIS
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| Convolutional layer | :
I .."..“‘ Q I
I : s
. '
: i |
ccom. | Al .
I Cconv. : :
filters * : I |
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S Input conv. Output conv.
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Quantization

QAT vs PTQ vs ZSQ .

Quantized Aware Training Post-Training Quantization
Pre-trained model Pre-trained model ] [ Calibration data
,l. Training data
Quantization Calibration
Retraining / Finetuning Quantization
Quantized model Quantized model

+ Higher classification performances + Does not modify the training procedure
~ Be careful with gradient computation - Lower classification performances

- Expensive during training

INSA. " CHASER CREATIS
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* QAT vs PTQvs Z5Q :

 Zero-Shot Quantization:

* No need of training, validation or testing data.
* Good when we do not have access to the original training data.

 Can be mixed with QAT and PTQ:
* No data + fine-tuning ==>/5Q + PTQ.
* Correcting biases introduced in the quantized weights.
* No data + fine-tuning ==>/5Q + QAT
* Ex.: use of synthetic data.
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Stochastic vs deterministic :

Stochastic Deterministic

W with probability p

QW)= - Q(W) =wq
Wy with probability 1-p

+ Higher classification performances + Less computationally expensive

~ Choice of the stochastic strategy + “Easier” to optmize

- Overhead due to the generation of random - Lower classification performances
numbers
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Simulated vs Integer-only :

Full precision

FP32 Weight FP32 Activation

Multiplication (FP32)

¢ EP32

Accumulation (FP32)

v
FP32 Activation

Simulated Integer Only
INT4 Weight INT4 Activation INT4 Weight INT4 Activation
4 Dequantize 4
Il FP32 v
Multiplication (FP32) ) i Multiplication (INT4) |
y FP32 + INT4
Accumulation (FP32) Accumulation (INT32)
4 FP32 4 INT32
Requantize Requantize
v v
INT4 Activation INT4 Activation

Simulated : Integer-only :
+ Better classification performances + Benefits from low-precision logic
- Does not benefit from low-precision logic - Lower classification performances 180

- Most works are limited to ReLU activations
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Mlxed precision :

Reinforcement

learning approaches.

- NAS approaches.
- Regularization
approaches.

- Hessian approaches.
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(/’f

Inference Latency

B INT8 mINT4

;;

......

Balancethe
Trade-off

128 128

4 [ conv6/7
6161 6161
conv2/3 conv4/5
(4 Bits) (4 Bits)
(8Bits) (8 Bits)

o8 128
conv8/9

Las{Log)

@ensitivity: Flat vs. Sharp Local Minima\

Loss{Log)

T2 512
convl6/17

FC&softmax
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Figure — Hessian aware trace weighted quantization (HAWQ) for mixed quantization (Dong et al. 2020) 182
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4TH Brock Tr(H,) = 8.8c — 2

16TH BLock Tr{Hys) = 3.6e — 4

Average Hessian Trace—

(=)

A

CHASER CREATIS
HAWQ

101

1074

-1

107

—e— RusNET50 oN IMAGENET —

528D Brock Tr(Hs.) = 1.3e — 3

1 6 11 16 21 26 31 36 41 46 51
Blocks—

Figure - Hessian aware trace weighted quantization (HAWQ) for mixed quantization (Dong et al. 2020)
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> Full precision weight tensor
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Compression evaluation metrics

Sparsity-based metric  Futlprecision model
Function counting the number of quantized
[ Qfantized model weights having a value of 0
......... "t
SRQW(_MFPqMc) - iz Mc)
ingw(Mpp)

*
o .
L as?®

Function counting the number of weights that can be quantized

Compression-based metrics

Function counting the number of bits necessary to store the weights (using
COO sparse storage format)

o
T ’LtS:(MQ) : CRG(MFPaMQ) =1 — CR(MFPaMQ)

CR(Mpp, M) = nbits(Mpp)
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Energy consumption evaluation metrics

Energy of mult-adds

Number of nonzero mult-adds

e
.....

.
o’
-

ECya(M) = Nagi X3.7x 10712

*
*
.....
L .
""""""
--------------

Order of magnitude of the energy cost of a 32-bit multiplication (Horowitz et al. 2014)
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Energy consumption evaluation metrics

Energy of data transfers

lrezia —

Number of layers

th Jol Current Number of bits necessary to
n eino © layer encode the weights of the layer
409 Zp inzw(Li) xBit i

=1 &
Order of magnitude of data transfers to / Number of scaling factors

memory from Molka et al. (2010) b
Function counting the number of nonzero weights
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Energy consumption evaluation metrics

Energy of data transfers
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---------------
+* S

Full precision wegihts: B, +—— L, : L,
NO Scaling faCtorS: ﬁsz E 0.3 -1.2 E E‘ --------- - ---------- E E‘-----l-=- ------ E > FullpreCiSion Wegihts:
SF : P L0 W14 iy pug gcaling factors:
Nonzero weithgd «——— 221240 T o i wy=07 8 '
nnzw(L,) = 5 C 0o | o9 |: o ¢ T M. NQ,F?ZBQ) weithgs:
)=

nnzw(L,) =4

Input Output
Layer 1 Layer 2
Unquantize Quantized
B nnzw(L1) X By dnzw(Ls) X Bs B 5 x 32 4 x 2
ECpr(M) =107 x (] 39 1+ Ngp) + (] 39 |+ N =107 x ([ 32 1+0)+([3—2W+2)]

=109 % [(5+0)+ (1 +2)]=8x10"? J
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Compression evaluation metrics

y 4
(rreia—
Compression-based metrics

Function counting the number of bits
Full precision (FP) I—-» necessary to store the weights (using
model | [ s COO sparse storage format)

........ . nbztS(MQ)
: ' nbzts(MFP)

Quantized model

CRG(MFP,MQ) =1 - CR(MFP,MQ)

> The higher the better
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Energy evaluation metrics
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Energy consumption

Energy consumption due to
Multiplications and Additions (MA).
* Takes into account sparsity

t .

...............
( 3d ]
.* ‘e
. .

ECrotat(M) =ECya(M)i+ ECpr(M} inJoules

. -

. . .
L . .
L] . L] .
........
------------------------

Energy consumption due to
Data Transfers (DT)

* Takes into account sparsity
AND reduced precision

‘EOTotal(MFP) — ECTotal(MQ)l
ECTOtal M ,M _
‘ 5 ( Hr Q> EOTotal(MFP)

>The higher the better
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Energy consumption evaluation metrics

Total energy

Takes into account sparsity

-----------------
...........................
.
.......
*

.
"
. .

. .

- o .
..........
..................
--------------------------

Takes into account sparsity AND reduced precision

|[ECT(Mpp) — ECT(Mc)|
ECr(MFgp)

ECL(Mpp, Mc) =

» Takes into account sparsity

> The higher the better
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Experiment: SOTA comparison
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@ 1394
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® 8
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@ 28
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Figure — Comparison of aTTQ with FP and TTQ
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® 2D CNN
@ 1D CNN trans.
aTTQ QJ 88.48
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)
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-3 @ 2496
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AMCC

()
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Conclusion

Experiment: SOTA comparison

=NATIS

ESR
TTQ
, OﬁTTQ . 85.61 CRs (%)
@ 11.40 ® 15
® 30
1.5/ @ 45
@ 6o
1.0{ @ 21.02 ® -
aTTQ
@ 2D CNN
0-5] @ 1D CNN trans.
0.0
aTT :
_0.5:,‘ .............................................................................. Q. .‘..L,L-884‘8
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e — B

anns

‘ alTQ always have higher energy consumption gains compared to TTQ.
Figure — Comparison of aTTQ with FP and TTQ
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|
mmm) o7 7Q always achieves higher sparsity rates compared to TTQ.

Figure — Comparison of aTTQ with FP and TTQ
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Experiment: SOTA comparison
HITS | ESR
................. l
TTQ : TTQ ’
® 0.14 R | TTQ @s6  crw
0 ® 8 ’ . 2% e 11.40 o 15
@ 16 @® 30
@ 2 I 1. @ 45
L1 @ 13.94 @ 32 I @ ¢6o
aTTQ @ +o 1.0 ® 2102 ® 5
P9 | S aTTQ
£ @ 2D CNN = @ 2D CNN
. = @ 1D CNN trans. l < 0 @ 1D CNN trans.
TTQ
- -3 @ 2296 I 0.
; aTTQ I |
. @ 28 . _ g5 aTTQ (@) 8848
S ennnnnrnnn st '0 10 20 30 40 I "............!.."o 1'0 2'0 3'0 4'0 5'0 6'0 7'0 8'0
EC, : EC;

‘ Both alTQ and TTQ perform similarly than the FP model in terms of classification
Figure — Comparison of aTTQ with FP and TTQ
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- TTQ tend to have slightly higher classification performances than alTQ
Figure — Comparison of aTTQ with FP and TTQ
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Experiment: SOTA comparison
Dataset Model | Quant. method | CRL 1 CRCT | SROW?T | ECLT | MCCT |AMCC?T
FP - - i - 89.84 + 3.09 i
D CNN DoReFa [21] | 89.18+0 96.87 0 - 3540 | 85.05+596 | —4.79
TTQ [16] 2496+2725 | 27.12+2.44 | 2896+2.12 | 2342+130 | 8682+229 | —3.02
HITS aTTQ 4298+ 023 | 4669+ 025 | 4595+021 | 4404019 | 8614337 | —3.70
FP - i - - 8264+ 1.77 -
D CNNotran. | DOReFa 211 1450+ 0 96.87 + 0 - 037+0.03 | 8407311 | +143
' TTQ [16] 0.14+0.04 | 091027 | 675+026 | 1.88+0.03 | 83.22+2.36 | +0.58
aTTQ 13.94+002 | 93.17+0.16 | 9353+015 | 764011 | 81.66+4.17 | —0098
FP - i - - 92.81 + 3.53 i
2D CNN DoReFa 211 | 9640+ 0 96.87 + 0 - 2990+0 | 9412087 | +1.31
TTQ [16] 8561 =137 | 86.03+137 | 8659129 | 7645+ 1.13 | 9500 = LI1 | +2.19
ESR aTTQ 8848+ 044 | 8891045 | 8930+042 | 8449+033 | 92412222 | —040
FP - : - - 9433+ 1.51 -
D CNNotrans. | DOREFa 2T | 23460 96.86 + 0 - 090=0 |9679+055| +246
' TTQ [16] 1140+ 261 | 47.07 £ 10.79 | 5022+ 10.16 | 321+ 0.66 | 96.25+0.79 | +1.92
aTTQ 2102+ 015 | 86.78+0.63 | 8759059 | 537+004 | 9534079 | +1.01
FP - i - - 9439 + 0.46 i
DoReFa [21] | 51.67+0 96.84 + 0 i 328=0 | 8703714 | —736
MNIST | 2D MNIST NN —— s e 1386 £ 233 | 25972437 | 304024.12 | 258035 | 92.09% 080 | —2.30
aTTQ 2898+ 126 | 5432+236 | 57082222 | 497022 | 9362096 | —0.77

Table — Comparison of aTTQ with other quantization methods
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Experiment: influence of normalization

lrezia —

Objective: 20309V 7%  MNIST subset:
2222232722221 2222A%
. . . 3333333353>3333333
e Study the influence of normalization on alTQ. Hereauidrya Ny o8yo8 images.
b 66 bbobbbaecedébtool .
TR7977771097T20712%777 Zoooosamples'
Datasets: ys w83, 3P89 2¢3 o Tenclasses.
?199999%9499%49499 9
HITS:
Metrics:
« TCD Data.
* 1545 samples. e Mathews Correlation Coefficient (MCC).
* Three classes. e CRg.
« Sampling frequency: 4385 Hz.
ESR: Models:
« EEG Data. e 2D CNN.
==+ 11 500 samples. e 1D CNN-transformer.

« Two classes.

« Sampling frequency: 174 Hz. Loss function:
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Experiment: influence of hormalization
HITS | ESR | MNIST
100
e il
Sl
80
o 60
20
--- No
0————-| Yes
2D CNN 1D CNN 2D CNN 1D CNN 2D CNN

Transformer Transformer

Figure — Influence of normalization on aTTQ from the classification perspective 199
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Experiment: influence of hormalization
HITS | ESR | MNIST
0.9
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SRQW in %
o
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R
0.6 1
S
g:;_‘\‘ o)
0.5 --- No
-T_Tn, | | | ———!Yes
2D CNN 1D CNN 2D CNN 1D CNN 2D CNN

Transformer Transformer

Figure — Influence of normalization on aTTQ from the sparsity/compression perspective 200
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Experiment: influence of t,, and t
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Objective: Metrics:
e Study the influence of our trade-off parametrization e Matthews correlation coefficient (MCC).
e Sparsity rate of the quantized weights
ESR: (SRQW).
« EEG Data.
e * 11500 samples. Model:
* Twoclasses. e 1D CNN-transformer.

Sampling frequency: 174 Hz.

Loss function:

Figure - SMCC and SRQW for different values of t,,;, and t,,,. 201
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Experiment: influence of t.;,, and t,..,

lrezia —

Objective: Metrics:
e Study the influence of our trade-off e Mathews Correlation Coefficient (MCC).
parametrization t,;, and t,,. * CRg.
Datasets: Models:
ESR:

e 2D CNN.
e 1D CNN-transformer.

 EEG Data.

« 11 500 samples.

« Two classes.

« Sampling frequency: 174 Hz.

Loss function:

* Cross entropy (CE)

0000006002 p0O02 000

L O R O O A NP2 A U B B W MNIST subset:
2222232222222 222
3333383393>3333333

H# 944949 F5d49 48y -
sssssssssssesrses ° 28X28Images.
Lebblcbbbecoesbeel
T797777117T9012%777 20 000 samples.
¥3 7883 P FTEPTTYLCD e Ten classes.

S EEEEEEESEEER LR
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Experiment: inf
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Figure - SMCC and SRQW for different values of t,,;, and t,,,.,. 203
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Pruned trained ternary guantization (pTTQ)

Full Precision
Weights tensor w

-1.9 1.5-13 -0.6
-1.8 0.4 0.6 1.9

0.8 0.6 0.1 -0.3

4|07 1.6 -0.8 0.5

Optional for pTTQ

Normalized
Weights tensor wn

-1 0.8 -0.7-03
09 02 03 1

0.4 03 0.1-0.2

4| 0.4 0.8-0403

Pruned Weights
tensor w,

Ternary Weights
tensor

Gradient 1

Final Ternary

We

f |
| .
I = f :
1f . I I !
1 = I o | !
I = 1 3 | I
w— Q. I
I = | o | :
= o i 1 3 1
: | | : By , LR -
I Al 1 - ' I I |
! — = 13 1 ! '
I = 1 | I !
I - = 1 I
1 . I
1 L . = e /
\ L . = Differentiable pruning 4
: \ TTQ pruning function - RinGOce e i) 4

ights tensor w;
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Pruned trained ternary guantization (pTTQ)

lrezia —

. . Slope of thresholding
Pruning function:

P(W; tin, tmae, @) = RELU (W= (tmae )+ D (Emaa) # S{Q K (0= Ay (tax)))
— ReLU(—w —iA {tmin)) — Au(tmin) £ Slov % (=0 — Ay (tin)))

..[" ..l“

Ay st =it txds:

function
’..[" Q.I‘o

Mean Standard

deviation 205
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Pruned trained ternary guantization (pTTQ)
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Gradients: Heaviside
function

1

6‘ Ry * I :
D (W tmin, tmaz, ) = Oy x’.{ﬁr‘g—w — AL — o x Slax (—w—AL™))

atmin
+ Oy X ¢ X ﬁﬁrin e S(Q pd (—“{L? — A?Uzi-n)) v (1 . S(—’EL* . A?Ulin))

dp
atmin

(u};tmin:tﬂlﬁrfa) = —0, X H(U_} — AEIEIE) —l_Jw ¢ 51'(& v ('LU — Aﬁﬂm))

— o X AT xS x (w = AZ)) x (1= S(w — AZ))
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Pruned trained ternary quantization (pTTQ)
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(a) | (b)

3|
2.
N
~N 0
X,
Q.1
21
-3 :
0 1 t=2 3 2 1 0 1 t=2 3
X X

Figure — Examples of pruning functions for different thresholds and values of a
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Dataset Model Quant. method CRL 1 C'Rff: 0 SROW ECL 1 MCC 1 A MCC T
FP - - - - 89.84 4+ 3.09 -
. 1 DoReFa 89.18+0 96.87T+0 - 354+0 85.05 + 5.96 —4.79
2D CAN TTQ 2496 £225 | 2712244 | 2896212 | 25,42+ 1.30 | 86.82 4+ 2.20 —3.02
pTTQ 75.54 £3.39 | 82.06 £ 3.69 | 83124347 | 75.53 +£1.53 | 89.33 £4.45 —0.55
HITS FP - - - - 82.64 4+ 1.77 -
o _ DoReFa 1450+ 0 96.87 0 - 0372003 | 84.07x3.11 +1.43
tD CRR-trans. TTQ 0.14 £ 0.04 0.91 +0.27 6.75 = 0.26 1.88+0.03 | 83.224+2.36 +0.58
pTTQ 837+ 0.05 | 55.80 £ 0.3/ | 58.50+0.32 | 201 +0.05 | 85.12+1.94 +2.48
FP - - - - 02.81 £ 3.53 -
‘ 1 DoReFa 96.40+0 96.87+ 0 - 29.90+0 94.12 £ 0.87 +1.31
2D CAN TTQ 85.61 £1.37 | 86.03+1.37 | 86.50+£1.20 | 76.45 +1.13 | 95.00 = 1.11 +2.19
pTTQ 93.35 £ 0.96 | 93.80 + 0.96 | 9417+ 0.91 | 90.32 +£0.69 | 92.23+2.32 —0.58
HoR Fp . - - . 04.33 & 1.51 .
N DoReFa 23.46 =0 96.856 £ 0 - 090 +£0 96.79 = 0.55 +2.46
1D CRR-trans. TTQ 1140+ 2.61 | 47.07 £ 10.79 | 50.22 £ 1016 | 3.21 £ 0.66 | 96.25+0.79 +1.92
pTTQ 2386 4+£0.04 | 9854+ 0.16 | 98.67+0.15 | 6.04+0.01 | 96.35 £ 0.95 +2.02
- - - - - 94.39 £ 0.46 -
MNIST | 2D MNIST CNN DoReFa 51.67+0 96.84 +0 - 3.284+0 87.03 £ 7.14 —7.36
TTQ 1386 +2.33 | 2597 +£4.37 | 3040+ 4.12 2584035 | 92.09+0.89 —2.30
pTTQ 33.92+1.02 | 63.58+1.92|65.79+£1.80| 6.10+0.15 | 91.01 + 0.61 —3.38

Table — Comparison of pTTQ with other state-of-the-art methods
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Conclusion
- e Semi-supervised data A
Dataset creation and annotation ‘ annotation
- e Soft labelling (annotation) »

\—r Novel methodology for semi-automatic data

annotation based on local-quality metrics.

Selection strategy of the best projection obtained
by a dimensionality reduction technique.

Use robust loss functions to improve the
classification performances of a classifier trained
on a noisy semi-automatic labeled dataset.

210



INSTITUT NATIONAL
DES SCIENCES
APPLIQUEES

LYON

dﬁ%gg‘! E R=/TIS

Conclusion

INSA
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Novel hybrid CNN-transformer models, exploiting
the complementarity between the temporal and
spectral characteristics of a medical signal.

Guided and regularized intermediate fusion
approach, improving generalization while handling
Imbalanced datasets and label-noise.

Late-fusion mechanisms, based on learnable and
Interpretable attention weights. »
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Conclusion
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Novel ternarization heuristic, based on the
weights' statistics.

Direct asymmetric pruning before ternarization,
allowing a better trade-off between compression,
energy, and classification.

Asymmetric parametrization of the sparsity rate,
controlling the abovementioned trade-off.
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Perspectives
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More complex encoding models (VAE, GANS,
diffusion models, ...)

Stronger regularization (DEC, contrastive learning,
more complex projection metrics, ...)

Active learning by proposing to human experts the
most difficult samples
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Perspectives
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Test other types of models (LSTM, ViT, ResNet, ...)
and datasets (medical and non-medical)

Use other representations of the raw signal
(cochleagram, binary encodings, chromagram, ...)

Use other types of regularization (contrastive
learning with weak supervision, link constraints, ...)
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Perspectives
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Differentiable pruning function, with asymmetric
learnable parameters

Mixed quantization to completely quantize the
models with different precisions

Hardware implementation to take advantage of
the compressed models
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Perspectives
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Take advantage of soft annotations using soft-lables
loss functions (soft CE, Jensen-Shannon divergence,
...), to capture the human expert uncertainty,

New loss functions robust against soft-label noise

(geometric mean Jensen-Shannon divergence).

Semi-automatic soft label annotation evaluation.
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Working with soft labels (vs hard labels)

Sample X

wl

Deep model

CR=ATIS

Soft prediction

Art

j> M(X)s = }),’i

conversion to
hard prediction
— highest score

0.1
=10.3

0
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Adding symmetric noise to soft labels

lreeia —

with probability

< 0.6
= % — 03 Noisy

A
G_O 6_ ) Noisy

noise rate ¢ (in %)

0.1\ Art
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Adding symmetric noise to soft labels
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Figure - (a) HITS dataset without noise, (b) HITS dataset with 10% of
symmetric noise in the soft labels.
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Soft labels noise resistance
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Figure - Classification performance of two types of models trained using the
presented soft and hard label loss function
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Figure - Uncertainty capturing evaluation of two types of models trained using the
presented soft and hard label loss function
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Geometric Mean Jensen-Shannon Divergence (GEO JSD)
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JSDR(P||Q) = o (1 —)[B(H(P,P) —H(Q,P)) +Y(H(Q,Q) — H(P,Q))]

Robustesse au bruit
prouvée théoriquement
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Mathews Correlation Coefficient (Binary classification)

TP x TN — FP x FN
V(TP + FP)(TP + FN)(TN + FP)(TN + FN)

MCC =

me) MCC=0&TPxTN=FPxFN

L Random classifier!
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Statistical tests for comparison
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Important hypothesis for several statistical tests = Independence of observations.
For k-fold cross-validation:
One sample belongs to the training dataset is k-1 times

_ The mean estimates are not independent !

For repeated holdout: I
- Thetraining and testing datasets are fixed ®&uring repetitions.

Solutions
Create different datasets, one per repetition = Not yet possible for the HITS.
Reduces training and testing samples per dataset.
5x2 cross-validation = Difficult to do it subject-wise.
Other tests without independence hypothesis ?
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noise rate = 0.0 noise rate = 0.2 noise rate = 0.6
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Figure — Test accuracy and validation GCE, for different values of g, on the XXX dataset (Zhang et Sabuncu 2018) 228
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Automatic annotation vs Manual annotation
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Split No. Total SE GE Art.
patien
ts

Split No. Total SE GE Art.
patien
ts

Table — Multi-fea feature models on Table — Multi-fe: feature models on
a noisy semi-automatically labeled dataset HITS-small-I. _ o a noisy semi-automatically labeled dataset HITS-sada.

Not the same test sets between experiments, so results are not directly comparable.

‘ Test set of HITS-sada is harder.
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Choice of the pruning parameters aTTQ
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Choice of tmin and tmax is critical.
Bad choice:
Poor classification performances.
Poor compression/energy performances
=>» [t happens also for other methods such as TTQ or TWN!

Carefeul choice:
Great compression/energy/classification trade-off.

Solutions
Pruned trained ternary quantization with learnable threshold parameters !
Bayesian hyperparameter searching.
Larger study to understand influence of tmin and tmax.
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Industrial application and impact on patient care

" EmbDiscriminationLite - X

Audio signal only

ovara_Test_num333_hms015107_typE_ebr14_vel57_len19_pos_cof85.PNG
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-a% oo
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‘ Confidence in model

Figure — EmbDiscriminationLite application, deep learning classification module for ADMS for Atys Medical 231
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Artifa

diagnosis

Bad

» Adapted treatment =» Stroke
prevention

diagnosis

Good

» No treatment needed = Stroke
risk

diagnosis

Bad

> No treatment needed

diagnosis

» Wrong treatment = Risk of
complications
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Industrial application and impact on patient care
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Dataset ‘ Model | Quant. method ‘ CRE 1 | CR2 1 | SRQW ‘ ECE 1 ‘ MCC 1 ‘ A MCC 1
FP - - - : 80.84 £ 3.00 :
DoReFa 801840 | 96.87+0 - 35440 | 85.05£596 | —4.79
2D ONN TTQ 2496225 | 27.12+244 | 2896+212 | 23424130 | 86.82+2.20 | —3.02
ATTQ 1298+023 | 46.60+025 | 45.95+0.21 | 44.0f £0.19 | 86144337 | —3.70
pTTQ 75.50 + .59 | 82.06 + .69 | 83.12+347 | 75.53 £ 1.53 | 89.33+445 | —0.55
HITS FP - - - - 82.64 + 177 -
DoReFa 145040 | 9687+0 - 0374003 | 84.07+3.11| +1.43
1D CNN-trans. TTQ 0144004 | 0914027 | 6754026 | 1.83+003 | 83224236 | +0.58
aTTQ 159 £0.02 | 93.17+0.16 | 9353 £0.15 | T64+0.11 | 8L.66+£417 | —0.98
PTTQ B3T0.05 | 55804034 | 58.50+0.92 | 2.01+0.05 | 85.12+1.94 | 4248
FP - - - - 02.81 + 3.53 -
DoReFa 96.40+0 | 96.87+0 - 20000 | 94.12+0.87| +1.31
2D CNN TTQ 85.61 = 137 | 86.03+1.37 | 8659+1.29 | 7645+ 1.13 | 95.00+1.11 | +2.19
ATTQ 8848+ 044 | 88.91+045 | 89.90+ 042 | 8449+ 0.93 | 9241+222 | —0.40
PTTQ 09.35+ 0.96 | 93.80+0.96 | 9417 +0.91 | 9032+ 069 | 92.23+232 | —0.58
e FP - - - : 04.33 + 1.51 -
DoReFa 294640 | 96.86+0 - 00040 |9679+055| +2.46
1D CNN-trans. TTQ 1140 £2.61 | 47.07+10.79 | 50.22£10.16 | 3.21+066 | 96.25+0.79 | +1.92
ATTQ 21024015 | S6.78+ 063 | 87.59+0.59 | 5.97+ 0.0 | 95344079 | +1.01
pTTQ 23.86+0.04 | 98.54 £ 0.16 | 98.67 = 0.15 | 6.04+0.01 | 96.35 £ 0.95 | +2.02
- - - - R 04.39 + 0.46 i
DoReFa 516740 | 96.84+0 - 32840 | 8T.03+7.14 | —7.36
MNIST | 2D MNIST CNN TTQ 1386 £2.33 | 2507437 | 3040£4.12 | 2.58+0.35 | 92.09+£089 | —2.90
aTTQ RIS+ 126 | 54.32+2.36 | 57.08+2.22 | 4.97+0.22 | 93.62+096 | —0.77
PTTQ 3992+ 1.02 | 63.58+1.92 | 65.79+1.80 | 6.10+0.15 | 91.01 £ 0.61 | —3.38

Table - Comparison of alTQ with other state-of-the-art methods
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Difficulty of measuring energy
consumption on real CPU/GPU

lrezia —

Energy consumption depends on
. Used hardware and the model.
. Operations implementations.
. Optimization of the trained models.
Simulation

(difficult)

. What is implemented ?

- Some sparse operations in PyTorch (Beta version).
. Simulated quantization = All operations are treated

as 32 bits operations.

. Current codes do not allow efficient operations on

common hardware

- Specialized hardware is needed for further improvements. .
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