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« Basic identification criteria of Doppler microembolic signals*

« Duration < 300 ms E==) High intensity transient signals (HITS)

* Unidirectional in the time-frequency domain.
- mm=) No symmetry with respect to the zero-frequency baseline.

* Musical "chirp" or "snap" sound.

* Intensity increase of at least 3dB with respect to the blood flow signal.
. Defined through the 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.
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Challenges: data annotation
- No public TCD emboli dataset. ‘ Expensive annotation (8685/68491 labeled samples).

- Annotation difficulty = Noisy labels. ‘ Imbalanced classes (solid emboli < 10% HITS).

et ———— . B Unlabeled
¢ Difficult cases ™ e
: : Artefact
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@ S 0O8

.
*
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Figure — Annotation Difficulty. In this example 12% of the samples are labeled. 15
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Accuracy ‘
‘ Increasing model size

Figure — Portable transcranial Doppler (TCD) from Atys Medical. ®
o

‘ Limited memory resources. > Operations

- Limited : Figure — Classification accuracy based on the size and
Imited computation resources. number of floating-point operations of different deep learning

‘ Energy constraints. models (inspired from Abbas et al. 2021)
17
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Figure — Semi-automatic data annotation based on feature space projection (Benato et al., 2021)
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Claims of contribution 1

a. Novel methodology for semi-automatic data annotation based on
local-quality (LQ) metrics, called LQ-KNN.

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

c. Userobust loss functions to improve the classification performances of a
classifier trained on a noisy semi-automatic labeled dataset.
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Semi-automatic label propagation: Assumptions

= Based on a K-nearest neighbors (KNN) approach.

= Three assumptions:

= Structure/cluster assumption?.
= Local structure preservation.

= Annotation space coverage.

1 Qlivier Chapelle, Bernhard Schélkopf, 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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Semi-automatic label propagation: Assumptions

= Based on a K-nearest neighbors (KNN) approach.

= Three assumptions:

= Structure/cluster assumption.
= Local structure preservation.

= Annotation space coverage.

‘ Local quality (LQ) K-nearest neighbor (KNN) label propagation : LQ-KNN

1 Olivier Chapelle, Bernhard Scholkopf, and Alexander Zien, eds.Semi-supervised learning. Adaptive computation and machine learning. OCLC: ocm64898359. Cambridge, Mass: 32
MIT Press, 2006. 508 pp.isbn: 978-0-262-03358-9
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Figure — Example with two neighbors (i.e. K=2 and 1 = 0.2),
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Contribution 1.a.: Semi-automatic data annotation method state-of-the-art comparison

Prop. Method  |[4| Annot. acc. Final % of labeled samples Annotation time in ms (/sample)

OPF-Semi - 75.22 +4.48 1000 86.52+0.51

OrganCMNIST  Std-KNN 1534 13858 O_l 0 79.86 £ 0.67 99.00 £ 0.20 (23.41 +1.98) x1073
LQ-KNN - - 82.73+0.44 96.24 +1.09 (44.36 £ 5.69) x10~3

OPF-Semi - 78.40+13.44 1000 9.48+1.10

HITS Std-KNN 152 1393 01 0 81.36 + 1.81 99.58 + 0.63 (10.04 +0.18) x1073
LQ-KNN - 82.67 +2.02 98.50 £ 0.80 (16.13 £ 0.35) x1073

Table — Label propagation methods comparison on different medical datasets
38
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Contribution 1.a.: Semi-automatic data annotation method state-of-the-art comparison

Considered neighborhood
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Contribution 1.a.: Semi-automatic data annotation method state-of-the-art comparison

Considered neighborhood
to propagate the labels
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Final % of labeled samples

Dataset Prop. Method  |4] ; Annot. acc.

Annotation accuracy of the new labeled samples

# correct new labeled samples

# new labeled samples

Annotation time in ms (/sample)

OPF-Semi - 75.22 £ 4.48 1000 86.52 £ 0.51

OrganCMNIST  Std-KNN 1534 13858 O_l 10 79.86 £ 0.67 99.00 £ 0.20 (23.41 +1.98) x1073
LQ-KNN - - 82.73 £ 0.44 96.24 + 1.09 (44.36 + 5.69) x10~3

OPF-Semi - 78.40 £ 13.44 1000 9.48+1.10

HITS Std-KNN 152 1393 01 0 81.36 + 1.81 99.58 + 0.63 (10.04 +0.18) x1073
LQ-KNN - 82.67 + 2.02 98.50 + 0.80 (16.13 £ 0.35) x1073

Table — Label propagation methods comparison on different medical datasets
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Considered neighborhood
to propagate the labels
Annotation accuracy of the new labeled samples
# correct new labeled samples
Minimal local qua“ty threshold ﬁ # new labeled Samples
Dataset Prop. Method  [<4| || T ‘ K Annot.acc. Final % of labeled samples Annotation time in ms (/sample)
|
OPF-Semi - 75.22 + 4.48 1000 86.52 £ 0.51
— 10
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82.73+20.44 96.24 +1.09 (44.36 +5.69) x1073
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— 10
HITS Std-KNN 152 1393 0.1 81.36+1.81 99.58 + 0.63 (10.04 +0.18) x1073
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Table — Label propagation methods comparison on different medical datasets
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Contribution 1.a.: Semi-automatic data annotation method state-of-the-art comparison
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Contribution 1.a.: Semi-automatic data annotation method state-of-the-art comparison
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Figure - LQ-KNN label propagation with K =10 and T = 0.1

‘ K and 1 control the trade-off between annotation errors and quantity of labeled samples.
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Contribution 1.c: Classification with robust loss functions on a 2D CNN model to compensate the noisy-labels.
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Contribution 1.c: Classification using robust loss functions to compensate the noise in the labels.
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Intermediate conclusion

ClR

Proposed method outperforms:
Baseline (Std-kNN).
OPF-Semi.

==> State-of-the-art performances.

Proposed method allows to control the annotation error.

Optimal projection selection strategy:
==> Improves the automatic annotation process.

Classification:
Performances improved thanks to semi-automatic data annotation.
Robust loss functions compensate label-noise.
==> Up to 6 % accuracy improvement.
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Objectives and Contributions
 Semi-supervised data
Dataset creation and annotation ‘ annotation®
e Soft labelling (annotation)*
4 _ _ N
Multiple representations ‘ . D.|fferent -model*s*W|th
different inputs
 Multi-feature models
NG /

Resource hungry models - .

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

Lite models
Model compression
(Soft labelling training)
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Claims of contribution 2

a.  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.

c. Late-fusion mechanisms, based on learnable and interpretable attention
weights.
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ElR

Objectives:
« Improve the classification of TCD signals.
* Exploit the complementarity of different representations.

Models:
« 2D CNN model for TFRs.

» 1D CNN-Transformer for raw signals.

54




Medical | R h Laboratory [Goii. 1 JIComMBMeRaRy coiibiion s » =&
CR= )\T|s‘ edical Imaging Research Laboratory et

www.creatis.insa-lyon.fr

C

Class scores
O'[FR

Single feature TFR 2D CNN
Vnnﬁlters _\.n“ers Score Class 1
Score Class K

'\fjfnters infters
TFR

2D Conv. with kernel size (3, 3), padding 1, stride 1 + Batch Norm. + Leaky ReLU + 2D MaxPool with kernel size (2,
2), padding 0 and stride 2

— Fully Connected layer + Dropout

Figure - Proposed 2D CNN
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Single feature raw signal 1D CNN-transformer

Raw signal
Encoder Encoder

Figure - Proposed 1D CNN Transformer architecture (inspired from Natarajan et al. 2020).
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Figure - Proposed 1D CNN Transformer architecture (inspired from Natarajan et al. 2020).
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uided and regularized intermediate fusion

Figure - Proposed intermediate fusion hybrid CNN Transformer
model.
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uided and regularized intermediate fusion
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Figure - Proposed intermediate fusion hybrid CNN Transformer
model.
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Experiment: SOTA comparison
Objective: Metrics:
« Highlight the advantage of multi-feature classification. * Mathews Correlation Coefficient (MCC).
* Comparison with multi-feature SOTA methods.
Loss function:
Datasets:
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Intermediate conclusion

Use of multiple representations of a signal
TFR and raw signal.
Two approaches:
Late fusion.
Intermediate fusion.

Intermediate fusion models
Regularized:
Guided training.
Deep Embedded Clustering (DEC).
End-to-end training.

Results
Improvement of HITS classification performances with up to +10% MCC.
State-of-the-art results on other medical signal datasets (EEG and ECG) with up to +4% MCC.
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Objectives and Contributions
* Semi-supervised data
Dataset creation and annotation ) annotation”
e Soft labelling (annotation)*
. : * Different models with
Multiple representations :1> . . o
different inputs
 Multi-feature models
“ * Lite models -
Resource hungry models :> e Model compression
9 e (Soft labelling training) -

*Vindas et al. (IUS 2021), Vindas et al. (MEDIA 2022), Vindas et al. (IUS 2023)
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Contribution 3 : Model compression based on extreme quantization
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General Overview

Pruning

Quantization
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Zhang et al. (2018) Bhalgat et al. (2020) Kim et al. (2021)

Yang et al. (2019) Dong et al. (2020) Zhou et al. (2016)
Rastegari et al. (2016)

Han et al. (2015) Hassibi et al. (2021)

Mariet and Sra (2016) Zhu and Gupta (2018)

Manessi et al. (2017)
Luo et al. (2017)
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Trained ternary Extreme quantization allowing higher
quantization (TTQ) compression and energy gains.
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Trained ternary quantization (TTQ) — Zhu et al., 2017
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Contribution 3 : Model compression based on extreme quantization
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ElR

Claims of contribution 3

a. Novel ternarization heuristic, based on the weights' statistics.

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

c. Asymmetric parametrization of the sparsity rate, controlling the
abovementioned trade-off.
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Figure — Global pipeline of our extreme quantization approach.
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Asymmetric trained ternary quantization (aTTQ)
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ClR

Compression-based metrics

nbits(Mg)

CR(Mgp, MQ) B nbits(Mpp)

CRg(MFp,MQ) =1 C’R(MFP:MQ)
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Compression evaluation metrics
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ClR

Compression-based metrics

Full precision

(FP) model _
nbits(Mg)
CR( 3 = —
(MFP MQ) nbits(Mpp)

CRg(MFp,MQ) =1 C’R(MFP:MQ)
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ClR

Compression-based metrics

Full precision Quantized model

(FP) model ) I
e e (Mo
CRE HMg)i= —
(MF 2 Q) nbits(Mpp)

CRg(MFp,MQ) =1 C’R(MFP:MQ)
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Compression evaluation metrics
Compression-based metrics

. Function counting the number of bits
Quantized model J

Full precision I——» necessary to store the weights (using
(FP) model . I COO sparse storage format)
e ibits(Mo)
CRIMFppiMop):=

CRg(MFp,MQ) =1 C’R(MFP;MQ)
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Compression evaluation metrics
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ClR

Compression-based metrics

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

-nbzts(./\/lQ)
nbits(Mpp)

Full precision Quantized model

(FP) model  ~—]_ ]
CR{MppiMg)i=

CRg(MFp,MQ) =1 CR(MFP:MQ)

> The higher the better
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Energy evaluation metrics

Energy consumption

ECrota(M) = ECpra(M) + ECpr(M) InJoules

‘ECTotal<MFP) — ECTotal(MQ)‘

Total —
ECS (MFPvMQ) B ECTota(MFEp)
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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
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Energy evaluation metrics

Energy consumption

Energy consumption due to
Multiplications and Additions (MA).

« Takes into account sparsity
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AND reduced precision

‘ECTotal(MFP) — ECTOtal(MQ)‘

ECrua(Mpp)

U
D

NIVERSITE
E LYON

75



Medical Imaging Research Laboratory | Contib. 2 JICOMGPUORSY  Conclusion

www.creatis.insa-lyon.fr

Energy evaluation metrics
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Outline

IV. Contribution 3 : Model compression based on extreme quantization
a)
b)
c) Results
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Experiment.: SOTA comparison

Objective: Metrics:

« Compare aTTQ with other extreme quantization methods: TTQ. «  AMCC, MCC drop with respect to the full precision model.

* Energy consumption gain (EC).

Datasets: « Compression rate gain (CRg).
Models:
HITS:
« 2D CNN.
« TCD Data. * 1D CNN-transformer.

1 545 samples.
Three classes.
Sampling frequency: 4385 Hz.

Loss function:

* Cross entropy (CE)
ESR:

« EEG Data.

« 11 500 samples.

« Two classes.

« Sampling frequency: 174 Hz.
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Experiment: SOTA comparison
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Experiment: SOTA comparison
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Experiment: SOTA comparison
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Intermediate conclusion

ClR

Novel ternarization method:
Pruning based on the weights' statistics.
Parametrization to control the compression/energy/classification trade-off

Better compression/classification trade-off:
Improvement up to 14% CR in terms of compression and 6% EC_." in terms of energy w.r.t TTQ.
For a degradation of only 1.6% in terms of MCC on the HITS dataset.

Two hyperparameters controlling this trade-off:
- The larger the gap:
The higher the compression performance.
The smaller the classification performance.
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Figure — Proposed emboli detection and classification method of Guépié et al. (2019)
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Figure — Proposed emboli HITS detection and classification by Sombune et al. (2017)
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Figure — Proposed emboli detection and classification method of Guépié et al. (2017)
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Inceptlon -v4
I e ——— FPEN . e
Inception-v3 0 o © ResNet-152
ResNet-SO‘ A, | VGG-16 VGG-19
751 ResNet-101 - T
’ ResNet-34 .
‘ Limited memory resources. §70. Q ResNet-18
® GoogLeNet
3 ENet
EEE) Limited computation resources. @ 537
'§_ © BN-NIN
"~ 60 1 5M - 35M  65M - 95M - 125M  155M
‘ Energy constraints. | '
BN-AlexNet
35 AlexNet
50 4 . ' : ; ' ; ‘ "
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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* Limited memory.
* Inference time.
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Date
Figure — GFLOPs over the years. The dashed line is a linear fit (logarithmic y- Figure — Estimated Joules of a forward pass (CV). The dashed line is a linear fit
axis) for the models with highest accuracy per year. Desislavov et Martinez- (logarithmic y-axis) for the models with highest accuracy per year. Desislavov et

Plumed (2021). Martinez-Plumed (2021). 119
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Contribution 1 : Semi-automatic data annotation
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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
—f Robust Loss Function O O O X X
chitecture oise Adaptation Layer A O O
edicated Architecture X O O X O
Robust Regularizatio O O O A A
: Loss Correction X X
Loss Adjustment Loss Reweighting e = O X A
Label Refurbishment O O A X A
Sample Selection O X O A
Meta Learning Fast O O O A O
ing to Update O O O X O
=supervised Learning O A O O O

Figure — Table from Song et al. 2020. O means completely supported, A means partially supported and X means not supported.
Input s“ample # classes

One-hot "
Model | label ki" element

T T K: —I,‘_ X4 40 Lce(f(X),y) Noisesensitive
- Loce(f(x0).5) = Y W ID)
k=1

g —> 1 121

L Lymae(f(X),y) Noise tolerant
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Noisy-labels

Category

Method

Robust Loss Function

Robust MAE

Generalized Cross Entropy

Symmetric Cross Entropy

Curriculum Learning

ClR

U
D

NIVERSITE

E LYON

Figure — Table from Song et al

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

Pl P2 P3 P4 Ps P6
o] O | O] O X X
10 10| 0O X X
| 0| O (;() X ;_\(.
©Cl1o010 © Category Method | PL | P2 | P3| P4 | PS5 | P6
. Webly Learning A X Q @) x X Decouple O O X O X A
E Neisv Adantati Noise Model Al O | OO X X MentorNet X X X X | o a
é mh}rLa :f on I?mpour Noise Model & O O O X X Sample Selection Co-teaching O O s X O £ |
Z y S-model Al O Q @) X X Co-teaching+ O O X X O A
- C-model A @] O O X O Iterative Detection O O X O O A
Z NLNN FAN O O O X X ITLM @) @] X X O FN
S , Probablistic Noise Model X | X | O] x| A ©O INCV O/lO0| xXx|]O|]O A
[ Dedicated Masking % O O % A 0O
Architect : . - Meta-Regressor X
rehfecture Contrastive-Additive Noise Network X @] @] @) A @) EJ Fast Adaption MLNT : 8 8 8 O g 8
Ad;;e:‘s;?riﬂf f‘amiﬂg 8 8 8 8 i i _ é Knowledge Distillation @] X O X A O
Label Smoothing LZLWS X O O X P @)
s ath - =
Robust Regularization Mixup _ (@] (@] (@] @) A A é Leamning to Update |_CWS X O QO X Fay O
Bilevel Learning @] @] O X A JAY Auwromatic Reweighting O O O X A O
Annotator Confusion (@] b4 (@] O i i Meia-Weight-Net FaN O O X Fa O
Pre-training QO * O O AN A Data Coefficients O | O (@] X O O
. Backward Correction @] @] @] X X X Label Aggregation O | X @) X X YA
= Loss Correction Forward Correction Q Q Q X X X Semi-supervised Two-Stage Framework O | X @) O O FaY
g Gold Loss Correction Ol x| O | x| x x Learning 55"‘_‘; _ OO0 ] O] OO0 i
é Loss Reweietin Importance Reweighting @] @] @) O X A DividelMix O | O O O O
< - ghing Active Bias O O O O X FAN
é Bﬂ(}f.'i‘n"flpp!-}!g i (@] O O X X A
Label Refurbishment | 314Mc Boor1apping 8 8 8 8 X A |
SELFIE | O O X O A
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|
Forest Forest
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123

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

ClR

Qi(ksw kl‘) =

N
Xyl(ﬂl‘ (Rija Fijs kt)XuS (Rija Fijs kS)+ut (Rjia Fiis kl‘)XIuS (Rjia Tjis kS))

2Xk¢XN =

Size of the neighborhood to consider

I m worst
“J_." “‘_I_." :“‘----.,.‘
E. ]_ ]_f Rij S::!.{-_?”Dr f"ij S::’..]{-:S‘”:: o B .e. ‘.. .‘. .O‘R .*?%\ “E
' 0 else | ' : '

L] (24
EEEEEEEEEEEEEEEEEEEEEEEEEEESE

Rank error tolerance

E --------------------------- k ----- E 1 if |RiJ. . rij.| S:.:o‘]{;::: '@
’/Jt (Rija Fijs t) - 0 else h > e | . | i&c«‘ W best
................................ (a) (b)
_ Figure — lllustration of the local quality metric on the Swiss roll benchmark
Size of the tolerated | dataset (Lueks et al., 2011).

ranks errors 124
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(a) Feature Extraction (b) Dimensionality Reduction
--------------- Optimal
F[)e:tgg:ts 1 t-SNE Projection
. Selection
g
g
B T )
(d) Automatic Label Propagation
Label -
propagation to X X Manugl : N
unlabeled select Annotation | |
pomts @
M I :
Semi-automatic @ An?\r(;l::te):j Local Annotation
annotated - e Quality Status
dataset l;( Glo;d{Loca\ Quality
@ X : Bad Local Quality
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Figure — Global pipeline of our proposed semi-automatic data annotation approach.
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Proposed pipeline
Y
/ N
/ \
\
:_KE"'_C_OPER__';_'_'_'_'_' """ = 4 . N\ / X @ 2
i E Cod % X @ @ X
Dataset s _ - W,
L leemeemneemees Dimensionality Label
Feature Reduction with Manual 5 a et'
: Selection Annotation ropagation
\ Extraction j Strategy \ LQ-KNN
N J - /
~ _7

FIGURE - Semi-Automatic Data Annotation Method
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Contribution 1.a.: Semi-automatic data annotation method state-of-the-art comparison
100 100 {LQ-KNN with t=01 3 - - -
& o8 f? é %3 $ <L 80
= > i
¢ % : g .
8 = 60 * ¥
2 o4 5
S 92 @ 40 :
e ' 8 F
@] 90 ® °
£ [[GKNNwith 0 -2 | ; :
88|ILQ-KNN with T=03 . *
LQ-KNN with t=05 T 0 T
1 3 5 ) 7 9 1 1 3 5 ) 7 9 11

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

127



CR=EATIS

Dataset sp

Medical Imaging Research Laboratory | Contexi JICORMBUGORED Coniribution 2

www.creatis.insa-lyon.fr

Code /i

____________

Feature
Extraction

)

Proposed pipeline

o

Manual
Annotation

- )

Selection
Strategy

\
N o - s
FIGURE - Semi-Automatic Data Annotation Method

e

.
X o

Propagation
LQ-KNN

UNIVERSITE
DE LYON

a’
Y

128



CR=/\TIS | Medical Imaging Research Laboratory Context SN Contribution 2 ==~ S—

- www.creatis.insa-lyon.fr @ DE LYON

Dimensionality Reduction

Silhouette Scorel

Compares the similarity of a sample k between :

« The samples of its own class. ma‘;(;fk)(_,{%t:(f()k)) if |Cp] > 2

 The samples of other classes. vk € (L, L], s(k) = 0 ol J

==> The higher the better 50

Projection with a Silhouette Score of 0.49 Projection with a Silhouette Score of -0.56
Art.
w
”?' ',“ $ & 3: w
129

"Rousseeuw - 1987 - Silhouettes: A graphical aid to the interpretation and validation of cluster analysis
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e - DIMensionality Reduction
i E Code : _ i
H < HEH * B8
N P o
E_I__LBECBBE_R__,: Best Silhouette
o 1 t-SNE Score Selection
, S1 Sn ‘
0.1 -0.9
-0.4 -1.7
0.3 1.4
1.2 -0.2
Features Dataset , Selected projection for manual

annotation and label propagation

Computed Projections
(3 t-SNE hyper-parameters) 130
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Contribution 1.a.: Semi-automatic data annotation method state-of-the-art comparison

Considered neighborhood to propagate the labels

"'~|:> Minimal local quality threshold

Metrics:

U
D

NIVERSITE
E LYON

:‘ .‘_ " .
Dataset Propagation L] |5 U] .: T :‘ K |J' Annotation Final % of Annotation
method “enns’ “au*{ accuracy labeled time
samples (%) (ms/sample)
MNIST Std-KNN 1496 | 13504 | - 5 91.83+1.47 | 9539+ 1.05 | (30.98+5.84)%x 1077
Std-KNN 1496 | 13504 | - 10 | 90.74+1.45 | 9943 +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 1077
LQ-KNN 1496 | 13504 | 0.1 | 10 | 92.66+1.30 | 98.16 +0.42 | (5048 + 11.32) x 10~°
OPF-semi 1496 | 13504 | - - 82.32 +£6.17 100.0 £ 0.0 102.71 £ 17.52
OrganCMNIST Std-KNN 1534 | 13858 | - 5 81.87 £0.76 | 90.26 +2.64 | (26.33 +2.65) x 10~°
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 8446+ 057 | 85.62+1.99 | (53.00+7.47)x107°
LQ-KNN 1534 | 13858 | 0.1 | 10 | 82.73+0.44 | 9624+ 1.09 | (4436 +5.69)x 10~°
OPF-semi 1534 | 13858 | - - 75.22 +4.48 100.0 +£ 0.0 86.52 £ 0.51
HITS Std-KNN 152 1393 - 5 82.12+2.37 | 9599+ 1.70 | (10.39+0.20) x 1072
Std-KNN 152 1393 - 10 | 81.36 £ 1.81 | 99.58 + 0.63} (10.04 + 0.18) x 102
LQ-KNN 152 1393 | 0.1 | 5 8284 +212 | 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)% 1072
OPF-semi 152 1393 - - | 7840x13.44 | 100.0 0.0 9.48 + 1.1

Annotation accuracy:

# correct new labeled samples

# new labeled samples

Percentage of new labeled samples:

# new labeled samples

# originally unlabeled samples

Table — Label propagation methods comparison on different datasets
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Contribution 1.b: Optimal 2D projection selection.

Dataset: HITS Datas

et.

Evaluation: Label Propagation on 2 different projections.

Medical Imaging Research Laboratory | Contexi JICORGPUHORED Conribution 2

Metrics: Annotation accuracy and percentage of new labeled samples.

IVERSITE
LYON

€

Worst Projection

Results:
K | Propagation | Projection | |L| U| 7 | Annotation Final % of
method accuracy labeled samples
5 Std-KINN 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 57.4+ 2.01
Conclusion:

» Projection selection improves annotation accuracy.
» Our proposed method is more robust against bad projections.

>

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

Dataset: HITS Dataset.

Evaluation: Label Propagation on 2 different projections.

Medical Imaging Research Laboratory | Contex ZICORGBUGORM Coniribution 2

Metrics: Annotation accuracy and percentage of new labeled samples.

11

IVERSITE
LYON

€

Worst Projection

Results:
K | Propagation | Projection | |L| U| 7 | Annotation Final % of
method accuracy labeled samples
5 Std-KINN 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 57.4+ 2.01
Conclusion:

* Projection selection improves annotation accuracy.
» Our proposed method is more robust against bad projections.

>

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

Dataset: HITS Datas

et.

Evaluation: Label Propagation on 2 different projections.

Medical Imaging Research Laboratory | Contexi JICORGPUHORED Conribution 2

Metrics: Annotation accuracy and percentage of new labeled samples.

IVERSITE
LYON

€

Worst Projection

* Projection selection improves annotation accuracy.
» Our proposed method is more robust against bad projections.

Results:
K | Propagation | Projection | |L| U| 7 | Annotation Final % of
method accuracy labeled samples
5 Std-KINN 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 57.4 4 2.01
Conclusion:

>

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

| ]
L 4

L 2

i i i Py
92 I I I : . O
Datasets i i i L)
N a
Dataset Core Prop. |£] || # of auto- | Mean K |7 901 1 1 l: :
Dataset | method matically annot. ac- 8 ! ! !: 8 :
labeled curacy R 887 I I I' - 8
= 1 1 1 ] L]
samples — I I I “ :
© 86' b I
HITS No Prop. HITS No Prop. | 152 | 1393 ) 1 1 1 “ N
< *
HITS Whole No Prop. | 1545 | 0 S g4 ! ! ! *as
HITS Std-KNN-K10 Std-KNN 1390 + 2 88.72+2.33 | 10 g | | I
] ] |
HITS LQ-KNN-K10 LQ-KNN 1382+ 3 89.92+1.42 |10 | 0.1 £ g2, - I o o1
i i i
Metrics: 801 ' i 1
.o . Fully expert ! Without laljel ! ! Proposed method
Classification accuracy. 781 annotated I propagatign I I with K=10
Classification class accuracy. i i i
76+ ; : : ; ; : :
Whole  Whole NoProp Std-kNN Std-kNN LQ-kNN LQ-kNN
==> Our method allows to increase the classification CE GCE ek e ko P
0 ) .
accuracy by 6 Yo with respect to using a reduced dataset HITS Datasets Results 135
(no propagation) General Accuracy
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Database Creation

" Data uploading and model )
prediction

Creation or modification

of subjects

Data and model
storage

TCD Recording

Girdr Data Upload

Data download

and
classification

Adding or Data
modification upload
of models
U R ——

. 1
— Local Recording a1
. Fom _prenom Age & ;*me Zé‘gowes > ( )
Subject | oo e of the data I
Subject Metadat | A !
- . Local PC m 1
l Recording Metada | ! (physician) Physician :
"""""""""" = | Interface | .
———— = = = =
/ Model development )
i |
i : B =Es :
: : . B= Dataset ,
. | L_Trained Model v =2 B " description l
I R - Experiment HDF5 File: file generation| Local PC |« L
1 Y ‘ ::f'v""'““ A Train/TeSt Sp|lt5 (Resea rcher) :
I '*‘
1 A I
| T i \
| Figures and 1
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I metrics !
1 |
1 ey = !
[ : Parameters !
. R File '
I Model output :
' | 12D/3D Projection |
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Processed data

Data

Downloaded data

Researcher Interface

Data download
Data upload
Model upload

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

Legend:

Figure — Database structure on Gridr
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Auto-encoders architectures

Encoder

Decoder
//’- “
Input: 224 x 96 x 3 E1l: 112 x48 x 16 E2:56x 24 x 8 D2:56 x 24 x 8 D1: 112 x 48 x 16 Reconstruction: 224 x 96 x 3
=T e = -
28 X 12 x4

| C1—+

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

Figure — Convolutional auto-encoder for the HITS dataset.

y ¥ ¥

Encoder Decoder
Input: 20 x 20 x 1 El: 16 x 10 x 10 E2:32x5x5 e D2:32x6x6 D1: 16 x 12 x 12 Reconstruction: 20 x20x 1
| 4 1 T 1

E3:64x3x3 D3:64x3x3
—I'l —I_|
— 7 Bottleneck: [T ===
T—=.  32x1

— : 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 138

Figure — Convolutional auto-encoder for the OrganCMNIST and MNIST datasets.
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Encoder
*“_\_\_— Classifier
m. El: 112x48x12 E2: 56 x 24 x 24 T~
[—————— E3: 28 x 12 x 48 Fel 3%
éﬂ % E4: 14 x 6 x 96
et oot oo
Figure — Convolutional classifier for the HITS dataset.
Encoder Classifier
__Input: 20x20x1 E1:32x 9 x9 E2: 16 x3x3 Cl:10x1
> = > >
% : Conv 3x3 with stride 2 + ReLU+ Max Pooling
» : Fully Connected Layer +RelLU + Dropout (p = 0.5) + Log Softmax 139

Figure — Convolutional classifier for the OrganCMNIST and MNIST
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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 -
Carotid Stenosis &} : How to label them
g R il efficiently to train a
’ 6 | » \:ar = Deep Learning
- o y High Intensity { model?
Prevention: /s Transcient
Emboli Signals
Detection & -
Proposed LQ-KNN method Annotation Results
( \ / \ f \ Propagation | Hyper- Annotation # Labeled
Method parameters accuracy Samples (%)
OPF-Semi 78.4 100
o °
o e o ° ° Std-KNN K=5 82.1 96.0
o o © K=10 81.4 99.6
L ® o LQ-KNN K=5, 1=0.1 82.8 94.5
v < ;J J K=10, =01 82.7 98.5
Classification Final —— ¥ Classification Results
Robust Loss Labeled Data Annotation Loss Function Classification
dataset Method Accuracy
Prediction \1: ° helileradaien Soe o2
/Y. LQ-KNN CE 85.9
GCE 87.9

FIGURE - Graphical abstract of Vindas et al. (2022) in Medical Image Analysis
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Contribution 2 : Multi-feature medical signal classification
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ECG 1D CNN-transformer

Classification output

-

Handcrafted

» Concatenation <

features extraction

1 “‘!‘: “‘-!,: “‘;“ ‘¢"!o‘. ‘,"!“
» g * » ¢ * =
» 1D CNN encoder R Y S5 F
. . & o . ¢ 9
N R o ~ . o o d
-’.“‘o' -’.“‘o' -’.“‘.0 -’.“’0 -’.“’w

Input signal

Figure - Proposed 1D CNN-transformer model for ECG signal classification (Natarajan et al., 2020.)
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Link constraints regularization

-1 = samples of the
different classes

The Link Constraints

Must-link

Cannot-link

Figure — Links constraints regularization illustration for transformer models (Che et al., 2021)
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CREI‘TIS‘

94

92

[0}
o]

MCC in %
Q0
o

82

80

78

/Singlefeature\

Medical Imaging Research Laboratory
Www.creatis.insa-lfon.fr

Resul

models
0]
rl,: .‘I,.
FAAY
|___L_| '1\""\\
== - -
\ b4
\‘ ;" H 27{\ l
Fag! o Lo }
I’l1 ‘e I
:11
O
L]
A7
hry! )
I \
I ‘
L _I
1D CNN 2D CNN
Transformer

g /

Figure - Comparison of the classification performances of different

single and multi-feature models on the HITS dataset

TFR

!

Signal

}

TFR
Encoder

J |

Signal
Encoder

|

\ 4

\ 4

TFR
Latent

Space

J |

Signal
Latent
Space

|

\ 4

\ 4

[ Classifier } [ Classifier }

!

Output

!

Output

S.: SOTA comparison HITS validation

ClR

NIVERSITE

151



cns»ns‘

94

92

[0}
o]

MCC in %
Q0
o

82

80

78

www.creatis.insa

Resu

/Singlefeature\

/Late Fusion\

[tS

Medical Imaging Research Laboratory

S.: SOTA comparison HITS validation

ClR

TFR Slgnal
TFR Signal
Encoder Encoder
A 4 A 4
TFR Signal
Latent Latent
Space Space
A 4 A 4
[ Classifier } Classifier }

models models
0]
L
L_T__
r |
v
\‘ 1
o 1,
|
I/
l rT‘
Q)]
N
Al
hry! 0}
I \
I ‘
[ _I
1D CNN 2D CNN Vindas et al.
Transformer (MLHC 2022)

g /

o

)

Figure - Comparison of the classification performances of different
single and multi-feature models on the HITS dataset

\ 4 A 4

Output /_{_\ Output

Weighted
Sum

-
v
S
Classifier

N

Output

NIVERSITE

151



94

92

[0}
o]

MCC in %
Q0
o

82

80

78

CR=/TIS Medical Imaging Research Laboratory ﬂg= UNIVERSITE
WWWﬁeatIS msaII{on fr SOTA H ITS I d t |LUJ] DE LYON
/Single feature\/Late Fusion\/ Intermediate \ TFR Signal : TER Signal
models models Fusion :
Unregularized :
@ TFR Signal | TFR Signal
rL ‘]__, Encoder Encoder | | Encoder Encoder
] Gt lag! '
V4 Ll Pl 1 TER Slgnal I TFR Signal
':H'\' -1 If"\l L2 Latent Latent | | Latent Latent
Ty N,/ -1 l Space Space | | Space Space
| = G |
l v A
T [ Classifier } Classifier } |
(0) : Joint
!\. .,ﬁ d i | gatent
e o} pace
."”\\ Output v Output I
(I, Weighted [
Sum I
=1 — I Classifier
| | | | | vy |
1D CNN 2D CNN | Vindas et al. Proposed Proposed Classifier |
Transformer (MLHC 2022) Cat WS | Output
(No Reg.) (No Reg.) [
\_ A Al > ] |
Figure - Comparison of the classification performances of different Output : 151

single and multi-feature models on the HITS dataset



cns»ns‘

94

92

[0}
o]

MCC in %
Q0
o

82

80

78

Medical Imaging Research Laboratory
www.creatis.insa

Resuifs: SOTA comparison HITS validation

/

Singlefeature\

/Late Fusion\

/ Intermediate ™\

Intermediate

TFR

Signal

TFR
Encoder

Signal
Encoder

|

g

/

o /

(Qo Reg.)

(No Reg.)/ (Reg.)

models models Fusion Fusion
Unregularized Regularized
(0]
rl,: (-
7 AY
B |___L_| '}-.4\\
: I: PTQ ‘\Il’ _l_
\ A+
‘H{' T I,’Tt;l A
,.l + [} I — -5
I‘l! \es T l
:11
O
N
7
3 o)
I \
I ‘
(IR
1D CNN 2D CNN Vindas et al. Proposed Proposed Proposed Proposed
Transformer (MLHC 2022) Cat WS Cat WS
(Reg.)

Figure - Comparison of the classification performances of different
single and multi-feature models on the HITS dataset

SIF
NE
-

{ Classifier Classifier }

\ 4

A 4

Output

Output

/—g

Weighted
Sum

~— _ /
v
)

Classifier

N

Output

£= UNIVERSITE
|LUJ] DE LYON
TFR Signal
TFR Signal
Encoder Encoder
TFR Signal
Latent Latent
[ Space Space
Iter. Iter.
Loss Loss
Joint
DEC Latent
Space
Classifier
Output
151




CR=/\TIS | Medical Imaging Research Laboratory

www.creatis.insa-lyon.fr

Results Multi-feature classification

/ Regularized \ / Unregularized \

™
.~ . & . ‘l‘"',u"n
L] - S ‘ J
¥/ g o ~! :
- o e
; ‘F & .‘\"ﬁ"’ geeem o Ty -
.o RS
- d}
Classes Classes ‘; Classes
e 0 e 0 “~ s e 0
1 * 1 LY ._1.“9‘ 1
A
X,
» ‘
% . ?" ¥
r
@
. -~
. .
Classes. Classes Classes
® 0 ® 0 ® 0
1 1 ~ ¥ 1

TFR latent space

FIGURE - UMAP projections of the different latent spaces of the multi-feature

Signal latent space

Joint latent space

intermediate fusion classification model on the PTB dataset

TFR

UNIVERSITE
DE LYON

ClR

Signal

Joint
Latent
Space

Classifier

Output

152



CR=/TIS M Medical Imaging Research Laboratory | Coniib. | JICORMBMORBIY Conibuions > X | veasire
- www.creatis.insa-lyon.fr U DE LYON

GDEC

¢ EEEEEEEEEEEEEEEEDN

EEE III..

‘I

'.lllllll"

AqEEEEEEEEEEEEEEEES

Signal
TFR

—
¢ EEEEEEEEEEEEEEEEDN

‘I

III|III..
’.IIIIIII"

AqEEEEEEEEEEEEEEEES

153



CR=/\TIS | Medical Imaging Research Laboratory | Contb. 1 JiContribution 20 Contribution 3

www.creatis.insa-lyon.fr

Experiment: influence guided training

Objective: Metrics:
Influence signal guided training. Mathews Correlation Coefficient (MCC).
Influence TFR guided training.
Loss function:

Datasets:
Cross entropy (CE)
HITS:
 TCD Data.
» 1545 samples.
* Three classes. Artifact 403
« Sampling frequency: 4385 Hz. Gaseous Emboli 569
Solid Emboli 569
Unknown 4

.,'A‘ IIHHMMWI. I ,“ll.vx
O

ElR

UN
DE

IVERSITE

LYON

154



CR=/\TIS | Medical Imaging Research Laboratory | Conirb 1 ) contibuton3 > 22 UNIVERSITE
- www.creatis.insa-lyon.fr U DE LYON

Results

95 |
94 1
“ EEEEEEERN »
L )
93 1 T L _|| —: - u
ol 1T 1 L L3t 1 * Guided =
pa o1 . :\]—7! )Is‘- y “_{ ! ;\71‘ “,_?_; :’T',‘ ':;ﬁ ! _} :
c - =l )y I Al 2R SRR
S| o Ak S st R AR ¢ o :
S 90 f'?\l_._‘ CE VA & | | _T_L_' '—l—].| B
L1 l‘ ‘l Q 14 ’lllllllll’.
88y ] 1 1 --- Concatenation —>
87| --=- Weighted Sum
o 0.0001 0.001 0.01 01 1
B

T
v

\
90 “’I{% LE—\!"R :E;I{'_IE"I*\: \‘T'?sL cta
85 [ l | hfif l 8 || TJ;l .‘IIGIII.;I:jI.
- uiae

N o 5 O ) i
: — i

MEYIIEIITIETE

R
-
+*

I~

-

*

-

MCC in %
4pEEEEnEnR?®

70 ] T o T —--- Concatenation
o --- Weighted Sum
0o 0.0001 0.001 0.01 01 1

o: 155



CR=EATIS

100.0

97.5

95.0

92.5

MCC in %

87.5]

85.01

82.51

98
96
94

=S

590
= g1
86
84

821

Medical Imaging Research Laboratory

www.creatis.insa-lyon.fr

Results: influence guiding PTB

90.01

092'

“IIIIIIII

—_— Guided

o

’.IIIIIIII

<

:  Guided

ﬁ.

el
- o I | .
,,.Is o}
1 1 o)
1 1 |
I
‘\’_,;‘llt :'
]
JARY
11
[
] 1
1 1
1
L.Jd
O
--- Concatenation
. | | --- Weighted Sum
| [ | | 1 —
0 0.0001 0.001 0.01 0.1 1
L LJ\I7 “TI' ol I I | Lt
[} I TN L ! ¥ ul; I I I V7 1
ARV e R 11 G v S R
vt ! .y I ¥an 1
IFIE NIt s o O BN 4 A o4 S
AR =] Fri Rl Lo
L.._\E"ll J_ ! Lr- _T_
11 I T T
O
a o ®
I ] T . - T
-1 1 1
L.J
0
| o --- Concatenation
1 --- Weighted Sum
— | — —
0 0.0001 0.001 0.01 0.1 1

.
’.lllllll.

L 4

4pEEEEnER?®

v

v

L 4

4pEEEEnEnR?®

L g

2R
W

NIVERSITE
N

U
DE LYO

156



CR=/TIS Medical Imaging Research Laboratory ﬂ__ UNIVERSITE
www.creatis.insa-lyon.fr lLUJ’ DELYON
Model Features Fusion F1 Score
1D CNN-Trans. Raw Signal - 99.16 + 0.22
T]:',' 1% vty
ol | ¥, I | | ~ el 2D CNN TFR - 98.51 + 0.61
T L T
s 63 Ahmad et al. (2021) GAF 98
o8 1" © T - ] - MTF
o vy o Y joed RP
Z 971 | £ "—l-‘ ' Late Fusion (MLHC) Weight. Sum 99.65+0.10
§ O
9 ? Late Fusion (ours) 99.22 + 0.25
e Ours (No Reg.) Cat. 98.60 + 0.22
Both
941 - : : : : Ours (No Reg.) Weight. Sum 98.64 + 0.25
0}
1D CNN 2D CNN Late Late ours ours ours ours Ours (Reg.) Cat. 99.64 + 0.05
Trans. Fusion Fusion Cat Ws Cat Ws
MLHC No Reg. No Reg. Reg. Reg.
ours) - (NoReg) — (NoReg) — (Reg) (Reg) ours (Reg.) Weight. Sum  99.59 + 0.13

FIGURE - Comparison of the classification performances of different single

and multi-feature models on the PTB dataset 157



CR=/\TIS | Medical Imaging Research Laboratory

www.creatis.insa-lyon.fr

Late fusion weights interpretability

UNIVERSITE
DE LYON

ClR

158



CR=/\TIS | Medical Imaging Research Laboratory

www.creatis.insa-lyon.fr

Late fusion weights interpretability

UNIVERSITE
DE LYON

ClR

Attention weights for the HITS dataset

158



CR=/)\T|S | Medical Imaging Research Laboratory

www.creatis.insa-lyon.fr

Late fusion weights interpretability

Class Spectrogram Raw Signal
Artifacts 0.46 +0.29 0.54 +0.29
Gaseous Emboli 0.65+0.17 0.35+0.17
Solid Emboli 0.71+0.15 0.29+0.15

Attention weights for the HITS dataset

ClR

U
D

NIVERSITE

E LYON

158



CR=/)\T|S | Medical Imaging Research Laboratory

www.creatis.insa-lyon.fr

Late fusion weights interpretability

Class Spectrogram Raw Signal
Artifacts 0.46 +0.29 0.54 +0.29
Gaseous Emboli 0.65+0.17 0.35+0.17
Solid Emboli 0.71+0.15 0.29+0.15

Attention weights for the HITS dataset

Attention weights for the PTB dataset

ClR

U
D

NIVERSITE

E LYON

158



CR=/)\T|S | Medical Imaging Research Laboratory ﬂg= UNIVERSITE
- www.creatis.insa-lyon.fr @ DE LYON
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
Solid Emboli 0.71+£0.15 0.29+0.15
Attention weights for the HITS dataset Attention weights for the PTB dataset
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Class Spectrogram Raw Signal
Artifacts 0.46 +0.29 0.54 +0.29
Gaseous Emboli 0.65+0.17 0.35+0.17
Solid Emboli 0.71+0.15 0.29+0.15

Attention weights for the HITS dataset
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Class Spectrogram Raw Signal
Normal 0.49+£0.12 0.51+0.12
Abnormal 0.18 £0.10 0.82+0.10

Attention weights for the PTB dataset

Class Spectrogram Raw Signal
N 0.48 £0.01 0.52+0.01
S 0.50+0.01 0.50+0.01
\Y 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
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Results: influence guiding HITS bot
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Experiment: influence DEC

Objective: Metrics:
* Influence DEC on the classification performance. + Mathews Correlation Coefficient (MCC).
Datasets: Loss function:

* Cross entropy (CE)

HITS:
 TCD Data.
» 1545 samples.
* Three classes. Artifact 403
« Sampling frequency: 4385 Hz. Gaseous Emboli 569
Solid Emboli 569
Unknown 4
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Results: influence DEC PTB
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Experiment: noise tolerance on HITS-sada
Objective: Metrics:
« Study the robustness of GDEC to noisy labeled datasets. * Mathews Correlation Coefficient (MCC).
« F1-Score.
Datasets: « Number of parameters.
*  Number of mult-adds.
Loss function:
HITS-sada:
* Generalized Cross entropy (GCE).
« TCD semi-automatically labeled data.
« 8 685 samples.
« Three classes. Artifact 6 987
« Sampling frequency: 4385 Hz. Gaseous Embol —
Solid Emboli 696
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F1-Score Accuracy No. Parameters No. mult-adds (G)

1D CNN-trans. 85.74 +1.16 88.96 + 0.78 91.35+0.77 766 271 0.173

Table — Multi-feature GDCE compared to single feature models on a noisy semi-automatically
labeled dataset HITS-sada.
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Robustness DEC Imbalanced Datasets
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FIGURE - MCC of the multi-feature classification model on the HITS dataset for different levels of label noise.
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O e Rate ed a ) O e Rate ed a )
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 LI 94,10+ 1.09 No No LiLE 90.22 +1.30
Yes 96.70 + 0.54 Yes 91.90+1.18
Noise rate of 5 % Noise rate of 10 %
olse Rate ample D

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 CLE 71.63 + 2.52

Yes 71.66 + 3.48

Table - MCC of the multi-feature classification model on the PTB dataset for different levels of label noise.

Noise rate of 20 %
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Model compression

Learned alpha too

Full precision - 95.85 + 0.69 0+0 -
TTO ] 93.86 + 0.92 29.98 + 1.42 200
Proposed - 93.80 + 0.26 77.41+2.09 200
Proposed SA (x in

L1 0]y in 0. 10 No 94.51 + 0.77 60.96 + 8.98 200
SlEPEEE [Pl ; 92.50 + 0.44 77.28+0.22 100
Learned

Proposed Pruning ] 93.85 + 0.50 85.53 + 6.53 100

Table - MCC of a (compressed) simple CNN model on a subset of the MNIST dataset
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Soft labelling

Model Dataset Soft Labels Mean MCC Median MCC
No 86.13 + 3.80 87.76 + 1.85
22NN Yes 87.03 + 3.55 87.47 +1.75
No 85.92 +1.79 86.01 + 0.82
CNN-Transformer HITS Small Yes 86.52 + 3.73 37 63  0.86
No 92.50 + 1.36 92.74 + 0.95
Hybrid Yes 93.12 +1.00 92.59 +0.11
HITS Large No 85.49 + 0.77 85.49 + 0.77
g Yes 86.77 + 0.96 86.35 + 0.49
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Datasets MLHC 2022
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Datasets MLHC 2022

HITS:

« TCD Data.

» 1545 samples.

» Three classes.

« Sampling frequency: 4385 Hz.
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Datasets MLHC 2022

TCD D Artifact 403
. ata. .

e 1545 Samples Gaseous Emboli 569
« Three classes. Solid Emboli 569
- Sampling frequency: 4385 Hz. Unknown 4
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Datasets MLHC 2022

HITS: Class Number of samples

TCD D Artifact 403
. ata. .

e 1545 Samples Gaseous Emboli 569
« Three classes. Solid Emboli 569
- Sampling frequency: 4385 Hz. Unknown 4
PTB:

« ECG Data.

« 14 552 samples.
« Two classes.
« Sampling frequency: 125 Hz.
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Datasets MLHC 2022

HITS: Class Number of samples

TCDD Artifact 403

. ata. _

« 1545 samples. Gaseous Emboli 569

« Three classes. Solid Emboli 569

« Sampling frequency: 4385 Hz. Unknown 4

e Class Number of samples
« ECG Data Normal 10 506

* 14 552 samples. Abnormal 4 046

« Two classes.
« Sampling frequency: 125 Hz.
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Datasets MLHC 2022

HITS: Class Number of samples

TCDD Artifact 403

. ata. _

« 1545 samples. Gaseous Emboli 569

« Three classes. Solid Emboli 569

« Sampling frequency: 4385 Hz. Unknown 4

e Class Number of samples
« ECG Data Normal 10 506

* 14 552 samples. Abnormal 4 046

« Two classes.
« Sampling frequency: 125 Hz.

MIT-BIH:

« ECG Data.
» 109 436 samples.
* Five classes.

« Sampling frequency: 125 Hz.
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Datasets MLHC 2022

HITS: Class Number of samples
TCD D Artifact 403

. ata. :

. 1545 samples. Gaseous Emboli 569

e Three classes. Solid Emboli 569

« Sampling frequency: 4385 Hz. Unknown 4

PTB: Class Number of samples

. ECG Data Normal 10 506

« 14 552 samples. Abnormal 4 046

« Two classes.
« Sampling frequency: 125 Hz.

MIT-BIH: N 90 589
« ECG Data. > 21719
« 109 436 samples. v 7226
» Five classes. F 803

« Sampling frequency: 125 Hz. Q 8 039
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Experiment 1. Advantage of using multiple features
MLHC 2022
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FIGURE - Proposed hybrid CNN Transformer global model
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FIGURE - Proposed hybrid CNN Transformer global model
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Experimental Setup MLHC 2022

Objective:
« Comparison to single feature models.
» Comparison to SOTA models.

Models:
« Single feature models : 1D CNN-Transformer and 2D CNN.
« SOTA :Vindas et al., 2022 (HITS) and Ahmad et al., 2021 (ECG).

Loss function:
« Cross Entropy Loss.

Optimizers:
- ADAM.
- NOAM.

Metrics:

» Matthews Correlation Coefficient (MCC).
« F1-Score.

 Accuracy.
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Experimental Setup MLHC 2022

Objective:
« Comparison to single feature models.
» Comparison to SOTA models.

Models:
« Single feature models : 1D CNN-Transformer and 2D CNN.
« SOTA :Vindas et al., 2022 (HITS) and Ahmad et al., 2021 (ECG).

Loss function:
« Cross Entropy Loss.

Optimizers:
- ADAM.
- NOAM.

Metrics:

» Matthews Correlation Coefficient (MCC).
« F1-Score.

 Accuracy.

For imbalanced datasets
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Results MLHC 2022

Dataset Model MCC F1-Score Accuracy
2D CNN (previous work) 85.53 + 2.98 85.68 + 2.31 89.48 + 2.06
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., 2021) - - 99.2
PTB 1DCNN-Transformer 97.92 +£0.28 98.96 £ 0.14 99.16 £ 0.11
2D CNN 03.42 +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
2D CNN 91.26 + 0.76 86.40 + 1.39 97.34 £ 0.26
Hybrid 94.63 + 0.29 91.28 +0.54 98.37 + 0.09
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Results MLHC 2022
Dataset Model MCC F1-Score Accuracy
2D CNN (previous work) 85.53 £ 2.98 85.68 + 2.31 89.48 £ 2.06
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
MIF (Ahmad et al., 2021) 98.4
MFF (Ahmad et al., 2021) - - 99.2
PTB 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
MFF (Ahmad et al., 2021) - - 99.7
MIT-BIH 1DCNN-Transformer 93.17£0.70 89.44 £ 0.99 97.87+£0.24
2D CNN 91.26 £ 0.76 86.40 £ 1.39 97.34 £ 0.26
Using both representations increase the classification performances of the model in the three 176
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Dataset Model MCC F1-Score Accuracy
2D CNN (previous work) 85.53 £ 2.98 85.68 + 2.31 89.48 + 2.06
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., 2021) - - 99.2
PTB 1DCNN-Transformer 97.92 +£0.28 98.96 £ 0.14 99.16 £ 0.11
2D CNN 03.42 + 2,2,7 96.66 + 1.2,p 97.32 0,91
Hybrid 9929!021: 9965!010: 99711008:
MIF (Ahmad et al., 2021) _ fent _tuet 08.6 """
MFF (Ahmad et al., 2021) - - 99.7
MIT-BIH 1DCNN-Transformer 93.17+0.70 89.44 + 0.99 97.87+£0.24
2D CNN 91.26 + O 75 86.40 + 1,3,9 97.34 025
Hybrid 94631029- 91281054- 98371009 .
0.‘$. 0.‘$. Q.-Q.

More stable models (reduced variability), except for the HITS dataset.
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Dataset Model MCC F1-Score Accuracy

2D CNN (previous work) 85.53 + 2.98 85.68 + 2.31 89.48 + 2.06

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., 2021) - - 99.2

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

2D CNN 03.42 +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

2D CNN 91.26 + 0.76 86.40 + 1.39 97.34 £ 0.26

Hybrid 94.63 + 0.29 91.28 +0.54 98.37 £ 0.09

State-of-the-art results on two datasets.
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Experiment 2: Influence of the fusion layer
MLHC 2022
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FIGURE - Proposed hybrid CNN Transformer global model
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Experimental Setup MLHC 2022

Objective:

« Comparison to intermediate fusion models.

Models:
« Concatenation.
«  Sum.
Weighted sum.

Loss function:
« Cross Entropy Loss.

Optimizers:
- NOAM.

Metrics:

» Matthews Correlation Coefficient (MCC).

« F1-Score.
 Accuracy.
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Experimental Setup MLHC 2022

Objective:
« Comparison to intermediate fusion models.

Models:
« Concatenation.
«  Sum.
Weighted sum.

Loss function:
« Cross Entropy Loss.

Optimizers:
- NOAM.

Metrics:

» Matthews Correlation Coefficient (MCC).
« F1-Score.

 Accuracy.

For imbalanced datasets
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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
ik 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-BIM 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

U
D

NIVERSITE

E LYON

182



CR=/TIS ‘ Medical Imaging Research Laboratory

www.creatis.insa-lyon.fr

Results MLHC 2022

Cl

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
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
ik 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-BIM 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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Dataset Fusion Type MCC F1-Score Accuracy

Concatenation 84.96 + 2.54 86.37 £+ 2.11 90.62 + 1.65
~ sam 8904x198 9023171 9316x129

‘ HITS Weighted Sum 86.31 £ 2.80 87.73 +2.32 91.31+£1.92
. Mbid  8933x277  9L15:197  9339:174

‘ Concatenation 9291 +2.61 96.42 +1.33 97.11+1.05

Sum 92.12 +2.33 96.02 +1.19 96.78 £ 0.99

P18 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-BIR 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

For the HITS dataset: the intermediate sum fusion method achieve similar performances as the late

hybrid fusion method
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Results MLHC 2022

Dataset Fusion Type MCC F1-Score Accuracy

DI HITS
Hybrid 89.33+2.77 91.15+1.97 93.39+1.74
_—)
Hybrid 99.29+0.21 99.65+0.10 99.71 £ 0.08
MIT-BIH

Hybrid 94.63 +0.29 91.28 +0.54 98.37 + 0.09

» The other fusion methods have similar performances for the three datasets.
» Worst performances than the best single feature model of experiment 1.
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Class Spectrogram Raw Signal
Artifacts 0.46 +0.29 0.54 +0.29
Gaseous Emboli 0.65+0.17 0.35+0.17
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Results MLHC 2022

Class Spectrogram Raw Signal
Artifacts 0.46 +0.29 0.54 +0.29
Gaseous Emboli 0.65+0.17 0.35+0.17
Solid Emboli 0.71+0.15 0.29+0.15

Attention weights for the HITS dataset
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Class Spectrogram Raw Signal
Normal 0.49+0.12 0.51+0.12
Abnormal 0.18 £0.10 0.82+0.10

Attention weights for the PTB dataset

Class Spectrogram Raw Signal
N 0.48 £0.01 0.52+0.01
S 0.50+0.01 0.50+0.01
\Y 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
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Contribution 3 : Model compression based on extreme
guantization
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General Overview
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General Overview

Trained ternary
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Hessian based
metric for mixed
guantization
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Quantization principle

Quantization operator

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

L (Q} L
\REN \ o PR
\\./_V/; ———> l\V.\_IQ'

=3 C

« Continuous » values Discrete values

« Clipping range : interval [a, b] where the values of W live.

« Calibration : step of clipping range search.

« Scaling factor S : Number of partitions of the clipping range to use.

ClR
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Differentiable pruning function

@ 5 E (b)

3

2 2
S1

o —
N N Q

3 X
pot Q—_l
-2
-3

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

Figure — Differentiable pruning function (Manessi et al. 2017) 190
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Quantization

Uniform vs non-uniform :

+ Easier to deploy
- Worst classification
performances

|

i

—

Uniform

Y

Non-uniform

v

UNIVERSITE
DE LYON

ElR

+ Higher classification
performances
- More difficult to deploy
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Symmetric vs asymmetric :

Symmetric Asymmetric
a=-1 0 SZ B =15
4H0-——-=-49 ® O————.--P r 4-0———— ¢ ® ——-==0p> T
y / | N V / |
Q

—127 0 —128 0 127
+ Easier to implement + Better classification performances
+ Reduce computational cost + Adapted for imbalanced weights/activations
- Not adapted to imbalanced weights/activations - More difficult to implement
- Worst classification performances - More computationally expensive
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Quantization

Static vs dynamic (w.r.t. clipping range) :

ElR

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

NIVERSITE
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Quantization granularities

ILayerwise quantization

__________________ -
' Convolutional layer | I
' < |
| : s ¥ |
| _H O !
: H ; I
I Cconv. ! ZJ_ : il I
| fiters % : I
I ‘-“C V_- ________ 7‘ I
I %, . Inputconv. Output conv. I
Lo e - —layer, layer (C featre maps) .
_____ I

I I
1
| [ ] [ ] - [ ] | I
Global | . a : . - '
distribution 1 : : : : |
[ |
- . ' . . |
Filter 1 : : : I :JL: I
distribution | = . : 1 3 I
B L} L I
I u n | n n
Filter 2 T . I : ; :
distribution : . B I " d |
n u |
I || N | [] — [] I
Filter C | = / \: : . / \ . '
distribution 1 = a : . - '
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Quantization

QAT vs PTQ vs ZSQ .

Quantized Aware Training (QAT)

Pre-trained model

v Training data

Quantization

Post-Training Quantization

ClR

Pre-trained model ] [ Calibration data

Calibration

v v

Retraining / Finetuning

Quantization

Quantized model

Quantized model

+ Higher classification performances
~ Be careful with gradient computation
- Expensive during training

+ Does not modify the training procedure
- Lower classification performances

NIVERSITE
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Types of guantization approaches (Gholami
et al. 2021)

* QAT vs PTQ vs 25Q :

e 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 ==>ZSQ + PTQ.
* Correcting biases introduced in the quantized weights.
* No data + fine-tuning ==>ZSQ + QAT
* Ex.: use of synthetic data.
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ElR

Stochastic vs deterministic :

Stochastic Deterministic

WQ with probability p

Q(W) = 1 Q(W) =w,

W o 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 numbers - Lower classification performances
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Simulated vs Integer-only :
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ElR

Full precision Simulated Integer Only
FP32 Weight FP32 Activation INT4 Weight INT4 Activation INT4 Weight INT4 Activation
# Dequantize 4
Il FP32 Il
! Multiplication (FP32) Multiplication (FP32) ] i Multiplication (INT4) |
v FP32 v FP32 ¢ INT4
\ Accumulation (FP32) Accumulation (FP32) Accumulation (INT32)
l FP32 J' INT32
Requantize Requantize
v v v
FP32 Activation 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

- Most works are limited to ReLU activations 198
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Mlxed precision :

Reinforcement

learning approaches.

- NAS approaches.
- Regularization
approaches.

- Hessian approaches.

Quantization

-

Inference Latency

B INTS mINT4

Balancethe L
Trade-off N

Y

UNIVERSITE
DE LYON

ClR

@ensitivity: Flat vs. Sharp Local Minima\

(Lag)

128 103
conv6 /T

128 125

%

S0 512
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A
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HAWQ

64

32 32
Y conv8/9

64

> convl8/19

ClR

FC&softmax

Figure — Hessian aware trace weighted quantization (HAWQ) for mixed quantization (Dong et al. 2020)
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HAWQ

I

4tH Brock Tr(H,) = 88 -2

- |1
2
T T T T T T 1T T T 7 | NN N N N E— gi_\_; ll]U: IREEREREREREREREEIRARERRERRERARERERAAEERRERERRRIRERERA)
—— [NCEPTIONVE ON IMAGENET = F —— RESNET50 0N IMAGENET
il —
1071 E -z
= —.4
10—t = =
@ 1 E 1
2 04 —0.2 8
g (R 2 u
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I 10 E . o
L ¥ 2
8 =9
— %05 W03 .
] [ 1
10 ‘:—
i | N S S — S — —— e — — —0d m ke 1 R A R R R et EEE! =
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Figure — Hessian aware trace weighted quantization (HAWQ) for mixed quantization (Dong et al. 2020)
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Ternary Weight Networks and DoReFa-Net
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> Full precision weight tensor
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Compression evaluation metrics

ClR

Sparsity-based metric  Full precision model | |
_ Function counting the number of
Q*Jantlzed model/v quantized weights having a value of 0

llllll
“

SRQW(MFP-, Mc) =

e

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)

-nbzts(MQ) . CRG(Mpp, Mg) =1—-CR(Mpp, M)

CR(Mrp, Mq) = nbits(Mpp)
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ClR

Energy consumption evaluation metrics

Energy of mult-adds

Number of nonzero mult-adds

T -----
.................
. .
. .
.* .,
. .

*

ECya(M) = Ny i X3.7 x 10712

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
Number of layers Current Number of bits necessary to
n thejmodel layer encode the weights of the layer
....... 1.
jf'inzlifi(L,) X B l
ECpr(M) = 10 xZ([ = ]+NSF)
k3
Order of magnitude of data transfers to Number of scaling factors
memory from Molka et al. (2010) \

Function counting the number of nonzero weights
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Energy consumption evaluation metrics

Energy of data transfers

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

Full precision wegihts: B, = 32 <—~

No scaling factors: Nget =0 —

Nonzero weithgs: nnzw(L,) =5 <—-— _

Unquantized

nnzw(L1) X By )
32

ECpr(M) = 1079 x (]

Layer 1

nnzw(Ly) X By

L2
pernaaennaaennann, L g s > FUII preCiSion WegihtSZ B2 — 2
: . W= : .
1 1110 |::W,=14i  Two scaling factors: Ngg2 = 2
1 [1]o|iiw, =07 .
...................... 2 anst Nonzero weithgs:

\ 4

nnzw(L,) =4

Layer 2
Quantized

5 x 32

|4 V3] =107 x (2222 4 0) + (157 + 2)]

32
=10 x[5+0)+ (1 +2)]=8x10"" ]
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Energy consumption evaluation metrics

Total energy
Takes into account sparsity

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

0. *

. .
hhhhhh
,,,,,,,,
.................
---------------------------

Takes into account sparsity AND reduced precision

|[ECT(Mpp) — ECT(Mc)|
ECr(MFp)

ECL(Mpp, Mc) =

» Takes into account sparsity

> The higher the better
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Figure — Comparison of aTTQ with FP and TTQ
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By TTQ tend to have slightly higher classification performances than aTTQ
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Experiment.: SOTA comparison

ElR

Dataset Model Quant. method CRg T CRg 1 SROW T ECE T MCC 1 AMCC?T

FP ] - - i 89.84 = 3.09 i

D CNN DoReFa P11 | 89180 | 9687 =0 : 35420 | 85.05£596 | —4.79

TTQ 6] | 2496225 | 2712+ 244 | 2896212 | 2342+ 730 | 8682229 | —3.02

TS aTTQ 295:023 | 46692025 | 4595021 | 4404019 | 86.04337 | —3.70
TP - : : : 82.60 £ 177 -

D CNNotrane, | DOREFADI] | 14500 | 9687+0 : 0372003 8407311 | +1.43

' TTQ [16] 0142004 | 091=027 | 6752026 | 188003 | 8322236 | +038

aTTQ 13995002 | 93.07x016 | 93532015 | 7.6 =011 | S1.66x4.17 | 098
FP 5 : : i 0281353 i

D CNN DoReFa P11 | 96400 | 96870 : 3990<0 | 9412087 | +13]

TTQ 6] | 85.61 = 137 | 86.03 <137 | 8650+1.29 | 7645+ 113 | 95.00« L1l | +2.19

LSR aTTQ 8848+ 044 | 8891045 | 8930042 | 8449033 | 9241222 | —0.40
FP § : : § 0433 = 151 §

D NN | DORCFa I | 23460 | 9686%0 : 00020 | 9679055 | +2.46

: TTQ 6] | 11.40<2.61 | 47.07=10.79 | 5022 <1016 | 32/ 066 | 96252079 | +1.92

aTTQ 37.02+015 | 8678063 | 8759059 | 537004 | 9534070 | +1.01
FP § : : i 94.39 = 046 -

DoReFa 1] | 516720 | 96840 : 328x0 [ 87.03x7.14 | =736

MNIST | 2D MNIST CNN oo 11386 £2.33 | 2597 £4.37 | 30402402 | 258035 | 92.092089 | —2.30

aTTQ 7895126 | 5432236 | 57.08=222 | 497022 | 9362096 | —0.77

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

Objective:
» Study the influence of normalization on aTTQ.

Datasets:

HITS:

« TCD Data.
* 1 545 samples.
* Three classes.

ESR:

« EEG Data.

« 11 500 samples.

« Two classes.

« Sampling frequency: 174 Hz.

VXA ESEHLWN~0
MR Ay WL -0
QN UITW NV —-0O

« Sampling frequency: 4385 Hz.

000600 POOOCYL 0OO0O

VN / 220NN MNIST subset:
2232222223222
3333533333333

YAYYYSrgdd Ny .
s5sssssrsessss ° 28X28Images.
bbb bbbl

971 TINTP2RT T 20 000 samples.
ssssvsPs332¢4 o Jenclasses.
9499934949499 9

Metrics:

+ Mathews Correlation Coefficient (MCC).

« CRg.
Models:
« 2D CNN.

1D CNN-transformer.
Loss function:

* Cross entropy (CE) 214
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Figure — Influence of normalization on aTTQ from the classification perspective
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Figure — Influence of normalization on aTTQ from the sparsity/compression perspective
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Experiment: influence of t,, and t .,
Objective: Metrics:
» Study the influence of our trade-off parametrization t,,;, and t,.,. + Matthews correlation coefficient (MCC).
« Sparsity rate of the quantized weights (SRQW).
Dataset: L
e ESR: Model:
o « EEG Data. * 1D CNN-transformer.
eyl + 11 500 samples.
e A i e i A .
. * Two classes. Loss function:

eeeeeeeeeeee phalogram (EEG)

Sampling frequency: 174 Hz. « Cross entropy (CE)

217

Figure — SMCC and SRQW for different values of t;, and t ..



CREI‘TIS‘

Objective:

» Study the influence of our trade-off parametrization t,;,

and t,,..

Datasets:

VWAL WN~0
MAI ey b —-0
QLN UL W PN ~-O
SRS LU N~o
S ondealowy —Q
DR~ PP NLWRNO
PO I TN EWN N QO
SN TwLAp—~0
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o9 I NAXYLO~D
D PN ANRWr ~
DA VSNPOLEOL~-0
SLEPY O SWNW=N
DRI AN =W =D
SaN®RTWNPND
Y ed gAZTWP~Q

ESR:

« EEG Data.
« 11 500 samples.
 Two classes.

« Sampling frequency: 174 Hz.

MNIST subset:

» 28x28 images.
« 20 000 samples.
» Ten classes.
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Experiment: influence of t

min and tmax

Metrics:

* Mathews Correlation Coefficient (MCC).
* CRg.

Models:

« 2D CNN.
e« 1D CNN-transformer.

Loss function:

* Cross entropy (CE)

ClR

U
D

NIVERSITE
E LYON
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Experiment: influence of t;, and t

max
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Figure — SMCC and SRQW for different values of t_.. and t
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Pruned trained ternary quantization (pTTQ)

Optional for pTTQ

Full Precision " Normalized Pruned Weights Ternary Weights Final Ternary
Weights tensor w Weights tensor w, tensor wy tensor Weights tensor w;

. Y .

-1.9 1.5-13 -06 -1 0.8 -0.7-03 2

1.8 0.4 06 1.9 " 0902 03 1 |
Normalization :
0.8 0.6 0.1 -0.3 0.4 03 0.1-02 |:

4|07 1.6-08 05 4|04 08-0403

Zwusipesn

Differentiable pruning /
function p(w;a,b,a) I

_|
~

Gradient 1 220
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Pruned trained ternary quantization (pTTQ)
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_ _ Slope of thresholding
Pruning function:

P(W; tnin, timaz, @) = ReLU (W~ (tmae )+ D (Enaa]) ¥ S (=D (far) )

— ReLU(—w —iA {tmin)) — Du(tmin) £ S0 % (=0 = Ay (tin))

| |

0“...’¢ 0“...’¢ S d
Ay ot =it x@s

function

Mean Standard

deviation 221
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Pruned trained ternary quantization (pTTQ)

Gradients: Heaviside
function

I

13 .0‘ % - -
b (W: toins tmaz, @) = 0y X H(=w — AT™) — 0y X S X (—w — AF™))

atmin
_|_ Ty X 0 X Azlin % S(ﬂ % (—T_ﬂ . A:.r;in)) % (]_ . ag(—’lﬁ B A?;i”))

dp
atmin

(W3 tins tmag, ) = —0y X H(w — A") 4+ 0, X S(a X (w — AT'))

— o X AT xS x (w = AZ)) x (1= S(w — A7)
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Pruned trained ternary quantization (pTTQ)
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(b)

Figure — Examples of pruning functions for different thresholds and values of a
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Pruned trained ternary quantization (pTTQ)

ElR

Dataset Model Quant. method CRL 1 CRZ 1 SROW ECL 1 MCC 1 A MCC 1
FP - - - - 80.84 £+ 3.09 -
. ‘ DoReFa 89.18+0 96.87T+0 - 3.54+0 85.05 4+ 5.96 —4.79
2D CRR TTQ 24.96 £ 2.25 27122244 | 2806 £2.12 | 23.42 £ 1.30 | 86.82 £ 2.29 —3.02
pTTQ 75.54 £ 3.39 | §2.06 £ 3.69 | 83124347 | 75.53 +1.53 | 89.33 £4.45 —0.55
HITS FP - - - - R82.64 4+ 1.77 -
o _ DoReFa 1450+ 0 96.87T 0 - 0.37 £ 0.03 84.07 £ 3.11 +1.43
1D CRR-trans. TTQ 0.14 £ 0.04 0.91 4+ 0.27 6.75 £ 0.26 1.88 £0.03 83.22+2.36 +0.58
pTTQ 837TX£0.05 | 55.80 0.3/ | 5850+032| 2.01+0.05 | 85.124+1.94 +2.48
FP - - - - 02.81 &£ 3.53 -
oD CNN DoReFa 96.40+0 96.87+0 - 2090 +0 94.12 £ 0.87 +1.31
TTQ 85.61 + 1.37 86.03 £1.37 | 86.59+1.20 | 76,45 £1.15 | 95.00 £ 1.11 +2.19
pTTQ 93.8354+0.96 | 95.80+ 0.96 | 94.17+0.91 | 90.32 +0.69 | 92234+ 2.32 —0.58
wol FP - - . - 04.33 + 1.51 -
1D ONNetrans. DoReFa 2346 £ 0 96.86 £ 10 - 0.90+0 96.79 £ 0.55 +2.46
TTQ 11.40+2.61 | 47.07+10.79 | 50.22 £ 10.16 | 3.21 = 0.66 96.25 +0.79 +1.92
pTTQ 2386 £0.04 | 9854 £0.16 [ 98.67£0.15 | 6.04£0.01 | 96.35 £ 0.95 +2.02
- - - - - 94.39 + 0.46 -
DoReFa 51.67+0 96.84 +0 - 3.25+0 R7T.03+7.14 —7.36
MNIST | 2D MNIST CNN
TTQ 13.86 £2.33 2697 =437 | 3040 £4.12 258 £0.35 92.09 £ 0.89 —2.30
pTTQ 3.2+ 1.02 | 63.55£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

IVERSITE
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Experiment: pTTQ SOTA comparison

ElR

Dataset Model Quant. method CRL 7T CRS ¢ SRQW ECEL 1 MCC t A MCC 1t

FP - - 89.84 + 3.09 -

. DoReFa 89.18+0 96.87 + 0 - 3.67+0 85.05 + 5.96 —4.79
2D CNN

TTQ 24.96+2.25 | 27.12+244 | 2896 +2.12 | 23.13 +1.27 | 86.82 +2.29 | —3.02
TS pTTQ 75.54+3.39 | 82.06+3.69 | 83124347 | 7526+ 161 | 89.33+4.45 | —0.55

FP - - - - 82.64 + 1.77 -
DoReFa 14.50 + 0 96.87 + 0 - 032+0.03 | 8.07+3.11| +1.43

1D CNN-trans. -

TTQ 0144004 | 091+027 | 6.75+026 | 1.86+0.03 | 83.22+2.36 +0.58
pTTQ 837+ 0.05 | 55.89+0.34 | 5850+0.32| 1.82+0.04 |8512+194| +248

FP - - 92.81 + 3.53 -
. DoReFa 96.40 + 0 96.87 + 0 - 42654+0 | 94.12+0.87| +1.51

2D CNN

TTQ 85.61 +1.37 | 86.03+1.37 | 86.59+1.29 | 72.01 +1.08 | 95.00 +£1.11 | +2.19
Bk pTTQ 93.95 £ 0.96 | 93.80 + 0.96 | 94.17 £ 0.91 | 88.68 + 0.60 | 92.23 + 2.32 —0.58

FP - - 94.33 + 1.51 -
DoReFa 2346 £ 0 96.86 + 0 - 091 +3.69 | 96.79+055| +2.46

1D CNN-trans. .

TTQ 11.40 £2.61 | 47.07 £10.79 | 50.22 4 10.16 | 2.79 + 0.57 | 96.25+0.79 +1.92
pTTQ 23.86+0.04 | 98.54+0.16 | 98.67 +0.15 | 5.21+0.01 | 96.35 + 0.95 | +2.02

- - - 94.39 = 0.46 -
_ DoReFa 51.67+0 96.84 + 0 - 3.39+6.94 | 87.03+7.14 ~7.36

MNIST | 2D MNIST CNN ‘ _

TTQ 13.86 £2.33 | 25.97+4.37 | 30404+4.12 | 1.65+0.16 | 92.09 + 0.89 —2.30
pTTQ 33.92+1.02 | 63.58 +1.92 | 65.79+1.80 | 410+0.10 | 91.01 £0.61 | —3.58

Table — Comparison of pTTQ with other quantization methods
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Conclusion et perspectives
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Conclusion

-

Dataset creation and annotation

o

=)

Semi-supervised data
annotation
Soft labelling (annotation)

~

4

L—» 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.
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Conclusion

 Different models with
Multiple representations > different inputs

e Multi-feature models

I—» 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. 228
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Conclusion

“ e Lite models A

Resource hungry models :> « Model compression
N * (Soft labelling training)

\—> 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
a  Semi-supervised data n
Dataset creation and annotation ‘ annotation
5 e Soft labelling (annotation) .

L—» 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
230
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Perspectives

. e Different models with A

different inputs
- e Multi-feature models

Multiple representations

v

I—» 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
&  Lite models o
Resource hungry models * Model compression
- * (Soft labelling training) -

L—» 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

Medical Imaging Research Laboratory | Coniib. 2 Conirbuion s JNConGUSORID 2 )\ yeqsie
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Perspectives
“ e Capture expert uncertainty
Soft labelling -
. e Noise robustness

4

L—> 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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Soft labels

Working with soft labels (vs hard labels)

ElR

Soft prediction

yart 0.1
ML Mxs=(y)={03
I

Deep model /L__

conversion to
hard prediction

Sample X — highest score (0)
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Soft labels
Loss functions  soft  noise
_______________ . labels _| tlerant_
 Loea M(XOg) = H(y, M(X) 1) "SR
. _ cross-entropy (baseline) _i_ v _i_ v _lI
Lsorecs s M) = Hos MX)) TV !
| 235 E
r Lsymce(Yu, M(X)g) | x : |
| = axHyn, M(X)n) + B x HMX)y, Y1) : E v !

1
(L]SD (s, M(X)s) = 5 % (KL(ys, ms) + KL(M(X)s, ms))

. 1
| withmg = - x (ys + M(X)s)
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Soft labels
Adding symmetric noise to soft labels
| g 0.6
with probability C-1 _S _ 03 Noisy
noise rate ¢ (in %)
0.1\ Art 4 0.1
with probability ~_7 _ —— — _
ye| 0.3 |GE b ys = 10.6]  Noisy

Highest score moves to _ -
another class with probability 1-¢

U dified
with probability ¢ ).. nmoditie

o
1
lUJ —
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Soft labels

Adding symmetric noise to soft labels
' (b)

UNIVERSITE
DE LYON

ar
Y

® Art ® Art
® GE ® GE
SE SE

Figure - (a) HITS dataset without noise, (b) HITS dataset with 10% of
symmetric noise in the soft labels.
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Soft labels
Soft labels noise resistance
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(a) 2D time-frequency CNN (b) Doppler signal 1D CNN-transformer

Figure - Classification performance of two types of models trained using the

presented soft and hard label loss function
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Uncertainty capturing

Hellinger distance
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(b) Doppler signal 1D CNN-transformer

Figure - Uncertainty capturing evaluation of two types of models trained using the

presented soft and hard label loss function
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ClR

Geometric Mean Jensen-Shannon Divergence (GEO JSD)

JSDR(P||Q) = x (1 —=)[B(H(P,P) —H(Q,P)) +Y(H(Q,Q) — H(P,Q))]

Robustesse au bruit
prouvée théoriguement
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Soft labels
Résultats préliminaires GEO JSD
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Figure — Résultats HITS-small
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Résultats préliminaires GEO JSD
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Mathews Correlation Coefficient (Binary classification)

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

MCC =

mm) MCC=0&TPxTN=FPxFN

L Random classifier !
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Statistical tests for comparison

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:
The training and testing datasets are fixed during 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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Choice of g hyperparameter for GCE

test accuracy

validation loss

Figure — Test accuracy and validation GCE, for different values of g, on the XXX dataset (Zhang et Sabuncu 2018)
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Automatic annotation vs Manual annotation

Split \[e} Total SE GE
patients

Split \[o} Total SE GE Art.
patients

Table — HITS-small-lI dataset.

Table — HITS-sada dataset.

Model Model

1D CNN-trans. 79.17 + 6.64

Table — Multi-feature GDCE compared to single feature models I Table — Multi-feature GDCE compared to single feature models

1D CNN-trans. 85.74+1.16

on a noisy semi-automatically labeled dataset HITS-small-I. on 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

Choice of tmin and tmax is critical.
Bad choice:
Poor classification performances.
Poor compression/energy performances
=» It 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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Figure — EmbDiscriminationLite application, deep learning classification module for ADMS for Atys Medical



IVERSITE

— Medical Imaging R rch Laborator
CR=/TIS edical Imaging Research Laboratory UNIVERS

www.creatis.insa-lyon.fr

Industrial application and impact on patient care

Solid embolus

ElR

Good diagnosis

» Adapted treatment =» Stroke prevention

Bad diagnosis

» No treatment needed = Stroke risk

Artifact

Good diagnosis

» No treatment needed

Bad diagnosis

» \Wrong treatment =» Risk of complications
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Model compression comparison with other SOTA method

Dataset ‘ Model | Quant. method ‘ CRE 1 | CR2 1 | SRQW ‘ ECE 1 | MCC 1 ‘ A MCC 1
FP - - - . 89.81 + 3.09 :
DoReFa 801840 | 96.87+0 - 35440 | 85.05£596 | —4.79
2D CNN TTQ 24964225 | 2M12+244 | 2896212 | 2342+130 | 86.82£2.20 | —3.02
aTTQ 12984023 | 46.69+025 | 45.95+0.21 | 44.04 +0.19 | 86.14+337 | —3.70
pTTQ 7550+ 3.99 | 82.06 + 3.69 | 8312 +347 | 7T5.53+1.53 | 89.33+ 445 | -0.55
HITS FP - - - - 82.64 £ 1.77 i
DoReFa 145040 | 96.87+0 - 0374003 | 84.07+3.11| +1.43
1D CNN-trans. TTQ 0144004 | 0914027 | 6754026 | 1.88+003 | 83.22+236 | +0.58
aTTQ 15,9 £0.02| 93.17+0.16 | 9353 £0.15 | 7.64+011 | 81.66+£417 | —0.98
pTTQ 8374005 | 5580034 | 58.50+0.92 | 2.01+0.05 | 85.12+1.94 | +2.48
FP - - - - 92.81 + 3.53 -
DoReFa 964040 | 96.87+0 _ 200040 |94.12+087| +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 | 83.91+045 | 89.90+ 0.42 | 8449+ 0.93 | 9241+222 | —040
pTTQ 09.35+ 0.96 | 93.80 + 0.96 | 9417 +0.91 | 90.32 069 | 92.23+232 | —0.58
e FP - - - : 04.33 £ 1.51 -
DoReFa 29.46+0 | 96.86+0 - 09040 |9679+055| 4246
1D CNN-trans. TTQ 1140+ 2,61 | 4707+ 10.79 | 5022 £10.16 | 3214066 | 96.25+079 | +1.92
aTTQ 2102015 | 86.78+0.63 | 87.50 £ 0.59 | 5.97+0.04 | 95.34£079 | +L01
pTTQ 23.86+0.04 | 98.54+0.16 | 98.67 = 0.15 | 6.04+ 001 | 96.55  0.95 | +2.02
] ] _ ] - 94.39 + 0.46 -
DoReFa 516740 | 96.84+0 : 39840 | 8T.03+7.14 | -7.36
MNIST | 2D MNIST CNN TTQ 1386 +£2.33 | 25.07 437 | 3040+4.12 | 2584035 | 92.09+£089 | —2.50
aTTQ I8+ 126 | 54.32+236 | 57.08+2.22 | 4.97+0.22 | 93624096 | —0.77
pTTQ 99.92+ 1.02 | 63.58+ 1.92 | 65.79+ 1.80 | 6.10+0.15 | 91.01 £ 0.61 | —3.38

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

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

ClR

What is implemented ?
Some sparse operations in PyTorch (Beta version).
Simulated quantization =» All operations are treated
as 32 bits operations.

Simulation
(difficult)

Current codes do not allow efficient operations on
common hardware
Specialized hardware is needed for further improvements.
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