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Motivations (2/4): Data-centric ML pipeline

Each block affects the end- Data
results: we need to minimize Deduplication

the “snow-ball effect”.

Pre-training

Data Quality

Filtering Fine-tuning

Data

standardization Data Tokenization

Data Ingestion

Instruct-tuning

Hate, Abuse,
Profanity
Detection

t

Retrieval
Augmented
Generation

Model Training

From Hima Patel et al., https://fr.slideshare.net/slideshow/data_prep_techniques_challenges_methods-pdf-a190/271527890

License Filtering

Data preparation
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Motivations (3/4): Multimodal Learning

We need to select the optimal encoding and fusion functions

A (1 S
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Motivations (4/4): Reproducibility & Traceability

(® Ensure stable and consistent (® Trace back pre-training, fine-tuning,
hyperparameter optimization and prompt engineering

Open Source
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We need reproducibility We need traceability and explainability 8



1. Motivations 2. Research Challenges 3. Methods & Contributions 4. Conclusions

Theoretical, Technical, and Experimental Challenges

Multimodal Deep Learning

- Complex models M» MM Network Architecture Search

- Costly training M Cost-driven and frugal models

- Hard to communicate to non-experts XE®» Beyond XAl: Chain-of-evidences

(Multimodal) Uncertainty Quantification image
contriction

N
STOPPING|ES
ANY TIME |fis

Text/image contradiction

e

b e -

- Quantify aleatoric and epistemic
uncertainty

- Detect multimodal contradictions

L

Do not pour water beyond
the indicated level 9
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Wish list Before Integrating/Using LLMs & MLLMs

We need to;

®
O,

®

Quantify LLM hallucination & factuality in perspective with the model/
training size

Detect stereotype amplification due to bias and low quality training corpus

Evaluate sensitivity to prompt variations, noise, conflicting (multimodal) data
or domain shift

Evaluate LLM vulnerability to adversarial attacks (e.g., generated texts used in
pretraining or prompts)

Use dedicated benchmarks and design controlled experiments

Emily Bender, Timnit Gebru, Angelina McMillan-Major, and Shmargaret Shmitchell, "On the Dangers of Stochastic Parrots: Can Language Models Be Too Big? 10
W in Proceedings of the 2021 ACM Conference on Fairness, Accountability, and Transparency, pp. 610-623. 2021.
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1. Motivations

The Understudied Model Collapse Phenomenon

Increasing use and re-use of LLM-generated data and synthetic data

Replace Data Accumulate Data

D Model

Training
Data

Real
Data

Model-

:] Generated

Data

I Fit

------ = Sample

A A Source:

https://en.wikipedia.org/wiki/Model_collapse

Test Loss

Test Loss

O O— O
> >

Model-Fitting Iteration

Model-Fitting Iteration

Shumailov, ., Shumaylov, Z., Zhao, Y. et al. Al models collapse when trained on recursively generated data. Nature 631, 755-759 1

(2024). https://doi.org/10.1038/s41586-024-07566-y
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Inadequacy/Inexistence of benchmarks:
e.g. MM Fact-checking

H Name H # Claims ‘ # Labels ‘ Data | Year ‘
LIAR [4] 12836 6 Claim Text, Metadata (Speaker etc.) 2017
CREDBANK [8] 1049 5 Claim Text, Event, Topic 2015
The Lie Detector [9] || 600 2 Claim Text 2009
Claim matching be- . .
yond english [10] 2343 3 Claim Text Pairs 2021
FEVER [1] 185445 3 Claim Text, Document Text 2018
MultiFC [12] 36534 40 Claim Text, Document url, Metadata 2019
Fakeddit [13] 1 million | 2/3/6 Claim Text, Claim image 2019
Covid-19 Fake .

News dataset [11] || 1079 2 Claim Text 2020
FakeNewsNet [14] 23921 2 Claim Text, Spatiotemporal info 2019
Whatsapp fact-
checking dataset || 1032 3 Claim Image, Metadata 2020
[15]

Table 1

Details of related public datasets for automated fact-checking along with available meta data and release

year.

Mishra et al. FACTIFY: A Multi-Modal Fact Verification Dataset, De-Factify: Workshop on Multimodal Fact Checking and 14

Hate Speech Detection, co-located with AAAI 2022. https://ceur-ws.org/Vol-3199/paper18.pdf
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Our contributions

M2-Mixer: Design adaptive, conceptually, computationally
simple, scalable multimodal deep learning architecture

MixMax: Find the optimal multimodal deep learning
architecture

DBF: Quantify the uncertainties in multimodal learning

LUMA: Provide a benchmark dataset for multimodal learning
and uncertainty quantification

Ph.D. thesis of Grigor Bezirganyan, and collaborators @AMU
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1 M2-Mixer

Multimodal Data Fusion - Main Contributions

Contribution T:
Propose an all MLP-based approach for multimodal fusion

Contribution 2;

Improve modality representations by optimizing the learning
process with multi-head loss

Contribution 3:

Propose a micro-benchmarking pipeline for automatic MLP-
based multimodal architecture design

16
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1 M2-Mixer

1. Motivation

Multimodal Data Fusion - Related Work

Current state-of-the-art model mainly use

Big Convolutional Networks
Transformers

Neural Architecture Search
Pre-trained models
Complex fusion functions

AR VAR VARV V4

These approaches are often conceptually, computationally complex

Multimodal Networks may favor one modality over the other, and find
suboptimal representations for the modalities [Wang et al., 2020]

17
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M2-Mixer

Multimodal Data Fusion - Related Work - MLP Mixers

Coo Sipoomecions  Skipcommections _ Mixer Layer
: Channels :
I = Patches Y p MiP2) Y - :
==t —(rn ~ R
@ OnlyMLPs s Plne = \T a5 L (MLP1 )} T % e !
I 2> s @) —(MLP1 }—» z MLP2 }—»] I
- - MLP2 —b I
e e e e e e e e e e e o e o o o o o e e e e e = e e e e e = e e e e e = e e e = = = J
Class
& Conceptually/
Computationally el EE
Simple
[ Global Average Pooling Fully-conneted
o« . . ully-
@ Competitive with f IEEENEE f ]
Transformers / CNNs N x (Mixer Layer)

590600900 |

Per-patch Fully-connected Fully-connected

a5 |
ek L2 Lan g = S

g™ |

(Tolstikhin et. al, 2021)

18



2. Research Challenges 3. Methods & Contributions 4. Conclusions
M2-Mixer

1. Motivation

Multimodal Data Fusion - Multimodal Mixer

Concatenation MOd“'arit_Y__..."
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Feature extraction Fusion Task Head

G. Bezirganyan, S. Sellami, L. Berti-EQuille and S. Fournier, "M2-Mixer: A Multimodal Mixer with Multi-head Loss for Classification from Multimodal 19
Data," 2023 IEEE International Conference on Big Data (BigData), Sorrento, ltaly, 2023, pp. 1052-1058, doi: 10.1109/BigData59044.2023.10386252.
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M2-Mixer

Multimodal Data Fusion - M2-Mixer
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G. Bezirganyan, S. Sellami, L. Berti-EQuille and S. Fournier, "M2-Mixer: A Multimodal Mixer with Multi-head Loss for Classification from Multimodal 20
Data," 2023 IEEE International Conference on Big Data (BigData), Sorrento, ltaly, 2023, pp. 1052-1058, doi: 10.1109/BigData59044.2023.10386252.
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1 M2-Mixer

Multimmodal Data Fusion - Experiments

2 Datasets: AV-MNIST MIMIC-III
[Vielzeuf et al., 2018] [Johnson et al., 2015]
Field Multimedia Healthcare
Modalities Image / Audio Time Series / Tabular
Samples 55,000 / 5000 /10000 26,093/ 3,261/ 3,261

train /val / test

OQur models:

- MMixer (no multi-head loss)
- M2-Mixer (with multi-head loss)

9 Baseline models:

Simple Late Fusion [Liang et al, 2021], LRTF [Liu et al., 2018], MFAS [Pérez-Rua et al., 2019], RefNet
[Sankaran et al,, 2021], MVAE [Wu et al, 2018], MFM [Tsai et al,, 2019], CCA [Sun et al,, 2020], MI-Matrix
[Jayakumar et al,, 2020], GradBlend [Wang et al., 2020] 21
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M2-Mixer ,,,swg.;mg@
° ° * 3 o, ‘:::..,.;
Multimodal Data Fusion - Results }f«";%%*
B e e B
AV-MNIST Image / Audio 55,000/ 5000 /10000 @'.:,g.g: @a’%
Architecture Accuracy % - avg (10 runs) Accuracy % - max | Train time (s)
MFAS 72.64+0.2 72.93 6,710 £ 12817
GradBlend 68.71+0.7 69.51 43768 + 5554 Number of
M2-Mixer B 73.06 £ 0.2 73.34 10271 £ 6578 Parameters
M2-Mixer M 72.81+0.2 73.20 4147 + 1642 B ‘83 mM
M : 88 k
Our Proposed MIMIC-HI Time Series / Tabular 26,093/ 3,261/ 3,261 .
Models H 129k
Architecture Accuracy % - avg (10 runs) Accuracy % - max | Train time (s) LC -2 9K
B, M, H, LC are L 2.
different MFAS 78.02+0.4 78.63 8043 + 663
configurations of
the same model GradBlend 78.1+0.3 78.51 7988 + 239
M2-Mixer H 78.32+0.3 79.03 840 + 119
g M2-Mixer LC 78.43+0.3 78.76 597 + 113

M2-Mixer outperforms MFAS and GradBlend with much lower training time

G. Bezirganyan, S. Sellami, L. Berti-EQuille and S. Fournier, "M2-Mixer: A Multimodal Mixer with Multi-head Loss for Classification from Multimodal

22

Data," 2023 IEEE International Conference on Big Data (BigData), Sorrento, ltaly, 2023, pp. 1052-1058, doi: 10.1109/BigData59044.2023.10386252.
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Our contributions

MixMax: Find the optimal multimodal deep learning
architecture

4. Conclusions

Ph.D. thesis of Grigor Bezirganyan, and collaborators @AMU

23
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2 MixMAS

M2-Mixer

Architecture search for M2-Mixers

[ |mage] [ Audio ]

M2-Mixer: [MLP-block|  |MLP-block|
- Use MLP-blocks to extract information from each IR |ML,,:b,°ck|
modality |
- Use MLP-blocks for fusing the extracted features
- Use Multi-head loss for optimisation w
- MLP-blocks can be any MLP-based architecture
| FC Layer | | FC Layer| | FC Layer]
Question:
- What MLP-based architecture to use for each L L £*z
MLP-Block? “

W W,

MLP Hyper Monarch s Mull-t(lggad
Mixer Mixer Mixer

24
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MixMAS

Contributions:

Our contribution

P Multimodal Data
ampler

Contribution 1.
Propose a flexible pipeline that:
-  Takes a small sample of the dataset
- Conducts micro-benchmarking on the |
subset
- Constructs optimal MLP-based networks

Encoder/Mixer
Selector

»
-3

MLPMixer Concatenation

Max Pooling Fusion Selector
Mean Pooling Fusion Network

Selector

HyperMixer

MonarchMixer

i
i

I

ejeq indu)
uonoung uoisng  —|

Modality 2 encoder 2 Fusion Network
based on the micro-benchmarking o i
Feature Extraction Feature Fusion Task Head

Contribution 2:
Experimentally validate that our pipeline enhances accuracy over standard
MLP-based multimodal networks.

Abdelmadjid Chergui, Sana Sellami, Laure Berti-Equille, Sébastien Fournier. MixMAS: A Framework for Sampling-Based Mixer Architecture Search o5
for Multimodal Fusion and Learning. 2024 IEEE International Conference on Big Data, MMAI 2024 workshop, Dec 2024, Washington DC, USA.
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2 MixMAS

MIxMAS: Sampling based micro-benchmarking

1. Take a representative small sample of the dataset [Hogg et al, 2023]

26
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2 MixMAS

MIxMAS: Sampling based micro-benchmarking

1. Take a representative small sample of the dataset

2. Find the best uni-modal encoders for each modality

"MLP- | MLP Hyper Monarch .
Modality 1 . "block 1 Mixer Mixer Mixer
\ ) [N
(ﬁ :— —_—— —I /,/’ -
Modality 2 B O P
1 I g————"
- @ | 1

Modality K imlécplg
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2 MixMAS

MIxMAS: Sampling based micro-benchmarking

1. Take a representative small sample of the dataset
2. Find the best uni-modal encoders for each modality

3. Fixencoders, search for best fusion function

Concatenation Averaging
T
Modality 1 Mor
odali
y block - | Summation °o o
| N
[ e
( \ lc : T
g MLP- lIsct . =
Modality 2 AL | €——————————
block I g. g |
IS |
| |
. : I |
L—— 1
Modality K e m:;sk'
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2 MixMAS

MIxMAS: Sampling based micro-benchmarking

1. Take a representative small sample of the dataset [Hogg et al, 2023
2. Find the best uni-modal encoders for each modality

3. Fix encoders, search for best fusion function
4,

Fix Fusion function, search for best fusion network

MLP Hyper Monarch 0 o o
_ MLP- Mixer Mixer Mixer
Modality 1 ... block
-
oy -
MLP Sc | impi iM-i iwLp-! -
. - 1 - -! ! - —_
Modality 2 . 8 & [ iblock | !block | iblock 1 47
- o > _____1 _____1 _____1
5

Modality K e mgg;
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2 MixMAS

MIxMAS: Sampling based micro-benchmarking

Take a representative small sample of the dataset [Hogg et al, 2023]

Find the best uni-modal encoders for each modality

1.

2.

3. Fix encoders, search for best fusion function

4. Fix Fusion function, search for best fusion network
5.

Train the final model on the whole dataset

: MLP-
Modality 1 - block
-n
MLP g EI MLP MLP MLP:
Modality 2 ek 8 (g > block block | --- |block
- O S
>

Modality K e mgg;
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MixMAS
Experiments
2 Datasets: AV-MNIST MIMIC-III MM-IMDB
[Vielzeuf et al., 2018] [Johnson et al., 2015] [Arevalo, et al., 2017]
Field Multimedia Healthcare Multimedia
Modalities Image / Audio Time Series / Tabular Image / Text
Samples 70,000 32,615 36212
train /val / test
Average of 10 runs
MM-IMDB AV-MNIST MIMIC-III
. Fl-w. (%) Training Acc. (%) Training Acc. (%) Training
Architecture (avg) Params (M) (avg) Params (M) (avg) Params (M)
M2-Mixer 46.66 + 0.44 16.7 73.20 £ 0.2 8.3 T7832+0.3 0.029

MixMAS 49.58 £ 0.5 10.37  75.79+0.3 9.33 783x0.73 0.033

31
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MixMAS

Results of Micro-Benchmarking - Encoder Selection

MM-IMDB AV-MNIST MIMIC-III
Sampling(%) 23% 12% 21%
Module Score F1-w(%) Module Score Acc(%) Module Score Acc(%)
Image Encoder Selection Image Encoder Selection Time-Series Encoder Selection
MLPMixer 24.02 MLPMixer 44.27 MLPMixer 40.77
HyperMixer 16.89 HyperMixer 56.15 HyperMixer 45.36
RaMLP 14.44 RaMLP 47.52 MonarchMixer 44.38

Text Encoder Selection

Audio Encoder Selection

Tabular Encoder Selection

MLPMixer 9.20
HyperMixer 15.07
MonarchMixer 28.55

MLPMixer 27.40
HyperMixer 29.16
MonarchMixer 28.49

Fusion Function Selection

Fusion Function Selection

Fusion Function Selection

ConcatFusion 19.56
MeanFusion 10.20
MaxFusion 9.07

ConcatFusion 18.38
MeanFusion 9.61
MaxFusion 6.20

ConcatFusion 28.55
MeanFusion 4.28
MaxFusion 6.73

Fusion Network Selection

Fusion Network Selection

Fusion Network Selection

HyperMixer 29.0
MLPMixer 25.97

HyperMixer 53.47
MLPMixer 42.17

HyperMixer 38.15
MLPMixer 34.14

4. Conclusions
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MixMAS
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4. Conclusions

Results of Micro-Benchmarking - Fusion Function Selection
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Results of Micro-Benchmarking - Fusion Network Selection
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Our contributions

DBF: Quantify the uncertainties in multimodal learning

4. Conclusions

Ph.D. thesis of Grigor Bezirganyan, and collaborators @AMU

35



3. Methods & Contributions 4. Conclusions

3 UQin MML

Related Work: Multimodal Evidential Deep Learning

p N [T 0.90
i e
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Evidential Neural Network

_.D_.

Predict the parameters
of Dirichlet Distribution

(Han et. al, 2022) 36
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3 UQin MML

Modalities can often confidently disagree in their decisions

| see a

dog Hmm, |

\hea‘ 2 don’t know /\/O/

409 9 Cap

- Decisions made on conflicting data need to be more uncertain
- Modalities that are in conflict with others need to contribute less to the decision 37
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3 UQin MML

1. Motivation

Discount opinions that contradict with lots of other modalities

| see a

dog Hmm, |

\hea‘ ) don't know /Vo_/

3
a09 Car

3

@ @ Uncertainty
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3 UQin MML

Discount modalities that contradict with lots of other modalities

Unimodal Classifiers Conflict Matrix . Computed
p N T— 0.90 Discount Factors
Modality 1 —> oo
- g / Class 1 ((:a(:) 2 ((:a(:) 3 Uncertainty
: 1 0 0.2 0.65 g2 0.23
- N T 070 , N ™ Readjust
2 ) .096 N .
Modality 2 —> o _om O Uncertainties &
h - L Class | (2;1(22 Class3  Uncertainty 3 Be”efs and FUSion
oM f--_
s N [T o PRI 0.096 04| o N
Modality 3 —> , N
\ ) g 2in -t N co B 12 g
p N \ 0.60 \\I
Modahty 4 > 0.10 020 0.10 |:
~ Z Class|  Class2  Class3  Uncertainty !
1

Discount scores ;
/I

Discount beliefs of each modality using the computed discount factors Modality 3 “

G. Bezirganyan, S. Sellami, L. Berti-EQuille and S. Fournier, (2024). Multimodal Learning with Uncertainty Quantification based on Discounted Belief

39
Fusion. arXiv preprint arXiv:2412.18024. (Accepted to AlStats 2025)



3. Methods & Contributions 4. Conclusions

2. Research Challenges
3 UQin MML

1. Motivation

Discounting Belief Fusion effectively distinguishes between
conflictive and non-conflictive modalities

CalTech
BCF BAF DBF (our)
. AUC: 0.71 AUC: 0.56 AUC: 1.00
E ° ’ \ 2.5 10\ [
[0}
a
0 0.0 0
0.0 0.5 1.0 0.0 0,5 1.0 0.0 0.5 1.0
HandWritten
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25
| \ %{
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0 0.0 0
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0
Uncertainty Uncertainty Uncertainty

[ Conflict 1 Normal

G. Bezirganyan, S. Sellami, L. Berti-EQuille and S. Fournier, (2024). Multimodal Learning with Uncertainty Quantification based on Discounted Belief
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1. Motivation 2. Research Challenges 3. Methods & Contributions

Our contributions

4. Conclusions

LUMA: Provide a benchmark dataset for multimodal learning
and uncertainty quantification

Ph.D. thesis of Grigor Bezirganyan, and collaborators @AMU
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1. Motivation 2. Research Challenges 3. Methods & Contributions 4. Conclusions

Existing Multimodal Datasets

- Lack the ability to inject controlled amount of noise in each
modality

- Injected noises are artificial and do not reflect real-life
scenarios

- Not enough samples in the datasets
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3. Methods & Contributions 4. Conclusions

4 LUMA

LUMA: Benchmark Dataset for Learning from Uncertain

and Multimodal Data
o

‘ Image . Text

24000 Images ~50000 Texts ~130000 Audio

collected from Generated with samples extracted

CIFAR-100 Dataset Large Language from various speech
Models corpuses

Grigor Bezirganyan, Sana Sellami, Laure Berti-Equille, and Sebastien Fournier. Luma: A benchmark dataset for learning from uncertain and multimodal data. arXiv
preprint arXiv:2406.09864,2024 43



1. Motivation

2. Research Challenges 3. Methods & Contributions 4. Conclusions

LUMA: Benchmark Dataset for Learning from Uncertain

and Multimodal Data

Image Text Audio

I was riding my beautiful s
black stallion named Shadow, PronunC|at|on Of
through the park yesterday. vvorci“kiorse”

It was a sunny day, and the
wind was blowing in my hair.
I felt free and happy.

Grigor Bezirganyan, Sana Sellami, Laure Berti-Equille, and Sebastien Fournier. Luma: A benchmark dataset for learning from uncertain and multimodal data. arXiv
preprint arXiv:2406.09864,2024 44



3. Methods & Contributions 4. Conclusions
4 LUMA

Adding Noises to LUMA:

1. Diversity 2. Sample Noise

k=0 k=5 k=10 Motion Blur Zoom Blur Snow Frost

3. Label Noise 4. OOD Injection

® .
® 0 ®e
° © ® .o ® .
° e e © LA } O
° ° .o o o . o %
° O ..
°o .’ ° .
Label noi o
apel nolse 0OOD data

Grigor Bezirganyan, Sana Sellami, Laure Berti-Equille, and Sebastien Fournier. Luma: A benchmark dataset for learning from uncertain and multimodal data. arXiv
preprint arXiv:2406.09864,2024 45



2. Research Challenges 3. Methods & Contributions 4. Conclusions

1. Motivation

LUMA: Benchmark Dataset for Learning from Uncertain

and Multimodal Data

Clean "\, Diversity /" Label Noise /" Sample Noise
Ale. Epi Ale. Epi. Ale. Epi. Ale. Epi.

MCD Image 1.00 1.03 -15.73% -11.66% +59.20% +54.51% +4.44% +2.18%
MCD Audio 0.52 070 -5.54% +2.16% +96.63% +54.49% +23.12% +14.40%
MCD Text 0.37 1.01 -391% -2.62% +93.59% +241% +64.96%  -2.03%
MCD Multi. 0.26 0.78 -8.52%  -121% +122.44% +11.60% +59.14% +9.89%
DE Image 145 140 -37.49%  -8.54% -7.43% +0.24% -18.46%  -3.22%
DE Audio 0.56 0.99 -27.39%  -3.34% +156.40% +50.43% +70.26% +34.41%
DE Text 042 101 +5.02%  -6.15% +81.26% -0.51% +62.24%  -7.11%

DE Multi. 0.31 0.82 -2280%  -3.40% +115.15% +20.62% +45.97%  +5.54%
RCML Multi. 1.99 043 +8.34% +16.16% +64.72% +106.16% +36.19% +58.21%

Method

Grigor Bezirganyan, Sana Sellami, Laure Berti-Equille, and Sebastien Fournier. Luma: A benchmark dataset for learning from uncertain and multimodal data. arXiv

preprint arXiv:2406.09864,2024 46



1. Motivation 2. Research Challenges 3. Methods & Contributions 4. Conclusions

Conclusion & Future Work (1/2)

O)

()
N\

O—=

M2-Mixer: an all-MLP based architecture for multimodal fusion with multi-
head loss to Improve modality representations

MixXMAS: a sampling based micro-benchmarking pipeline for mixer
based architecture search

DBF: a Discount Belief Approach for uncertainty quantification in
multimodal classification

LUMA: a benchmarking dataset for uncertainty quantification in
multimodal settings

Model hybridation /ensembling architectures

Add more advanced sampling strategies (e.g. uncertainty based
sampling)
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1. Motivation 2. Research Challenges 3. Methods & Contributions 4. Conclusions

Conclusion & Future Work (2/2)

@ Learning from multimodal data offer new challenges for data and model
engineering R&D

@ Requires interdisciplinary research:

« DB, ML, Statistics

+ Modality-dependent expertise (e.g., remote sensing, audio signal
processing, computer vision, etc.)

+ Application-dependent expertise (climate, biology, healthcare, etc))

@ Requires humans in the loop orchestration with higher degree of
complexity

There are many research opportunities for:
« Managing and orchestration human/machine or agent resources
* Revisiting our methods & technologies to leverage multimodal data
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