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WPA4 - Objectives
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Two key objectives:
e Simple statistics and visualisations (4.1)
* RNN-based Al models for multimodal (4.2) and big data (4.3) integration and prediction

Tasks
4.1 Basic data characteristics, robust statistics, and visualization (finalized)
4.2 Machine learning for multimodal data integration (finalized)

4.3 Development of efficient cross-site big data integration framework (in progress)




Task 4.2. Machine learning for multimodal data integration

Reconstructing dynamical systems via ML
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Task 4.2. Machine learning for multimodal data integration
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Task 4.2. Machine learning for multimodal data integration
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Multimodal Variational AutoEncoder+ Teacher Forcing (MTF)
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Task 4.2. Machine learning for multimodal data integration
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Task 4.2. Machine learning for multimodal data integration

(4
Noisy Gaussian Obs. Geometric agreement Temporal agreement IMM ERSE
’ xtl Zt ~ N(Zt, F) / gzir:g;r:th\

Underlying DS
‘ Ordinal Obs.

Otl Zt ~ Ordinal(ﬁztle) 1.0 —— Generated

—— Ground Truth

—— Generated
—— Ground Truth

~l
o

=]
o

w
o

(=]

5000 10000 15000
Frequency /

/ Amplitude (a.u.) \

0.5

w

2 \
z oo /N

t
-0.5
0 50 100 150 200 250 300 10 20 30 40 50
Time Lags

0.050
. —— Generated
p | Z ~ POISSOH(A(Z )) — Generated 0.025 — Ground Truth
t t t " —— Ground Truth w
‘]‘ % 0.000

” MMMW%MMM

\ 0 1|/}
¢ 100 o —0.0505 10 20 30 a0 50

Time

Time Lags




Task 4.2. Machine learning for multimodal data integration
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Reconstructed dynamics from ordinal discretization
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Task 4.2. Machine learning for multimodal data integration
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Validation on neuroscientific data I M M ERSE
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Task 4.2. Machine learning for multimodal data integration

Validation on ordinal behavioral data
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Task 4.2. Machine learning for multimodal data integration

Validation on ordinal behavioral data

Simulating investment dynamics
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Task 4.2. Machine learning for multimodal data integration
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Validation on ordinal behavioral data IM M ERSE

Out-of-domain simulations
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Task 4.3. Efficient big data integration framework
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This project has received funding from the European Union’s

Horizon 2020 research and innovation Programme under grant
agreement 945263 (IMMERSE)




Task 4.3. Efficient big data integration framework

Data validation

Train hierarchical model
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WPA4 - Deliverables & Milestones
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Milestone / Title Original deadline
deliverable

D4.1 Set of basic statistics for direct implementation and visualization Month9 4
MS14 Identification of interpretable behavioral traits and contingenciesin Month 24 V4
personalized DTSM models
D4.2 Algorithms and software environment for DTSM-based multimodal Month 36 4
big data integration
MS18 Development of multi-site big data approach for ESM and DTSM Month 30 4
models
MS24 Cross-site validation of big data approach Month 40 (7) under evaluation
D4.3 Software for identification, visualization, and feedback of Month 48 Ongoing

behavioral contingencies




WP4 - Challenges, delays, and solutions
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Challenges:
* Funding ran out

Solutions:
* Manuel Brenner has raised his own funds until end of 2024 and has agreed
to finalize D4.3.

This project has received funding from the European Union’s
Horizon 2020 research and innovation Programme under grant

agreement 945263 (IMMERSE)



WP4 — Dissemination
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June 2024: Dynamics and control for mental health applications, IWR Heidelberg
June 2024: Creating digital twins of social Interaction partners, ML Galore, IWR Heidelberg

December 2023: Poster on Integrating Multimodal Data for Joint Generative Modeling of Complex
Dynamics, CIMH Mannheim Retreat

October 2023: Using Al to Predict the Dynamics of Mental Health, article on the IMMERSE blog

October 2023: Using Recurrent Neural Networks to Mimic Human Social Interaction Dynamics, Workshop
Hl meet Al, Structures Cluster of Excellence Heidelberg

October 2023: Poster on Integrating Multimodal Data for Joint Generative Modeling of Complex Dynamics,
AlH InScide Out Unconference, EMBL Heidelberg




WP4 - Conferences
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June 2024: Integrating Multimodal Data for Joint Generative Modeling of Complex Dynamics, 41st International
Conference on Machine Learning

July 2023: A Guide to Reconstructing Dynamical Systems from Neural Measurements Using Recurrent Neural
Networks, CNS 2023, Leipzig

February 2023: Multimodal Teacher Forcing for Reconstructing Nonlinear Dynamical Systems, Presented at AAAI
2023.

July 2022: Tractable Dendritic RNNs for Reconstructing Nonlinear Dynamical Systems, Presented at ICML 2022.




WP4 — Next steps
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* Finalizing the evaluation of the big data integration framework (incl.
publication)

» Setting up software tutorial/ workshop using IMMERSE data to educate
fellow researchers on model usage and provide examples

Thank you for your attention.




