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Introduction
The use of machine learning
models in neurology raises a
key challenge : their interpre-
tability. In a clinical context,
it is essential to understand
the mechanisms underlying
predictions. Dynamic causal
graphs provide a relevant
approach by enabling the
analysis of directional re-
lationships between brain
regions in real time, depen-
ding on the stimulus or task.
They thus offer an interpre-
table framework to study the
functional dynamics of the
brain.

Hypothesis
The data under study consist
of time series derived from
EEG signals.
— The EEG signal describes

a trajectory evolving on a
dynamicmanifold, whose
geometry drifts over time
and across individuals.

— Despite this variability,
invariant structures, such
as the topology of the
manifold associated with
the cognitive task, remain
preserved for each
individual.

We thus model the cognitive
state space as a global mani-
fold, where each task corres-
ponds to an attractor. Cogni-
tive transitions are then inter-
preted as continuous trajecto-
ries between basins of attrac-
tion.

Figure – Neural manifold of a worm

Training
Step 1 - Feature Extraction
Extraction of geometric and temporal features from EEG signals
using path signatures.
Let 𝑋 ∶ [𝑡 − 𝐿, 𝑡] → ℝ𝑑 be a trajectory (a window of size 𝐿). Its trun-
cated signature of order 2 is defined by iterated integrals :
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Each EEG window is transformed into a path signature :

𝑠𝑡 = Sig(𝑚)(𝑋[𝑡−𝐿,𝑡])
where 𝑠𝑡 ∈ ℝ𝑑𝑠 denotes the vector of geometric features extracted
from the window [𝑡 − 𝐿, 𝑡].

Step 2 - Reservoir Computing
— Trained reservoir :

proxy for the dynamics
of the input system.

— Ultra-fast training :
only𝑊out is learned. Figure – Reservoir Computing

The feature vector 𝑧(𝑡) is constructed from past EEG signal signa-
tures, incorporating past windows and nonlinear interactions bet-
ween signatures :

𝑧(𝑡) = 𝑠(𝑡), 𝑠(𝑡 − 𝜏),… , 𝑠(𝑡 − 𝐾𝜏), 𝜙(𝑠(𝑡), … , 𝑠(𝑡 − 𝐾𝜏)) (1)
where 𝜙 denotes nonlinear functions.
The training consists in predicting the next value 𝑠(𝑡 + 1)

𝑦𝑡 = ̂𝑠𝑡+1 = 𝑊out ⋅ 𝑧(𝑡) + 𝑏

Causality - Dynamic Causal Graphs
Step 3 - Inference of the Dynamic Causal Graph
We aim to estimate, at each time step, the causal graph between all
pairs of electrodes.
In our formulation, the graph𝐺(𝑡) is directly obtained from𝑊𝑜𝑢𝑡, and
the edge between i and j is defined as :

𝑖 → 𝑗 ∶ 𝐺𝑖𝑗(𝑡) = 
𝑘

𝑊𝑖𝑗,𝑘 𝑧𝑘(𝑡) (2)

Each coefficient𝐺𝑖𝑗(𝑡)mesures the contribution of explicit features 𝑧𝑡
in the forcasting of 𝑥𝑖(𝑡 + 1) from 𝑥𝑗(𝑡).

Figure – EEG

Discussion
Discussion
The main difficulty lies in the
absence, to date, of an esta-
blished reference causal graph
for the brain, for a given task.
It is therefore necessary
to evaluate our results by
confronting them with domain
expertise, or by analyzing to
what extent the generated
graphs are able to explain
known phenomena.

Conclusion
Conclusion
We propose an approach
combining path signatures
and reservoir computing to
model the dynamics of EEG
signals and infer dynamic
causal graphs.
This framework captures both
the geometry of trajectories
and the directional interac-
tions between brain regions. It
opens new perspectives for a
better understanding of cog-
nitive states and their evolu-
tion over time.
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