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Accurate characterization of the shallow subsurface is a prerequisite for natural hazard assessment,
hydrogeological studies and land use planning. We present a multimodal machine learning framework for the 3D
prediction of seismic S-wave and P-wave velocities in an experimental area of 500 km? in the southern part of
Paris basin The framework integrates four heterogeneous data sources: vertical resistivity profiles obtained from
airborne electromagnetic data (SkyTEM [1]), interpolated using layer-by-layer 2D Ordinary Kriging; surface
lithological descriptions from the BRGM converted into semantic embeddings via a pre-trained SentenceBERT
model [2]; a 3D structural geological model built from nearly 10,000 stratigraphic contacts from ~600 borehole
using LoopStructural [3], providing relative geological time (RGT); and Earth Observation embeddings (AlphaEarth)
[4]. Sparse S-wave and P-wave velocity measurements from boreholes serve as ground truth. A key finding is that
the inclusion of the structural geological model consistently improves predictive performance across all tested
algorithms, with Random Forest [5] achieving the best coefficient of determination (Rz). Spatial generalization is
evaluated using a Leave-One-Borehole-Out (LOBO) protocol with increasing spatial exclusion buffers (100m to
10km), designed to disentangle memorization from a fair spatial generalization. SHAP [6] analysis confirms that
RGT is among the most influential features, providing interpretable evidence for the added value of geological
knowledge integration into the pipeline. We finally discuss the relative contribution of each data modality, the
limitations of uncertainty estimates using Gaussian processes [7] and conformal prediction [8] under covariate
shift due to spatial correlation [9]. Representative cross-sections illustrate predicted velocities, associated
uncertainties, and the influence of geological structure (RGT) on model behavior according to the treeSHAP
algorithm [6]. Ongoing developments include the integration of surface geological contacts to improve the
structural model, and the application of natural language processing techniques to extract lithological properties
(grain size, chemistry) from detailed textual descriptions in explanatory notes of geological maps.
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