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DALIA was originally developed for large-

scale spatial and spatio-temporal models,

resulting in a first implementation with

limited generality.

To enable a more general and extensible

framework, DALIA is refactored into three

modules:

• INLA Method

• Statistical Toolbox

• Matrix Computation Backend
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DALIA is a Python implementation of Integrated

Nested Laplace Approximation (INLA), a deterministic

Bayesian inference method. Compared to sampling-

based approaches such as Markov Chain Monte

Carlo (MCMC), INLA offers improved scalability at the

cost of being limited to gaussian models.

The reference implementation, R-INLA, is written in C

with an R interface and lacks modularity, support for

modern hardware architectures, and distributed-

memory processing. DALIA addresses these

limitations through a modular Python architecture

designed for modern and distributed computing.

If you are interested in 

DALIA, use this QR-Code to 

find the GitHub Repository:

For the backend we introduce three polymorphic

modules: Matrix, Linear Algebra, and Multiprocessing;

each consisting of a base class and case-specific

subclasses. The architecture is extensible to support

additional custom matrix types and solvers for

structured sparse matrices.

All modules provide support for data residing in host

or accelerator memory, enabling hardware-aware

computation without changing the user interface.
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Supporting custom matrix types, such as structured

sparse matrices, alongside simultaneous host and

accelerator execution requires a matrix abstraction

beyond standard NumPy arrays and SciPy sparse

matrices.

We introduce a polymorphic linear algebra module

that first maps data to the optimal hardware and then

selects the corresponding operation.
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The CuPy library closely mirrors the NumPy/SciPy

interface for CUDA accelerators, simplifying the

adaptation of existing code, provided that host-

accelerator data transfers are handled explicitly.

For functionality not provided by CuPy, we introduce

custom bindings utilizing nvmath, a Python library

exposing all CUDA functionalities.
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