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Abstract

This paper introduces pyTAGI, a Python wrapper, and cuTAGI, its high-performance
C++/CUDA backend, implementing Tractable Approximate Gaussian Inference (TAGI)
for neural networks. TAGI treats all network quantities as Gaussian random variables
and derives closed-form expressions for prior/posterior expected values, variances, and
covariances, enabling analytic Bayesian learning without relying on gradient descent or
backpropagation.

The libraries mimic PyTorch’s sequential interface, allowing users to define models
by stacking layers in order and performing uncertainty-aware Bayesian inference. Beyond
epistemic uncertainty, it also allows quantifying heteroscedastic aleatoric uncertainty. cu-
TAGT’s custom CPU/GPU kernels and distributed-data-parallel support via NCCL/MPI
deliver competitive runtimes, while pyTAGI’s pip-installable frontend and MIT-licensed
GitHub repo facilitate community adoption and extension. Version 0.2.1 already supports
a comprehensive suite of layers and activations; future work will add eager execution,
further kernel optimizations, attention mechanisms, and advanced covariance factorization.
Together, py/cuTAGI offer an efficient, open-source foundation for the analytic treatment
of Bayesian deep learning.
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1. Introduction

This paper presents the pyTAGI, a Python wrapper, and cuTAGI, its custom C++/CUDA
backend building upon the Tractable Approximate Gaussian Inference (TAGI) method
(Goulet et al., 2021; Nguyen and Goulet, 2022). TAGI enables closed-form analytical
Bayesian inference for estimating the parameters and latent variables in deep neural networks.
It models unknown parameters and hidden states in neural networks as Gaussian random
variables. Its principle is to provide closed-form formulations for computing the expected
values, variances and covariances, in order to enable propagating uncertainty through
common network architectures. In addition, it provides the closed-form formulations that
allow performing approximate Bayesian inference using the Gaussian conditional equations,
similar to what is done in state-space models (Simon, 2006) and Gaussian process regression
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(Williams and Rasmussen, 2006). A first key aspect enabling the tractability of TAGI at
scale is the recursive application of the Gaussian conditional equations in order to infer the
parameters and hidden units, from the output to the input layer. This allows only storing
the covariance matrices for pairs of layers, enabling linear computational complexity and
storage with respect to the number of parameters. The second key aspect is related to the
usage of diagonal structures for the covariance matrices. As shown by Goulet et al. (2021),
although the approximate Gaussian Inference method in TAGI is theoretically applicable for
any parameters and hidden units covariance structure, only the diagonal one is scalable to
modern deep neural network architectures like gradient backpropagation is.

The TAGI method does not rely on gradient descent and backpropagation (Rumelhart
et al., 1986) in order to learn the network parameters. Therefore, most mainstream deep-
learning frameworks such as PyTorch (Paszke et al., 2019), TensorFlow (Abadi et al., 2016) or
those building on JAX (Google JAX Team, 2018) are not suited for it. TAGI is also uniquely
different from other Bayesian neural network methods (Papamarkou et al., 2024) relying on
either sampling (Izmailov et al., 2021), variational inference (Wu et al., 2019; Louizos and
Welling, 2016), stochastic gradient descent (Welling and Teh, 2011) or natural gradient (Khan
and Rue, 2023), ensembling (Pearce et al., 2020; Lakshminarayanan et al., 2017), Dropout
(Gal and Ghahramani, 2016), or the Laplace Approximation (Ritter et al., 2018; Daxberger
et al., 2021). Besides these methods, Wagner et al. (2023), have reused the same recursive
Gaussian inference framework behind TAGI under a variant named Kalman Bayesian Neural
Networks. The py/cuTAGI libraries are thus intended to provide an efficient foundation
for the community to use the TAGI method and build upon it. Because TAGI involves
operations, not on scalars, but on random variables described by expected values, variances
and covariances, it requires specialized kernels that cannot be efficiently implemented as
simple matrix additions and multiplications. This paper is organized as follows: Section 2
presents the fundamental concepts behind the library’s design, section 3 presents the neural
network layers available in the libraries along with their main capabilities, and finally, 4
presents the state of current developments along with future outlook.

2. Library’s Design

The library consists of a C++/CUDA backend (cuTAGI) Listing 1: Example of sequen-
and a Python wrapper (pyTAGI) that are integrated using tial network definition
pybind11. Its structure has been designed to mimic PyTorch npet = Sequential(

in order to facilitate interoperability, development and user Conv2d(1, 16, 4,
interactions. The backend has been implemented in order to padding=1,
minimize the dependencies on external libraries. It contains in_width=28,

in_height=28),
RelLU(),
AvgPool2d(3, 2),

custom-build performance-oriented CPU and GPU kernels that
are tailored to maximize the efficiency of the TAGI method. py-

TAGI adopts PyTorch’s sequential model building as displayed Conv2d(16, 32, 5),
in Listing 1. Calling m_pred, v_pred = net(x) sequentially ReLU(),

computes the prior/posterior predictive for each layer from the AvgPool2d(3, 2),
input x, and returns the output’s expected values and variances. Linear(32x4x4, 100),
Calling net . backward () recursively computes the quantities ReLU(),

delta_mu & delta_var that need to be added to the prior Linear (100, 11))
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Figure 1: High-level overview of py/cuTAGI library design where the Python wrapper is connected
to the C++/CUDA backend using pybind11.

in order to obtain the posterior expected values and variances for hidden layers, their pa-
rameters, and latent variables. The backward operation is applied from the output to the
input and omits the explicit computation and storage of the posterior for hidden units in
order to maximize efficiency. Calling net.step () updates the posterior expected values and
variances for parameters.

Figure 1 presents a high-level representation of the library’s design, where the Python
wrapper allows controlling the training loop using a model container to define the architecture
by stacking layers, along with various utilities. API calls control the sequential execution in
the backend, where layers are defined with custom-build C+-+/CUDA kernels. The state
and update buffers are handled in the backend, whereas their values can be retrieved to the
Python interface. Both the wrapper and the backend have their own sets of unit tests for
low- and high-level functionalities.

The library can be installed via pip install pytagi from the Python Package Index
(PyPI). Developers can access the source code released under MIT licence, which is hosted on
GitHub (https://github.com/lhnguyen102/cuTAGI) with detailed instructions for installing
it locally, and for contributing to it. The repository hosts the documentation for the API
(https://www.tagiml.com), along with a collection of tutorials, examples, and unit tests
involving the various layers that are available.

3. Neural Network Layers and Capabilities

The current version 0.2.1 includes the implementation of several core layer formulations for
standard neural network architectures. The library includes the linear, convolutional (CNN)
& transposed convolutional (Nguyen and Goulet, 2021), average pooling, max pooling, batch
& layer normalization, residual layers, as well as long short-term memory (LSTM, Vuong
et al. (2025)). All these specialized layers are built by inheriting from the BaseLayer class.
The same strategy should be leveraged by developers in order to implement new architectures.
The library includes the prior initialization strategies for the expected values and variances of
parameters developed by Goulet et al. (2021) in order to adapt the deterministic initialization
procedures from Xavier (Glorot and Bengio, 2010) and He (He et al., 2015) to the probabilistic
setup where we need to define a prior for the parameters of each layer. Users have the
possibility of overwriting the default initialization setup through gain hyperparameters that
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are accessible in the Python API. In addition to the various layers, it includes common
activation functions, i.e., ReLU, Sigmoid, Tanh, Softplus, LeakyReLU and Exponential.

py/cuTAGI trains deep neural networks using closed-form approximate Bayesian inference
without using gradient backpropagation so that it inherently enables quantifying the epistemic
uncertainty associated with the parameters and latent variables. This uncertainty can be
leveraged through the prior/posterior predictives that are the standard outputs with TAGI.
In addition, the Approximate Gaussian Variance Inference (AGVI) method (Deka et al., 2024,
2023) is implemented in the library in order to enable the quantification of heteroscedastic
aleatoric uncertainties associated with the network’s output. This enables quantifying the
variability in the discrepancy between predicted and observed values as a function of the
neural network’s inputs, while maintaining the explicit separation between epistemic and
aleatoric uncertainties.

In order to maximize the scalability, the default strategy is to rely on diagonal structures
for the covariance matrices of parameters and hidden layers. Nevertheless, for research
purposes, the library also has the capability of considering a full-covariance structure for
hidden units of the linear layers (CPU only). This feature is useful in order to enable accurate
uncertainty propagation from the input to the output layer. Nevertheless, it is inevitably
accompanied by a substantially increased computational demand associated with handling
full rather than diagonal matrices. Comparative studies of different covariance structures for
hidden layers and parameters has already been detailed by Goulet et al. (2021). Another
feature of the library is its support Distributed Data Parallel (DDP) for multi-GPU setups
via NVIDIA Collective Communications Library (NCCL) and Message Passing Interface
(MPI). In the current version, the multi-GPU parallelization is only supported over batch
processing.

4. Current Developments & Outlook

The development of the py/cuTAGI has been ongoing since 2022. The initial TAGI imple-
mentation was intended to establish a proof of concept (Goulet et al., 2021; Nguyen and
Goulet, 2022) and its slow runtime and limited GPU support have been the bottleneck in
the scalability of the method. As shown in table 1, the current pyTAGI release has runtime
and memory requirements that are now comparable to PyTorch for GPU computation (The
experiment details are provided in Appendix A). For networks involving highly optimized lay-
ers, such as the linear or convolutional one, the pyTAGI’s runtime is on par with PyTorch.For
more complex architectures such as ResNet for which the residual layer’s computation kernels
have not yet been extensively optimized, the runtime and memory requirements are still

Table 1: Comparison of runtime and memory requirements between PyTorch and pyTAGI.

Runtime in ms/10 iterations (forward & backward) Maximum amount of memory in MB
CPU GPU CPU GPU
Model Dataset PyTorch pyTAGI PyTorch pyTAGI PyTorch PyTAGI | PyTorch pyTAGI
MLP 128 Protein 0.4+£0.0 0.7+0.0 2.6+0.4 0.3+0.0 347 307 282 214
MLP 2-4096 MNIST 68.5 4.2 9421.6 £+ 785.9 36.2+1.5 32.7+1.2 1158 687 694 917
2 CNN MNIST 349+1.4 206.5 + 9.5 30.3+0.8 41.6+0.9 421 483 330 306
3 CNN-BN CIFAR10 | 134.8 £5.7 1563.9 + 58.8 95.8+2.6 84.5+0.6 1149 1264 442 512
ResNet-18 CIFARI0 | 2428 £17 103323 £ 15854 98 + 1.7 285.7+1.3 1952 3341 1358 3390
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within a factor three from PyTorch, all of it while performing analytical Bayesian learning
rather than relying on gradient backpropagation.

The future developments that are envisioned include four main aspects. The first is
the refinement of the computation kernels; besides the linear layer that is already highly
optimized and that is on par with PyTorch’s runtime, there is still room for improving the
performance of other kernels involved in the CNN, residual, and other layers. The second
development involves the introduction of eager execution in order to facilitate debugging and
the development of complex neural network architectures. The third aspect is related to the
development and implementation of additional standard deep learning architectures involving
attention mechanisms; In addition to requiring the development of the analytical formulations
for the moments (expected values, variances, covariances) involved in the internal operations,
it also requires the development of an analytically tractable probabilistic Softmax function
that allows sending information forward and backward. Finally the library will be further
extended with the ongoing research carrying on advanced prior initialization procedures as
well as alternative factorization of the covariance matrices for the parameters.
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Appendix A. Time and memory Comparison Results

Table 1 compares the runtime and memory requirements between PyTorch and pyTAGI. The
runs on CPU were made on an M2 Macbook Air 16GB of memory with 8 threads and the
GPU runs on a Nvidia RTX 4070 TT Super. All experiments were run using a batch size of
128 and the first iteration of each run is not considered for the computation time in order to
avoid counting network initialization. The first three experiments involve 10 repetitions for
10 iterations (forward and backward pass) and the last two, 5 repetitions for 10 iterations.
The maximum amount of memory used in each configuration is measured using htop in the
case of CPU and nvidia-smi in GPU in order to not interfere with the execution time. The
datasets and architectures used in the comparison are:
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MLP 128: 1 linear layer of 128 units on the UCI Protein dataset.
MLP 2-4096: 2 linear layers of 4096 units on the MNIST dataset.

2 CNN: 2 CNN layers with 16 & 32 output channels and average pooling on the
MNIST dataset.

3 CNN: 3 CNN layers with 32, 32 and 64 output channels and average pooling on the
CIFARI10 dataset.

e ResNet-18: ResNet on CIFAR-10 with MixtureReLU on the CIFARI10 dataset.

All experiments use ReLLU activation functions.
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