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Abstract

Machine learning models, and deep neural networks in particu-
lar, are increasingly deployed in risk-sensitive domains such as
healthcare, environmental forecasting, and finance, where reliable
quantification of predictive uncertainty is essential. However, many
uncertainty quantification (UQ) methods remain difficult to ap-
ply due to their substantial computational cost. Sampling-based
Bayesian learning approaches, such as Bayesian neural networks
(BNNs), are particularly expensive since drawing and evaluating
multiple parameter samples rapidly exhausts memory and com-
pute resources. These constraints have limited the accessibility
and exploration of Bayesian techniques thus far. To address these
challenges, we introduce sampling parallelism, a simple yet pow-
erful parallelization strategy that targets the primary bottleneck
of sampling-based Bayesian learning: the samples themselves. By
distributing sample evaluations across multiple GPUs, our method
reduces memory pressure and training time without requiring archi-
tectural changes or extensive hyperparameter tuning. We detail the
methodology and evaluate its performance on a few example tasks
and architectures, comparing against distributed data parallelism
(DDP) as a baseline. We further demonstrate that sampling paral-
lelism is complementary to existing strategies by implementing a
hybrid approach that combines sample and data parallelism. Our
experiments show near-perfect scaling when the sample number is
scaled proportionally to the computational resources, confirming
that sample evaluations parallelize cleanly. Although DDP achieves
better raw speedups under scaling with constant workload, sam-
pling parallelism has a notable advantage: by applying independent
stochastic augmentations to the same batch on each GPU, it in-
creases augmentation diversity and thus reduces the number of
epochs required for convergence.
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1 Introduction

Reliable uncertainty estimates for neural network predictions sup-
port the transparency, accuracy, and trustworthiness requirements
that are anticipated to gain substantial importance under the EU
AT Act [40]. As such, scalable and efficient methods for uncertainty
quantification (UQ) are essential to provide such estimates, espe-
cially in high-risk domains such as atmospheric forecasting [25],
healthcare [1], and finance [29], where critical decisions directly
depend on model outputs.

Numerous approaches to quantify different aspects of uncer-
tainty have been proposed, and recent trends have demonstrated
the benefit of probabilistic loss functions or the utilization of diffu-
sion models to quantify uncertainty [26, 33]. However, probabilistic
treatment of a neural network itself, especially in a fully Bayesian
framework, is still lacking, as the high computational cost associ-
ated with training these models remains a key barrier. Most existing
methods rely on stochastic sampling from probability distributions,
which is expensive both in time and memory. The sampling process
not only slows down training but also requires storing multiple
sampled model instances, often turning into a performance bot-
tleneck, or even becoming infeasible when the required samples
exceed available GPU memory [2] .

Despite the growing demand, practical implementation of state-
of-the-art sampling-based Bayesian learning in neural networks is
oftentimes restricted to small proof-of-concept models and appli-
cations [11]. However, modern networks now routinely contain
billions of parameters across domains such as molecular model-
ing [19, 22], climate and weather prediction [3, 23], and large-scale
language modeling [6, 17], making sampling-based Bayesian learn-
ing computationally infeasible. Research on practical and scalable
approaches for sampling-based Bayesian learning remains limited,
even though there are many use-cases in which having uncertainty
estimates would be beneficial.
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To address these challenges, we explore sampling parallelism,
a strategy designed to improve runtime and memory efficiency in
uncertainty-aware neural network training using sampling-based
Bayesian learning. By reducing the computational barriers associ-
ated with sampling, sampling parallelism enables broader exper-
imentation and deployment of these methods. In an exemplary
experimental evaluation, we demonstrate that sampling parallelism
provides a complementary scaling axis to existing parallelization
approaches for neural networks and can aid in pushing scalability
limits while even improving model convergence.

2 Background

Uncertainty in neural networks can have two sources: the inherent
randomness of the world (aleatoric, data driven), and the lack of
knowledge (epistemic, model driven) [20], both of which need to
be quantified to navigate risk-sensitive applications of machine
learning. There are a variety of methods that enable UQ, however,
they oftentimes require sampling which can be computationally
expensive as well as memory intensive [10, 24, 28, 31]. In this pa-
per, we discuss Bayesian neural networks (BNNs) with mean-field
variational inference, and Monte Carlo dropout (MCD) as exam-
ples, however the introduced parallelization concept can be applied
to other sampling-based methods such as ensemble models [24],
Markov Chain Monte Carlo (MCMC) algorithms [7] or sampling in
General Adversarial Networks (GANs) [12] without loss of general-

ity.

2.1 Bayesian Neural Networks and Variational
Inference

In BNNs the goal is to learn the probability distribution over all
possible outputs, given the inputs and the training data. Mathemat-
ically, a BNN is expressed as

p(y* | D) = fp(y* | <", w) p(w | D) dw

where D is the training data, w are the model weights, x* is the
input and y* is the output.

However, the computation of the so-called posterior p(w | D) is
generally intractable. To circumvent this, the method of Variational
Inference (VI) [4, 14] approximates the posterior by optimizing a
parametrized distribution g(w | 8) such that g(w | 8) = p(w | D).
The most common choice for g(w | ) is a Gaussian distribution
where the parameters 6 are the mean y and the standard deviation
o, i.e. each model weight is described by a y and o value.

With this approximation, the loss function of the optimization
problem in the Bayesian model formulation above can be reformu-
lated to maximizing the so-called Evidence Lower Bound (ELBO):

L(0) = Eq(wlo) [logp(D | w)] = KL(q(w | ) || p(w))

where the first term E g (wg) [log p(D | w)] is the data fitting term,
which describes how well the current posterior approximation
q(w | 6) fits the data. The second term —KL(g(w | 0) || p(w)) is
the prior matching term. p(w) represents the assumptions that
are made about the posterior before any data has been taken into
account. Since this distribution captures prior assumptions, it is
referred to as the prior. The prior matching term draws the current
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posterior g(w | 6) towards the prior, by minimizing the Kullback-
Leibler (KL) divergence, which is a measure that indicates distin-
guishability between two probability distributions.

Practically, training a BNN with VI is performed as follows:
First, the parameter values 6 of the prior g(w | 0) are initialized.
Choosing a Gaussian prior, the means of the weight distribution
are initialized in the same fashion as for a non-Bayesian network,
while the standard deviations are initialized to a constant value that
depends on the layer size. For each epoch and each batch, n sets of
parameters (random samples) are drawn from the current weight
distributions. For each of these sampled model weights, a forward
pass is performed to obtain a model prediction. The distribution
over these predictions from all sampled weights is aggregated to
obtain an averaged prediction as well as an uncertainty in terms of
a standard-deviation of the predictions. The ELBO (rescaled with
the dataset size to avoid overflow) is calculated and the backwards
pass is performed to update the parameters of the weight distribu-
tions. Algorithm 1 illustrates the algorithmic flow of the described
procedure.

Algorithm 1 Bayesian Neural Network Training with Variational
Inference

Require: Dataset D, number of epochs E, number of samples S
1: Initialize variational parameters y and o for each weight
2: for epoch =1to E do
3 for each minibatch (x,y) € D do

4 fors=1to S do

5: Sample e, ~ N(0,1)

6: Ws — i+ 0O € // reparameterization trick
7 s < ForwardPass(x, ws)

8: end for

9: Liata < % Zle Loss(§s,y)

10: Lxi, < § % (02 + p?2 — 1 - log 0?) // Prior Matching
11: Ls — Lara + |—zl)|£KL // negative scaled ELBO
12: Compute gradients VL(y, o)

13: Update y and o using optimizer (e.g., Adam)

14: end for

15: end for

2.2 Monte Carlo Dropout

BNNs are very powerful tools for UQ; however, they tend to be
difficult to implement and train to sufficient accuracy, especially
given the high computational demand and memory footprint. A
simplified approach that is often used is Monte Carlo Dropout
(MCD), which can be interpreted as a variational approximation
to the posterior over the network weights, effectively multiplying
each weight by a Bernoulli distribution.

Normally, dropout is used as a regularization technique to pre-
vent overfitting in neural networks [38]. It randomly sets a subset
of neurons to zero during training, effectively training an ensemble
of sub-networks. At inference time, dropout is disabled to use the
model at full capacity. Gal and Ghahramani [10] demonstrated that
enabling dropout at inference time leads to a form of approximate
Bayesian inference. Multiple forward passes with different dropout
masks produce a distribution of predictions, where the mean serves



Sampling Parallelism for Fast and Efficient Bayesian Learning

as the model’s output and the standard deviation captures epis-
temic uncertainty. The number of forward passes, s, determines the
fidelity of the predictive distribution: larger s give more accurate
uncertainty estimates but increase inference time.

While MCD does not lead to a full Bayesian neural network, it
offers a practical and easy-to-implement approximation without
modifying the model architecture. However, the requirement of per-
forming multiple forward passes for a single prediction slows down
inference, particularly for large models. Thus, MCD suffers from
similar problems as full BNNs regarding computational complexity
and memory demands of samples.

3 Related Works

The general approach to deal with time and memory constraints in
computational problems is to parallelize and distribute the problem
to multiple processes. For neural network training, parallelization
can be performed along different axes.

3.1 Distributed Data Parallelism

In many cases, the primary obstacle to fast training is the need to
process large, complex datasets efficiently. Modern neural network
training often involves iterating over millions of data points in a
sequential batched manner, leading to a time-consuming process. As
aresult, a practical strategy for accelerating training is to distribute
the work associated with each batch, including data loading as
well as the forward and backward passes, across multiple GPUs.
By partitioning the dataset into distinct shards and assigning them
to different compute units, the training of separate portions of the
data can proceed in parallel, reducing overall training time and
improving hardware utilization.

This approach is referred to as Distributed Data Parallelism
(DDP) and is a widely used strategy for scaling the training of deep
neural networks across multiple accelerator devices, i.e., GPUs.
Since only the data is parallelized in DDP, each GPU still holds a
full replica of the model. After each GPU loads its share of the data
on which it performs the forward and backward pass, the locally
calculated gradients are synchronized across all GPUs in an all-
reduce operation to update the model instances on all GPUs. This
approach allows for balanced workload distribution, and advanced
strategies to efficiently overlap computation and communication,
leading to near-linear speedup in most cases. The existence of
optimized off-the-shelf frameworks such as torch-distributed [27,
32] has led to a wide acceptance and implementation of the method.
Even though communication can become a bottleneck at scale, DDP
is still considered the most effective method to speed up training.

One issue that arises when using DDP at scale is that the effective
batch size increases linearly with the number of GPUs, since each
GPU handles a mini-batch independently. While larger batch sizes
can stabilize training, they can also reduce overall model accuracy
and generalization due to convergence to sharper minima [13, 21].
This effect is known as large batch effects. To circumvent large batch
effects and maintain convergence, the learning rate and optimiza-
tion schedule can be adjusted. However, such tuning is often based
on heuristics, that are not always effective in every application.

Another challenge in DDP is the fact that the entire model, includ-
ing all parameters, intermediate activations, and optimizer states,
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needs to fit into the memory of a single GPU. This results in a
non-negligible memory demand, which becomes even more press-
ing in the Bayesian setting, where multiple samples of the model
are drawn from the parameter distribution. While DDP provides
the advantage that more batches can be processed in parallel, it
becomes thus less suitable for scalable sampling-based Bayesian
learning, when multiple samples of very large models need to be
stored in GPU memory.

3.2 Model Parallelism

With growing model sizes, the memory demand associated with
holding all model parameters in GPU memory becomes increasingly
challenging. In response, model parallelism (MP) has emerged as
a way to distribute model parameters across GPUs and, in some
cases, even parallelize the computation. Different ways to split the
model exist, with each of them coming with its own benefits as
well as caveats [5].

In tensor parallelism, each layer within a neural network is split
across multiple GPUs, and the mathematical operations within
each layer are performed in parallel. This enables the model to
train even when individual layers are too large to fit into memory.
Tensor parallelism can be effective when communication between
GPUs is quite fast. However, given the complex operations and layer
types that are used in modern neural networks, tensor parallelism
presents with substantial communication overheads, and requires
careful orchestration and dedicated fine-tuning on very fast inter-
connects to be efficient. A simpler alternative is pipeline parallelism,
in which networks are distributed across layers, i.e., individual lay-
ers or groups thereof are distributed across GPUs [18, 30]. However,
while pipeline parallelism is easy to implement and can efficiently
address memory bottlenecks for large models, the sequential nature
of the forward-backward-pass computation prohibits true parallel
execution.

As neural network architectures advance, so do the strategies
to distribute their computational load. In particular, the rise of
Transformer-based architectures has pushed the field, given the
massive size of these models and the memory demand associated
with the attention mechanism. The most common approach among
them is MegatronLM [37], a parallelization strategy specifically
taylored to Transformer blocks, which has been proven to work
efficiently and is available as off-the-shelf library for widespread
use.

3.3 Sharded Parallelism

Some methods don’t fit into either the data parallelism nor model
parallelism category, because they share some properties with both.
One of them is sharded parallelism, which distributes a model’s pa-
rameters, gradients, and optimizer states across GPUs. This greatly
reduces memory usage while preserving the standard data-parallel
compute pattern: each GPU still performs the full forward and
backward pass on its own batch. Before executing each layer, the
required parameter shards are temporarily gathered, used for com-
putation, and then released so that only local shards remain. This
makes sharded parallelism both data-parallel in terms of computa-
tion and model-parallel in terms of storage [41].
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Compared to standard Distributed Data Parallel (DDP), which
fully replicates the model on every device, sharded parallelism en-
ables training larger models by avoiding redundant memory copies.
Fully sharded Data Parallel (FSDP) implements this approach by
performing layer-by-layer gather—-compute—shard cycles. Although
this increases communication relative to plain DDP, it provides sub-
stantial memory efficiency and scalability benefits for large models.

3.4 Parallelization of Uncertainty
Quantification and Sampling-Based Methods

While other parallelization techniques that we discussed previously
can be applied to uncertainty quantification methods as well, there
are also parallelization approaches that specifically target UQ meth-
ods. Deep ensembles are inherently parallelizable, as independent
models can be trained concurrently across multiple devices without
the need for communication in between training steps, yielding
both predictive performance and well-calibrated uncertainty es-
timates [24]. Diffusion models use sampling in their denoising
steps [16], which are usually sequential and time-consuming since
many of them are required just to process a single data item. Recent
work demonstrates that these sequential steps can be parallelized
for better performance [36]. However, to the best of our knowledge,
sampling parallelism in the context of BNNs and MCD has not been
explored so far. While it may seem trivially parallel at first, there
are several potential pitfalls, for example, the exact vs. approxi-
mate communication of the sample averages, which we elaborate
on below. Moreover, the combination with data augmentation to-
wards faster model convergence marks another innovation of our
approach, which so far has not been explored.

4 Methodology

Sampling-based UQ methods, and BNNs in particular, are inherently
expensive to train, and pose substantial challenges with respect
to computational and memory demand. For one, they comprise
more parameters than their deterministic counterparts, since each
weight is replaced by a distribution that is characterized by at least
two parameters instead of one, making them by a factor larger.
Moreover, drawing s parameter samples during a forward pass
effectively scales the model size by a factor of s, further augmenting
the memory footprint. In addition, generating these samples and
performing separate forward and backward passes for each of them
substantially increases computational cost.

These factors have hindered the implementation of large-scale
UQ methods in practice thus far. The goal of our work is to target
these challenges through parallelization and by that improve the
accessibility of research on BNNs and related UQ methodologies
beyond toy examples.

4.1 Sampling Parallelism

Our approach targets the reduction of the additional per-GPU mem-
ory demands and the parallelization of the computational burden
by distributing precisely what makes sampling-based UQ meth-
ods more complex and memory demanding: the samples. Figure 1
illustrates the underlying idea.

In our approach, the s random parameter samples are distributed
to the p GPUs that are available for training. Thus, each GPU is
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responsible for drawing s/p samples and performing the forward
pass on them. This reduces the memory requirements of model
training by a factor of up to p as well as speeding up the training.

Processor 1 Processor n

Data Model Model Data
Sample Sample
weights Model Model weights

update update
0o 0o
T T T (7 S — >V fong T T 7

Weight sample Weight sample

Forward and
backward pass

Forward and
backward pass

Figure 1: BNN Training with Parallel Sampling

Algorithm 2 illustrates the implementation of sampling paral-
lelism on the example of BNNs trained with VI, and highlights
the differences to conventional BNN VI training (c.f. 1). Each GPU
loads the same mini-batch from the dataset to ensure consistent
data input across computations. While this replication introduces
a significant overhead that initially limits scalability, it provides
a distinct advantage: each duplicated batch can undergo separate
random data augmentations, thereby enhancing augmentation di-
versity.

Sampling parallelism enables multiple stochastic forward passes
to be performed on an identical model-dataset pair while employ-
ing distinct random seeds. These seeds govern not only the sam-
pling of network parameters, but also the stochastic components
of the data pipeline, including random data augmentations. Ex-
tensive prior work has demonstrated that increased diversity and
frequency of data augmentation improve generalization perfor-
mance [5]. Consequently, sampling parallelism effectively yields
additional augmented training instances without incurring extra
sequential training cost. Formally, each parallel run corresponds to
a joint Monte Carlo draw from the distribution over model parame-
ters and stochastic transformations.

Because BNNs represent model weights as probability distri-
butions rather than point estimates, every forward pass requires
drawing samples from these weight distributions. To properly cap-
ture their variability, multiple weight samples are drawn at every
iteration during both training and inference. Accordingly, each
GPU samples model weights using a unique random seed, ensuring
that no redundant samples are generated. Each GPU then performs
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a forward pass to compute its local predictions. The ELBO loss for
the current batch is evaluated independently on each GPU, and the
corresponding gradients are computed locally. Finally, an all-reduce
operation is performed to average and synchronize the gradients
across GPUs, after which the model parameters are updated. This
synchronization ensures that all GPUs remain consistent and that
the updates reflect contributions from multiple independent weight
samples, thereby reducing gradient variance and stabilizing train-
ing.

Algorithm 2 Sampling Parallel Bayesian Neural Network Training
with Variational Inference

Require: Dataset 9, number of epochs E, number of samples S
1: Initialize variational parameters y and o for each weight
2: for epoch = 1to E do
3: for each minibatch (x,y) € D do

4 for | each GPU p in parallel | do

5 fors=1toS/P do

6: Sample e ~ N(0,])

7: Wp,s <~ H+0 O €

8: 1p,s < ForwardPass(x, wp,s)

9: Lp,s,data — LOSS(QP,Ss y)

10: LxL — 3 % (02 +p? —1-logo?)

11: Lp,s — Lp,s,data + |_Zl)|-£KL

12: Compute gradients VL (p, o)

13: end for

14: | All-reduce communication from all GPUs |
15: Average gradients % 25:1 Zfill) VLps(p,0)
16: Update p and o using optimizer (e.g., Adam)
17: end for

18: end for

19: end for

It is important to note that the distributed implementation is
not an exact replica of the non-distributed algorithm. While the
prior matching part of the ELBO loss can be calculated and ag-
gregated without additional approximations by simply averaging
the gradients between GPUs, the data term in general can depend
on non-linear functions of, e.g., mean and standard deviation of
the samples. However, when these samples are distributed across
multiple GPUs, obtaining these statistics becomes nontrivial. In par-
ticular, standard deviations cannot be correctly aggregated through
simple averaging; thus, relying solely on a gradient averaging yields
only an approximation.

A simple example would be the case of model trained on a classi-
fication task with a cross-entropy loss on the (arithmetic) mean of
the class probabilities of the individual predictions. In the extreme
case of the s samples being distributed onto p = s GPUs, each
with a single prediction, the effective loss would correspond to
aggregating the class probabilities with a geometric mean instead.

Despite this discrepancy, the distributed implementation with
only gradient averaging remains an approximation of the local algo-
rithm, and our empirical results indicate that it exhibits very similar
behavior in practice. This approach allows us to rely on existing,
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Figure 2: Distributing Training with Hybrid Parallelization

highly optimized frameworks that handle gradient communication
and synchronization automatically.

Nonetheless, an exact algorithm where the standard deviation
and mean are aggregated across multiple GPUs is also possible.
This requires the additional communication of two parameters.

4.2 Combining Sampling Parallelism with DDP

Sampling parallelism aims to tackle the root cause of computation
and memory demand specifically introduced by the sampling-based
nature of Bayesian learning techniques. As such, it adds an addi-
tional axis for parallelization that can be leveraged orthogonally to
existing approaches. We illustrate this, by combining our baseline
sampling parallelism algorithm with Distributed Data Parallelism
(DDP) in a hybrid parallelization strategy. In this setup, weight
samples are distributed across GPUs within the same node, while
the data are distributed across multiple nodes. This design allows
us to leverage the strengths of both approaches. Figure 2 shows
how parallelization is handled in this hybrid parallelization.

5 Experimental Setup

We evaluate the proposed algorithms and demonstrate their bene-
fits, feasibility, and scalability using three different use cases. For
clarity, we focus primarily on BNNs trained with VI, though the
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underlying concepts and methods readily extend to other sampling-
based Bayesian learning approaches, datasets, architectures, and
tasks. We demonstrate this by extending the experiments to a use
case using MCD.

5.1 Hardware and Software

All experiments were performed on a high-performance computing
cluster, where each node features 4 NVIDIA 40GB A100 GPUs
connected via NVLink3, and 2 AMD EPYC 7402 CPUs with 512 GB
RAM, managed through Slurm.

All experiments were conducted using Python 3.12.3 and CUDA
12.8. We employed PyTorch 2.9.0 [32] and torch_blue [34] as
the primary frameworks for Bayesian learning, and used torch.
distributed together with DistributedDataParallel [27] for
parallelization.

5.2 Use Case 1: ViT on CIFAR-10

The primary use case we evaluate our approach on is the task of
image classification. We employ a Bayesian version of a Vision
Transformer (ViT) architecture [8], and train it with sampling-
parallel variational inference. The ViT architecture features 4 X 4
patches and an embedding dimension of 192 with three attention
heads (64 dimensions per head). The Transformer encoder contains
six layers, each followed by an MLP block with a hidden size of 768
(a 4% expansion). To model parameter uncertainty, all weights are
assigned a mean-field normal variational distribution with a corre-
sponding mean-field normal prior. Parameter means are initialized
using Kaiming initialization and variances are initialized using a
constant initialization scaled inversely with the layer width. The
variational parameters are optimized via standard VI with Bayes-by-
Backprop [4], maximizing the ELBO with a categorical predictive
distribution for classification. The ViT model outputs one set of
class probabilities for each sampling of its weights.

As dataset, we use CIFAR-10 consisting of 60,000 images (32 X
32 pixels each), with the canonical 50k/10k train/test split, while
reserving 10% of the training set for validation. We apply a standard
set of data augmentations: Each image is randomly cropped to
32 X 32 with a padding of 4 pixels, then horizontally flipped with a
probability of 50%. Images are converted to tensors and normalized
using the CIFAR10 mean and standard deviation for each channel.
During validation and testing, the predictive performance of the
ViT is assessed using top-1 classification accuracy computed from
the model’s predictive mean.

5.3 Use Case 2: Time-Series Forecasting with an
MLP

To illustrate the generalizability of our approach towards all sampling-
based Bayesian learning methods, we further explore its application
to MCD. For this use case we chose the task of time-series forecast-
ing, using a simple Multilayer Perceptron (MLP) with two hidden
layers, each featuring a width of 128 neurons. The choice of a com-
paratively small model allows us to further study the speedup and
efficiency of sampling parallelism in scenarios in which the GPUs
are not fully utilized.

We train the Bayesian MLP using the ENTSO-E de dataset [9],
which contains electricity consumption data for Germany in 15
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min intervals over 5 years. The forecasting task is to predict the
electricity consumption of the next 6 hours (24 data points) given
the consumption of the previous 24 hours (96 data points). The
MLP outputs a set of scalar predictions for each random sample
and each of the 24 target time points and is trained on the Mean
Squared Error (MSE) loss of the averaged predictions. We also use
the MSE of the average predictions for the purposes of validation
and testing.

5.4 Use-Case 3: Bayesian Weather Models

While use cases one and two allow us to distinctly study perfor-
mance and scaling behavior of our sampling parallelism approach,
they are ultimately too small to fully highlight its unique advantages.
In particular, for the Bayesian ViT, the increased computational load
and memory demand can be tackled using simple DDP: By decreas-
ing the local batch size per GPU, more memory becomes available
for the model and its samples without decreasing efficiency and
GPU utilization. While this approach is technically limited by the
minimum local batch size of one, the comparatively small size of
the CIFAR-10 data items makes this limit practically impossible to
reach.

However, this is not the case for applications where individual
data points themselves are very large. A paradigm in this regard is
data-driven weather forecasting, where data items consist of high-
resolution global maps of atmospheric state variables. The field is
currently heavily researched and the immense sizes of data and
models alike are pushing the boundaries of what is capable with
modern accelerator hardware. Already now, state-of-the-art net-
works can often only be trained using both model and data parallel
approaches, with the latter operating under the constraint that only
one or two data items fit into accelerator memory. Moreover, these
models tend to exhibit large batch effects rather quickly (around an
effective global batch size of 8 to 16, according to our experience),
which inherently limits the scalability of DDP. This makes the ap-
plication of sampling-based Bayesian learning methods in these
models, in particular BNN versions thereof, virtually impossible.

To illustrate how our approach of sampling parallelism can aid
in overcoming this challenge, we examine this application in a third
use case. The intention of this evaluation is to function primarily as
a representative for large regression models that are typically too
big to make Bayesian, rather than as a model tailored for this specific
task. Using sampling parallelism, we demonstrate that sampling-
based Bayesian learning can be applied to models of this scale.

We use a simple Shifted Window (SWIN) Transformer architec-
ture based on To et al. [39] without the learned positional embed-
ding for the task of weather forecasting. The patch size is set to
2 X 2 and the embedding dimension to 540. We use 6 SWIN blocks
with 12 heads each before and after down- and upsampling and
4 SWIN blocks with 24 heads each in-between down- and upsam-
pling. Figure 3 shows the architecture of this model. It has over 200
million parameters, and each data item is roughly 17.7 MBs.

To model parameter uncertainty, all weights of the model are
assigned a mean-field normal variational distribution with a cor-
responding mean-field normal prior. The network is initialized
using Kaiming initialization for the means and a constant initializa-
tion scaled inversely with the layer width for the variances. The
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Figure 3: Simplified illustration of the SWIN transformer architecture used for the weather forecasting task; patch embedding
and recovery is performed via a 2d convolution or transpose convolution layer with kernel size = stride = (2, 2) over the latitude

and longitude dimensions

variational parameters are optimized via standard VI with Bayes-by-
Backprop [4]. We train the model on the ERA5 dataset [15] at 1.5°
resolution (downloaded via Weatherbench 2 cloud storage [35]),
restricted to three-hour subsampling (i.e., only 00:00 UTC, 03:00
UTC, etc.) and data from 1980 to 2020. The task is a 6h forecast of
the same 69 variables used in the Pangu-Weather model [3]. We
also add the same constant masks as part of the input as well as
longitude and latitude features combined with time-of-day and day-
of-year information respectively, resulting in data samples with
dimensions 76 X 121 X 240. The data is augmented by random peri-
odic shifts in longitude. The weather SWIN Transformer outputs a
set of forecasts for each variable and grid point. We train the model
by maximizing the ELBO, using a Gaussian negative log-likelihood
for the data term in ELBO. Validation and testing are performed via
latitude-weighted RMSEs of individual variables. However, since
predictive performance was not the focus of this, these models were
not trained to convergence and thus the RMSEs are not reported.
The source code and evaluation scripts used in our experiments

are available open-source!.

6 Results & Discussions

To evaluate the feasibility and efficiency of our proposed paral-
lelization scheme, we perform a series of scaling experiments in
which we observed both the runtime as well as the convergence
of accuracy values. We conduct two types of experiments. For one,
we explore scaling experiments in which the workload is scaled
proportionally to the increasing resources to establish that our
parallelization scheme works reasonably well. This type of scaling
experiment, which we will be calling proportional-sample scaling,
evaluates how runtime changes when both the problem size and the
number of GPUs grow proportionally, keeping the workload per

Uhttps://github.com/RAI-SCC/sampling-parallelism

GPU constant. In our case the workload is determined by the num-

Ti(n
)
In our proportional-sample scaling experiments, we start with a
non-Bayesian model on a single GPU and increase the number of
samples drawn proportional to the number of GPUs, keeping every
other hyperparameter fixed.

Proportional-sample scaling highlights how an algorithm be-
haves when parallel workload grows to exclude the diminishing
returns associated with fixed-size problems. However, ultimately,
the goal of parallelization is to accelerate computation of a fixed
workload by adding additional compute resources, i.e., fixed-sample
scaling. Fixed-sample scaling measures how the runtime of a fixed-
size problem improves as the number of processing units increases.
Its primary evaluation metric is speedup, defined as the ratio of the
Ti(n
Tp((")) ’
where Tj(n) is the required time for a task of size n on a single
GPU and Ty (n) is the corresponding cost when the same task is
distributed onto p GPUs. This metric characterizes how effectively
additional compute resources reduce computation time and reveal
upper limits imposed by the serial portion of the workload.

For our fixed-sample scaling experiments, we increase the num-
ber of GPUs while keeping the workload (number of random sam-
ples) constant. There are two variations on how we conduct these
experiments. In one setup, we do not change any other hyperpa-
rameter. While this enables the model to maintain the same setup,
it effectively reduces the load per GPU making memory and time
usage inefficient. In the other case, we ensure GPU usage at max-
imum capacity by increasing the batch size proportionally. For
comparative reasons, we also parallelize the same model via DDP.
Again we study two cases, to match our experiments with sampling
parallelism. For DDP, the equivalent for case 1 is, to keep global
batch size constant, meaning the batch size per GPU decreases. For

ber of samples drawn. Efficiency is then evaluated as E(p) =

single-GPU runtime to the runtime using p GPUs S(p) =
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the second case, we keep the local batch size constant, ensuring
that GPUs run at capacity. As for sampling and hybrid parallelism,
we also investigate the two variants that maintain either the global
batch size or the GPU load.

6.1 ViT on CIFAR-10

We start by evaluating the efficiency of sampling parallelism by
conducting proportional-sample scaling on the task of image clas-
sification, using a Bayesian ViT on CIFAR-10. In a non-distributed
setting, an epoch with 16 samples takes about 1.5 minutes for this
task.

16 -

Fixed-Sample
Scaling Speedup
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|
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1
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N
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Processors
SP (const GBS 256)
SP (incr GBS) - .-
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Figure 4: Speedup (fixed-sample scaling, top) and effi-
ciency (proportional-sample scaling, bottom) of training the
Bayesian ViT on CIFAR10. For fixed-sample scaling, we com-
pare different sampling parallelism, data parallelism, and a
hybrid of both, using 16 random samples and either a global
batch size of 256 or an increasing global batch size of 256
times number of GPUs. For proportional-sample scaling we
use a fixed global batch size of 1024 and scale the number of
random samples from 1 to 16.

The results depicted in Figure 4 (bottom) show that sampling par-
allelism achieves near ideal scaling behavior; efficiency remains ef-
fectively constant over an increasing number of GPUs, with only mi-
nor point-to-point fluctuations attributable to measurement noise
rather than algorithmic overhead. This near-perfect scaling indi-
cates that the sampling procedure parallelizes cleanly, with no ob-
servable degradation in performance as the number of samples (and
GPUs) increases. This is unsurprising since the task of distributed
sampling in the way we propose it is embarrassingly parallel. Con-
sequently, the method is well-suited for large-scale sampling-based
uncertainty estimation approaches in which many independent
samples must be evaluated in parallel.

Another key point is that increasing the number of drawn ran-
dom samples from 1 to 16 would not have been feasible without
the proposed parallelization scheme, due to memory limitations,

HYBRID (const GBS 256)
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unless the batch size was altered as well. While alternative strate-
gies, such as parallelizing other components of the model (tensor
parallelism, pipelining etc.) to free up additional memory and com-
pute time, could in principle enable larger sample counts, these
approaches are considerably more intrusive and difficult to apply
in practice. In contrast, our method provides a straightforward and
scalable mechanism for distributing sample evaluations across mul-
tiple GPUs, enabling substantial increases in sampling throughput
with minimal changes to the underlying model.

For the fixed-sample scaling experiments, we fixed the total
number of samples to 16. As noted previously, this configuration
cannot be executed on a single GPU without modification, so we
reduced the local batch size to at most 256 to ensure that the ex-
periment remained feasible under the same hardware constraints.
All other settings were kept identical to the proportional-sample
scaling setup, as well as between the different methods.

We then conduct an inter-parallelism comparison between data
parallelism (DDP), sampling parallelism, and the hybrid approach
combining both (see Section 4.2). The hybrid parallelization uses
sampling parallelism for intra-node distribution and DDP for inter-
node. For each strategy, we conducted the experiment in two vari-
ants: one in which the global batch size is held constant across GPU
count, meaning that the local batch size and therefore load per GPU
decreases, and one in which the global batch size is increased so
that each device operates at full capacity. The achieved speedups
based on the recorded per epoch run-times are summarized in Fig-
ure 4. When operating at capacity, DDP achieves near-ideal speedup,
whereas hybrid and sample-parallel configurations fall short of
perfect scaling. This gap arises because, in sampling parallelism,
the same data batch must be loaded on every GPU, whereas DDP
distributes different microbatches across devices. Since data load-
ing constitutes a significant portion of the runtime, the duplicated
data loading in sampling parallelism naturally limits the achievable
speedup. However, as outlined before, the duplicated data loading
in sampling parallelism allows us to apply independent stochastic
data augmentations locally per sample, thus increasing the augmen-
tation diversity. By loading the same data batch on all GPUs, we can
apply different random augmentations, such as random crops and
flips, on each of our GPUs for the same batch. When examining the
corresponding convergence of the validation accuracy (c.f. Figure 5),
we find that sampling parallelism converges substantially faster
than DDP when per epoch accuracy increases are considered.

We investigate this effect further by analyzing the convergence
behavior of sampling parallelism under two augmentation settings:
one in which all GPUs apply identical augmentations, and one in
which each GPU applies its own stochastic augmentations. The re-
sults depicted in Figure 6 show that convergence is noticeably faster
when GPUs perform independent augmentations. These findings
strengthen the usefulness of sampling parallelism. By increasing the
variation of augmentations, sampling parallelism can effectively en-
large the dataset seen during training, enabling faster convergence
and better generalizability. While this effect could in principle also
be replicated on the individual minibatch of a single GPU in DDP,
this would require replicating the loaded data before augmenta-
tion, incurring additional compute and memory costs compared to
sampling parallelism.
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Figure 5: Accuracy of the Bayesian ViT on CIFAR10 with two
different global batch sizes and 16 random samples, using
sampling parallelism, DDP and hybrid parallelism, over the
course of training, for different numbers of GPUs.

Although DDP is more efficient in terms of epoch time, sampling
parallelism requires fewer epochs to reach comparable accuracy. To
assess overall convergence speed, we therefore compare accuracy
as a function of wall-clock time, shown in Figure 7. When viewed
in this manner, the total time to reach a target accuracy is similar
across all methods, with sampling parallelism showing a slight
advantage due to its accelerated convergence in terms of epochs.

Taken together, these fixed-sample scaling results highlight an
important trade-off between computational efficiency and conver-
gence behavior. While DDP is the most effective approach for mini-
mizing per-epoch runtime and achieves the best raw speedup under
full device utilization, sampling parallelism’s ability to leverage aug-
mentation diversity across GPUs enables significantly faster learn-
ing per epoch, which compensates for its weaker scaling properties.

HYBRID (GBS:256)
HYBRID (GBS:256X#GPUs)
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Figure 6: Validation accuracy of sampling parallelism over
the course of training, using 16 random samples on 16 GPUS
and two data augmentation settings: one in which all GPUs
apply identical augmentations (blue), and one in which each
GPU applies its own stochastic augmentations (orange).

Consequently, despite its higher data-loading overhead, sampling
parallelism can match, and in some cases surpass, DDP in terms of
wall-clock time to reach a target accuracy.

To evaluate the impact not only on the model predictive perfor-
mance, but also the quality of the uncertainty quantification, we
examine the negative log likelihood (NLL) and the mean absolute
calibration error as measures for uncertainty. Figure 8 shows the
progression of the NLL over the epochs of training with differ-
ent global batch sizes as well as different parallelization strategies.
While NLL decreases for all configurations (see Figure 8), the sam-
ple parallel implementation yields better performance, due to the
benefit of enhanced data augmentation. Table 1 shows the mean
absolute calibration error, which is a measure of how well predicted
uncertainty levels match the empirical errors of the model. Sam-
pling parallelism yields consistently lower MACE, compared to
DDP.

Table 1: Mean Absolute Calibration Error (MACE |) of the
ViT on CIFAR-10 trained on 16 GPUs with 16 samples given
parallelization strategy and global batch size.

Method/GBS 256 512 1024 2048
DDP 0.1407 0.1399 0.1753 0.1525
SP 0.1211 0.1121 0.0657 0.0534

6.2 MLP on ENTSO-E de

We further study the generalizability of the approach to different
sampling-based Bayesian learning methods by transitioning from
BNNs with VI to MCD, using the task of time series forecasting
with an MLP. In a non-distributed setting, an epoch with 16 samples
takes about 10 seconds for this task. Although sampling parallelism
remains fully functional for the MLP in the sense that training can
be carried out without instability, predictive performance matches
expectations, and the communication patterns operate smoothly,
its efficiency is considerably limited.

Figure 9 (bottom) shows the efficiency from proportional-sample
scaling experiments. We observe that efficiency begins to decline
sharply beyond four GPUs. This behavior is expected, as the commu-
nication overhead associated with sampling parallelism grows with
the number of GPUs and quickly becomes significant compared
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Figure 7: Accuracy of the Bayesian ViT on CIFAR10 with two
different global batch sizes and 16 random samples, using
sampling parallelism, DDP, and hybrid parallelism, with re-
spect to wall-clock time, for different numbers of GPUs.

to the relatively low computational cost of evaluating this small
model. In other words, for small networks, the cost of synchroniz-
ing gradients and managing multiple weight samples can outweigh
the benefits of parallel computation. This highlights that the ad-
vantages of sampling parallelism are most pronounced for larger
models, where the computational workload per GPU is substantial
enough to amortize the communication overhead and achieve high
scaling efficiency. This effect becomes even more pronounced in
fixed-sample scaling experiments (c.f. Figure 9 top), where the work-
load per GPU decreases as more resources are added, eventually

HYBRID (GBS:256)
HYBRID (GBS:256 X #GPUs)
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Figure 8: Negative log likelihood during training of the ViT
on CIFAR-10 trained on 16 GPUs with 16 samples labeled
with parallelization strategy and global batch size.
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Figure 9: Speed up (fixed-sample scaling, top) and efficiency
(proportional-sample scaling, bottom) of MCD on an MLP
with the ENTSO-E dataset. For fixed-sample scaling, we com-
pare sampling parallelism and data parallelism, using 16
random samples and either a global batch size of 64 or an
increasing global batch size of 64 times number of GPUs. For
proportional-sample scaling we use a fixed global batch size
of 1024 and scale the number of random samples from 1 to
16.

causing communication overhead to dominate and speedup to drop
sharply. In contrast, DDP performs much better in these scenarios,
as it parallelizes the data loading process, a step that cannot be fully
vectorized on a single GPU, allowing for more effective utilization
of additional GPUs.

6.3 SWIN transformer on ERA5

The previous experiments have demonstrated the general feasibility
and efficiency of sampling parallelism, and the potential to even
improve model convergence via data augmentation. However, the
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raw speedup achieved through sampling parallelism is ultimately
not competitive with DDP in those cases.

To demonstrate that by opening up an additional paralleliza-
tion axis through sampling parallelism, which allows us to tackle
the unprecedented challenges in large-scale Bayesian neural net-
works, we conduct proportional-sample scaling experiments on a
SWIN Transformer for weather prediction using the ERA5 data.
Performing fixed-sample scaling would require comparing results
obtained on multiple GPUs to those from a single GPU running the
same workload. Due to hardware limitations, it is not possible to
accommodate the full workload on a single GPU. This limitation
underscores the practical necessity of sampling parallelism for very
large models. In a non-distributed setting, an epoch with 2 samples
takes about 40 hours for this task.

Efficiency (SP) — — — Ideal Efficiency
0.6 —7 T T !
1 2 4 8

Proportional-Sample
Scaling Efficiency

Processors (2 Samples per GPU)

Figure 10: Scaling efficiency of the Bayesian SWIN Trans-
former with the ERA5 dataset, where the number of random
samples equals 2 times the number of GPUs, and the local
batch size per GPU is 1.

Given that the used loss requires at least two random samples
per GPU, the only configuration that fit into the GPU memory was
a local batch size of one and exactly two random samples per GPU.
Our proportional-sample scaling experiments depicted in Figure 10
demonstrate the efficiency of scaling on up to 8 GPUs and 2 random
samples per GPU, which enables training on 16 samples, which
would not have been possible without parallelizing the samples.
The proportional-sample scaling efficiency is at a reasonable level,
remaining above 90% for up to four GPUs and dropping to 80% for
eight. Regardless of the scaling behavior, the fact that training on
this many samples becomes possible at all shows, how important
it is to be able to distribute these samples as this method allows
training beyond the boundaries of DDP alone.

The presented results demonstrate that sampling parallelism is a
valuable technique for sampling-based uncertainty quantification,
particularly in settings where data augmentation plays a critical
role in predictive performance. Moreover, sampling parallelism
can be flexibly integrated with other parallelization strategies, as
illustrated by our hybrid approach, making it a versatile tool that
can be tailored to the specific requirements of a given task. However,
we do not advise to use sampling parallelism in very small networks,
as the scalability is sub-par.

7 Conclusion

With this work, we aim to tackle the significant computational
burden associated with training sampling-based methods, in partic-
ular BNNs, thereby facilitating their widespread practical adoption.
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Since this burden originates primarily from the need to evaluate
multiple samples of the model parameter distributions, we intro-
duce sampling parallelism as a strategy that distributes random
sample evaluations across multiple processes. This approach makes
large-scale Bayesian learning in neural networks substantially more
tractable with respect to both memory requirements and runtime.
While duplicating data-loading operations across GPUs introduces
overhead and can hinder raw speedup in comparison to other par-
allelization techniques such as DDP, it also enables each GPU to
apply independent stochastic augmentations to the same batch.
This increases the diversity of the training data, which can improve
convergence and generalization. Thus, the method presents not
only a computational trade-off but also a methodological oppor-
tunity. A shortcoming of sampling parallelism is that each loss
function that is used needs to be carefully examined to determine
if simple gradient synchronization between GPUs is sufficient for
exact replication of the sequential algorithm. If not, either further
communication will be required or the parallelization will be an
approximate replica whose effectiveness will need to be determined
via experiments. As future work, developing a dedicated package
that implements and documents loss functions known to preserve
exactness under such parallelization schemes would be highly ben-
eficial, as it would reduce the burden on practitioners and help
standardize reliable usage. Nonetheless, our experiments show that
the training behavior is not negatively affected in some use-cases.

Sampling parallelism complements existing parallelization tech-
niques, such as data or model parallelism, by providing an additional
axis of scalability. Our hybrid experiments illustrate that sampling
parallelism can be combined effectively with other methods, al-
lowing practitioners to tailor their parallelization strategy to the
computational structure of their task.

Finally, sampling parallelism becomes especially valuable when
both models and datasets grow large. When individual data sam-
ples or model components already saturate the memory of a single
GPU (such as in atmospheric modeling), other parallelization tech-
niques become a necessity. In these cases, sampling parallelism
provides a crucial additional degree of freedom for parallelizing
and distributing a network, enabling uncertainty-aware learning.

While our experiments focus on BNNs and Monte Carlo Dropout,
the underlying approach is applicable to a much broader family
of Bayesian and UQ techniques. Evaluating performance across
additional methods, architectures, tasks, and datasets will further
map out its generality and practical scope, and allow us to position
sampling parallelism as a practical and versatile tool for large-scale
Bayesian modeling in real-world applications.
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