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ABSTRACT: Surrogate modelling is a powerful tool that can help to solve inverse problems and serve
as a means for early stage rapid prototyping. It enables the creation of models that can be embedded in
interactive visualisation environments that allow clients, architects, and other stakeholders to understand
the performance of specific design configurations without necessarily setting up complex models. With
the advancement of machine learning-based regression and the ease of access to tools, surrogate
modelling has become increasingly accessible to practitioners. However, a major barrier to the
widespread adoption of ML-based surrogates is the lack of firm accuracy guarantees. In this work, we
develop uncertainty-aware surrogates using Bayesian inference. Our surrogates provide not only
predictions, but also an associated uncertainty expressed through credibility intervals. By comparing the
uncertainty with a threshold informed by the problem domain, the prediction can either be accepted or
rejected, allowing practitioners to take advantage of the rapid computational speed without losing
accuracy guarantees on unseen data. A key challenge is communicating this uncertainty to practitioners,
as most engineers are not familiar with probabilistic machine learning. We demonstrate how the
uncertainty-aware surrogate can be incorporated into a Rhino-based prototyping environment for
developing geometries of steel-framed buildings, showcasing how the uncertainty can be effectively
communicated to the user.

1. INTRODUCTION

Rapid prototyping in early project stages using
digital tools is common across many disciplines
within the built environment industry (see, for ex-
ample, Gerber et al. (2012) or Holzer et al. (2007)).
Designers and engineers often use visual program-
ming environments such as Grasshopper/Rhino or
Arup inForm, to rapidly generate geometries and
configurations parametrically. The latter states in
its documentation 1:

1https://lively-water-096984503.1.
azurestaticapps.net/introduction/

A parametric design framework that
untangles the complex combination of
project requirements and key perfor-
mance indicators to deliver a data-driven
design as a starting point to your project.

Aided by interactive and rich graphical interfaces,
practitioners can obtain quantitative assessment of
each option. Selected configurations are often iter-
atively refined in collaboration with the client or ar-
chitect. The quantitative assessment used to select,
reject, or refine design iterations can be a combina-
tion of discipline-specific objectives such as noise,
lighting, wind loads, or structural assessment. A
thorough and extensive exploration of the design
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space can create solutions that are more sustainable
or meet the end design goals in more optimal ways
such as by saving costs, constructibility or space
utilisation.

Evaluating these objectives often relies on run-
ning computer simulations that solve an underlying
physics-based problem and hence rely on mathe-
matical modelling. Each time the user changes a
design configuration in the interface, a new analy-
sis is retriggered. The analysis must be resolved in
near real-time to facilitate a smooth and coherent
design discussion. On the other hand, if the simula-
tions are computationally expensive, only a limited
slice of the design space can be explored. Surrogate
modelling can provide an effective solution to this
challenge by resolving the analysis for each design
iteration.

In this paper we present ‘uncertainty-aware sur-
rogates’, which are surrogates with a twist in that
they can produce both a prediction and the accom-
panying confidence in it. We demonstrate how
these can be trained and embedded in design proto-
typing tools to radically accelerate the optioneering
process without losing confidence in accuracy of its
results.

1.1. Uncertainty-Aware Surrogates
The rise of machine learning (ML) has sparked

significant interest in its use for surrogate mod-
elling, as the authors have observed in their
experience creating and distributing commercial
digital tools for engineering simulation and de-
sign. ML-based surrogates, particularly neural
networks for regression trained on simulation-
generated datasets, are attractive due to their ease
of use and accessible barriers to entry. This is due
to their innate ability to generalize predictions with-
out requiring a deep understanding of ML from the
practitioner.

The disadvantage, however, is that we cannot re-
liably use the predictions from ML in safety critical
scenarios. In the general case we cannot measure
the accuracy of a prediction on an unseen data point
from an ML model that is deployed in production2.
Given this background, we can see a clear need for

2Noting that the probability assigned to classifications
from a softmax output layer shouldn’t be confused with an un-

Figure 1: Frame configurations modelled in finite ele-
ment software Oasys GSA

a surrogate that can communicate its confidence in
a given prediction. In particular, an ideal surrogate
should be able to communicate its limitations to the
engineer who may not have knowledge about the
information on which it has been trained.

In this paper, we present the use of Bayesian
machine learning to train uncertainty-aware surro-
gates for structural engineering prototyping. Our
approach predicts a distribution of outcomes, rather
than a single point prediction, to communicate
the confidence in the prediction. Additionally,
we present a novel method for deploying the
uncertainty-aware surrogate to non-expert practi-
tioners within the industry, ensuring its practicality
and usability for those who may not possess exten-
sive technical knowledge.

2. A SURROGATE FOR PREDICTING NATURAL

FREQUENCIES

To demonstrate the training and deployment of
an uncertainty-aware surrogate, we consider the
problem of predicting the frequencies of funda-
mental vibration modes of a steel framed structure.
We emulate a design prototyping scenario where a
range of different frame geometries are examined,
varying the bay dimensions and the number of bays
as shown in Figure 1 and Table 2. Predicting the
fundamental frequencies of the frames requires a
modal analysis of the structure, which we accom-

certainty, as a model can be uncertain in its predictions even
with a high softmax output (Gal and Ghahramani (2016)).
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plish with Oasys GSA3, the commercial finite el-
ement structural software developed by Arup. To
determine the vibration modes, Oasys GSA uses a
sparse eigensolver to calculate the eigenvaulues and
eigenvector (Oasys Software (2023)), with com-
plexity scaling with O(n2), where n is the number
of nodes in the structure. The geometry of these
framed structures can be wholly defined by the
length 6 vector X = (X0,X1, ...,X5)

T , where each
parameter details either a): the number of bays in
each direction (x,y,z), or b): the length of members
parallel to each direction (x,y,z):

Table 1: Input parameters to the surrogate

No. bays
in direction:

Member length
in direction:

x y z x y z

X0 X1 X2 X3 X4 X5

The geometry for such frames can be rapidly
generated using Rhino, and subsequently (with
suitable assumptions for boundary conditions and
material/section properties) analysed in Oasys GSA
using an application programming interface (API)
to predict their frequencies. Each generated frame
serves as a point in the training dataset.

3. NEURAL NETWORKS AND UNCERTAINTY

QUANTIFICATION

3.1. Overview
Neural Networks are a popular mechanism to con-
struct surrogate models as they can mimic complex,
non-linear behaviour and can scale well to large
amounts of high-dimensional data. The surrogates
described here utilise simple feed-forward neural
networks with a variety of modifications to improve
their performance and allow them to produce cred-
ibility intervals with every prediction.

There is however a limitation: as mentioned
previously, feed-forward neural networks are in-
capable of quantifying uncertainty in a prediction.
There are many methods for endowing neural net-
works with uncertainty quantification, each having
their own advantages and disadvantages. Notable

3oasys-software.com/gsa

methods include, among others, MC Dropout (Gal
and Ghahramani (2016)), SGLD (Welling and Teh
(2011)), Variational Inference (Jaakkola and Jordan
(1999), Graves (2011)), Bayes by Backprop (Blun-
dell et al. (2015)), and Probabilistic Backpropaga-
tion (Hernández-Lobato and Adams (2015)).

The simplest of these methods are MC Dropout
and SGLD, both of which require minimal modifi-
cations to the training and inference routines, but
still provide results with high accuracy and suit-
able credibility intervals. This inherent simplicity
speeds up the development and deployment of the
surrogates, and also more easily enables existing
neural-network based surrogates to be retrofitted
with uncertainty quantification abilities. These
methods do not require the construction of priors,
nor do they need to be fine-tuned to obtain reason-
able reported credibility intervals.

The key property that MC Dropout and SGLD
add to traditional feed-forward neural networks is
stochasticity during both training and evaluation.
When performing inference, i.e. obtaining a pre-
diction y for a given input x, multiple forward
passes are performed, with stochasticity introduced
by perturbing the model parameters θt in each pass.
In SGLD, the weights are perturbed by injecting
Gaussian noise, and in MC Dropout the pertuba-
tions arise due to a Bernoulli mask applied to the
neurons. When performing a prediction, T forward
passes are carried out through the networks (each
parameterised by θt), with each forward pass acting
as an additional sample from the predictive poste-
rior distribution p(y|x)4. The mean predicted value
can then be calculated as the mean of all collected
samples:

p(y|x)≈ 1
T

T

∑
t=1

p(y|x,θt) =: q(y|x). (1)

Using each of the individual samples p(y|x,θt)
that were obtained from the approximate predictive
posterior, credibility intervals can be calculated us-
ing the highest density interval (HDI). Here, we use
95% HDI, describing the shortest interval that con-
tains 95% of the total probability mass. See Section

4When limited to a finite number of samples, this is termed
the approximate predictive posterior q(y|x)
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4.4 for a brief summary of the investigation into the
effect of number of samples T drawn versus the ac-
curacy and credibility interval width.

3.2. MC Dropout

MC Dropout (Gal and Ghahramani (2016)) is a
Monte-Carlo (MC) method which requires very lit-
tle modification of existing training pipelines and
network architecture, making it very suitable for
scalable surrogates. It applies a Bernoulli distribu-
tion mask to every hidden layer neuron in the net-
work, which gives each neuron a pdropout probabil-
ity of having its output set to zero. pdropout is a
constant value across all neurons in the hidden lay-
ers.

Dropout as a stochastic regularisation technique
(SRT) was originally introduced by Hinton et al.
(2012), rapidly proving its ability to reduce over-
fitting and improve the generalisation capabilities
of neural networks. As it is a very popular reg-
ularisation method, it is already implemented in
many modern architectures, potentially simplifying
its use as an uncertainty quantification method.

The most important difference between dropout
as a SRT versus MC Dropout as an uncer-
tainty quantification method is the retaining of the
Bernoulli distribution mask when carrying out in-
ference on the network. Typically, the dropout
mask is “turned off” after training has completed,
but MC Dropout performs multiple forward passes
on a network with dropout still enabled to effec-
tively generate samples from the predictive poste-
rior as explained in Equation (1).

MC Dropout operates similarly to an ensemble
method (Gal (2016)), whereby a large number of
networks are trained independently, then the result
of forward passes through all networks is averaged
to obtain a final result. Using ensembles of de-
terministic models is a bone-fide method for con-
structing BNNs, but it has a high memory foot-
print and the uncertainty it produces is inaccurate
for OOD predictions, as shown by Osband et al.
(2016).

Gal and Ghahramani show that the predictive
log-likelihood and RMSE of predictions made us-
ing MC Dropout are considerably improved over

state-of-the-art methods at that time (Variational In-
ference and Probabilistic Backpropagation).

3.3. Stochastic Gradient Langevin Dynamics
(SGLD)

SGLD (Welling and Teh (2011)) combines the
Stochastic Gradient Descent (SGD) optimisation
method with Langevin Dynamics, an approach used
to model the dynamics of molecular systems. By
adding the right amount of noise to a SGD algo-
rithm and by annealing the learning rate, Welling
and Teh showed that the iterates converge to sam-
ples from the true posterior distribution. The
Langevin dynamics portion of the method injects
normally distributed noise (scaled according to the
learning rate) into the weights of the network, re-
sulting in the parameters converging to the full pos-
terior instead of the maximum a posteriori mode.

In our implementation, the model’s weights are
saved at regular intervals during training, after an
initial burn-in period. The injection of Langevin
noise adds stochasticity to the network, so a for-
ward pass of each save state of the model can form
a sample from the approximate predictive posterior
distribution.

In practice (for example, Palacci (2018)) SGLD
is usually implemented by adding a noise term
into a custom SGD optimiser, for example Adam
(Kingma and Ba (2014)), however here we con-
struct a method that can add the noise after any opti-
miser after the weights have been calculated. Equa-
tion 2 shows the addition of this Langevin noise to a
typical SGD algorithm. If ∂J(θt−1)/∂θθθ is the gra-
dient of the loss function at the previous iteration
w.r.t. the model weights (calculated using back-
propagation), then a simple SGLD update step be-
comes

∆θt = εt
1
n

n

∑
i=1

∂J(θt−1)

∂θθθ
+ cηt , (2a)

ηt ∼ N(0,εt) (2b)

Where c is a noise multiplier term that serves as an
additional hyperparameter. Note that here we use
Root Mean Squared Error (RMSE) as our loss func-
tion as is common in evaluating regression models.
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Welling and Teh (2011) specify that the learning
rate ε should be annealed according to the Robbins-
Monro conditions (Robbins and Monro (1951)) to
reduce autocorrelation between samples, but many
authors modify this annealing schedule or remove
it altogether (e.g. Ahn (2015)). After some inves-
tigation into the effects of the annealing schedule,
here we excluded it from the network to simplify
hyperparameter tuning.

4. METHODOLOGY

4.1. Generating and Splitting Data
Oasys GSA was used to programmatically generate
a corpus of 1,978 framed structures with a range of
geometries. Each of these structures can be wholly
defined by X ∈ R6 as previously detailed in Table
1. For each structure, the first 6 modal frequen-
cies were calculated by GSA, ultimately generating
a csv file with 1,978 rows of 12 variables (6 inputs,
6 outputs).

The main corpus of 1,978 structures is made up
of multiple subsets of data, where each subset’s ge-
ometry is defined by Xn ∼ Uniform(minn,maxn).
Greater amounts of data are generated for geome-
tries that are defined to be ‘in-domain’ in order
to maximise the size of the final training set, and
smaller amounts of data are generated for the in-
put space that is defined to be ‘out of domain’ for
evaluation.

The full corpus is then split according to de-
fined limits to guarantee the range of geometries
contained in the training, validation and test sets.
Maximising the amount of in-domain data emulates
the process of acquiring data from a live system
or historical data behaving normally, where testing
against OOD geometries emulates the process of
making a prediction on some new (or rarely seen)
system configuration. See Table 2 for full details
of the datasets used. All three sets are standardised
before passing through the neural network.

4.2. Hyperparameters and Training Regime
The surrogates described in this paper were

trained using the main corpus of data, split accord-
ing to the ranges defined in Table 1. The final
hyperparameters used here (after tuning) are pre-
sented in Table 3.

Table 2: Corpus generated from GSA and training,
validation and testing splits

Set Ref
No.

Points
Range

X [0−2]
Range

X [3 : 5]

Main
corpus

A 1,000 (3,10) (5,10)
B 30 (1,30) (0.5,25)
C 50 (1,15) (0.5,15)
D 400 (1,15) (0.5,15
E 300 (1,10) (0.5,10)
F 200 (1,5) (0.5,10)

Original
Training

Train 929 (3,10) (5,10)
Val 104 (3,10) (5,10)
Test 863 (0,3), (0,5),

(10,25) (10,12)
Unused 82 - -

Retraining

Train 1,233 (2,15) (2,15)
Val 138 (2,15) (2,15)
Test 607 (0,2), (0,2),

(15,30) (15,25)

The neural networks are constructed using Py-
Torch (Paszke et al. (2019)), and are are trained
in two environments: on a notebook laptop5 using
CPU only, and in a free Google Colab notebook6

using CUDA GPU acceleration. The learned model
weights are saved to a file, allowing a user to load
the models and perform inference very quickly. The
Adam optimiser is used in both surrogate architec-
tures.

4.3. Performing Inference
Once the models have been trained, inference can

be performed7. A Flask app is started, which opens
an API endpoint for the Grasshopper interface to
communicate with. The neural networks are instan-
tiated and the model weights are loaded from file
when the Grasshopper interface is initialised, with
every call to the API performing the required num-

5Windows 10 64-bit, Intel core i7-1165G7 Quad core
2.8GHz, 8Gb RAM, integrated Intel Iris Xe graphics

6https://colab.research.google.com/
7Note that here, inference refers to the machine learn-

ing definition (i.e. performing a prediction), rather than the
Bayesian sense (integration over model parameters).
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Table 3: Hyperparameters after tuning

Model Parameter Value

MC Dropout

Epochs 1,000
pdropout 0.3

Hidden layers 2
Neurons per
hidden layer 100

No. samples (T ) 150
Batch Size 50

LR (ε) 5×10−4

SGLD

Epochs 1,000
Burnin epochs 250

Weight decay (λ ) 0
Weight annealing None

Noise multiplier (c) 1
Hidden layers 1

Neurons /
hidden layer 100

No. samples (T ) 150
Batch size 50

LR (ε) 1×10−3

ber of forward passes through the network and re-
turning the mean prediction and credibility interval.
The models can also be instantiated and called in a
pure Python environment.

4.4. Number of Samples Drawn vs Prediction Ac-
curacy and Uncertainty

Using MC Dropout and SGLD, the mean predic-
tion and credibility intervals are dependent on the
number of samples drawn from the approximate
predictive posterior distribution, so it is important
to define a suitable number of samples to draw. We
investigated how the number of samples drawn ef-
fected the predictions for in-domain and OOD ge-
ometries, with the number of samples ranging from
1−500. A range of between 100−200 was found
to be sufficient to achieve a stable mean predic-
tion and credibility interval width; any more sam-
ples than this and unnecessary computational cost
is incurred, any fewer and the final result fluctu-
ates excessively every time a round of inference is
performed. Here we choose 150 samples per pre-

diction to strike a balance between computational
expense and reliability of results. Generally, we
see that the predictions from SGLD – in terms of
mean prediction and credibility intervals – are more
stable with respect to the number of samples when
compared to MC Dropout.

5. RESULTS

5.1. Deployment of Surrogate
A Grasshopper interface has been developed and

deployed, allowing practitioners to parametrically
design frame geometries (using sliders) that are in-
stantly visualised in Rhino. Grasshopper serves as
a rapid prototyping environment, where an engi-
neer can very quickly perform preliminary design
of structures.

For every configuration drawn, Grasshopper
queries a RESTful API which carries out forward
passes of the trained surrogate (leveraging MC
Dropout or SGLD), returning a frequency predic-
tion and an uncertainty. The relative uncertainty
(100×CI/µ) is used to colour the structure; green
indicates a high certainty, and red indicates a low
certainty. The script also queries a larger determin-
istic reference neural network that has been trained
on the full corpus to obtain a reference result closer
to the ground-truth solution.

This interface is ideal for rapid prototyping of
designs, allowing engineers to make informed de-
cisions about a wide range of designs.

5.2. Timings and Scaling
5.2.1. Timings: Training
The MC Dropout-based surrogate finished training
in approximately 200 seconds using CPU training
on a notebook laptop, and approximately 45 sec-
onds using CUDA GPU acceleration on Google
Colab. The SGLD-based model finished training in
310 seconds using CPU and 156 seconds on GPU.

The difference in timings is primarily due to the
additional computational and memory burden of
SGLD introduced in two of its routines: a) the sav-
ing, storage and loading of 150 model states nec-
essary for producing the samples from the predic-
tive posterior; b) the loop that adds scaled Gaussian
noise to every trainable model parameter at every
epoch.
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Figure 2: Accuracy and credibility intervals of MC Dropout and SGLD on the training, validation, and OOD
datasets. The credible interval is calculated using 95% HDI.

This additional computational complexity and
memory consumption of SGLD scales linearly with
the number of model parameters, i.e. O(n).

5.2.2. Timings: Making Predictions
The predictions made by the surrogates are fast
enough to give the perception of being delivered
in ‘real time’. The MC Dropout-based model and
the SGLD-based model all take on average between
35.8ms and 38.6ms to return a mean prediction and
a credibility interval from the API, which is be-
tween 100 to 35,000× faster than the GSA simula-
tions (dependent on geometry size). The wall time
is reduced further when running within a Python
environment without API calls. The timings re-
ported here are a result of 7 runs of 200 loops for
each method.

5.3. Analysis of Uncertainty Quantification and
Accuracy

Figure 2 shows the accuracy and credibility in-
tervals of surrogates using MC Dropout and SGLD
for the training, test and validation datasets.

Both surrogates demonstrate higher levels of un-
certainty when making predictions on OOD inputs.
Importantly, we observe that the credibility interval
width increases as the RMS error increases. Gen-
erally the CI width is larger in MC Dropout for all
datasets, but in particular it shows favourable per-
formance in the test set, where the CI width in-

creases at a faster rate with increasing RMSE com-
pared to SGLD.

Considering its superior performance on OOD
predictions and more efficient memory and com-
putational requirements, MC Dropout may prove
to be the preferred method in most cases. How-
ever it is worth noting that the credibility interval
width from SGLD can be easily adjusted using the
noise multiplication factor c introduced in Equation
2, which may be favourable in scenarios where the
surrogate should be more conservative in its estima-
tion of confidence. Increasing c in SGLD generates
higher uncertainties on OOD data at the cost of re-
duced accuracy. Adjusting pdropout in MC Dropout
produces a similar result, but with greatly reduced
prediction accuracy and increased training times.

6. CONCLUSIONS

It is critical for surrogate models to be able to
convey prediction uncertainty for them to be useful
in commercial engineering workflows, particularly
in safety critical applications such as structural en-
gineering.

The surrogates described here can utilise MC
Dropout or SGLD in feed-forward neural network
architectures. The methods are shown to be fast -
with speed-ups between 100× and 30,000× com-
pared to full modal analysis using Oasys GSA.
Since the surrogates have been developed using Py-
Torch, there is native CUDA GPU support, which

7
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would provide substantial speed increases for larger
surrogates using this framework. We have also
demonstrated how the prediction confidence can be
converted into a “traffic light” system that can be in-
tergrated into an optioneering interface, thus giving
the practitioner a tool to either accept prediction or
reject it in favour of a full fidelity simulation. The
speed of these surrogates allows the user to iterate
over a vastly higher number of design iterations us-
ing the purpose-built Grasshopper interface.

Further work is ongoing to train these models
in an online setting, as well as applying the tech-
niques outlined here to more complex, non-linear
modelling problems.
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