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Abstract

Building Performance Simulation (BPS), a
useful tool to assess the operational perform-
ance of buildings and systems, can often be
computationally expensive. The use of BPS is
cumbersome for problems where the speed of
response is important, e.g., real-time control,
uncertainty quantification, parametric explor-
ation, or stock modelling. Emulators, such as
those based on regression, offer a faster substi-
tute, but their reliability can be questionable.
This paper proposes seven tests to check if an
emulator is a suitable replacement for simula-
tion in practice. The tests are categorized us-
ing four criteria: accuracy, speed, generalisab-
ility, and ease of use. The tests can be included
in the process of setting up an emulator-based
workflow. A use case is provided for emulat-
ors based on linear and non-linear regression
(Gaussian Process models). This work aims to
enable a practitioner to reliably conduct per-
formance assessment for buildings using emu-
lators.

Keywords— non-linear regression,
simulation, test suite, regression model

building

*Corresponding author: contact@paragrastogi.com

1 Introduction

Building Performance Simulation (BPS) is a tool
to quantify the impact of decisions about a build-
ing’s design, specification, or operation on its per-
formance, i.e., changes in thermal or visual condi-
tions, energy use, or other physical quantities. This
is useful when measured data cannot be obtained
from a real building and its systems, or when the
systems being modelled are too complex for manual
calculations. BPS provides estimates of building
performance under hypothetical conditions such as
a future climate, changes in building operations, or
the impact of retrofits. The ensembles of physics-
based equations that make up BPS are usually de-
terministic: given a set of inputs, simulators will
always give the same outputs. These outputs are
also precise, i.e., simulators do not typically estim-
ate the uncertainty in outputs. A BPS program
can often be computationally-expensive and many
design exercises require hundreds of runs for each
decision, both of which are difficult to implement
in practice and slow down decision-making. Im-
portant use cases where the simulator’s speed of
response is consequential include:

o Monte Carlo (MC) sampling for uncertainty or
sensitivity quantification — simulating a build-
ing or system with several plausible values of
an unknown or poorly characterised input like
weather,

e parametric design exploration — testing the
impact of several different variations of the
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design or specification of a component like
window sizes,

¢ stock modelling — estimating the performance
of large groups of buildings, like modelling
housing archetypes at an urban or national
scale,

o carly design phase exploration — when several
consequential decisions must be made while it
is impractical to set up a full simulation for
each decision since too many aspects of the
final building design are unknown.

To be practical in time-bound decision-making
workflows, either individual simulations must be
sped up or computational power increased suffi-
ciently. While big datasets have been analysed
with supercomputers for some applications [e.g., 1],
most users only have access to single computers or
small-scale cloud services like JEPlus ! or NREL’s
PAT 2. This means that individual simulations
must be sped up. Options exist in most simula-
tion programs to use simpler variants of underlying
algorithms, these achieve only limited efficiencies.
One option for speeding up individual estimates is
the use of so-called emulators, alternative models
that estimate the same quantities as the original
BPS. How an emulator may be judged to be a suit-
able replacement for a simulator is the problem ad-
dressed in this paper.

Emulators replace, and usually simplify, the
complex ensemble of physics-based equations that
make up a simulator. The inputs for emulators
need not be exactly the same as those used by
physics-based simulators. For regression models,
these inputs are called features. That is, those
quantifiable features or characteristics of a dataset
that can be used to characterise the variety or vari-
ance seen in the dataset. If the dataset is then rep-
resentative of the physical system being examined,
the features can be said to describe the physical
system as well.

While the use of emulators is motivated by the
need to reduce computational burden, an emulator
must accurately represent the physical behaviour

1www.jeplus.org

2http://nrel.github.io/
OpenStudio-user-documentation/reference/
parametric_analysis_tool_2/

of the building systems being modelled to be use-
ful. That is, the difference between predictions of
performance by an emulator and simulator should
be acceptably low. The objective of this work is to
provide a set of tests that can be used to determ-
ine whether a simpler, faster mathematical model
(an emulator) is a suitable and viable substitute for
BPS.

This paper lays the groundwork for a test suite
to evaluate emulators for a given problem, along
with its application to a simple problem of predict-
ing energy use. This could be extended with the
development of a catalogue of results using com-
mon design problems and emulators showing, for
example, how emulators will improve solutions for
some problems and not for others, where they are
more applicable, and whether the selection of spe-
cific emulators/algorithms can be generalised to a
class of problems. The original code used for this
paper is available online®, and is open for imple-
mentation in tools.

To reduce computational time without com-
promising the usefulness of performance estimates,
any replacement for BPS must be (i) accurate,
(ii) fast, (iii) generalisable, and (iv) easy to use
and setup. These criteria can be used to judge
whether an emulator is a sufficiently useful replace-
ment for a simulator. In this paper, we provide
a suite of seven tests that can be used to evalu-
ate emulators against these criteria. Namely, the
model should fulfil the following conditions, further
developed in Section 3.1:

(1)

error compared to simulator outputs is accept-
ably low,

performance improves with more training data
(lower error),

performance improves with more complex or
varied training data,

performance does not degrade (error does not
increase) too much for a specific test case,

performance is consistent across different test
data sets,

emulator is computationally cheaper than a
simulator,

www.github.com/author/repository
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(7) performs appreciably better (lower error) than
a simpler model.

These tests can be used to both identify whether
a specific emulator is usable or not (pass/fail) and
to compare different emulators, e.g., ranking can-
didates by error on the test data. The tests are
not a substitute for expert judgement and may give
conflicting answers, e.g., a model may generalise
poorly (test 5) but perform very well for a specific
test case (test 4), a model may show very low error
(tests 2-5) but have an unacceptably high compu-
tational burden (test 6), etc. It is also possible for a
model to fail on a particular test, e.g., failing to per-
form consistently well across different test data sets
(test 5). It is difficult to offer a generalisable rule in
these cases, and users must consider the nature of
the problem. What is important to a given problem
determines the importance of a given test: gener-
alisability, accuracy, speed, or ease. An emulator
should do well on tests 6 and 7, since there is little
point to replacing a simulator with a more expens-
ive emulator or using a complex emulator when a
simple one will do.

In the next section, we describe possible candid-
ates for emulators, existing work, and introduce
regression models. After that, Section 3 lays out
the context for how and when these emulators are
useful, and the example dataset used in this pa-
per. This example dataset consists of four subsets
named Breadth (B), Depth (D), Home (H), and
Urban (U). Each subset will be used to demonstrate
a different test. In Section 4, we show a use case:
applying a class of models known as Gaussian Pro-
cess (GP) Regression to the example dataset. Note
that the use of GP regression or the specific data-
set have no bearing on the test suite itself; they
are only convenient examples chosen in this paper
to illustrate the applicability of the tests. Finally,
we conclude with a discussion of possible use cases
and limitations of this approach. We discuss how
the tests are generally applicable, and the use case
is meant to serve as an example for how the pro-
posed test suite may work in practice.

2 Background

In this section we outline the mathematical back-
ground for the models and tests, as well as existing

work and how it relates to this paper.

BPS is best characterised as a non-linear,
stochastic, causal system [2]. Linear regression
models are popular emulators [e.g. 3] since they
are easy to fit, use and interpret, but they could
be inaccurate since the simulator they are trying
to model is a non-linear system itself. For such
non-linear systems, emulators based on non-linear
regression are more appropriate.

2.1 Simulators

A typical simulation uses, as inputs, parameters
such as building geometry; building envelope char-
acteristics; Heating, Ventilation, and Air Condi-
tioning (HVAC) system specifications; operation
schedules and control strategies. We denote a set
of inputs with a vector 8 containing all these para-
meters. To assess the performance of a building
design 6, a BPS simulation also requires plausible
operating conditions that the building might exper-
ience, e.g., local weather and internal heat gains
from lighting, occupants and equipment loads. We
denote these operating conditions by a vector z.
The set of inputs, therefore, is equal to 8 and z
which we denote by x := {0, z}.

Given an input vector x, the goal of BPS is to
estimate performance indicators, such as temper-
ature trends, comfort indicators, energy demand,
etc. In this paper, we use a common BPS problem:
predicting the energy performance of a building as
the sum of the hour-by-hour energy demand (power
draw) over the year. This gives us a scalar energy
output which we denote by y. Denoting the sim-
ulator by a function f that takes x as input and
outputs y, we can express the Simulator as:

y = fs(x), where x ={0,z}.

(1)
Since the output depends on z, the choices of oper-
ating conditions is extremely important. The fu-
ture operating conditions are unknown, but can
still be obtained using other sources of informa-
tion. For example, future weather conditions can
assumed to be random draws from a probability
distributions p(z) which can be estimated using
past weather data [4, ch. 2]. A reliable prediction of
performance can then be obtained using the Monte

190
191
192
193
194
195
196
197
198

199

200
201
202
203
204
205
206
207
208
209
210
211
212
213



214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235

237
238
239
240
241
242

243

244
245
246
247
248
249
250
251
252

253
254

Carlo (MC) method:

1 N
fuc = o ;fsw,z(”)), (2)

where z(M, 23 2(N) are N operating condi-

tions drawn from a statistical model p(z) obtained
using past weather data. The above quantity gives
a reliable estimate of the energy performance be-
cause it accounts for a wide variety of operating
conditions. A design process built upon such es-
timates results in a robust building design that is
less likely to fail under extreme operating condi-
tions.

This approach, the MC method, which might
be time-consuming to complete with a simulator
since each simulation may itself take hours. Even
though multiple simulations may be run in parallel,
the design process itself is sequential and iterative,
necessitating the repetition of the N simulations
for each design parameter vector 8 investigated. A
more common practice is to use ‘typical’ (average,
median, representative) values for z and only per-
form one or two simulations. This would result in
performance estimates that are low variance but
are heavily biased towards typical operating con-
ditions. A design process relying on such estimate
will be less robust, since it might miss important
operating conditions under which a building may
perform poorly or even break down. Emulators are
models of the simulator which can predict the out-
puts of simulations quickly and, therefore, enable
the use of computationally-expensive techniques in
several situations.

2.2 Emulators

Fitting or training emulators requires overcoming
three principal challenges: the requirement of a
large, varied, and representative database for train-
ing; the time and effort to specify the form and
compute the parameters of the models; and inflex-
ibility in real-world application, usually indicated
by an inability to predict well on test sets [5, 6].
The emulators we discuss here are based on re-
gression models and take the following form:

7= fe(z), (3)
where the emulator is represented by the func-
tion fe(-), which must be estimated, and § is an

estimate of the simulator output y. The best estim-
ate of f, is that function in the set of functions F
that minimizes a cost function, e.g., Mean Squared
Error (MSE),

f: = arg ;?GH}__ IEp(y,x) |:(y - fe(w))2:|7 (4)
where p(y, x) is the joint distribution of y and .
Since this distribution is unknown, we approximate
the expectation using the sample mean over input-
output pairs for y and x observed in practice. The
set F is usually the set of all continuous and differ-
entiable functions.

The dataset used to build a regression model
should by independent and identically distributed
(i.i.d.), though this is difficult to achieve in prac-
tice. One naive method is to use past measure-
ments of z (if available, e.g., past weather data)
as samples from p(z) and run the simulator with
these to obtain samples from the distribution of
y (e.g., Figure 9). Specifically, given N measure-
ments z(™ for n = 1,2,...,N, we can calculate
the corresponding energy outputs (™ by running
the simulator.

The fitting and testing of regression models to
training datasets consists of four steps, as outlined
in Figure 1: (A) picking a subset of data of size
Nirain < N; (B) estimating the hyper-paramet-
ers () with this training dataset; (C) picking an
additional set of data of size Npreq for prediction;
(D) using the model to predict on the test dataset
and calculate error of prediction.

The structure of linear and non-linear functions,
especially the GP regression models used in this
paper, is discussed in Appendix A.

2.3 Existing Work

The existing BPS literature, including our previous
work on GP regression [7], focussed on proving the
utility of a specific regression method or emulator
type to tackle a specific problem in BPS. A large
variety of approaches have been proposed for a vari-
ety of outputs, and these can be broadly divided
into two classes: ‘grey box’ models and regression-
based models. The so-called grey box or ‘reduced
order’ models, which use simplified physics to ap-
proximate performance [8]. These are simple to
use but inflexible since a single grey-box model is
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TEST DATA

A
v

TRAINING DATA

|
(A) Randomly pick a subset of size
N, . to learn hyper-parameters g

train

PREDICTION

(B) Estimate hyper-parameters y

(D) Predict test data
and compute RMSE

(C) Randomly pick additional data to

have Npred examples for prediction

Figure 1: A schematic of the method used in this paper
to train and test regression models. (A)-(D) represent
steps in the procedure, while the boxes represent data
sets. When testing on real-world data, we use the term
validation dataset to denote the test dataset.

appropriate only for the specific system it approx-
imates. The second class of emulators is based on
regression models, constructed by fitting the model
to a database of inputs and outputs obtained from
a simulator or measured data [e.g., 3, 9]. Confus-
ingly, regression models are also sometimes referred
to as ‘reduced order’ models.

Most existing work on emulators to supplement
BPS uses regression-based models. The published
work largely focusses on characterising the rela-
tionship of some performance metric like energy
consumption for heating or cooling to paramet-
ers/properties that may be controlled by designers,
like insulation levels and window area [4, 8, 10, 11].
Examples of these kinds of studies include those
that address:

(i) general uncertainty and sensitivity analysis for
performance analysis and what-if analyses [4,
12-14],

(ii) computational cost, such as energy optimisa-

tion for large-scale retrofits [9], grid-scale de-

mand prediction from buildings [15], bench-

marking [16],

(iii) lack of sufficient information to run simulat-
ors reliably, e.g., prediction of the potential
to harvest solar energy for neighbourhoods
[17, 18], statistical evaluation of the energy
performance of different office designs [19-24],

(iv) lack of certainty about future weather, e.g.,
prediction of indoor conditions using a small
number of measured parameters [25], correlat-
ing probabilistic climate projections with of-
fice cooling demand and overheating analyses
in the UK [26-28], development of “climate
change amplification coeflicients” to estimate

resilience [29],

(v)

calibration of building energy models, and
fault detection and control [30-32].

3 Method

In this section we described the proposed tests in
detail and the dataset used to show how they might
be used in practice. These tests are based on gen-
eral principles of statistical learning outlined in
texts such as Hastie et al. [5], Rasmussen and Wil-
liams [33]

3.1 Proposed Test Suite

As described in Section 1, we use the following four
criteria to judge if, for a given problem, an emulator
is a good-enough replacement for a simulator: ac-
curacy, speed, generalisability, and ease of use. The
logic for these criteria relates to the use cases and
issues discussed in the preceding sections. There
are usually trade-offs between accuracy and gener-
alisability, accuracy and speed, and between ease
of use and the others. In addition, speed and ease
of use are somewhat subjective and based on the
problem at hand.

The tests that can be used to evaluate these cri-
teria are all described here in terms of error, i.e., the
difference between values (simulation outputs of in-
terest) predicted by an emulator and those output
by a simulator for the same input. We will also use
the concept of test and train datasets, i.e., data-
sets used to fit (train) a regression model and test
its performance. These tests are described for use
in the process of training a regression model for
a given problem. When an emulator is ‘deployed’
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for use in a given problem, it cannot be tested ex-
cept by running a small number validation simula-
tions. The use of error to train a regression model
is outlined later in Figure 1, section 2.2, and ap-
pendix A.2. We begin by summarising the tests
here and describing their relevance to predicting
building performance.

3.1.1 Accuracy

Accuracy implies that for a given set of inputs, the
emulator predicts the simulator output well. The
need to predict simulator outputs accurately is ob-
vious: if an emulator is not sufficiently accurate,
it cannot replace the simulator. Given that the
simulator itself is an estimate of actual perform-
ance during the lifetime of a building, introducing
an unacceptably large additional error will degrade
the utility of simulation-aided decision-making. We
propose that the accuracy of a model during the
training process can be assessed using the follow-
ing tests.

Test 1: Error on a validation dataset is less than
some acceptable tolerance of error, i.e.,

(5)

where y is the output of a simulator and ¢ is the
output of an emulator for the same input, f(-) is
some function to aggregate the differences between
emulator and simulator outputs like Root Mean
Square Error (RMSE) or Mean Absolute Error
(MAE), and ¢ is some acceptable tolerance for the
error.

The error tolerance is a decision for the practi-
tioner, and it may vary based on the context. For
example, small random errors in the performance of
individual buildings in a large stock energy model,
like the Breadth dataset, will make little difference
to evaluating the effectiveness of large-scale applic-
ation of retrofit measures. On the other hand, er-
ror tolerance for the Home dataset, consisting of
a single-family home, would be considerably smal-
ler. The tighter the design requirements and lower
the average consumption, in general, the lower this
tolerance would be.

Test 2: Error improves with increased training
data, i.e., as the number of observations available

for training increase, the error on the validation
set reduces. This can be expressed as an inverse
correlation:

0( Ntrain (6>
where Niyqin is the number of observations in the
training dataset.

Since the training dataset must be obtained from
a simulator, with its attendant computational cost
and effort, the increased investment must be justi-
fied by improvement in prediction. When applying
these tests to our sample dataset in Section 4, we
will show how the return on investment can dimin-
ish as the size of the training dataset increases.

3.1.2 Generalisability

Test 3: Error improves with more complex or
varied training data:

(7)

where 032, is the variance of the features or inputs
corresponding to the observations in the training
dataset.

This test is a check against over-fitting to data-
set representing a narrow set of inputs, potentially
unrepresentative of the problem. For example, a
model trained entirely on variations in window-to-
wall ratio while everything else is held constant,
like part of the Home dataset, is unlikely to estim-
ate changes in insulation levels accurately. If the
prediction on the test set improves as the training
dataset includes more building or system options,
designs, or scenarios, then the user has more confid-
ence that the emulator will more accurately predict
over the variety of designs and scenarios.

The training set must represent the problem to
be explored. When a problem is narrowly-defined,
i.e., only a limited aspect of design or uncertainty
is to be explored, this test may not matter.

Test 4: Error does not degrade too much when
moving from predicting on a general dataset during
training to a validation set that is more specific to
the problem at hand. In the context of this paper,
this would mean training on the Breadth dataset,
and predicting on the Depth dataset. When the
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change/increase in error is too much depends on
the magnitude of the initial training error relative
to that of the average prediction and the problem
being studied. If an emulator fails Test 1 on a spe-
cific validation set for example, i.e., the error sur-
passes the tolerance set by the user, the emulator
is likely unsuitable.

A dataset is more specific if it deals with only
one aspect of a given design problem or exercise.
For example, after training a model on variations
in layouts and several building systems (Breadth
dataset), we task the emulator to predict only on
variations of one system or component in a specific
building (Depth). If the initial error,

folyr — ) <e,

then,

fo(y2 —32) <e, (8)

where y1, y2 are outputs from two different valid-
ation datasets and ys is the result of testing on a
validation dataset xo more specific to a problem
than x, the corresponding validation dataset for

Y1-

Test 5: Error does not degrade too much when
testing on a more complex validation dataset, i.e.,
one with more variety of inputs. If the initial error,

oy — 1) <e,
then,

fo(y2 —42) <e,
such that,

2 2
Ox2 > 0x1)

where y1, y2 are outputs from two different valid-
ation sets, x; and x, respectively, and O'?L. is the
variance of an input validation set. Here, &1 may
represent a single archetype building used for train-
ing a model while x> would represent a portfolio of
buildings that should conform to the same arche-
type but with a variety of designs and systems. For
example, creating variations on one archetype office
building by varying the properties of different sys-
tems as in Depth dataset.

3.1.3 Speed

Test 6: Emulator is computationally cheaper
than a simulator. Regardless of the computing
infrastructure being used, an emulator should be
cheaper, and therefore faster, to run in order to
justify accepting the increased error in estimation
of output. If an emulator performs particularly well
on this test, it may also be suitable for implement-
ation in Building Management (Automation) Sys-
tems (BMS) controllers for Model Predictive Con-
trol (MPC) and similar low-resource applications
that require rapid response. The computational
complexity of the emulator,

Oc(aNyy) < Os(eNiy), (10)

where O,(aNl,) is the complexity of the emu-
lator that scales with the number of observations
in the validation dataset with some exponent, and
Os(eN&)) is the complexity of the simulator pre-
dicting over the same observations.

3.1.4 Ease of use

Test 7: Emulator is appreciably better than sim-
pler methods. This final test ensures that the
simplest method that delivers adequate perform-
ance is used. As discussed in Figures 10 and 11
and appendix A.1, more complex models will gen-
erally tend to overfit to a given dataset. The error
of an emulator

faly—19) < foly—19), (11)

where f2 (+) is a higher-order model (more complex,
more parameters) than f%(-). Models with fewer
parameters are both cheaper to train, so would also

be quicker to train and deploy (Equation (10)).

3.2 Data

To demonstrate the use of the test suite proposed
in this paper, we generated a large dataset by sim-
ulating numerous combinations of buildings and
weather conditions from four different simulation
exercises, labelled ‘Breadth’, ‘Depth’, ‘Home’, and
‘Urban’  This dataset does not comprehensively
represent all the possible use cases for emulators
discussed in Section 1, and it does not need to. In-
stead, the complete dataset gives enough variety of
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INSULATION

External wall insulation

PASSIVE Internal wall insulation

MEASURES

External roofinsulation
Internal roof insulation

Internal floor insulation

Windows substitution

SHADING

Internal shading

REFURBISHMENT|

SOLUTIONS External shading

THERMAL MASS
Use of PCM

ACTIVE
MEASURES

AIRTIGHTNESS

Reduction of infiltrations

Figure 2: The envelope variations simulated for the
single-family home (H). Original figure in Rastogi [4].

use cases to demonstrate the test suite proposed in
this paper. Specific subsets are also used for in-
dividual tests, e.g., Breadth and Depth for Test 4
(Section 4.4).

These combinations results in approximately
600,000 data points, details of which are in Table 1.
Each simulation calculated the space heating and
cooling requirement for the given combination of
building design and weather. The total energy for
heating and cooling was divided in each case by
the area of the building (normalised by area) to
make the outputs of all the simulations compar-
able. These simulations are also described in detail
in separate publications and summarised in Rastogi
[4, sec. 4.2]*.

The size of the datasets used in this paper is
not an indication of the minimum sizes required
for each test. As the figures show in Section 4, the
result for a test is usually obvious using a fraction
of the data shown in this paper for demonstration.

The Breadth (B) and Depth (D) case studies
are from the United States Department of Energy

4The data may be downloaded from

https://doi.org/10.5281/zenodo.291858

(USDOE) commercial buildings reference database
[34]. The Breadth dataset consists of 16 different
building types. This dataset is a representation of
a national or regional building ‘stock’, i.e., a repres-
entative sample of buildings. The Depth set con-
sists of simulations on one of the building types in
the USDOE database: the ‘medium office’. This
dataset is a simulation of a design exercise vary-
ing envelope properties. These properties were: U-
value (practically, changing the thickness of insu-
lation material), thermal mass (nominal quantity
of internal mass), shading (obtained by varying the
depths of overhangs and fins), permeability (chan-
ging infiltration levels), and transparency (chan-
ging the Window-to-Wall ratio).

The Urban case (U) is composed of a set of build-
ings constructed over a century (1900-2010) in the
centre of Geneva, Switzerland [35]. This case was
chosen because it includes the urban context sur-
rounding the buildings. We expect the urban con-
text to add noise to the data, since we have not
included any features that explicitly describe the
influence of the surroundings. The buildings were
all modelled in at least two variants: with the ori-
ginal envelope and with an envelope upgraded to
the latest Swiss standards for infiltration, insula-
tion, etc.

Finally, the single-family home case (H) is an ex-
ample of a very simple simulation study, one where
we expect the response to be characterized well-
enough by a linear regressor. The changes to the
house are described in Figure 2. The simulation
model of the house is based on an actual home in
north-central Germany [36].

The weather data used is of three types: recor-
ded data from the Integrated Surface Database®,
typical years [38, 39], and synthetic weather time
series [4, 40, 41].

Shttps://www.ncdc.noaa.gov/isd
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Table 1: List of datasets. The size indicated here may be slightly different from the amount of data used in the
scripts due to the presence of invalid data entries. Less than 5% of the entries were invalid in any dataset. Mean
values for annual sum of Heating and Cooling loads were calculated over all valid values in kWh/mQ.

Name Size Description Ref. Mean Mean
Heat Cool

Breadth 88,242 USDOE commercial reference build- [4, 34] 131.63 48.97

(B) ings (all building types)

Home 77,934  Single-family home, Central European 23.41 74.84

> . [4, 36, 37]

(H) construction

Depth 445,334 Variations on the medium office build- 102.90 30.98

(D) ing from the USDOE database

Urban 6,003 Mixed-use  buildings Geneva, [35] 134.27 0.00

(U) Switzerland (with surrounding build-

ings)
4 Results parameters, while a separate subset of the training

In this section we show the application of the pro-
posed test suite to judge the suitability of GP re-
gression models with linear and non-linear kernels,
using the dataset described in Section 3.2. The ker-
nels are listed and described in Table 2.

The fitting and testing of GP models to large
training datasets consists of four steps, as outlined
in Figure 1: (A) picking a subset of data of size
Nirain < N; (B) estimating the hyper-parameters
() with this training dataset; (C) picking an ad-
ditional set of data of size Nppeq for prediction;
(D) using the model to predict on the test data-
set and calculate error of prediction. Before be-
ginning the fitting procedure, we set aside a por-
tion of the total data available to us as ‘test’ data
of size Niest (approx. 60% of the dataset). The
amount of training data Ny,.i, used to estimate the
hyper-parameters (1) was varied from 50 to 4000
for each dataset and model (except for models fit
to the Urban dataset individually). For a given
training size Niyain, we draw that many observa-
tions from the large overall training set and use it
to train a model. We repeat this process 100 times
to obtain an empirical distribution of the RMSE
of each model’s predictions on the test set. For
Test 3 (Section 4.3), results from fitting to data-
sets much larger than 4000 are presented (e.g., Fig-
ure 5). In this case, for runs with Ny.qi > 2000,
only Ngprain = 2000 was used to calculate hyper-

dataset, Npreq, was used to fit the model (see Ap-
pendix A.4.2 for details). In this case, both Npyeq
and Nipqin are training datasets. This allowed for
models fit to much larger datasets than our com-
puter could handle if the entire process were carried
out with these very large datasets.

We use Root Mean Square Error (RMSE), the
square root of the MSE term from Equation (4), to
quantify errors. An advantage of RMSE is that it
has the same units as the original outputs, in this
example kWh/m?, which makes it easier to under-
stand and judge magnitudes of error. Readers are
invited to compare plotted errors against the means
of the datasets given in Table 1, and against the
overall mean of 51.49 kWh/m? and 64.31 kWh/m?
for annual heating and cooling loads respectively.
In the figures, we present the distribution of the
RMSE calculated over a hundred subsets of the test
set as an additional check on the reliability of a
model: if the distribution of RMSE over subsets of
a test set is too wide, the model does not reliably
represent the range of possible values of inputs to
be tested, i.e., the test dataset. The test dataset
is entirely separate from the training dataset (Fig-
ure 1). The RMSE plotted in each graph below was
calculated solely on the test dataset, i.e., test error.

Each test is presented as it would be applied to
the problem of quantifying the uncertainty in pre-
dicted energy use of a building design for space
conditioning due to lack of knowledge about fu-
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Table 2: List of models compared in this study.

Model Description

Mean Mean of the outputs y,

Lin-ISO Linear model with isometric kernel

Lin-ARD Linear model with automatic relevance determination

NonLin-ISO Squared-exponential isometric kernel

NonLin-ARD Squared-exponential kernel with automatic relevance determination

ture weather conditions. Each design is intended
to represent a choice available to a designer at con-
struction or renovation, and the output of interest
is the impact of the design choice on annual whole-
building energy performance over the lifetime of the
building. The uncertainty would be quantified us-
ing the MC method, sampling plausible weather
scenarios and simulating them for a given building
design to obtain a reliable estimate of energy per-
formance (Equation (2)). While there is no definit-
ive number of operating conditions (weather files)
that must be simulated for an estimate to be reli-
able, we have found that stable results could be ob-
tained with about a hundred simulations with ran-
dom weather conditions per building design. De-
pending on the complexity of the building designs
and systems used in this paper, each simulation
took 15 minutes to almost 2 hours.

4.1 Test 1: Error on validation set

The acceptable level of error depends on the prob-
lem being explored. Fitting regression models al-
ways involves a trade-off between minimising the
error on the available training dataset and ensuring
that this does not overfit the model to the specific
dataset. This is a form of the bias-variance trade-
off common to all statistical learning approaches
[5], as discussed in Section 2.1.

4.2 Test 2: Error with larger train-
ing dataset

This test is unambiguous and straightforward for
this example: the validation error improves with
size of training set for all cases described in Table 1.
For example, see the changes in prediction error
when predicting heating loads on the Breadth and
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Figure 3: RMSE for heating [top] and cooling [bottom]
models fit to the Breadth database. The (test) errors are
calculated on approx. 52,940 points, and plotted against
the size of the data set used at prediction (same as the
dataset used to learn hyper-parameters in this case, i.e.,
Nprea == Nirain). The lines indicate median errors,
and the filled areas are bounded by the 25th and 75th
percentiles.
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Home datasets, plotted in Figure 4 for each model
type. Compare the errors with those from the
simplest possible predictive model: the mean of the
training outputs, Yirain-

4.3 Test 3: Error improves with
training data variance

For this test, we combined all datasets to represent
the case where a complex, varied problem is to be
modelled and large number of simulation runs are
available. Ideally, we would like to use all the data
available for training. However, learning hyper-
parameters is infeasible for large numbers of data
points because each step in the learning procedure
requires the inversion of an Niyain X Nipain matrix.
We use a simple trick to make use of the additional
data, outlined in Figure 1 and based on the pro-
posal in Chalupka et al. [42]. We learn the hyper-
parameters on a dataset of size Ny = 2,000,
but during prediction we use a much larger data-
set Npreda = 2000, ...,12000. Since prediction re-
quires only one matrix inversion, the latter step is
still feasible for dataset sizes of about 10,000 on the
hardware we used for our study.

In Figure 5, we present the results of fitting and
testing a non-linear GP model to the whole dataset
(i.e., all subsets described in Table 1). Thus the dif-
ferences between the results presented in Figure 3
and those presented in Figure 5 are that, firstly,
in the latter figure we use a larger dataset that
is more representative of real-world outcomes, and
secondly, we show the additional advantage of us-
ing a larger dataset for prediction during training
(Nprea > 0 in Step C of Figure 1). In Figure 3,
the RMSE values were plotted against the num-
ber of data points used to learn hyper-parameters
and subsequently fit the model to the same data-
set. In Figure 5, the RMSE values are plotted
against the size of the prediction dataset (differ-
ent from the fixed number used in learning hyper-
parameters). The solid lines (with shaded curves)
show the RMSE obtained when 2,000 data points
are used for learning but a larger set is used dur-
ing prediction. We see that RMSE decreases as
the number of data points used for prediction is
increased. Linear models are not presented here
since this procedure makes no difference to their
performance.

11

RMSE vs Nyqin for Heating

160 :
150 -O-Mean
14 P -Lin-Iso
130°F > L Lin-ARD
12 x7-NonLin-Iso
110 <-NonLin-ARD
<o a—
Z 80
© 70
Z 60
=)

1000 2000 3000
Nipain(# of training data points)

(a) Breadth

50 500 4000

RMSE vs Nypgin for Heating

80
-O-Mean
70 ->Lin-Iso
A Lin-ARD

60, -y <7~NonLin-Iso y
'S T <O-NonLin-ARD
£ 5
~
-
= 4
E
E

2 i

A A A
10 PA A $
Vv -
ol ! f f
50 500 1000 2000 3000 4000
Nirain(# of training data points)
(b) Home

Figure 4: Fuvolution of RMSE for heating loads with
increasing Nirain. Non-linear models perform better
than linear models for all datasets, and also show more
improvement with increased training data. A separate,
larger dataset was not used for prediction in this case
since the sizes of Nirain were still tractable.
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Figure 5: These figures show the RMSE for heat-

ing and cooling loads for the combined dataset, plotted
against the size of the training data set used at pre-
diction (Appendiz A.4.2). The lines indicate median
errors, and the filled areas are bounded by the 25th and
75th percentiles. The non-linear models outperform lin-
ear models, and the predictions improve with size of
training data set.

We see that the use of non-linear GP models on a
large dataset is both feasible and accurate. We will
now check the performance of these models on two
sets of problems: predicting for a specific building
(individual) or on a variety of buildings together.

4.4 Test 4: Error on a specific valid-
ation set

Median RMSEs

RMSE [kWh/m?]
[} o 5
o o o

N
o

n
o

o

B — D* B+D — D* D — D*

(a)
Median RMSEs

60 -

40

RMSE [kWh/m?]

D — D*

B — D*

B+D— D*

(b)

Figure 6: Heating [top] and cooling [bottom] predic-
tions when predicting on a specific building. B — D
means training hyper-parameters on the Breadth data-
set and testing on Depth, B+ D — D implies training
on a combination of the two and predicting on Depth,
while D — D implies both training and testing on ex-
clusively the Depth dataset.

In many applications, the designer might be in-
terested in predicting the performance of only a
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specific type of building. In that case, it is possible
that an emulator trained on a variety of building
types may not perform well. We show that a non-
linear model performs well if it has ‘seen’ enough
buildings that are similar to the one we want to pre-
dict. The results presented in this section establish
the satisfactory performance of the GP regression
models used here for this test.

We consider the task of predicting the perform-
ance of a building in the Depth dataset, the results
of which are shown in Figure 6. This dataset con-
tains only a specific type of building: a medium-
sized office. We used 60% of the Depth dataset as
the test set (NViest,p = 247,304). We trained three
models: the first using only the Breadth dataset
(Ntrain = Nprea = 1000), referred to as ‘B — D*’in
Figure 6; the second using only the Depth dataset
(Ntrain = Nprea = 200), ‘D — D*’; and the third
using a combination of the Breadth and Depth
datasets (1000 data points from Breadth and 200
data points from Depth), ‘B + D — D*".

We see that when using only the Breadth data-
set for training and prediction, the model performs
badly. Adding some points from the Depth data-
set significantly improves the performance of the
model, since this addition reduces the influence of
those points in the Breadth set that do not come
from the office building. Using only the Depth
dataset gives the best performance. This shows
that training an emulator with a small number of
examples for a specific building is enough to pre-
dict well for that building (Nirain = 200 in this
case). When learning on a variety of buildings
and predicting on a specific one, the performance
is poor with naive selection of points during pre-
diction [left-most bar in each graph]. Performance
improves by adding simulations from the specific
building [middle bar]. Performance is best when
using training data only from that building [right-
most bar].

A GP model predicts on a new test point by
correlating the test inputs to training inputs. The
kernel is supposed to encode the influence of differ-
ent training points in predicting the test point: the
more closely related a group of training points is to
a test point, the more influence they ought to have
on the prediction. We find that this is not the case
for our study when we try to use training points
exclusively from the Breadth dataset to predict on

a test set from the Depth dataset. However, the
results improve dramatically if new training points
are added from the Depth case. This suggests that
explicitly encoding, perhaps with a categorical vari-
able representing building type/usage, the ‘close-
ness’ of a new test point to a subset of training
points, should improve prediction.

4.5 Test 5: Error on a varied valida-
tion set

‘We now present results to show that the non-linear
emulators presented here can be trained to obtain
accurate predictions for a variety of datasets, e.g.,
different buildings in different climates.

Figure 7 shows the results for all datasets separ-
ately using Nirain = Npred = 4000 data points, of
which 60% are used as the test set for each case. We
present results for two models: Linear automatic
relevance determination (ARD) (lin) and Squared
Exponential ARD (non-lin). The RMSE obtained
from using the non-linear model is of the same or-
der of magnitude for all datasets (1-10 kWh/m?)
and uniformly better than RMSE from linear mod-
els. These results demonstrate the flexibility of the
non-linear model compared to an equivalent linear
model.

4.6 Test 6: Computational Expense
and Time

Figure 8 shows the distribution of computer time
taken by each simulation in the dataset used for
this paper. A single iteration of the Monte Carlo
method for a single design, i.e., about 100 simula-
tions, would take between 25 and 200 hours (0.9¢5
to 7.2e5 s). In addition, the time taken for each iter-
ation would not change, since the simulations can-
not be reused. For comparison, GP regression takes
1 microsecond (le-6 s) to provide one estimate, so
each MC iteration would take about 10 milliseconds
(le-3 s). This comparison is for run times, i.e., as-
suming that the regression model has already been
fitted. As we saw in Sections 4.1 to 4.4, reaching
a satisfactory error rate in this example requires a
training dataset of at least 1000-1500 simulations.
Assuming a fresh start for each problem, a worst
case scenario where no knowledge from previous
simulations is transferable to a new problem, would
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Median RMSEs for Linear and Non-linear models
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Figure 7: Median RMSE at Nipain = 4000. The y-axis
uses a log scale. For each dataset, the bar on the left is
for the linear model and on the right for the non-linear
model. Non-linear models perform than linear mod-
els for all datasets. The Urban case was modelled for
Geneva, where buildings do not typically include cooling
systems (air-conditioning).

require the user to use the simulator for some part
of the experiment.

When accounting for the cost of using an emu-
lator, both the cost of obtaining training data (usu-
ally from the simulator) and of fitting the model
should be included. This means that emulators are
not suitable for short and quick design exercises un-
less that exercise is part of or similar to a problem
for which a model has been trained. This creates a
strong incentive for the use of pre-trained libraries
of models suitable for specific problems, especially
in situations where there is insufficient information
to create simulation models (Section 2.3).

0.5

0.4

0.3

PDF

0.2

0.1

—
00 025 05 075 10 125 15 175 20 225 25 275 30
Time / hrs

Figure 8: Probability Distribution Function (PDF) of
the approrimate time taken to Tun one simulation in
a simulation exercise carried out by the authors using
EnergyPlus v8.8 (https://energyplus.net/).

4.7 Test 7: Simplest emulator

Non-linear models outperform linear models in all
of the results presented here (Figures 3 to 5), and
both model types outperform the mean of the train-
ing set outputs. The predictions also improve with
size of training data set. Non-linear GP-based emu-
lators perform equally well when predicting on a
diverse set of buildings (Breadth) as a dataset con-
sisting of a single building (Depth, Home) or small
set of very similar buildings (Urban).

5 Discussion

In this section we discuss the applicability of this
approach, limitations of data-based approaches for
emulators, and practical issues around selecting
data for training.
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5.1 Generalisability of Approach

Designers and analysts of buildings and their sys-
tems develop professional judgement and intuition
about the physics of the systems they study. This
allows experts to identify common errors in numer-
ical simulations and improves the reliability of res-
ults. The approach proposed in this paper pre-
supposes some knowledge of how appropriate data-
sets may be acquired. Data-based methods are not
substitutes for knowledge about the physics of the
problem. A tool like regression, which does not
use the physics of BPS, will require users to learn
new skills in handling and interpreting statistical
learning models. An example of this is the diffi-
culty of physically interpreting the dimensions of
the (mathematical) space of features, i.e., the nu-
merical representations of the values of different
building properties or characteristics along numer-
ical axes. When collecting data on complex prob-
lems, the characteristics or features of interest may
be many, which makes it difficult to maintain in-
tuition about which designs (combinations of fea-
tures) are similar to others in the feature space.
This cannot easily be overcome with human judge-
ment, a problem we encountered in the creation of
the dataset used here as well. Thus, the use of these
techniques will benefit from the development of ser-
vices and tools which suggest methods for efficient
data-gathering and training. While some progress
has been made recently in moving more simula-
tion programs to cloud-based services that remove
much of the complexity of setting up models for the
user, the possibility of augmenting these services
with regression models to improve their utility for
computationally-intensive problems remains to be
explored.

The tests were demonstrated here using a single
output: energy use for space conditioning. The use
of these tests could be more complicated for mul-
tiple outputs of interest, e.g., comfort and energy
use. Using multiple outputs could be handled with
additional ranks or weights for different priorities,
combining the results of the tests for different out-
puts for a single decision. However, given that the
tests are comparing outputs from the same phys-
ical system, it may not always be the case that
the results of applying these tests to different out-
puts would be different. Additionally, since the user
would already have invested the effort to fit mod-

els at that point, they can also use different models
for each output. There is no reason to suppose that
different emulators that work for different outputs
would deliver inconsistent decisions.

5.2 Limitations of Data-driven

Methods

Data-driven methods are not fail-proof; the model
learnt on one dataset does not necessarily translate
perfectly to another (Sections 3.1.2, 4.4 and 4.5).
An emulator does not incorporate any knowledge
about the physics of the problem being simulated,
which means that emulators are, by construction,
usually less flexible than the simulator. Regression
inputs may not be representative or may not ex-
plain the variation in the data properly, which leads
to inaccurate predictions and the inability to gen-
eralise. Finally, the dataset used for training might
itself have a systematic bias. That is, a dataset
that does not represent the problem properly, or is
not a good proxy for real-world problems.

The best regression model contains just the
right predictive inputs, for the selection of which
there are no fixed rules that will apply to every
problem. The automatic relevance determina-
tion (ARD) procedure [33, sec. 5.1, and references
therein] used in this paper allows the user to be-
gin with a large set of input variables that might
be important to a problem, letting the GP estima-
tion procedure trim that number. However, ARD
does not necessarily follow the physics of the prob-
lem either and may not, therefore, generalise to
other problems. It is important to include all of
the design parameters (input variables) which are
expected to be relevant in the modelling of the en-
ergy performance (output). This is both to ensure
a good fit to data and relevance to the design prob-
lem. Including too many inputs, however, makes
it difficult to obtain a good fit with a manageable
size of training dataset(the so-called curse of di-
mensionality).

5.3 Collecting Data for Training

The quality of a dataset is determined by how
faithfully it represents the true distribution of data
p(x,y) (assuming this distribution exists). How-
ever, since the true distribution is usually unknown,
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it is impossible to measure the quality of a data-
set objectively. To obtain a good-quality dataset
of simulations of building designs, we can rely on
designers (domain experts) who may, for example,
choose realistic building designs and weather con-
ditions from their portfolio and experience. The
quality of dataset is, therefore, defined by the goal
of the designer. For example, a designer interested
in predicting performance over a variety of design
parameters and weather conditions might need to
acquire a dataset that contains similar examples in
the training set. On the other hand, a designer who
is interested in studying only a particular type of
building might want to limit the dataset to that
particular building. The results in this paper show
that if the training dataset is too general, i.e., it
contains too many examples dissimilar to the one
considered during prediction, then the emulator
does not perform well. This underlines the need
to train separate models on different design prob-
lems. Thus, the objectives of Test 3 are often in
conflict with the objectives of Tests 4 and 5.

In principle, there should be no correlation with,
or effect of, building type, usage, or location on the
input variables 8. However, if the training sample is
taken from realistic buildings in a given climate, the
distribution of the input variables will be influenced
by prevailing architectural idioms and other cul-
tural and practical factors. For example, sampling
many houses from a single region will not necessar-
ily cover all possible values of wall conductance (U-
value), since houses from a region typically follow
local trends and laws concerning insulation level
[e.g., 43]. Similarly, while modern office buildings
may have up to 85% window-to-wall ratio (WWR),
homes with the same proportion of window area are
rare. At the other extreme, a value of less than 10%
WWR is theoretically possible for any kind of build-
ing, but windowless buildings are so rare as to be
statistically insignificant. Sampling from a particu-
lar type of building does not necessarily mean that
the distribution of input variables will be identical
to sampling from a different type/usage. In addi-
tion, each type/usage has cultural or regional limits
on the values of input variable seen in practice, e.g.,
buildings will probably not include a layer of insu-
lation in the walls when it is not appropriate for a
given climate.

An example of selection bias is in the Breadth

dataset used in this paper (Figure 9). There is
a preponderance of lower values of annual heating
and cooling energy usage because the set has more
moderate climates than extreme ones. The climates
were selected based on data availability [4], prior-
itising cities with several years of recorded data.
These tended to be urban areas with major airports
in continuous operation for decades either due to
large, established populations or strategic reasons.
The cities in the database have a combined popu-
lation in excess of 200 million, though future work
should incorporate weather from a wider selection
of world climates.

0.2
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Figure 9: Distribution of simulator outputs (heating
and cooling loads) from the overall dataset. There are
more moderate loads than extreme ones in the dataset.

These limitations in data quality and represent-
ativeness can be overcome by including a large
amount of simulated data and/or updating the
models using measured data. The flexibility of
regression-based emulators, as demonstrated in this
paper, means that different datasets can be easily
integrated into the model to improve its results.
This is in contrast to the original simulator, where
the results of one simulation do not have any im-
pact on the results of another.

6 Conclusion

This paper has proposed a new test suite for stand-
ardising the evaluation of emulators as suitable re-
placements for building performance simulators in
a variety of use cases, especially uncertainty quan-
tification. The use of emulators is promising for
applications where the speed of response from an
evaluation is important, provided the emulators are
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sufficiently accurate. Thus, the test suite is presen-
ted in the context of evaluating an emulator using
four criteria: accuracy, generalisability, speed, and
ease of use. We do not propose a specific model
or class of models for the dataset used here, or
any real-world problem exemplified by this dataset.
Rather, we show how emulators may be evaluated
in a given context, regardless of the structure of the
problem or the dataset used to characterise it.

As an example of how the test suite may be used,
we showed that non-linear models noticeably and
consistently outperform linear models in emulating
example specific and broad datasets. In all cases,
the non-linear regression models show a Root Mean
Square Error (RMSE) between 10-15% of the mean
model (output from a model which consists of only
one term: the mean of the training data). The
GP regression models are able to predict well on a
dataset consisting of a variety of buildings as well
as a dataset consisting of a specific building. We
find that the predictive performance of non-linear
GP regression models is stable and repeatable. We
showed procedures to use large datasets for learn-
ing and predicting with the same models on unseen
data.

Not all steps of a typical process require simu-
lation, as designers make several decisions based
on meeting existing laws, user needs, and func-
tional requirements. The use of numerical simu-
lation has expanded considerably with the advent
of simulation tools or workflows offered as a service
to non-specialists looking to carry out specific ana-
lyses [e.g., 44, 45], better diffusion of numerical
and computational skills, and better interoperab-
ility between the models created by different pro-
fessions. However, over-reliance on simulation tools
for prediction rather than comparative what-if ana-
lyses, and excessive trust in results based on testing
under limited operational conditions, e.g., typical
weather files, can lead to a severe gap between ex-
pected and actual performance. The quantification
of a possible cause of this gap can be partially ad-
dressed through the use of regression-based emu-
lators. The use of these emulators can, in turn,
become more systematic and widespread with the
adoption of standard operating procedures such as
the test suite proposed in this paper.

A Regression Models

This appendix discusses the mathematical back-
ground of linear and non-linear regression models.
Details are also included on the structure of GP re-
gression models, how they may be fit to data and
used, and a practical workaround for big datasets.

A.1 Linear and Non-linear Regres-
sion Models

Non-linear regression models are more flexible and
have the potential to model the output of a non-
linear system more accurately. They can also ac-
count for the complex interactions of the large
number of inputs that determine the outputs of
a simulation. However, fitting non-linear models
is computationally challenging, especially when a
large amount of data is available. Ironically, a
large amount of data is almost essential to obtain
a good performance of the non-linear model, other-
wise they might over-fit the data in hand [5, 6]. An-
other issue is that specification of non-linear models
is difficult and requires a lot of effort and domain
expertise. That is, for some problems where ad-
equate data cannot be obtained within the budget-
ary or time allocation of an exercise, or the num-
ber of properties or factors for each test subject is
limited because of the quality of data, non-linear
models may not work [e.g., 3]. Some of these chal-
lenges are described in Section 3.2, exemplified by
the data collected for this paper.

Non-linear regression models use more paramet-
ers than linear models, which increases both the
time to build the model and the size of the train-
ing data set required to calculate the parameters
of a model. For example, a non-linear model such
as an Artificial Neural Network (ANN) could have
millions of parameters, which means that the data-
set required to estimate all parameters must be
of the same order of magnitude. In addition to
the larger number of parameters, the space of pos-
sible non-linear functions that can fit a given data-
set is also larger. Thus, linear models, with fewer
possible functions and fewer parameters to specify
those functions, are simpler and easier to fit.

Linear models are not flexible enough to estimate
non-linear systems such as a building performance
simulator. This means that the estimates of lin-
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ear models are precise but may be inaccurate. The
flexibility of non-linear models, on the other hand,
means that the data from a non-linear system can
be estimated more accurately. However, this flex-
ibility could lead to over-fitting the model to the
dataset at hand. The practical consequence of this
would be a failure to predict well on real-world data
different from that included in the training dataset.

This problem of generalisability of models could
arise from over-fitting to a small amount of data, or
an unrepresentative dataset. In the context of BPS,
such an unrepresentative dataset could consist, for
example, of only one building type or weather (con-
text/location). This would make the model inac-
curate for other building types or locations. The
use of a larger, varied dataset can reduce this prob-
lem to some extent (see Figures 10 and 11 for an
example), since it would make it more likely that
the model would see examples of more real-world
situations.

2 . 1

Figure 10: A generic representation of the tendency of
non-linear models to over-fit data from Bishop [6]. In
general, the more complex a model is, the more it will
over-fit the data at hand. The green curve is used to
generate the data and the red curves show a polynomial
fit. Polynomials of progressively higher degrees (M =
0,...,9) fit the data better but are probably over-fitting.

A.2 Linear Models

The function f,(-) from Equation (3) may take the
form of a linear model:

o = filz) = B e, (12)

where ¢; is the prediction of the output at input
@ obtained using a linear function f;(x) which is
specified using B, a real-valued parameter vector
(of the same size as x).

The parameter 8 is unknown but can be estim-
ated using a dataset of the input-output pairs, e.g.,
obtained by running many BPS simulations on a
plausible set of building designs 6 and its operat-
ing conditions x. In a standard machine-learning
framework, we first collect a large amount of such
data: D := {yn, z,}Y_; where n denotes the n’th
BPS simulation. Given a dataset D, we may use
the standard training-testing framework developed
in statistics and machine learning [5] to estimate
B. In this framework, first, the N observations are
split into two mutually-exclusive sets: training and
testing. We denote the training set by Dyyqin which
contains Ni.qin number of observations. Similarly,
we denote the test set by D;es; which may contain
Niest- In this paper we use the term wvalidation set
to denote the dataset used for real-world testing of
the model. By construction, N = Ngrqin + Niest-
The training set is used to train the linear model,
i.e., to estimate B, by minimizing a cost function,
e.g., a mean-square error as shown below:

Nirain

Z (yn - 5T‘En>2 ) (13)

train n=1

* = arg min
B gmi

This gives us a linear model f}(x) := BLx which
can be used to predict the new inputs. The test
set is then used to assess the goodness-of-fit of the
estimator by computing the following cost,

. B 1 Ntest T 2
L) =5 2 (= BTwa) (9
€s n=1

This is the test error which could be a faithful
estimate of the real-world prediction error of the
model when Ny is fairly large and representative
of the real-world problem.

An advantage of a linear model is that train-
ing is easy. Equation (13) has a closed-form solu-
tion which can be obtained by using the ordinary
least-squares method. This method scales well for
medium-sized datasets and can also be extended to
large datasets by using iterative methods such as
stochastic gradient descent [46]. Another advant-
age of the linear model is that it is fairly straight-
forward to specify and interpret. An entry in the
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parameter 8 is a direct indicator of how important
the corresponding entry in input @ is for the linear
model to predict well. Unfortunately, linear models
are not good models of the simulator since the sim-
ulator is a non-linear model itself. As a result the
test error L£(f;) is usually quite large, except for
the simplest problems as discussed in Section 2.3
above.

A.3 Non-linear models

Estimating the fe* of Equation (4) is easier for linear
regression models since closed-form methods like
least-squares may be used [5, 6]. However, estim-
ating the same quantity for non-linear models re-
quires the use of iterative methods, which is time-
consuming. The time to train parameters rises rap-
idly with the number of parameters to be estim-
ated. As discussed in Section 2.3, several types
of non-linear model types have been proposed for
BPS. The recently-concluded ASHRAE Great En-
ergy Predictor ITI challenge [47] alone saw 415 solu-
tions submitted. Next, we discuss the structure of
a non-linear model and the process of fitting it to a
given dataset using a general-purpose model type:
Gaussian Process (GP) regression.

A.4 Gaussian Process Regression

We use the framework of GP regression to es-
timate the non-linear function f,; that minimizes
Equation (14). GP regression uses Bayes’ rule to
compute the posterior distribution over f,; given
sample outputs y, [33, ch. 2]. This approach works
directly in the space of f,,; and avoids both a direct
estimation of B and also a direct specification of
¢(x). Instead, we specify a ‘kernel’ function which
defines the inner product of ¢ as

k(zi,2;) = p(x:)" T p(x;), (15)
where x; and x; are two inputs in our observation
set. In practice, a kernel function is easier to specify
than ¢, even though it is sometimes unintuitive.
For example, a linear model f; can be specified by
choosing the linear kernel

k(z;, z;) = ! Sx;. (16)

The non-linear model used in this paper is a
squared exponential function (SqE) kernel function

1
k(x;, x;) = UJ% exp | — 5(3:2 —z)' S (x; —x) |,
(17)

where UJ% > 0 is the signal variance. This kernel is
also referred to as the radial basis function (RBF)
kernel in the context of Artificial Neural Networks.

It is possible that emulator f,; is not able to
model the output ¥, perfectly and, in that case,
we can assume that there is noise in the estima-
tion, i.e., Yn = fui(@,) + &,. Following the stand-
ard practice in GP regression, we assume that e,
are independent Gaussian random variables with
zero mean and noise variance 2. Specifying this
non-linear model requires estimation of the noise
variance o2, the signal variance U]%, and X. Col-
lectively, these quantities are referred to as “hyper-
parameters” of the GP model, and we denote the
set of hyper-parameters by 1) [33].

A.4.1 Fitting and Using a GP Model

Building a GP-based emulator requires two tasks.
The first task is to estimate the hyper-parameters.
This is called ‘learning’ The second task is to com-
pute fn(,) given a new input «, and the estim-
ated hyper-parameters. This is called ‘prediction’.

We first give details of the prediction task. We
wish to compute the predictive distribution of the
output (here: annual energy use, denoted by y,) at
a new input (here: the set of features that define
a building and weather conditions for that partic-
ular year, denoted by «.) present in the test data,
i.e., the distribution p(y.|x.,D,v) where D =
{Y1,1,9Y2, 2, - - ., YUNyasns TNepas + and 2 is the set
of hyper-parameters. For GP regression, this distri-
bution is a Gaussian and has a closed form expres-
sion. This follows from the property that any finite
number of samples drawn from a Gaussian Process
are jointly Gaussian, giving the following expres-
sion for the distribution of ¥ := [y1, Y2, - -+, UNyarn] -
and the y, corresponding to x.:

2
PR

o + og] ) (18)

where K is a matrix whose (i,7)'th entry is
k(xi,z;), k. is a vector whose i'th entry is

T
y* k*
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k(xi, xy), ke = k(xs,x.), and I is an identity
matrix of size Niyain X Nirain. Using the above equa-
tion, we can write the expression for the distribu-
tion of y, given y by using the conditional distri-
bution for a Gaussian distribution [33, pg. 16]:

p(y*‘m*a’D7¢) = N(ﬂ*70'3),

where p, := kI (K +021)" 'y
and 02 := ky, — kL (K + 021)"k,.

(19)

The computational complexity of these operations
is O(N2,;,,), due to the inversion of the matrix K +
02I. That is, the number of operations required
increases by the cube of the number of elements, so
adding 2 data points, for example, would require 8
additional operations.

The distribution p(y«|®., D¢, 0) depends on the
specification of 1. We estimate 1 by maximizing
the log-likelihood: log p(y|X, ). This is called the
maximum likelihood estimation (MLE) method.
The closed-form expression for the log-likelihood is

logp(y| X, 0) := —%1og|K—|— J,QLI\

Nrain
—LyT(K + 02Dy - tT log(2m).  (20)

This can be optimised with a numerical optimiza-
tion method [33]. However, every iteration requires
a matrix inversion, which could be costly if the op-
timization takes too many iterations. We discuss
a method to reduce the computation cost in Ap-
pendix A.4.2.

GP regression allows the specification of a ‘sig-
nal noise’; i.e., the variance of the uncertainty in
the data itself (o, in Equation (18)). This noise
variance may be fixed to some appropriate value
or tuned along with the other hyper-parameters.
Given that we are using simulated data, we expect
the noise variance to be very low. However, the
models are less stable when the signal noise is low
because the covariance matrices are frequently non-
invertible (Equation (20)). This is because the sig-
nal noise acts as a regulariser in this inversion of
the covariance matrix K when fitting a GP model.
Therefore, a value of nearly zero for the signal noise
foregoes the stability accorded by the regulariser.
When we set a lower bound, o, > 107%, the ill-
conditioning of the covariance matrices is reduced.

A.4.2 Using Big Datasets

Generally speaking, the more data a model sees to
characterize a domain, the better it is able to pre-
dict on unseen data from that domain. Fitting a
GP model involves the inversion of a matrix (the
covariance matrix), whose size is N x N, where N is
the number of data points. This puts a limit on the
size of dataset that can be considered for learning
hyper-parameters or predicting. It is possible to
work around this limitation by using the so-called
‘sparse’ methods, i.e., methods using sparse repres-
entations of the covariance matrix. However, these
methods invariably reduce the predictive perform-
ance of the model. In this paper, we present a
simple method to extend the amount of data con-
sidered, similar to a proposal in Chalupka et al.
[42].

The training procedure consists of two steps:
learning hyper-parameters through Maximum Like-
lihood Estimation (MLE) using some training data,
and then predicting the output at test inputs using
the same training data. These two steps corres-
pond to Equations (19) and (20), respectively. The
matrix K from Equation (19) depends on training
data, while the vector k, depends on the testing
data. In our experiments, the estimates of hyper-
parameters stabilize with about 1000-2000 training
data points. If we continue with the policy of learn-
ing and predicting using the same dataset, we are
restricted to models trained on about 5,000 points,
because repeatedly inverting matrices (as part of
the MLE step) of size 5,000 or more is impractical
on the hardware available to us. A simple method
to add more data was to increase the size of the
dataset during prediction.

We modified the procedure to reduce run time
by using sets of different sizes for learning and pre-
diction (Figure 1). If learning is carried out on a
smaller set of 2000 points (Nipain = 2000), i.e., the
matrix K in Equation (20) is defined on a dataset
of 2000 points, estimates of the hyper-parameters
1 are fixed relatively rapidly. Given this estim-
ate of 1, we proceed to increase the data size to
Npred > Nirain for prediction using Equation (19).
Since prediction involves only one matrix inversion,
we were able to handle Np,oq of size up to 12,000.
This modification to the procedure gives a modest
improvement in the validation error.
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(a) Dataset of size N =15 (b) Dataset of size N = 100

Figure 11: Using N = 15 [left] or N = 100 [right] data
points to fit a polynomial of degree M =9, shows that
“ ..increasing the size of the data set reduces. .. over-

fitting” [6].
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