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ENGINE CONTROL UNIT CALIBRATION

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application is a continuation under 35 U.S.C.
§ 120 of International Application No. PCT/EP2023/
063666, filed May 22, 2023 which claims priority to GB
Application No. 2207746.5, filed May 26, 2022, under 35
U.S.C. § 119(a). Each of the above-referenced patent appli-
cations is incorporated by reference in its entirety.

TECHNICAL FIELD

[0002] The present disclosure relates to calibration of an
engine control unit (ECU). The disclosure has particular, but
not exclusive, relevance to calibration of an ECU for an
internal combustion engine.

BACKGROUND

[0003] An engine control unit (ECU) is a ubiquitous
component of a modern vehicle engine. The ECU controls
values of one or more adjustable parameters associated with
the operation of the engine, in dependence on values of one
or more context variables derivable from driver inputs
and/or environmental inputs.

[0004] An ECU typically stores data indicating a mapping
from values of one or more context variables to values of
one or more decision variables, for example in the form of
a lookup table, where the decision variables represent
parameters of the engine which are adjustable by the ECU.
The mapping is determined during a calibration process
prior to deployment of the ECU, and may be updated during
the engine’s lifetime, for example to alter the performance
of the engine or to compensate for other modifications to the
vehicle and/or engine. For a given set of values of the
context variables, it is desirable for the mapping to yield
close-to-optimal values of certain performance characteris-
tics (such as torque) whilst ensuring that other performance
characteristics (such as cylinder pressures) satisfy predeter-
mined constraints to ensure safe and prolonged operation of
the engine. Due to the complexity of the physics involved
and the unavailability of accurate numerical models, ECU
calibration is typically performed using empirical data col-
lected in a test bed environment.

[0005] ECU calibration is a highly time-consuming and
resource-intensive process, due to the large parameter space
to be explored and the high resource cost of collecting data
from the test bed. The number of data points that can viably
be collected is relatively low, leading to high levels of
uncertainty about the effects of the individual parameters on
the performance characteristics, particularly in the early
stages of experimentation. There is thus a need for an
efficient and principled method of guiding test bed experi-
ments.

SUMMARY

[0006] According to a first aspect of the present invention,
there is provided a system for calibrating an engine control
unit (ECU) for an engine. The system includes a test bed and
a data processing system. The test bed includes a plurality of
sensors for measuring values of a plurality of performance
characteristics of the engine, and a plurality of controllers
for adjusting values of a plurality of variables associated
with the operation of the engine. The plurality of variables
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include one or more context variables which, when the
engine is in use, have values derivable from driving system
inputs and/or environmental inputs, and one or more deci-
sion variables representing parameters of the engine adjust-
able by the ECU in dependence on values of the one or more
context variables. The data processing system includes
means for performing operations including, for a plurality of
iterations: determining, based on an objective function, a set
of locations in an input space, each location in the input
space representing a value of each of the plurality of
variables. The objective function is arranged to evaluate
outputs of one or more Gaussian process models for a
candidate set of locations in the input space. Each of the one
or more Gaussian process models has a respective set of
trainable parameters is arranged to predict probability dis-
tributions for one or more of the plurality of engine perfor-
mance characteristics for a given location in the input space.
The objective function is penalised in dependence on a
likeliness predicted by the one or more Gaussian process
models of one or more predetermined engine constraints
being violated for a given location of the candidate set of
locations. The operations further include, for the plurality of
iterations: obtaining, using the plurality of sensors and the
plurality of controllers, measurements of each of the plural-
ity of engine performance characteristics covering at least a
subset of the determined set of locations in the input space;
and updating, using the obtained measurements of the plu-
rality of engine performance characteristics, values of the
respective set of trainable parameters of each of the one or
more Gaussian process models. The operations further
include generating, using probability distributions for the
plurality of engine performance characteristics predicted by
the outputs of the one or more Gaussian process models,
ECU calibration data for mapping values of the one or more
context variables to values of the one or more decision
variables.

[0007] By determining the locations in the input space at
each iteration based on the outputs of the one or more
Gaussian process models, and then updating the one or more
Gaussian process models based on measurements collected
at the determined locations, the measurements are leveraged
to enable the system to explore the parameter space in an
efficient and principled manner, reducing the overall number
of'test bed experiments needed to calibrate the ECU. This is
highly desirable in view of the time-consuming and
resource-intensive nature of the test bed experiments. The
penalised objective function ensures that the system will
favour regions of the input space where the engine con-
straints are more likely to be satisfied, so that more data can
be collected at each iteration and the collected data points
are more likely to be informative about relevant regions of
the input space where the engine can safely operate.

[0008] The determined set of locations in the input space
may include one or more locations. In some examples, the
determined set of locations in the input space includes a
plurality of locations in the input space having a predeter-
mined configuration relative to one another. By imposing a
predetermined relative configuration on the locations, for
example based on which variables can be adjusted most
straightforwardly by the test bed controllers, the dimension-
ality of the search space is effectively the same as if
searching for a single location in the input space, which is
beneficial for reducing the computational cost and duration
of each iteration of the calibration process.
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[0009] The predetermined configuration may include a
sweep across a predetermined range of a first variable of the
plurality of variables. The first variable may for example be
a first context variable which, when the engine is in use, has
a value that is adjustable by a throttle position. For certain
experimental setups, context variables that are derivable
from the throttle position (or otherwise adjustable by the
throttle position) may be varied rapidly during testing,
enabling hundreds or even thousands of data points to be
collected in a single iteration. In examples where the first
context variable represents volumetric efficiency or injected
fuel mass, the one or more context variables may include a
second context variable representing engine speed. For a
given iteration, the predetermined relative configuration
may prohibit variation of the second context variable and/or
each of the one or more decision variables. It has been found
that sweeping through values of the volumetric efficiency or
injected fuel mass whilst fixing the engine speed is a
particularly efficient method of covering the input space.

[0010] For a given iteration, the predetermined relative
configuration may impose a common value of a given
variable of the plurality of variables, and the common value
of the given variable may be updated between iterations in
accordance with a low discrepancy sequence. In this way,
the corresponding dimension of the input space may be
covered uniformly, which is desirable for an efficient opti-
misation process.

[0011] In examples where the performance characteristics
of the engine include a torque, and a first context variable
has a value adjustable by throttle position, the operations
may further include detrending the measurements of the
torque with respect to the first context variable. One of the
Gaussian process models may be arranged to predict a
probability distribution for detrended values of the torque. In
this way, dominant variations of the torque with respect to
context variables such as engine speed, throttle position, or
injected fuel mass, may effectively be subtracted out of the
data, improving the sensitivity of the resulting Gaussian
process model to fine-scale variations around this trend.
Additionally, or alternatively, other engine performance
characteristics may be detrended with respect to the first
context variable and/or one or more other variables as
appropriate.

[0012] For a given iteration of the plurality of iterations,
determining the set of locations in the input space may
include determining, based on the objective function, a
respective value for each of the one or more decision
variables, the respective values being common across the set
of'locations in the input space. Whereas it may be necessary/
desirable to cover the entirety of the context variable dimen-
sions in the input space, certain values of the decision
variables may occur for multiple values of the context
variables, or not at all. For this reason, determining prom-
ising values of the decision variables based on outputs of the
Gaussian process model may be preferable to covering the
decision variable dimensions in a systematic manner.

[0013] The obtained measurements of the plurality of
engine performance characteristics may include a binary flag
indicating whether a given engine constraint is violated for
each location of said at least subset of the locations. The one
or more Gaussian process models may include a classifica-
tion model for predicting whether the given engine con-
straint is violated for a given location in the input space, and
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the objective function may be penalised in dependence on at
output of the classification model.

[0014] For a given iteration of the plurality of iterations,
the operations may further include generating, responsive to
the binary flag indicating the given engine constraint being
violated for a first location of the determined set of locations,
synthetic data indicating that the given engine constraint is
violated for one or more further locations in the input space
covering a portion of the sweep extending beyond the first
location. The updating of values for the set of trainable
parameters may include updating, using the generated syn-
thetic data, values for the respective set of the trainable
parameters of the classification model. The synthetic data
may address an imbalance between the number of positive
and negative examples of the binary flag, which may oth-
erwise negatively affect the training of the model, whilst also
discouraging the output of the classification model from
reverting to its mean function in regions where the engine
constraints are violated, which may otherwise result in
erroneous (and potentially damaging/dangerous) predictions
of the engine constraints being satisfied in such regions.
[0015] A first Gaussian process model of the one or more
Gaussian process models may include a heteroscedastic
likelihood, enabling the model to capture varying levels of
observation noise at different regions of the input space. In
this case, the operations may further include: obtaining,
using the plurality of sensors and the plurality of controllers,
measurements of the plurality of engine performance char-
acteristics for a sample of locations in the input space;
determining values of a set of trainable parameters of a
second Gaussian process model, thereby to fit the second
Gaussian process model to the obtained measurements for
the sample of locations, the second Gaussian process model
corresponding to the first Gaussian process model with a
homoscedastic likelihood in place of the heteroscedastic
likelihood; and initialising values of the respective set of
trainable parameters of the first Gaussian process model
based on the determined values of the set of trainable
parameters of the second Gaussian process model. In this
way, the simpler second Gaussian process model may be
initialised using relatively few data points and used to seed
the more complex first Gaussian process model.

[0016] For a given iteration of the plurality of iterations,
obtaining said measurements of each of the engine perfor-
mance characteristics covering said at least a subset of the
determined set of locations in the input space may include
obtaining measurements of each of the plurality of engine
performance characteristics for a plurality of further loca-
tions in the input space, in dependence on the determined set
of'locations in the input space. The number of measurements
may for example be many times higher than the number of
determined input locations, providing fine-grained coverage
of the input space without the associated increase in com-
putational cost and time taken for each iteration.

[0017] The one or more Gaussian process models may
include one or more sparse variational Gaussian process
models, and the respective set of trainable parameters of
each of the one or more sparse variational Gaussian process
models may include variational parameters for each of the
one or more sparse variational Gaussian process models.
The use of sparse variational Gaussian processes may reduce
processing and memory demands and may allow the Gauss-
ian process model to remain tractable even when a very large
number of data points have been collected. Sparse varia-
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tional Gaussian processes also facilitate the use of non-
conjugate likelihoods, such as heteroscedastic likelihoods
and those used for classification.

[0018] The engine may be an internal combustion engine,
and may include a plurality of cylinders. The one or more
decision variables may then include, for a given engine
cylinder of the plurality of engine cylinders, a variable
intake valve timing, a variable exhaust valve timing, and/or
a rate of exhaust gas recirculation.

[0019] According to a second aspect, there is provided a
method of calibrating an ECU for an engine. The method
includes, for a plurality of iterations: determining, based on
an objective function, a set of locations in an input space,
each location in the input space representing a value of each
of a plurality of variables. The plurality of variables include
one or more context variables which, when the engine is in
use, have values derivable from driving system inputs and/or
environmental inputs, and one or more decision variables
representing parameters of the engine adjustable by the ECU
in dependence on values of the one or more context vari-
ables. The objective function is arranged to evaluate outputs
of one or more Gaussian process models for a candidate set
of locations in the input space. Each of the one or more
Gaussian process models has a respective set of trainable
parameters and is arranged to predict probability distribu-
tions for one or more of the plurality of engine performance
characteristics for a given location in the input space. The
objective function is penalised in dependence on a likeliness
predicted by the one or more Gaussian process models of
one or more predetermined engine constraints being violated
for a given location of the candidate set of locations. The
method further includes, for the plurality of iterations:
obtaining measurements of each of the plurality of engine
performance characteristics covering at least a subset of the
selected set of locations in the input space; and updating,
using the obtained measurements of the plurality of engine
performance characteristics, values for the respective set of
trainable parameters of each of the one or more Gaussian
process models. The method further includes generating,
using probability distributions for the plurality of engine
performance characteristics predicted by the one or more
Gaussian process models, ECU calibration data for mapping
values of the one or more context variables to values of the
one or more decision variables.

[0020] According to a third aspect, there is provided a
computer program product (such as one or more non-
transient storage media) comprising instructions which,
when the program is executed by a computer, cause the
computer to carry out the above method.

[0021] According to a fourth aspect, there is provided a
data processing system comprising means for carrying out
the above method.

[0022] Further features and advantages of the invention
will become apparent from the following description of
preferred embodiments of the invention, given by way of
example only, which is made with reference to the accom-
panying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

[0023] FIG. 1 is a schematic block diagram representing a
vehicle with an ECU;

[0024] FIG. 2 is a schematic block diagram representing a
system for calibrating an ECU in accordance with examples;
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[0025] FIGS. 3A and 3B are plots illustrating a Gaussian
process with a heteroscedastic likelihood.

[0026] FIG. 4 shows examples of engine operation vari-
ables and performance characteristics associated with an
engine;

[0027] FIG. 5 is a flow diagram representing a method of

calibrating an ECU in accordance with examples;

[0028] FIG. 6 is a plot illustrating an example of a profile
optimisation problem for calibrating an ECU;

[0029] FIG. 7 is a plot illustrating sets of locations in an
input space in accordance with examples.

DETAILED DESCRIPTION

[0030] Details of systems and methods according to
examples will become apparent from the following descrip-
tion with reference to the figures. In this description, for the
purposes of explanation, numerous specific details of certain
examples are set forth. Reference in the specification to ‘an
example’ or similar language means that a feature, structure,
or characteristic described in connection with the example is
included in at least that one example but not necessarily in
other examples. It should be further noted that certain
examples are described schematically with certain features
omitted and/or necessarily simplified for the ease of expla-
nation and understanding of the concepts underlying the
examples.

[0031] Embodiments of the present disclosure relate to
calibration of an ECU. In particular, embodiments described
herein address challenges related to the time-consuming and
resource-intensive nature of ECU calibration resulting from
the large parameter space covered by the range of possible
operating conditions for an engine, and in particular an
internal combustion engine.

[0032] FIG. 1 schematically shows a vehicle 100. The
vehicle 100 may be a production car, a racing car, a truck,
a lorry, a motorbike, a motorboat, a helicopter, or any other
type of powered vehicle. The vehicle 100 includes an engine
102, which in this example is an internal combustion engine,
though in other examples a vehicle may include an electric
motor, either as an alternative or in addition to an internal
combustion engine as in the case of a hybrid vehicle. The
vehicle 100 also includes a driving system 104 for control-
ling certain components of the vehicle 100 such as a steering
system, gearbox and brakes, along with certain parameters
of the engine 102. The driving system 104 may be a manual
driving system configured to receive human input, or may be
an automated driving system configured to receive inputs
from an autonomous driving agent. Alternatively, the driving
system 104 may be configured to receive a combination of
manual and computer-generated inputs, for example in the
case of an advanced driver assistance system (ADAS). The
driving system 104 may control parameters of the engine
102 by controlling mechanical actuators and/or electronic
circuitry.

[0033] The vehicle 100 further includes an ECU 106 for
controlling parameters of the engine which are not directly
controllable by the driving system 104. Different ECUs may
have control over different parameters of an engine. For
example, the ECU 106 may control valve timings in depen-
dence on the injected fuel mass and engine speed. Alterna-
tively, the ECU 106 may control injected fuel mass in
dependence on air flow and throttle position, in which case
the ECU 106 may be referred to as an electronic engine
management system (EEMS). The ECU 106 may be a
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centralised computing unit or may be a decentralised system
of modules controlling respective sets of parameters. For
example, an ECU of an electric or hybrid vehicle may
include a module for controlling the charging/discharging of
rechargeable batteries, and a module for controlling power
distribution between motors/engines.

[0034] As well as being controlled by the driving system
104 and/or the ECU 106, the operation of the engine may
further be affected by external factors relating to the envi-
ronment 108 in which the engine 102 operates. In the present
disclosure, variables which affect the operation of the engine
and which are not directly controllable by the ECU 106 may
be referred to as context variables. Variables which are
directly controllable by the ECU 106 are referred to as
decision variables. The function of the ECU 106 is to
determine values of one or more decision variables based on
values of one or more context variables.

[0035] Context variables may have values derivable from
the driving system 104, the environment 108, or a combi-
nation of both. Relevant environmental factors may for
example include the temperature, pressure, and humidity of
air external to the engine 102. Examples of context variables
may include a parameter directly derivable from the throttle
position, which affects the mass of fuel injected into the
engine cylinders in a given engine cycle. The injected fuel
mass may be a context variable if control of the fuel lines is
independent of the ECU 106. Alternatively, the injected fuel
mass may be a decision variable controllable by the ECU
106 in dependence on context variables such as mass air
flow, oxygen level, and throttle position. Further examples
of context variables may include engine speed (i.e. rotation
rate), volume air flow, oxygen level, volumetric efficiency,
and/or environmental variables such as the temperature of
one or more components of the engine 102 or the air
ingested by the engine 102. The vehicle 100 may include a
number of sensors 110 for measuring the values of various
context variables.

[0036] Decision variables may include one or more valve
timing parameters for controlling timings at which intake
and/or exhaust valves of the engine cylinders are opened in
an engine cycle. Optimal valve timings are dependent on
various context variables, including engine speed, e.g.
because valves may be opened earlier in the engine cycle at
higher engine speeds to increase air flow into the cylinder.
For engines having electronic valve control in place of a
conventional camshaft, the adjustable parameters may
include one or more valve opening parameters for determin-
ing the timing and the extent to which intake and/or exhaust
valves are open and closed within an engine cycle. The
decision variables may further include a parameter for
controlling a rate or proportion at which exhaust gas is
recirculated back into the cylinders, and/or an idle speed
parameter for controlling an idle speed of the engine. The
idle speed affects timing functions for fuel injection, spark
events, and valve timing, and may be controlled by a
programmable throttle stop or an idle air bypass control
stepper motor. In the case of a hybrid engine, the adjustable
parameters may include a power distribution parameter for
controlling a distribution of power between the internal
combustion engine and the electric motor. It will be appre-
ciated that the list of possible context variables and decision
variables is not exhaustive, and the exact combination of
context variables and decision variables will depend on the
design of the engine and ECU.
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[0037] Inaccordance with the present disclosure, the ECU
106 may be calibrated to optimise certain engine perfor-
mance characteristics, such as torque or power, whilst ensur-
ing that other engine performance characteristics, such as
mean effective pressure, maximum gas pressure, and knock
level for each cylinder, satisfy constraints in order to ensure
continued and safe running of the engine 102. More pre-
cisely, the aim of the calibration is to determine mappings
from context variables to decision variables which result in
close-to-optimal values of certain performance characteris-
tics whilst ensuring that other performance characteristics
satisfy predetermined inequalities. Combinations of context
variables and decision variable which satisfy the predeter-
mined inequalities are referred to as feasible points.

[0038] FIG. 2 shows an example of a system for calibrat-
ing or tuning the ECU 106. The system includes a test bed
200, which is a controlled environment for performing
experiments on an engine 202. The engine 202 in this
example is of an identical model to the engine 102 of FIG.
1. The test bed 200 includes test bed sensors 204 and test bed
controllers 206. The test bed sensors 204 are arranged to
measure performance characteristics of the engine 202, and
possibly environmental factors that may affect the perfor-
mance of the engine 202 in the test bed 200. The test bed
controllers 206 are devices capable of controlling the param-
eters of the engine 202 which, if the engine 202 were in situ
in the vehicle 102, would be controllable by the driving
system or an ECU. The test bed controllers 206 may further
have at least partial control over the environmental factors.
It may be possible to precisely control certain environmental
factors (for example by adjusting the experimental condi-
tions until the test bed sensors 204 indicate chosen values of
the corresponding context variables), whereas it may only be
possible to partially control other environmental factors. The
test bed controllers 206 may include mechanical actuators,
electronic circuits, computer software/hardware components
and suchlike, which together are capable of fixing values, at
least approximately, for the context variables and decision
variables which respectively define input data and output
data for the ECU 106.

[0039] The test bed sensors 204 and the test bed control-
lers 206 are coupled, directly or indirectly, to a data pro-
cessing system 208, which may be a single computing
device such as a desktop computer, laptop computer, or
server, or may be distributed across multiple computing
nodes, for example based at different locations. The data
processing system 208 includes one or more processors and
memory comprising one or more non-transient storage
media holding machine-readable instructions or program
code which, when executed by the one or more processors,
cause the data processing system 208 to guide experimen-
tation on the test bed 200 in order to collect data revealing
how the performance characteristics measured by the test
bed sensors 204 depend on values of the context variables
and decision variables as set by the test bed controllers 206.
When a sufficient volume of such data has been collected,
the data processing system 208 may generate ECU calibra-
tion data for calibrating the ECU 106. The ECU calibration
data represents a mapping of values of the context variables
to values of the decision variables for example in the form
of a lookup table or other type of data structure. The ECU
106 may be configured to use the lookup table directly to
map context variables to decision variables (for example by
selecting the nearest entry in the lookup table for a given
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value of the context variables), or may be configured to
interpolate between values of the context variables and/or
decision variables to determine a mapping for any permis-
sible set of values of the context variables.

[0040] In order to guide the experimentation on the test
bed 200, the data processing system 208 includes a number
of functional components, any of which may be imple-
mented in hardware, software, or a combination of both. In
particular, the data processing system 208 includes a model
training component 210, which is configured to train one or
more Gaussian process (GP) models for predicting the
dependence of performance characteristics of the engine 202
on the context variables and decision variables, based on
measurements of the engine performance characteristics
obtained from the test bed sensors 204. Values of the context
variables, decision variables, and/or engine performance
characteristics may be pre-processed, combined, or other-
wise adjusted before being processed by the model training
component. For example, it may be desirable to normalise at
least some of the variables and/or to detrend certain engine
performance characteristics such as torque with respect to a
dominant context variable such as throttle position, as will
be explained in more detail hereinafter.

[0041] Each of the one or more GP models may have a
large number of trainable parameters, and the aim of training
the GP models is to determine values of the trainable
parameters for which the GP models best predict values of
the performance characteristics, for given values of the
context variables and the decision variables (for example as
defined using maximum likelihood estimation or maximum
aposteriori estimation). The GP models provide a powerful
and flexible means of inferring statistical information from
the empirical data, and are particularly well-suited to situ-
ations in which data is sparse and/or costly to obtain, which
is typically the case for test bed experiments on an engine.

[0042] Each of the one or more GP models may have one
or more outputs corresponding to one or more performance
characteristics of the engine. In some examples, the one or
more GP models includes an ensemble of multiple GP
models each being responsible for predicting values of one
or more respective performance characteristics. There may
be, for example, ten, twenty, fifty, or a hundred independent
GP models, and each of these may be a single output GP
model for predicting values of a single performance char-
acteristic. In other examples, a single multi-output GP model
is responsible for predicting values of all of the performance
characteristics. In further examples still, an ensemble of GP
models includes single output GP models for predicting
values of some performance characteristics, and multi-out-
put GP models for predicting values of other performance
characteristics. For example, certain performance character-
istics may correspond to a common attribute but for different
cylinders of the engine 202, and may therefore be expected
to exhibit a high degree of correlation. A multi-output GP
model may then be used to predict the values of these
performance characteristics, in order to effectively capture
the correlations. The nature of the various outputs of the one
or more GP models may depend on the nature of the
performance characteristics that the outputs are configured
to predict. For example, certain performance characteristics
may take the form of binary engine constraints, in which
case the corresponding output may be a binary classification
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output. Other performance characteristics may take continu-
ous values, in which case the corresponding output may be
a regression output.

[0043] For each GP model, measurements of one or more
of the engine performance characteristics for a given input
x (having dimensions corresponding to the context and
decision variables) are collected in an output y (which may
be a scalar or vector quantity). The output y is assumed to
be related to the component GP f(x), where f~GP(u,K). The
prior distribution of the GP depends on a kernel K4 (x, x')
parameterised by a set of hyperparameters 6 and a mean
function p(x), which may be identically zero in some cases.
The relationship between the measured outputs y and the GP
f(x) is given by an observation model or likelihood. As will
be explained in more detail hereinafter, some GP models
may be used for binary classification, in which case an
example of appropriate likelihood is a Bernoulli likelihood
as given by Equation (1):

y|x~BE(f(x)), M

[0044] where B (6)=c"(1-6)"™ for class labels ye {0,
1}. The link function o(-):R —[0, 1] can be any sig-
moid function such as the logistic function or the probit
function. The resulting output values of the GP model
in this case represent the probability of a binary engine
constraint being satisfied. Other observation models,
for example based on other generative processes, may
be used in place of the Bernoulli likelihood for classi-
fication. In some examples, such observation models
may depend on one or more latent processes.

[0045] Other GP models may be used to model continuous
variables, in which case an example of an appropriate
observation model or likelihood is a noise model which
assume that the outputs y are observations of the GP
corrupted by Gaussian noise such that ylx~N (f(x),& %) for
an (unknown) noise variance €. An example of a different
observation model uses Student’s t-distribution in place of
the Gaussian noise, which may be particularly well suited
for handling outliers. However, it has been observed by the
inventors that at least some of the performance characteris-
tics measured during ECU calibration are not subject to
constant noise across the input space, meaning that the
standard likelihood models mentioned above may not be
suitable for modelling such performance characteristics. To
account for this observation, an alternative model may be
used in which the standard deviation of the noise at a given
input location x is modelled as a function of an auxiliary GP
g(x), for example an exponential function of the auxiliary
GP, which ensures that the standard deviation is non-nega-
tive. The resulting heteroscedastic likelihood model is given
by Equation (2):

y| F00), gE~N(f(x), explg(a)?), @

[0046] where again, the Gaussian noise distribution
may be replaced with a different distribution such as
Student’s t-distribution. FIG. 3A shows data points
representing measurements of a performance charac-
teristic y of a simple model engine at different values of
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an input variable x. The solid curve shows the mean
function of a predictive model for the performance
characteristic y based on chained GPs {(x), g(x), and
the dashed curves respectively show one standard
deviation above and below mean. It is observed that the
standard deviation is larger at more extreme values of
the input variable, corresponding to greater levels of
noise at these regions of the input space. Similar
behaviour is observed in real engines, though the
regions of greater noise may appear at unpredictable
regions of the input space. The solid curves in FIG. 3B
show the mean function of the GPs f(x), g (x) as
indicated, and the dashed curves show one standard
deviation above and below mean.

[0047] At least some of the GP models may be imple-
mented using sparse variational GPs, such that the GP
models are entirely dependent on a set of inducing outputs
at a set of inducing input locations (or alternatively based on
a set of inter-domain inducing features), where the inducing
outputs have a variational distribution determined by a set of
variational parameters, which are trainable parameters of the
GP model. The GP models may use a common set of
inducing input locations, but this is not essential. The
inducing input locations may be selected to correspond to
regions in which the input space where the collected data is
expected to be most informative, for example in dependence
on where data points have been collected, or alternatively
the inducing input locations may be treated as a trainable
parameter of the GP model. The number of inducing input
locations (for example, hundreds or thousands) may be
significantly less than the number of data points (for
example, tens or hundreds of thousands, or millions), which
commensurately decreases processing demands and
memory footprint and allows the GP model to remain
tractable even when a very large number of data points have
been collected. Sparse variational GPs also facilitate the use
of non-conjugate likelihoods, such as the Bernoulli likeli-
hood of Equation (1) and the homoscedastic likelihood of
Equation (2), which are not compatible with conventional
implementations of GP regression.

[0048] In a sparse variational GP implementation, the
posterior GP p(f1Y) conditioned on the data is approximated
by a tractable variational GP q(f) corresponding to a mar-
ginalised posterior GP conditioned on the inducing outputs.
Values of the trainable parameters of the GP, including the
hyperparameters, variational parameters, and optionally
inducing input locations, are iteratively updated to deter-
mine a maximum aposteriori estimate which can be shown
to minimise a Kullback-Leibler divergence between the
variational GP and the true posterior GP.

[0049] Returning to FIG. 2, the data processing system
208 includes an input selection component 212 arranged to
determine locations in an input space having dimensions
respectively corresponding to the various context variables
and decision variables. The input selection component 212
has the task of selecting input locations which balance
exploration (to learn about the effect of the parameters/
variables throughout the parameter/variable space) and
exploitation (focusing on combinations of parameter/vari-
able values likely to yield favourable performance whilst
also obeying constraints). The number of data points that can
viably be collected is relatively low, leading to high levels
of uncertainty about the effects of the individual parameters
on the performance characteristics, particularly in the early
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stages of experimentation. In accordance with the present
disclosure, the input selection component 212 is arranged to
determine input locations using Bayesian optimisation,
based on an objective function which evaluates outputs of
the GP models at candidate sets of locations in the input
space.

[0050] The objective function may take the form of an
acquisition function, for example upper confidence bound,
maximum probability of improvement, expected improve-
ment or augmented expected improvement. The purpose of
the objective function is to evaluate the outputs of the GP
models in a way which addresses the so-called exploration/
exploitation dilemma, enabling close-to-optimal ECU map-
pings to be determined in an efficient manner. As will be
explained in more detail hereinafter, the objective function
may be penalised in dependence on a likeness predicted by
the GP models that one or more engine constraints are
violated for at least a subset of a given set of locations in the
input space.

[0051] The input selection component 212 may be con-
figured to determine sets of locations having a predeter-
mined configuration relative to one another in the input
space. For example, candidate sets of locations may only be
considered for which the locations have a specified relation-
ship to one another (though the absolute locations will vary
between candidate sets). By imposing a predetermined rela-
tive configuration on the locations, the dimensionality of the
search space is effectively the same as if searching for a
single location in the input space, which is beneficial for
reducing the computational cost and duration of each itera-
tion of Bayesian optimisation.

[0052] By selecting an auspicious relative configuration of
input locations, the efficiency of the overall calibration
process may be further improved. In particular, certain
context variables and/or decision variables may be freely
and rapidly adjustable by the test bed controllers 206 whilst
measurements are performed on the engine 202, whereas
others may be less straightforward to adjust. For example,
certain variables that are adjustable by driving system inputs
such as throttle position when the engine 202 is in use may
be straightforwardly adjustable by the test bed controllers
206. The input selection component 212 may thus be
arranged to determine sets of input locations which follow a
sweep across a predetermined range or ranges of one or
more of these variables, for example whilst keeping values
of other variables fixed. Variables which are varied within a
given set of input locations may be referred to as local
variables. Variables which are fixed within a given set of
input locations may be referred to as global variables. When
determining which variables to treat as local variables, it is
to be noted that values of certain parameters can be varied
relatively quickly during testing without compromising the
usefulness of the measurements, whilst others must be
varied more slowly, as rapid variation of such parameters
may place the engine in a transient regime in which useful
measurements cannot be obtained.

[0053] By fixing the values of certain global variables
whilst sweeping through one or more local variables, mea-
surements can be obtained for a given set of input locations
in a relatively short period of time. For a distributed server-
based implementation of the data processing system 208,
with efficient implementations of the GP models as dis-
cussed in more detail hereinafter, the determination of each
set of input locations may take several minutes, for example
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5 minutes, 10 minutes, 20 minutes or 30 minutes. In order
to achieve efficient calibration of the ECU 106, it is desirable
to reduce the total compute time for the data processing
system 208, and also to reduce the total time taken for the
testing to be performed. By sweeping through one or more
local variables, the time taken per measurement can be
reduced, and more data can be collected per iteration of
Bayesian optimisation, potentially reducing the number of
iterations required and therefore reducing the total time
taken to calibrate the ECU 106.

[0054] The data processing system 208 includes a calibra-
tion component 214, which is arranged to generate ECU
calibration data based on values of the engine performance
characteristics predicted by the trained GP models. For a
given combination of context variables, the calibration com-
ponent 214 may be arranged to numerically solve an opti-
misation problem to determine values of the decision vari-
ables for which the GP models predict a maximum value of
a given performance characteristic (such as torque) whilst
also having a high probability of satisfying a given set of
engine constraints. The resulting mappings from context
variables to decision variables may then be stored, for
example in the format of a lookup table, which the ECU 106
can read and/or interpolate to determine a set of decision
variables for any permissible set of context variables.
[0055] FIG. 4 shows an example of a set of engine
operation variables 402 and a set of performance character-
istics 404 associated with an engine for which an ECU is to
be calibrated using the system of FIG. 2. The engine
operation variables 402 in this example include two context
variables 406 and three decision variables 408. The context
variables 406 in this example are engine speed 410 and
injected fuel mass 412. In other examples, the injected fuel
mass 412 may be replaced by volumetric efficiency. When
the engine is in situ in a vehicle, the injected fuel mass 412
(or volumetric efficiency) is adjustable based on the throttle
position. In an example, the test bed controllers 206 may
have independent control over the engine speed 410 and
injected fuel mass 412. In this case, it may be efficient to
treat the injected fuel mass 412 as a local variable and the
engine speed 410 as a global variable, and thus to perform
tests for a set of input space locations which sweeps over
values of the injected fuel mass 412 whilst holding the
engine speed 410 constant. It may be possible to sweep over
hundreds or thousands of different values of the injected fuel
mass 412 in only a few minutes with a fixed value of the
engine speed 410, resulting in hundreds or thousands of data
points for use in calibrating the ECU.

[0056] The decision variables 404 in this example include
intake valve timing 414, exhaust valve timing 416, and
exhaust gas recirculation rate 418. The variables may be for
example be expressed as phase angles relative to a fixed
point in an engine cycle. Although the engine may include
multiple cylinders (for example four cylinders) and these
variables may be defined for each cylinder of the engine, it
may be sufficient to determine the values of the decision
variables 404 for a first cylinder of the engine, and the values
for the remaining cylinders are fixed relative to the values
for the first cylinder. The decision variables may be treated
as global variables such that values of the decision variables
are held constant for a given set of input locations (though
this is not essential).

[0057] Whilst in the example discussed above a set of
locations in the input space involves a sweep across one
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local context variable whilst holding other variables con-
stant, in other examples a set of locations may include
orthogonal sweeps across two or more local variables
(thereby covering a rectangle or hyperrectangle in a local
variable space), or may include a single sweep in which two
or more local variables are varied according to a predeter-
mined relationship (for example, a linear relationship or any
other suitable relationship). It will be appreciated that an
appropriate configuration for a set of locations in the input
space may depend on the type of engine and the capabilities
of the test bed.

[0058] For examples in which values of one or more
context variables and/or decision variables are treated as
global variables, the values of at least some of these global
variables may be determined as an output of the Bayesian
optimisation procedure, whilst others may be determined in
dependence on an output of a random, pseudorandom, or
quasi-random number generator, or according to another
predetermined sequence. Random numbers may be gener-
ated by a hardware random number generator. Alternatively,
a pseudorandom number generator or deterministic random
bit generator (DRBG) may be used to generate a sequence
of numbers which approximates a sequence of truly random
numbers but is completely determined by an initial seed
value. A quasi-random number generator is similar to a
pseudorandom number generator but generates a low dis-
crepancy sequence of numbers for which the proportion of
terms in the sequence falling in a subinterval is approxi-
mately proportional to the length of the subinterval, or in
other words the sequence approximates an equidistributed or
uniformly distributed sequence. In the context of the present
disclosure, a quasi-random number generator can be used to
generate values of a variable that cover a given dimension of
the input space uniformly in an uncorrelated manner, which
is desirable for an efficient optimisation procedure. An
example of a low discrepancy sequence on which a quasi-
random number generator can be based is a Halton
sequence.

[0059] FIG. 5 shows an example of three sets of locations
in an input space with dimensions corresponding to two
context variables A and B and a single decision variable C.
In this example, context variable A is treated as a local
variable, whereas context variable B and decision variable C
are treated as global variables. Values of context variable B
are determined by iterating over a Halton sequence (scaled
to match the range of context variable B), with the first three
iterations defining planes 502, 504 and 506 respectively. For
each plane 502, 504, 506, candidate sets of locations are
constrained to having a fixed value of the global decision
variable C whilst sweeping across the entire range of the
local context variable A. Bayesian optimisation is used to
determine a value of global decision variable C, based on
outputs of a Gaussian process model evaluated throughout
the range of the local context variable A. The first three sets
of locations 512, 514, 516 are shown. Although in this
example the Bayesian optimisation procedure is only used to
determine a value of one decision variable, in reality Bayes-
ian optimisation may be used to determine values of mul-
tiple context and/or decision variables, thereby posing a
multi-dimensional optimisation problem.

[0060] Returning to FIG. 4, the set of performance char-
acteristics 404 includes the torque 418 generated by the
engine, along with one or more cylinder characteristics 420
which are evaluated for each cylinder of the engine (for
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example, each of four cylinders in the case of a four cylinder
engine). The cylinder characteristics 420 may include for
example mean effective pressure, maximum gas pressure,
and knock level. The cylinder characteristics 420 are pri-
marily relevant to determining whether certain engine con-
straints are satisfied.

[0061] The performance characteristics also include one
or more binary constraints 422 which can either be satisfied
or not satisfied (i.e. violated). The binary constraints 422
may indicate whether safety criteria, noise criteria, emis-
sions criteria, and so on are satisfied. The binary constraints
422 may include hard constraints in which case a sweep
across values of an engine operation parameter may have to
be stopped immediately if the binary constraint is violated at
a given input location. Examples of hard constraints include
indications that the engine could be damaged or destroyed if
operation of the engine continues under the present condi-
tions. The binary constraints 422 may additionally, or alter-
natively, include soft constraints for which operation of the
engine can continue when the constraint is violated, but this
would lead to unacceptable or undesirable effects for the
engine when deployed in a driving setting.

[0062] In order to be able to determine ECU mappings
which result in the binary constraints being satisfied, the one
or more Gaussian process models may include one or more
binary classification outputs for predicting whether or not
the binary constraints are violated. The objective function
used for selecting sets of locations in the input space may
then be penalised in dependence on the binary classification
outputs, to encourage sets of locations to be selected for
which there is a low probability of the binary constraints
being violated.

[0063] FIG. 6 shows illustrates an example of a two-
dimensional input space 600 having a first dimension cor-
responding to a context variable and a second dimension
corresponding to a decision variable. The set of contour lines
602 represent respective values for the torque of an engine,
and the dashed line 604 separates a region of the input space
600 for which all engine constraints are satisfied (to the left
of the line 604) from a region for which one or more engine
constraints are violated (to the right of the line 604). In other
words, the dashed line 604 delimits a feasible region of the
input space 600. In the present example, an ECU calibration
process has the task of determining mappings from values of
the context variable to values of the decision variable that
maximise the torque within the feasible region of the input
space. The thick solid curve 606 shows the best possible
value of the decision variable for each value of the context
variable. It is observed that the curve 606 follows the
contours towards a peak region of the torque, before jump-
ing discontinuously to a different peak region (as shown by
the vertical dashed section of the curve 606).

[0064] In the present example, the context variable is a
local variable whereas the decision variable is a global
variable, and the task during each iteration of Bayesian
optimisation is to determine a value of the decision variable
for which to perform a sweep across the context variable.
FIG. 6 shows ten points representing a set of locations 608
in the input space 600. The locations 608 have a common
value of the global decision variable and equally spaced
values of the local context variable covering a permissible
range of values for the context variable. Seven of the
locations 608 (shown filled) lie within the feasible region of
the input space 600, whereas three of the locations 608
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(shown empty) lie outside the feasible region of the input
space 600. In this example, the value of the decision variable
corresponding to the set of locations 608 is determined at a
given iteration of Bayesian optimisation based on an objec-
tive function which evaluations of the outputs of the GP
models. For example, the objective function may determine
the value of the decision variable by assessing the expected
improvement (with respect to a predetermined loss function)
resulting from that choice of value of the decision variable,
compared with a current best estimate for the value of the
decision variable. Test bed experiments may then be per-
formed in which engine performance characteristics are
measured at a set of locations covering at least a subset of
the locations 608. Although the objective function in this
example evaluates outputs of the GP models at ten locations
in the input space, test bed experiments may be performed
on a much larger number of points, for example hundreds,
thousands, or tens of thousands of points covering the same
range of the context variable as the set of locations 608. In
this way, large numbers of data points can be collected,
providing fine-grained coverage of regions of the input
space 600, without the associated increase in computational
cost and time taken for each iteration of Bayesian optimi-
sation. Furthermore, it may not be possible or convenient to
obtain measurements at locations corresponding exactly to
the determined input locations, for example due to measure-
ment noise and/or because it may not be possible to control
certain variables to a sufficiently high level of precision.
Nevertheless, the locations of the measurements may
approximate the locations 608 and/or lie substantially on a
path through the input space as defined by the locations 608,
such that the measurements can be said to cover at least a
subset of the locations 608.

[0065] An example in which test bed experiments are
performed only for a subset of the set of locations 608
includes excluding locations 608 for which certain engine
constraints (for example, hard engine constraints) are found
to be violated. For example, while performing a sweep
across the local context variable, the test bed may determine
that a binary engine constraint is violated. The sweep across
the context variable may be terminated immediately to
ensure the engine under testing is not damaged or destroyed.
For example, after discovering that a binary constraint is
violated to the right of the dashed line 604, the test bed may
refrain from taking measurements over a remaining portion
of the sweep extending to the right of the dashed line 604.
This may result in an imbalance of data for training the
classification models, because far more data points will be
observed for which the binary constraint is satisfied than for
which the binary constraint is violated, particularly where
the number of data points collected for each iteration is high,
as described above. This may present a problem, as it is
typically advantageous to have comparable numbers of
positive and negative training examples when training a
binary classification model. To remedy this problem, syn-
thetic data may be generated indicating that the engine
constraint is violated for one or more further locations in the
input space, even when testing has not been performed for
these one or more further locations. In the example of FIG.
6, synthetic data may be generated at locations to the right
of the line 604, with spacings corresponding to the spacings
at which the other data are collected. These “pseudo-data”
may be used to redress the data imbalance when training the
binary classification models. More generally, pseudo-data
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may be generated at locations determined in dependence on
the predetermined relative configuration of the set of loca-
tions in the input space, for example to cover locations for
which measurements should be taken but are not taken due
to an indication of a binary constraint being violated. As well
as balancing data imbalances, the pseudo-data have been
found to advantageously prevent the classification models
from reverting to their mean functions in non-feasible
regions of the input space.

[0066] FIG. 7 shows an example of a computer-imple-
mented method 700 of calibrating an ECU in accordance
with the present disclosure. The method 700 includes ini-
tialising, at 702, one or more GP models. Initialising the one
or more GP models includes determining initial values for
trainable parameters of the one or more GP models, includ-
ing for example hyperparameters and variational param-
eters. The initial values may be determined randomly or by
any other suitable method, for example independently of any
empirical data or using historic data. The initialising at 702
may further include performing an initial training phase in
which an initial dataset is collected from a test bed inde-
pendently of any Bayesian optimisation step and used to
train one or more GP models in order to seed the Bayesian
optimisation process. The initial dataset may include mea-
surements of the engine performance characteristics at a
relatively small number of sets of input locations (for
example, ten, fifty or one hundred sets of input locations).

[0067] In an example, the initial training phase includes
two training steps. The first training step may include, for
one or more GP models, randomly sampling many sets (for
example, hundreds or thousands) of hyperparameter values,
determining a log likelihood of a relatively small number
(for example, tens or hundreds) of data points for each
sampled set of hyperparameter values, selecting the set of
hyperparameters with the highest log likelihood, and opti-
mising the parameters of the resulting component GP model
using maximum a posteriori estimation (for example using
gradient-based optimisation with a single natural gradient
step for the variational parameters). In an example where
one or more of the GP models have a heteroscedastic
likelihood, the heteroscedastic likelihood(s) may be replaced
with homoscedastic likelihood(s) (i.e. fixed noise) during the
initial training step, allowing the variational parameters and
hyperparameters of those GP models to be initialised more
efficiently using a relatively small number of data points.
The parameter values of the auxiliary GPs may be set to
default values or set to values dependent on the correspond-
ing homoscedastic GPs. For example, the mean function of
an auxiliary GP may be set to the trained likelihood variance
of the corresponding homoscedastic GP. Following this first
training step, a second training step may be performed in
which corresponding full GP models (including heterosce-
dastic GPs, if used) are trained using stochastic gradient
descent or one of its variants such as Adam. The second
training step may be performed for a fixed number of
iterations or until convergence criteria are satisfied.

[0068] The method 700 continues with determining, at
704, a set of locations in the input space. The set of locations
is determined in dependence on an objective function which
evaluates outputs of the one or more GP models. In some
examples, the determined locations share a common value
of a global context variable and one or more global decision
variables, and cover a sweep over values of a local context
variable. The common value of the global context variable

Mar. 13, 2025

may be determined from one iteration to the next by iterating
through a Halton sequence or another low discrepancy
sequence. The common values of the decision variables may
be determined by solving a constrained optimisation prob-
lem, as explained below.

[0069] The aim of the ECU calibration process is to
estimate or approximate a profile optimum which is the
optimal mapping of any permissible values of the one or
more context variables to optimal values of the one or more
decision variables, that is values which maximise the torque
whilst ensuring a set of predetermined engine constraints are
satisfied. More precisely, the purpose of the ECU calibration
process is to determine ECU calibration data which approxi-
mates the profile optimum as closely as possible, with a
great enough coverage of the context variables that close-
to-optimal values of the decision variables can be deter-
mined for any permissible values of the context variables,
for example by directly reading or interpolating the ECU
calibration data.

[0070] By decomposing the input location x=(z,u) into one
or more decision variables z and one or more context
variables u, the profile optimum ¢ may be defined by
Equation (3):

@) = z* 1= argmin A(z, u) 3)

such that ¢;(z, u) < 0,i=1, ... ,dg +dg,

[0071] where in an example the loss function h(z,u)=—
E [TQ(z,w)] is minus the expectation of the torque and
each of the engine constraints is defined in terms of a
respective deterministic function c,(z,u):=c,(x) that
depends on evaluations of one or more outputs of the
GP model at the input location x. In other examples, the
loss function may depend on a different engine perfor-
mance characteristic, or a combination of performance
characteristics, and the loss function may use a different
metric such as a quantile in place of the expectation.
The engine constraints include d,, continuous engine
constraints which constrain values of one or more
continuous engine performance characteristics, and dg
binary engine constraints for which an explicit binary
flag is provided. For each of the continuous engine
constraints, the function c,(x) may depend on any
deterministic function of one or more outputs of the GP
models, including the mean, standard deviation, quan-
tiles, or estimated lowest normalised value of the
outputs, or a combination of these, and may be aggre-
gated over multiple outputs for example by taking the
maximum, minimum or mean values over the outputs.
The estimated lowest normalised value for an output y
may be defined as 100x(E (y)-3SD(y)¥E (y). The
function c(x) may take form c,(x)=¢,(x)-&,(x), where
c{(x) depends solely on the outputs of the GP model and
£(x) is independent of the outputs of the GP model.
The function &,(x) may be provided in the form of a
lookup table from which values for intermediate values
of X can be interpolated. For each of the binary engine
constraints, assuming the binary flag data is provided in
the form [satisfied, violated]=[0, 1], the constraint may
be deemed to be violated if the value of the correspond-
ing binary classification output is greater than 0.5 or
another chosen value in the interval (0,1). For these
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binary constraints, the function c,(x)=E [b,(x)=1]-0.5,

where b, is the value of the corresponding binary

classification output.
[0072] The multidimensional constrained optimisation
problem posed by Equation (3) may be transformed to an
unconstrained optimisation problem by penalising the loss
function h(z,u) in dependence on the likeliness that a given
input location is feasible, as predicted by the GP models. The
predicted likeliness that a given input location is feasible
may refer to the predicted probability that the given input
location is feasible, or may refer to another predicted mea-
sure of closeness to certainty that the location is feasible.
The probability of an input location being feasible may be
estimated as p,,(z.W)=ILP [c(z,0)<0], where the probabil-
ity of a given engine constraint being satisfied may be
estimated, for example by drawing Monte Carlo samples
from the GP models for the continuous engine constraints
and using the Gaussian cumulative density function for the
binary engine constraints, or using other analytical formulae
where available. A penalised loss function may then be
defined, for example which is equal to the unpenalised loss
function h(z,u) when the probability of feasibility is one, and
less than the unpenalised loss function when the probability
of feasibility is less than one. In an example, the penalised
loss function is equal to the worst possible value of the loss
function when the probability of feasibility is zero (though
other choices are possible). An example of a suitable pen-
alised loss function is given by Equation (4):

loss, (2) = E[h(z, )] + (1 — interp X (hpa (1) — E[A(z, 1)]) G}

[0073] where interp is a transition function which con-
trols a transition from zero penalisation to maximum
penalisation around a given value of p.,(zu). The
function interp may for example be defined as o(Sx
(Preas(z0)-T))/6(SX(1-T)), where & is a sigmoid func-
tion, S is a parameter controlling the sharpness of
transition, and T is a parameter controlling the value of
Pfeas(z:1) at which the transition occurs. For a given
context value u, gradient-based optimisation of the
penalised loss function loss,(z) may be performed
using the following steps: (1) estimate h,,, (1) by
selecting the largest value of h(z,u) for a large number
of points sampled from the decision space; (2) use the
estimated value of h(z,u) to evaluate loss,(z) at a large
number of points sampled from the decision space; (3)
perform gradient-based optimisation (e.g. L-BFGS-B)
using the location of the best (lowest) value of the
loss,(z) as a starting point.

[0074] The objective function used to determine the set of
input locations in this example is an acquisition function
which evaluates the outputs of the GP model at candidate
sets of locations in the input space. The objective function
may be defined for a candidate set of Q locations in the input
space, for example as a sum over contributions from the Q
locations. A specific example of a suitable objective function
is given by Equation (5):

(g )) = 2 ALy, ) X | | Plerteg) = 0), )
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[0075] where AEI denotes the Augmented Expected
Improvement acquisition function with a baseline (u,)
given by current estimates of the profile optimum
value. The Augmented Expected Improvement acqui-
sition function is an extension of the classical Expected
Improvement acquisition function suitable for noisy
function observations, and performs a multiplicative
down-weighting of regular expected improvement to
account for a diminishing payoff for repeating mea-
surements in the same locations. The Augmented
Expected Improvement acquisition function is given by
Equation (6):

NEVarp:() | h()] ©

AEI(x, m) = El(x, )X ,
NEVar(p(x) | ()] + Var(a(x)

[0076] where EI denotes the classical Expected
Improvement Acquisition function.

[0077] The objective function of Equation (5) is penalised
in dependence on a predicted probability of each the engine
constraints being satisfied at a given location in the set of
input locations (or equivalently, in dependence on a pre-
dicted probability of each of the engine constraints being
violated at a given location). More generally, an objective
function may be penalised in dependence on a predicted
likeliness of one or more engine constraints being violated
for a given input location. The predicted likeliness of an
engine constraint being violated may refer to a predicted
probability of the engine constraint being violated, or may
refer to another measure of closeness to certainty that the
engine constraint is violated.
[0078] In practice, for each context value u, in the set, the
baseline 1(u,) appearing in Equation (5) is estimated using
gradient-based optimisation of the penalised loss function
loss,(z) as described above. The objective function J{x,} is
then optimised with respect to the values of the decision
variables, in order to determine the set of locations in the
input space. The objective function J{x_} may be optimised
for example by evaluating J{x,} at a large number of points
sampled from the decision space (e.g. uniformly distributed
across the decision space), and using selecting best point as
a starting point for gradient-based optimisation (e.g.
L-BFGS-B).
[0079] Although in the examples discussed above the sets
of input locations have a predetermined configuration in the
input space, in other examples sets of locations may be
determined without such a constraint, for example where all
of the context and decision variables may be adjusted freely
and rapidly during testing. Furthermore, in some examples
a set of input locations determined at a given iteration of
Bayesian optimisation may include just a single input loca-
tion.

[0080] The method 700 continues with obtaining, at 706,
measurements of each of the engine performance character-
istics covering at least a subset of the locations determined
at 704. To obtain the measurements, the engine is run on the
test bed with values of the context and decision variables set
to values according to the determined set of locations in the
input space. For each location, values of the engine perfor-
mance characteristics (and any context variables not pre-
cisely controllable on the test bed) are measured empirically
using test bed sensors. For each measurement, a data point
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is generated having an input portion representing the values
of'the context variables and decision variables, and an output
portion representing the measured values of the engine
performance characteristics. The obtaining of measurements
for a given set of input locations may be performed auto-
matically or with some level of human input. Furthermore,
as explained above, the measurements may be performed at
a far greater density of input locations than is determined at
704 to ensure fine-grained coverage of the relevant region of
the input space, and at locations only approximately corre-
sponding to those determined at 704. In cases where one or
more engine constraints are found to be violated at a given
input location, the taking of measurements may cease at that
input location, in which case synthetic data may be gener-
ated for any remaining input locations to indicating that the
engine constraint is violated at those remaining input loca-
tions.

[0081] Before proceeding to the next step, the measure-
ments obtained at 706, along with the corresponding values
of the context and decision variables, may be pre-processed,
combined, normalised or otherwise altered. In particular,
measured values of one or more performance characteristics
may be detrended with respect to one or more context
variables and/or decision variables. For example, the torque
of an engine may be strongly affected by the value of one or
more variables corresponding to throttle position and/or
derivable from throttle position. Accordingly, any GP model
tasked with predicting the torque directly will be forced to
reproduce this trend, which may reduce the ability of the GP
model to predict fine-scale variations around the trend. In
order to improve the sensitivity of such a GP model to these
fine-scale variations, measurements of the torque may there-
fore be detrended with respect to these one or more context
variables. The detrending may be performed relative to a
linear or higher order polynomial function or any other
suitable function. It has been found for example that the
torque of an engine displays a strong linear relationship with
the throttle position, and therefore measurements of the
torque may be detrended relative to a linear function of the
throttle position. To perform the detrending, least squares
estimation may be used to determine a best fit function
approximating the relationship between the measurements
of the engine performance characteristic and the relevant
input variable(s). The best fit function may then be sub-
tracted from the measurements, resulting in detrended mea-
surements which may optionally be rescaled to have a
chosen variance (for example, unit variance).

[0082] The method 700 proceeds with updating, at 708,
the one or more GP models using the measurements
obtained at 706. In particular, values of the trainable param-
eters for each of the one or more of the GP models, including
hyperparameters and variational parameters of the GP mod-
els and any auxiliary GPs, may be updated using gradient-
based optimisation with respect a maximum aposteriori or
maximum likelihood objective function. Updating the GP
models may include retraining the GP models from scratch
(for example using the initialisation method described
above) using all of the data collected up to and including the
current iteration. Alternatively, values of certain parameters
of the GP models, such as kernel hyperparameters and mean
functions, may be maintained or copied from the previous
iteration (or from the initialisation step 702), which may
reduce the number of gradient steps required at each itera-
tion. Values of the variational parameters may also be
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determined at each iteration in dependence on values of the
variational parameters from the previous iterations, though
it may not be possible to copy these values over directly due
to the inducing input locations changing between iterations
(as discussed below).

[0083] During the updating step, the set of inducing input
locations may be augmented to include additional inducing
input locations depending on the set of locations determined
at 704. However, this approach results in the number of
inducing input locations increasing with the number of
iterations, which has the potentially undesirable effect of
slowing down the ECU calibration process as more data is
collected. Alternatively, the set of inducing input locations
may be recalculated at each iteration, enabling the number
of inducing input locations to remain constant or approxi-
mately constant between iterations. Inducing input locations
may for example be placed by indexing the data for example
in dependence on the order in which the data points are
collected, and selecting equally spaced indices (optionally
with an offset that varies between iterations). It will be
appreciated that other methods of selecting inducing input
locations are possible, for example to ensure that the induc-
ing input locations cover regions corresponding to each of
the Bayesian optimisation iterations. Inducing input loca-
tions may for example be determined by clustering the input
locations of the data points (e.g. using k-means of
DBSCAN). In other examples, inducing input locations are
treated as trainable parameters of the GP models.

[0084] The steps 704-708 continue iteratively until a pre-
determined stopping condition is satisfied, with new mea-
surements being collected and the GP models being updated
at each iteration. The stopping condition may for example
include one or more convergence criteria being satisfied, one
or more engine performance criteria being satisfied, or a
predetermined number of iterations having taken place. At a
given iteration, an estimated profile optimum is available to
the extent that for a given set of values of the context
variables, a set of estimated optimal values of the decision
variables, and associated values of the profile optimum, can
be determined using gradient-based optimisation. The stop-
ping condition may be dependent on evaluations of the GP
models at the estimated profile optimum. For example, the
stopping condition may be dependent on a metric comparing
a deviation between the determined values of the decision
variables (or the corresponding value of the profile opti-
mum) at a given iteration with the values determined at a
previous iteration. The stopping condition may be dependent
on this deviation falling below a given threshold, indicating
that the profile optimum has converged. Examples of suit-
able metrics include root mean squared difference or mean
absolute difference. Alternatively, or additionally, the stop-
ping condition may be dependent on a mean variance of one,
some, or all of the GP models at the estimated profile
optimum dropping below a given threshold. In this way, the
uncertainty estimates built into the GP models can be used
to self-assess the quality of the profile optimum estimate at
each iteration.

[0085] When the stopping condition is satisfied, the
method 700 concludes with generating, at 710, ECU cali-
bration data for mapping values of the one or more context
variables to values of the one or more decision variables.
The ECU calibration data may be in the form of a lookup
table or equivalent data structure. Generating the ECU
calibration data may involve, for combinations of context
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variables covering the entire permissible domain of context
variables at a sufficiently high resolution, performing gra-
dient-based optimisation using the trained GP models to
estimate optimal values of the decision variables, and stor-
ing the resulting mappings. Optimal values of the decision
variables may be determined using the probability distribu-
tions generated by the GP models, for example based on a
minimum value of the penalised loss function or any other
suitable function of the outputs, for example depending on
expectation values and/or quantiles derived from the out-
puts. The approach may be refined to ensure continuous
variation of the decision variables with respect to the context
variables where possible, in order to avoid jumping between
values unnecessarily in case of the GP outputs exhibiting
multimodal behaviour.

[0086] It will be appreciated that the test bed experiments
may be performed using a control system separate from the
data processing system performing the method 700, for
example at a different location and possibly controlled by a
different commercial entity. For example, the experiments
may be performed by a vehicle manufacturer and the data
processing system guiding the experimentation may be
operated by a third party. In this case, the data processing
system guiding the experimentation may process data points
from a remote system, and generate recommendations of
variable values to be sent to the remote system for further
experimentation. The entity operating the data processing
system may not need to be provided full details of the
experimental setup or even the physical details of all of the
parameters, variables, and performance characteristics, pro-
vided the relevant constraints on the performance charac-
teristics are provided, allowing the entity performing the
experiments to avoid sharing sensitive information.

[0087] At least some aspects of the examples described
herein with reference to FIGS. 1-7 comprise computer
processes or methods performed in one or more processing
systems and/or processors. However, in some examples, the
disclosure also extends to computer programs, particularly
computer programs on or in an apparatus, adapted for
putting the disclosure into practice. The program may be in
the form of non-transitory source code, object code, a code
intermediate source and object code such as in partially
compiled form, or in any other non-transitory form suitable
for use in the implementation of processes according to the
disclosure. The apparatus may be any entity or device
capable of carrying the program. For example, the apparatus
may comprise a storage medium, such as a solid-state drive
(SSD) or other semiconductor-based RAM; a ROM, for
example, a CD ROM or a semiconductor ROM; a magnetic
recording medium, for example a hard disk; optical memory
devices in general; etc.

[0088] The above embodiments are to be understood as
illustrative examples of the invention. Further embodiments
of the invention are envisaged. For example, the methods
described herein may be used to calibrate control units for
electric motors or hybrid systems, or indeed for any task in
which it is required to determine mappings from context
variables to decision variables. Furthermore, the systems
and methods described herein may be used to calibrate an
ECU based on data generated completely or in part using a
numerical simulator for an engine or a part of an engine. In
such cases, the steps of obtaining measurements of engine
performance characteristics may be replaced with obtaining
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data from the numerical simulator representing simulated
values of the engine performance characteristics.

[0089] It is to be understood that any feature described in
relation to any one embodiment may be used alone, or in
combination with other features described, and may also be
used in combination with one or more features of any other
of the embodiments, or any combination of any other of the
embodiments. Furthermore, equivalents and modifications
not described above may also be employed without depart-
ing from the scope of the invention, which is defined in the
accompanying claims.

1. A system comprising:
a test bed comprising:
aplurality of sensors for measuring values of a plurality
of performance characteristics of an engine; and
a plurality of controllers for adjusting values of a
plurality of variables associated with the operation of
the engine, the plurality of variables including:
one or more context variables which, when the
engine is in use, have values derivable from driv-
ing system inputs and/or environmental inputs;
and
one or more decision variables representing param-
eters of the engine adjustable by an ECU in
dependence on values of the one or more context
variables; and
a data processing system comprising means for perform-
ing operations comprising:
for a plurality of iterations:
determining, based on an objective function, a set of
locations in an input space, each location in the input
space representing a value of each of the plurality of
variables,
wherein the objective function is arranged to evaluate
outputs of one or more Gaussian process models for
a candidate set of locations in the input space, each
of the one or more Gaussian process models having
a respective set of trainable parameters and being
arranged to predict, for a given location in the input
space, respective probability distributions for one or
more of the plurality of engine performance charac-
teristics,
wherein the objective function is penalised in depen-
dence on a likeliness predicted by the one or more
Gaussian process models of one or more predeter-
mined engine constraints being violated for a given
location of the candidate set of locations;
obtaining, using the plurality of sensors and the plu-
rality of controllers, measurements of each of the
plurality of engine performance characteristics cov-
ering at least a subset of the determined set of
locations in the input space; and
updating, using the obtained measurements of the plu-
rality of engine performance characteristics, values
for the respective set of trainable parameters of each
of the one or more Gaussian process models; and
generating, using probability distributions for the plurality
of engine performance characteristics predicted by the
outputs of the one or more Gaussian process models,
ECU calibration data for mapping values of the one or
more context variables to values of the one or more
decision variables.
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2. The system of claim 1, wherein the determined set of
locations in the input space comprises a plurality of loca-
tions in the input space having a predetermined configura-
tion relative to one another.

3. The system of claim 2, wherein for a given iteration of
the plurality of iterations, the predetermined configuration
includes a sweep across a predetermined range of a first
variable of the plurality of variables.

4. The system of claim 3, wherein the first variable is a
first context variable and has a value adjustable by a throttle
position.

5. The system of claim 4, wherein:

the first context variable represents volumetric efficiency

or injected fuel mass; and

the plurality of variables includes a second context vari-

able representing engine speed.

6. The system of claim 5, wherein for a given iteration of
the plurality of iterations, the predetermined configuration
prohibits variation of the second context variable.

7. The system of claim 2, wherein:

for a given iteration of the plurality of iterations, the

predetermined relative configuration imposes a com-
mon value of a given variable of the plurality of
variables; and

the common value of the given variable is updated

between iterations in accordance with a low discrep-
ancy sequence.

8. The system of claim 1, wherein:

the operations further comprise detrending the measure-

ments of one of the engine performance characteristic
with respect to one or more of the plurality of variables;
and

one of the Gaussian process models is configured to

predict a probability distribution for detrended values
of said one of the engine performance characteristics.

9. The system of claim 8, wherein:

the determined set of locations in the input space com-
prises a plurality of locations in the input space having
a predetermined configuration relative to one another;

for a given iteration of the plurality of iterations, the
predetermined configuration includes a sweep across a
predetermined range of a first variable of the plurality
of variables;

the first variable is a first context variable and has a value
adjustable by a throttle position; and

said one of the plurality of engine performance charac-
teristics is a torque generated by the engine and said
one of the plurality of variables is the first context
variable.

10. The system of claim 1, wherein for a given iteration
of the plurality of iterations, determining the set of locations
in the input space comprises determining, based on the
objective function, a respective value for each of the one or
more decision variables, the respective values being com-
mon across the set of locations in the input space.

11. The system of claim 1, wherein:

the obtained measurements of the plurality of engine

performance characteristics include a binary flag indi-
cating whether a given engine constraint is violated for
each location of said at least subset of the locations in
the input space;
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the one or more Gaussian process models include a
classification model for predicting whether the given
engine constraint is violated for a given location in the
input space; and

the objective function is penalised in dependence on an
output of the classification model.

12. The system of claim 11, wherein:

the determined set of locations in the input space com-
prises a plurality of locations in the input space having
a predetermined configuration relative to one another;

for a given iteration of the plurality of iterations, the
predetermined configuration includes a sweep across a
predetermined range of a first variable of the plurality
of variables;

for a given iteration of the plurality of iterations, the
operations further comprise generating, responsive to
the binary flag indicating the given engine constraint
being violated for a first location of the determined set
of locations, synthetic data indicating that the given
engine constraint is violated for one or more further
locations in the input space, the one or more further
locations covering a portion of the sweep extending
beyond the first location; and

the updating of values for the set of trainable parameters
comprises updating, using the generated synthetic data,
values for the respective set of trainable parameters of
the classification model.

13. The system of claim 1, wherein a first Gaussian
process model of the one or more Gaussian process models
includes a heteroscedastic likelihood.

14. The system of claim 13, wherein the operations further
comprise:

obtaining, using the plurality of sensors and the plurality
of controllers, measurements of the plurality of engine
performance characteristics for a sample of locations in
the input space;

determining values of a set of trainable parameters of a
second Gaussian process model, thereby to fit the
second Gaussian process model to the obtained mea-
surements for the sample of locations, the second
Gaussian process model corresponding to the first
Gaussian process model with a homoscedastic likeli-
hood in place of the heteroscedastic likelihood; and

initialising values for the respective set of trainable
parameters of the first Gaussian process model based
on the determined values of the set of trainable param-
eters of the second Gaussian process model.

15. The system of claim 1, wherein for a given iteration
of the plurality of iterations, obtaining said measurements of
each of the plurality of engine performance characteristics
covering said at least subset of the determined set of
locations in the input space comprises obtaining measure-
ments of each of the plurality of engine performance char-
acteristics for a plurality of further locations in the input
space, in dependence on the determined set of locations in
the input space.

16. The system of claim 1, wherein the one or more
Gaussian process models comprise one or more sparse
variational Gaussian process models, and the respective set
of trainable parameters of each of the one or more sparse
variational Gaussian process models includes variational
parameters for each of the one or more sparse variational
Gaussian processes.



US 2025/0084803 Al

17. The system of claim 1, wherein the engine is an
internal combustion engine.
18. The system of claim 17, wherein:
the engine comprises a plurality of cylinders; and
the one or more decision variables include, for a given
engine cylinder of the plurality of engine cylinders, a
variable intake valve timing, a variable exhaust valve
timing, and/or a rate of exhaust gas recirculation.
19. A method of calibrating an ECU for an engine, the
method comprising:
for a plurality of iterations:
determining, based on an objective function, a set of
locations in an input space, each location in the input
space representing a value of each of a plurality of
variables,
wherein the plurality of variables comprises:
one or more context variables which, when engine is
in use, have values derivable from driving system
inputs and/or environmental inputs; and
one or more decision variables representing param-
eters of the engine adjustable by the ECU in
dependence on values of the one or more context
variables,
wherein the objective function is arranged to evaluate
outputs of one or more Gaussian process models for
a candidate set of locations, the one or more Gauss-
ian process models each having a respective set of
trainable parameters and being arranged to predict,
for a given location in the input space, respective
probability distributions for one or more of the
plurality of engine performance characteristics,
wherein the objective function is penalised in depen-
dence on a likeliness predicted by the one or more
Gaussian process models of one or more predeter-
mined engine constraints being violated for a given
location of the candidate set of locations;
obtaining measurements of each of the plurality of
engine performance characteristics covering at least
a subset of the selected set of locations in the input
space; and
updating, using the obtained measurements of the plu-
rality of engine performance characteristics, values
for the respective set of trainable parameters of each
of the one or more Gaussian process models; and
generating, using probability distributions for the plurality
of engine performance characteristics predicted by the
one or more Gaussian process models, ECU calibration
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data for mapping values of the one or more context
variables to values of the one or more decision vari-
ables.

20. One or more non-transitory storage media comprising
instructions which, when the instructions are executed by a
computer, cause the computer to carry out operations com-
prising:

for a plurality of iterations:

determining, based on an objective function, a set of
locations in an input space, each location in the input
space representing a value of each of a plurality of
variables,
wherein the plurality of variables comprises:
one or more context variables which, when engine is
in use, have values derivable from driving system
inputs and/or environmental inputs; and
one or more decision variables representing param-
eters of the engine adjustable by the ECU in
dependence on values of the one or more context
variables,
wherein the objective function is arranged to evaluate
outputs of one or more Gaussian process models for
a candidate set of locations, the one or more Gauss-
ian process models each having a respective set of
trainable parameters and being arranged to predict,
for a given location in the input space, respective
probability distributions for one or more of the
plurality of engine performance characteristics,
wherein the objective function is penalised in depen-
dence on a likeliness predicted by the one or more
Gaussian process models of one or more predeter-
mined engine constraints being violated for a given
location of the candidate set of locations;
obtaining measurements of each of the plurality of
engine performance characteristics covering at least
a subset of the selected set of locations in the input
space; and
updating, using the obtained measurements of the plu-
rality of engine performance characteristics, values
for the respective set of trainable parameters of each
of the one or more Gaussian process models; and
generating, using probability distributions for the plurality
of engine performance characteristics predicted by the
one or more Gaussian process models, ECU calibration
data for mapping values of the one or more context
variables to values of the one or more decision vari-
ables.



