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(57) ABSTRACT

A mechanism for generating output data using a generative
model. The generative model comprises a plurality of score-
based neural networks, each configured to generate an initial
score processable, using a sampling technique, to produce an
instance of example data. The initial scores are combined to
define a combined score. The combined score is processed
using the sampling technique to generate the output data.
Each score-based neural network is trained using a different
set of training data.
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SYSTEM AND METHOD

CROSS REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims the benefit of European
Patent Application No. 23194855.5, filed Sep. 1, 2023. This
application is incorporated by reference herein.

FIELD OF THE INVENTION

[0002] The invention relates to the field of score-based
generative models.

BACKGROUND OF THE INVENTION

[0003] There is an increasing interest in the development
and use of generative models to generate output data from
some input data. There are a wide variety of uses for
generative models, such as those designed for performing
one or more medical or clinical tasks (such as sleep analysis,
image reconstructions, image segmentation and so on).
[0004] In score-based generative models, the input data is
typically processed to produce a score, sometimes labelled
a score function, that defines one or more characteristics of
a probability distribution for the output data. The score is
then processed using an appropriate sampling technique to
generate or predict the output data. In particular, the prob-
ability distribution defined by the score is sampled using the
sampling technique to generate some output data. The input
data and the output data may, for instance, be multi-dimen-
sional.

[0005] There is an ongoing desire to improve the flexibil-
ity of use and accuracy of generative models.

SUMMARY OF THE INVENTION

[0006] The invention is defined by the claims.

[0007] According to examples in accordance with an
aspect of the invention, there is provided a processing
system configured to: receive a plurality of initial scores,
wherein each initial score is an output of a different score-
based neural network based on input data relating to a
subject, wherein the plurality of initial scores is for use in a
generative model, wherein each initial score defines a prob-
ability distribution for sampling output data, wherein each
score-based neural network has been independently trained
using a different set of training data; use the generative
model to generate a combined score by performing a vector
derivative with respect to the output data on the plurality of
initial scores; and process the combined score, using a
sampling technique, to produce the output data of the
generative model, wherein the output data is representative
of' a medical condition of the subject.

[0008] The present disclosure proposes an approach for
generating a combined score from a plurality of initial
scores. In the context of the present disclosure, the term
score takes on the meaning used in the field of generative
models, e.g., to comprise information that represents the
distribution of probable values for an output. Each initial
score is generated by a different score-based neural network,
e.g., that processes a respective set of input data to produce
the initial score. Each set of input data pertains or relates to
a same entity, e.g., a same subject or individual. The set of
input data processed by each score-based neural network
may be the same set of input data or, preferably, different
sets of input data. For instance, each set of input data may
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contain data for a different set or grouping of characteristics
of the entity (e.g., subject or individual).

[0009] By combining scores from independent score-
based neural networks, each trained on a different input type,
a flexibility in the input types used is achieved. The inven-
tors have recognized that this provides an output that is at
least comparable, in terms of quality, to a generative model
employing a score-based neural network simultaneously
trained on all input types.

[0010] This allows input types for the generative model to
be added or removed without requiring the entire generative
model to be retrained. Rather, in the case of adding an input
type, only an (i.e., one) additional score-based neural net-
work independently trained on the new input type is
required, while in the case of removing an input type, the
score-based neural network trained for the removed input
type is simply not used.

[0011] FEach initial score may be a vector differential
operator.
[0012] In an embodiment, the input data comprises two or

more sets of one or more physiological signals known to
correlate to a sleep stage of the subject or to a sleep-
disordered breathing of the subject.

[0013] In an embodiment, the physiological signals com-
prise one or more of: an electroencephalography signal, an
electrooculography signal, an electromyography signal, an
electrocardiogramanal, a ballistocardiography signal, a seis-
mocardiography signal, a pulse oximetry signal, and/or a
respiratory signal.

[0014] In an embodiment, the processing system is con-
figured to use the generative model to process the input data
using the different score-based neural networks to generate
the plurality of initial scores.

[0015] In some examples, each set of training data com-
prises training data for a respective one of a plurality of
different data types; and the processing system is further
configured to: receive a plurality of sets of input data, each
set of input data containing input data for a respective one
of the plurality of different data types; and provide each set
of input data to a score-based neural network trained using
a set of training data of the same type to generate the
plurality of initial scores.

[0016] The generative model may be a clinical assessment
tool. In other words, the generative model may be config-
ured to generate output data for aiding a clinical decision,
such as aiding in the understanding, analysis and/or assess-
ment of the condition of a medical subject such as a patient.
Examples of clinical assessment tools include those
designed for aiding in the performance of any suitable
medical task. Example clinical assessment tools include a
model for determining a hypnogram of a sleep session by
processing physiological signals; predicting whether or not
one or more pathologies (e.g., cardiac defects, respiratory
problems etc.) are present by processing physiological sig-
nals; identifying one or more target anatomical elements
(e.g., tumors, growths, cancers etc.) in one or more medical
images; segmenting anatomical elements in one or more
medical images; denoising of medical images; predictive
generation of medical image data from a portion of medical
image data; and so on. This list of examples is non-
exhaustive, and the skilled person would be readily capable
of identifying additional functions and/or tasks to be per-
formed by a generative model acting as a clinical assessment
tool.
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[0017] In an embodiment, the generative model is a clini-
cal assessment tool, wherein the input data comprises physi-
ological signals of the subject, wherein the clinical assess-
ment tool comprises a model for predicting whether or not
one or more pathologies are present by processing the
physiological signals.

[0018] The output data of the generative model may be a
time series, i.e., a sequence or vector of data values that
represent different values of output data over time.

[0019] The sets of training data together comprise physi-
ological signals for one or more subjects during one or more
sleep sessions. In other words, the generative model may be
trained to analyze a subject’s sleep.

[0020] The physiological signals may comprise one or
more of: an electroencephalography signal, an electroocu-
lography signal, an electromyography signal, an electrocar-
diogramaignal, a ballistocardiography signal, a seismocar-
diography signal, a pulse oximetry signal, a
photoplethysmographic signal, a snoring microphone audio
signal, an ambient microphone audio signal, body move-
ment signal, a respiratory movement signal, a respiratory
effort signal and/or a respiratory airflow signal.

[0021] In some examples, the time series is a hypnogram
or hypodensity graph (e.g., a sleep stage probability over
time). A hypnogram is a time series of estimated sleep stages
for a subject during a sleep session. In other examples, the
time series is representative of a sleep event probability over
time, such as a sleep disordered breathing (SDB) event
probability over time. In some examples, the time series may
express, for each sample, the probability that an SDB event
(e.g. an obstructive or central apnea, or a hypopnea)
occurred at that time. Other examples of sleep events include
cortical or autonomic arousals, periodic limb movements, or
any other cortical or autonomic event occurring during, and
associated with (normal, or disordered) sleep.

[0022] In some approaches, each set of training data
comprises a different type of physiological signal. By com-
bining the initial scores from score-based neural networks
independently trained on different types of physiological
signals, the generative model may be easily adapted for
different combinations of physiological signals. This allows
the generative model to be used regardless of the particular
physiological signals available in a given case.

[0023] In an embodiment, the input data is representative
of a signal responsive to a sleep stage of the subject during
a sleep session.

[0024] Inanembodiment, the output data of the generative
model is a time series, wherein the time series is a hypno-
gram or a hypnodensity graph.

[0025] In an embodiment, the input data is representative
of a signal response to a disordered breathing of the subject
during a sleep session.

[0026] Inanembodiment, the output data of the generative
model is a time series, wherein the time series is represen-
tative of a sleep event probability over time.

[0027] Each set of training data may comprise data from
a different group of subjects. In other words, the processing
system may use a federated learning technique.

[0028] The different groups of subjects may be grouped
according to a clinical setting associated with each subject.
This allows the generative model to make use of information
from a large number of clinics, without requiring the clinics
to share confidential patient data. Further, clinics can be

Mar. 6, 2025

added to or removed from the generative model without the
need for retraining the entire model.

[0029] The different groups of subjects may be grouped
according to one or more demographic criteria. For instance,
subjects may be grouped according to one or more of age,
comorbidities, severity of sleep disordered breathing, etc.
The generative model may then be tailored to a subject being
analyzed, by only using the initial scores from score-based
neural networks trained for demographic groups to which
the subject belongs.

[0030] In some examples, each set of training data com-
prises data from a different subject. This allows individual
subjects to opt in or out of being used by the generative
model, without requiring the entire generative model to be
retrained.

[0031] The processing system may be further configured
to, for each initial score: generate a plurality of samples by
iteratively performing a sampling on the initial score; and
process the plurality of samples to generate a measure of
uncertainty of the initial score. The uncertainty may be any
measure of statistical dispersion, such as a variance, stan-
dard deviation, interquartile range and so on. The processing
system may be configured to process the initial scores to
generate a combined score by performing a process com-
prising combining only those initial scores whose measure
of uncertainty meets one or more predetermined conditions.
[0032] In some examples, the processing system may be
configured to generate a combined measure of uncertainty
by combining the measure of uncertainty generated for each
initial score. The combined measure of uncertainty may be
output (e.g., displayed) alongside the output data of the
generative model to indicate a measure of general (aleatoric)
uncertainty of the overall generative model.

[0033] In an alternative approach, the combined measure
of uncertainty is generated using the combined score. In
particular, the method may comprise generating a plurality
of second samples by iteratively performing a sampling on
the combined score; and process the plurality of second
samples to generate the combined measure of uncertainty.

[0034] There is also proposed a computer-implemented
method, comprising: receiving a plurality of initial scores,
wherein each initial score is an output of a different score-
based neural network based on input data relating to a
subject, wherein the plurality of initial scores is for use in a
generative model, wherein each initial score defines a prob-
ability distribution for sampling output data, wherein each
score-based neural network has been independently trained
for a different set of training data; using the generative
model to generate a combined score by performing a vector
derivative with respect to the output data on the plurality of
initial scores; and processing the combined score, using a
sampling technique, to produce output data of the generative
model wherein the output data is representative of a medical
condition of the subject.

[0035] The computer-implemented method may be con-
figured to perform the function of any herein disclosed
processing system, and vice versa.

[0036] There is also proposed a computer program product
comprising computer program code means which, when
executed on a computing device having a processing system,
cause the processing system to perform all of the steps of
any herein disclosed method.

[0037] Thereis also proposed a respiratory support system
for providing an airflow to a subject. The respiratory support
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system comprises a processing system, at least two sensors
and an airflow control system. The processing system is as
previously described, and configured to generate (as the
output data) an output signal responsive to a predicted
occurrence of respiratory difficulty of the subject. Each
sensor is adapted to generate a different physiological signal
of the subject. Each score-based neural network used by the
processing system is configured to generate an initial score
by processing a respective, different physiological signal.
Thus, each score-based neural network is trained using a
respective instance of training data for a same type of data
as a respective one of the physiological signals. The pro-
cessing system is configured to process the initial scores to
generate a combined score; and process the combined score,
using a sampling technique, to produce the output data of the
generative model. The airflow control system is configured
to control a property of the airflow to the subject based on
the output data of the generative model, e.g., based on the
predicted occurrence of any respiratory difficulty of the
subject.

[0038] This approach provides a mechanism for active
management of the airflow to a subject using directly
monitored physiological signals. In particular, each physi-
ological signal is independently processed using a separate
or dedicated score-based neural network to produce a
respective initial score. The initial scores are then combined,
with the combined score being used to predict or generate an
output signal responsive to a predicted occurrence of respi-
ratory difficulty. This output signal is then used to control an
airflow to the subject. Occasionally, a subject removes a
sensor while using the respiratory support system, for
example unintentionally while moving during sleep, or
intentionally when feeling discomfort while trying to fall
asleep. The processing system is able to generate the com-
bined score based on the initial scores that are available,
without the need for dedicated training for each specific
combination of sensors. In another case, the subject replaces
a sensor with another sensor. For example, the subject has
been using a face mask with a sensor for a certain time. Due
to wear of the face mask, the subject replaces the worn face
mask with a face mask from a different brand or different
model. The processing device is able to generate a new
initial score based on the physiological signal from the
sensor in the new face mask.

[0039] There is also proposed a sleep stage determination
system for determining sleep stages of a subject. The sleep
stage determination system comprises a processing system
and at least two sensors. Each sensor is adapted to generate
a different physiological signal of the subject. The process-
ing system is embodied as previously described, wherein
each score-based neural network is configured to generate an
initial score by processing a different one of the physiologi-
cal signals produced by the at least two sensors. Thus, each
score-based neural network is trained using a respective
instance of training data for a same type of data as a
respective one of the physiological signals. The processing
system is configured to process the initial scores to generate
a combined score; and process the combined score, using a
sampling technique, to produce the output data of the
generative model. The output data is representative of one or
more sleep stages of the subject.

[0040] These and other aspects of the invention will be
apparent from and elucidated with reference to the embodi-
ment(s) described hereinafter.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0041] For a better understanding of the invention, and to
show more clearly how it may be carried into effect,
reference will now be made, by way of example only, to the
accompanying drawings, in which:

[0042] FIG. 1 illustrates a workflow for a proposed
approach;

[0043] FIG. 2 is a flowchart illustrating a proposed
method;

[0044] FIG. 3 is a flowchart illustrating a variation to the
proposed method; and

[0045] FIG. 4 is a flowchart illustrating yet another pro-
posed method.

DETAILED DESCRIPTION OF THE

EMBODIMENTS
[0046] The invention will be described with reference to
the Figures.
[0047] It should be understood that the detailed descrip-

tion and specific examples, while indicating exemplary
embodiments of the apparatus, systems and methods, are
intended for purposes of illustration only and are not
intended to limit the scope of the invention. These and other
features, aspects, and advantages of the apparatus, systems
and methods of the present invention will become better
understood from the following description, appended
claims, and accompanying drawings. It should be under-
stood that the Figures are merely schematic and are not
drawn to scale. It should also be understood that the same
reference numerals are used throughout the Figures to
indicate the same or similar parts.

[0048] The invention provides a mechanism for generat-
ing output data using a generative model. The generative
model comprises a plurality of score-based neural networks,
each configured to generate an initial score processable,
using a sampling technique, to produce an instance of
example data. The initial scores are combined to define a
combined score. The combined score is processed using the
sampling technique to generate the output data. Each score-
based neural network is trained using a different set of
training data.

[0049] The present disclosure provides a concept of using
multiple score-based neural networks to produce separate
scores, which are then combined to define the score from
which output data is generated.

[0050] In some examples, different score-based neural
networks may be trained to process input data of different
sets of input (data) types. In effect, this means that if a
certain input (data) type is unavailable, then the score-based
neural network for that type can be deactivated, with the
remaining score-based neural networks producing initial
scores for combination. This increases a flexibility of use of
the proposed generative model.

[0051] In the context of the present disclosure, an input
(data) type represents input data for a particular variable.
Thus, instances of input data of different input (data) types
are instances of input data of different variables. The term
input (data) type (i.e., input type or input datatype) and
variable are therefore considered to be semantically inter-
changeable. Thus, different score-based neural networks
may be trained to process input data of different sets or
combinations of one or more input variables.
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[0052] In some examples, different score-based neural
networks may be trained using training data for different
populations or groups of one or more subject. This effec-
tively introduces a federated learning component to the
generative model, improving the accuracy of the generative
model by reducing a specificity to a particular population or
group of subjects (e.g., reducing unconscious bias of the
generative model).

[0053] The present disclosure thereby effectively defines
or provides a new architecture for a generative model.

[0054] In general, a score-based generative model receives
some input data, which is processed in order to produce a
prediction of some output data. One characteristic of a
score-based generative model (also known as a diffusion
model) is the use of a score derived from the input data,
which defines or characterizes a probability distribution. A
sampling technique is used to process the score (particularly
the probability distribution) to generate or predict one or
more values for the output data. In other words, the input
data is used to define probable values for output data (e.g.,
in the form of a score for a probability distribution). The
actual output data is produced by sampling the probable
values using a sampling technique to guess or estimate the
output data.

[0055] The present invention proposes a concept of gen-
erating multiple initial scores using different score-based
neural networks (i.e., separate or individual diffusion mod-
els). Each score-based neural network is trained using dif-
ferent sets of training data. The different sets of training data
may, for instance, represent training data produced for
different populations and/or for different types/variables of
input data. The multiple initial scores are then combined or
fused to produce a combined score, which is used to define
or derive the output data.

[0056] Some notation is hereafter defined to aid in the
contextual understanding of the proposed approach. None-
theless, it is noted that the general principle of a score-based
neural network for generating a score for use in a generative
model (specifically a diffusion model) is well known in the
art, e.g., as set out by Karras, Tero, et al. “Elucidating the
design space of diffusion-based generative models.”
Advances in Neural Information Processing Systems 35
(2022): 26565-26577 Song, Yang, et al. “Score-based gen-
erative modeling through stochastic differential equations.”
arXiv preprint arXiv: 2011.13456 (2020).

[0057] The notation x, denotes an input signal or channel
with index i, i.e., represents an instance of input data. The
overall input data for a generative model may be formed
from a plurality of input signals, e.g., up to N input signals.
Each input signal may, for instance, represent a different
variable, i.e., a different type or category of input data.
Alternatively, different input signals may represent different
subsets of input data. In some examples, one or more of the
input signals are the same.

[0058] The notation y denotes output data, such as an
output signal.

[0059] As aworking example, in the context of sleep stage
prediction, an input signal X, may represent any signal
responsive to a sleep stage of a subject during a sleep
session, such as an EEG signal; an ECG signal; a PPG
signal; an audio signal (e.g., measured by a microphone);
and/or a motion signal (e.g., responsive to a breathing
motion of the subject). In this working example, the output
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data y may be a hypnogram depicting predicted sleep stages
for the subject during the sleep session.

[0060] As another working example, in the context of
sleep disordered breathing prediction, an input signal x; may
represent any signal responsive to a disordered breathing of
the subject during a sleep session, such as an EEG signal; an
ECG signal; a PPG signal; an audio signal (e.g., measured
by a microphone); and/or a motion signal (e.g., responsive
to a breathing motion of the subject). In this working
example, the output data y may be an output signal depicting
the probability of an SDB event occurring over time.

[0061] As previously mentioned, a score represents or
defines a probability distribution from which output data is
derived, e.g., by sampling the probability distribution. In a
working example, V,, (‘del’ or ‘nabla’) denotes the vector
derivative of a function with respect to y. V, log p(y) and V,
log p(ylx;) can represent different types of scores, in this case
a prior score (e.g., a baseline score) and an initial score,
respectively. That is, these scores are the vector derivates
with respect to y of the logarithm of a probability distribu-
tion of y.

[0062] One aim of the proposed disclosure is to calculate
a combined score V, log p(yIx;, X,, . . . , X) from which the
output data can be generated. The combined score is pro-
duced by combining two or more initial scores and, option-
ally/preferably, the prior score. This combined score V, log
p(YIXy, Xy, - . ., Xp) effectively takes into account multiple
input signals or subsets of input data in producing the
combined score. This effectively produces a score given all
measurement modalities available or present.

[0063] The combined score may effectively be a vector
differential operator that defines or characterizes the prob-
ability distribution from which a predicted output can be
derived.

[0064] In practice, it is functionally impossible to capture
or express the prior score V,, log p(y) and/or the initial scores
V, log p(ylx;) exactly. Instead, the present disclosure pro-
poses that these scores are learned/approximated through
application of neural networks. These neural networks can
be any function parameterized by learnable parameters 0
that take y and (for producing an initial score) X, as input and
output a score. In equations this can be expressed as:

V, logp(y) = sg,(», 0) M

Vylogp(y | x) = 59, (, %) @)

[0065] Where s(.) Denotes the neural network. Each initial
score is produced by a differently trained neural network. In
particular, each neural network is trained using a different set
of training data. Thus, the parameters 6 for different neural
networks are learned using different sets of training data. In
some examples, the parameters may be learned per signal
source (e.g.. the index j may be equal to the index i).
Moreover, the prior score can be viewed as a special case of
the initial score, where i=0 and x,=0.

[0066] There are several known types of neural network
that are able to learn how to approximate scores, which are
commonly referred to as score matching techniques. Known
examples include sliced score matching and denoising score
matching. The herein proposed invention is agnostic to the
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score matching technique used. Thus, the type of score
matching technique employed is immaterial to proposed
embodiments.

[0067] As previously mentioned, a goal of the proposed
approach is to produce a combined score V, log p(ylx,, x5,
..., X,) by combining initial scores. One example technique
for estimating the combined score from the initial scores
(and optionally the prior score) is defined by the follow
equation:

3)
Vylogp(y|x1, X2, v, Xw) =

N
V,logp(y) + )" (V,logp(y | x) = Vylogp())
=1

[0068] The scores on the right hand of the equation may be
estimated by neural networks as in (1) and (2). In other
words, the combined score is only ever produced or inferred
during deployment, without needing training on a combined
signal model.

[0069] It is of note that the gradient with respect to the
source, Vy, is taken, since the normalization constants dis-
appear. As a consequence, it is a fundamental requirement to
use score-based neural networks, instead of more classical
deep learning approaches (e.g., cross entropy).

[0070] FIG. 1 conceptually illustrates an example work-
flow 100 for a proposed approach.

[0071] In particular, FIG. 1 illustrates how initial scores
can be combined to produce the combined score. In particu-
lar, a plurality of input signals I1, 12, . . ., IN or input data
portions are processed using a respective plurality of neural
networks N1, N2, . .., NN to generate a respective plurality
of initial scores IS1, IS2, . . ., ISN.

[0072] Each neural network N1, N2, . . . . N3 may also
process the output data y to generate the respective initial
score. In this way, each neural network may effectively
operate using the principle of denoising score matching, e.g.,
as explained or set out by Vincent, Pascal. “A connection
between score matching and denoising autoencoders.” Neu-
ral computation 23.7 (2011): 1661-1674; Karras, Tero, et al.
“Elucidating the design space of diffusion-based generative
models.” Advances in Neural Information Processing Sys-
tems 35 (2022): 26565-26577 amongst others.

[0073] The plurality of initial scores are combined (by a
combining process CP) to produce the combined score CS.
[0074] The combined score CS is then processed using a
sampling technique ST to produce output data y. In particu-
lar examples, the combined score may define a probability
distribution (or distributions) for the output data y. The
probability distribution(s) are appropriately sampled by the
sampling technique to then produce the output data.
[0075] There are many possible sampling techniques able
to perform this procedure including: Langevin dynamics,
denoising diffusion probabilistic models (DDPM), denois-
ing diffusion implicit models (DDIM), and ordinary differ-
ential equation (ODE) solvers such as Euler’s method or
higher order Runge-Kutta methods. The proposed approach
is agnostic to the precise sampling used. Thus, the type of
sampling technique employed is immaterial to proposed
embodiments.

[0076] In some instances, a prior score PS is also gener-
ated by processing a previous prediction for the output data
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y using an appropriately trained neural network Nps. The
generation of the combined score CS may further use the
prior score (as well as the initial scores) to produce the
combined score, e.g., by employing the approach described
by equation (3).

[0077] In this way, the production of the output data may
be an iterative approach to iteratively update a predicted
output y using input data I[1, 12, . . ., IN. Thus, the proposed
approach may effectively aim to solve the question of “based
on a current version of the output, what is a better estimate
of that output given an input?”.

[0078] It has previously been mentioned how a score-
based neural network is used to process input data to
produce an initial score. In particular, different score-based
neural networks produce different initial scores, which are
then combined in producing a combined score.

[0079] The structure of an artificial neural network (or,
simply, neural network) is inspired by the human brain.
Neural networks are comprised of layers, each layer com-
prising a plurality of neurons. Each neuron comprises a
mathematical operation. In particular, each neuron may
comprise a different weighted combination of a single type
of transformation (e.g. the same type of transformation,
sigmoid etc. but with different weightings). In the process of
processing input data, the mathematical operation of each
neuron is performed on the input data to produce a numerical
output, and the outputs of each layer in the neural network
are fed into the next layer sequentially. The final layer
provides the output.

[0080] Methods of training a neural network to perform
the function of score generation are well known. As a
general overview, such a neural network can be trained by
adding noise to training data and training the neural network
to denoise this training data to thereby define the (trained)
score-based neural network.

[0081] Example approaches for suitably training a score-
based neural network are described by Song, Yang, et al.
“Score-based generative modeling through stochastic differ-
ential equations.” arXiv preprint arXiv: 2011.13456 (2020);
Karras, Tero, et al. “Elucidating the design space of diffu-
sion-based generative models.” Advances in Neural Infor-
mation Processing Systems 35 (2022): 26565-26577; Ho,
Jonathan, Ajay Jain, and Pieter Abbeel. “Denoising diffusion
probabilistic models.” Advances in neural information pro-
cessing systems 33 (2020): 6840-6851; and Pang, Tianyu, et
al. “Efficient learning of generative models via finite-differ-
ence score matching.” Advances in Neural Information
Processing Systems 33 (2020): 19175-19188. This list of
example approaches is non-exhaustive, and the skilled per-
son will readily appreciate a wide variety of other
approaches and/or techniques for suitably training a neural
network to perform a score generating function.

[0082] As previously explained, different score-based
neural networks are trained using different sets of training
data. Thus, the training data for training a nth score-based
neural network may comprise a nth set of training data.

[0083] The skilled person will appreciate that there is a
direct connection between the training data used to train a
particular score-based neural network and the input data
processed by the neural network during later inference (to
produce the initial score). In particular, the input data
processed during inference contains the same type of data
(e.g., representing the same or comparable (e.g., surrogate
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version of the) property/properties or variable(s)) as that of
the example input data in the training data used to train the
score-based neural network.

[0084] FIG. 2 is a flowchart illustrating a proposed method
200. The method 200 is a computer-implemented method,
which may be executed by a processing system, suitable
embodiments of which are later described. The method 200
describes an inference process that makes use of a genera-
tive model having a herein-proposed architecture, e.g.,
employs a plurality of different score-based neural networks.

[0085] The method comprises a step 210 of receiving a
plurality of initial scores, wherein each initial score is an
output of a different score-based neural network of a gen-
erative model and defines a probability distribution for
sampling output data, wherein each score-based neural net-
work has been independently trained for a different set of
training data.

[0086] Step 210 may comprise, for instance, a sub-step
211 of receiving a plurality of instances of input data. Each
instance of input data may, for example, represent an input
signal generated by a different sensor or defined in a
different field or entry of a data record for a subject.

[0087] Two or more sets of one or more instances of input
data is then processed, in a sub-step 212, by a respective
score-based neural network to generate an initial score.
Thus, each score-based neural network processes one or
more instances of input data to produce an initial score.
Different score-based neural network process different sets
of (one or more) instances of input data. As previously
mentioned, each score-based neural network has been inde-
pendently trained for and/or using a different set of training
data, e.g., has been designed to process a particular set (e.g.,
combination) of one or more instances of input data. Suit-
able examples of instances of input data and/or sets of
training data will be provided later in this disclosure. The
method 200 also comprises a step 220 of processing the
initial scores to generate a combined score. Suitable
approaches for performing step 220 have been previously
described.

[0088] The method 200 also comprises a step 230 of
processing the combined score, using a sampling technique,
to produce output data of the generative model. In particular,
step 230 may comprise a sub-step 231 of defining a prob-
ability distribution using the combined score. Step 230 may
then perform a sub-step 232 of processing the probability
distribution using a sampling technique to produce the
output data. Examples of suitable sampling techniques have
been previously described, and would be otherwise apparent
to the person skilled in the art.

[0089] It has been previously described how different
score-based neural networks are trained using different sets
of training data.

[0090] Ina first working example, each score-based neural
network is trained to process input data of a different set of
one or more input (data) types (representing one or more
different variables) to produce a respective initial score.
Thus, during a training process, one score-based neural
network will be trained using one set of training data
(containing example input data for a first set of input (data)
types) and another score-based neural network will be
trained using a different set of training data (containing
example input data for a second, different set of input (data)

types).
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[0091] An input (data) type defines an expected source for
a corresponding instance of input data. Thus, for instance,
input data of a first type is produced or otherwise provided
by a first source (e.g., a first sensor) and input data of a
second type is produced or otherwise provided by a second,
different source (e.g., a second sensor).

[0092] In this first working example, during inference
using the trained score-based neural networks, each score-
based neural network will process input data produced from
a different set of input sources to generate initial score. This
produces a different initial score for different sets or com-
binations of input sources, which are then combined to
produce the combined score.

[0093] In a second working example, each score-based
neural network is trained to process a same set of one or
more input (data) types to produce a respective score.
However, during the training process, different training
datasets are used to train different neural networks.

[0094] As one example, different training datasets may
represent data from different populations of subjects (e.g.,
different demographics, locations and so on). Thus, each set
of training data may comprise data from a different group of
subjects. As a working example, each separate training
dataset may belong to a specific demographic of subject,
such as age brackets, presence of comorbidities, or severity
of sleep disordered breathing.

[0095] As another example, different training datasets may
represent data from a different single subject or individual.
Thus, each set of training data may comprise data from a
different subject. Thus, it is effectively possible to aggregate
the score-based neural networks built for different subjects/
individuals. Individual subjects can readily opt-in and opt-
out at any time for their score-based neural network to be
used, without the need for retraining the entire algorithm.
Rather, the individual score-based neural network can be
simply left out of combination process.

[0096] In this second working example, during inference
using the trained score-based neural network, each score-
based neural network will process input data produced from
a same set of input sources to generate initial scores. As each
score-based neural network has been trained using different
datasets, then it will be apparent that different initial scores
will be produced.

[0097] This second working example effectively provides
a federated learning technique to generate the combined
score.

[0098] Of course, a combination of these two working
examples may also be performed. For instance, each score
based neural network may be trained using datasets for
different populations of subjects and/or to process a different
set of one or more input (data) types. Thus, in some
examples, there may be at least three score-based neural
networks of which at least two of the score-based neural
networks may be trained using datasets for different popu-
lations of subjects and at least two of the score-based neural
networks may be trained to process different sets of input
(data) types. As another example, there may be a plurality of
score-based neural networks for which one score-based
neural network is trained using a first populations of subject
and to process a first set of input (data) types, with another
score-based neural network being trained using a second
(different) population of subjects and a second (different) set
of input (data) types.
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[0099] The method 200 may further comprise a step 240
of outputting or otherwise providing the output data (gen-
erated in step 230). Step 240 may, for instance, comprise
controlling a user interface to provide a visual representation
of the output data. In examples, step 240 may comprise
storing the output data in a memory or storage system. Step
240 may also/otherwise comprise processing the output data
(e.g., using a further algorithmic process). Step 240 may be
carried out by a separate processing system, for examples.
Step 240 may comprise performing any combination of one
or more of the above-described examples.

[0100] FIG. 3 is a flowchart illustrating a method 300,
which is a variation of the previously described method 200
described with reference to FIG. 2. In this variation, it is
assumed that at least two of the score-based neural networks
are configured to process a different set of one or more input
(data) types.

[0101] The method 300 comprises a modified version of
step 210. In particular, step 210 further comprises a step 310
of identifying one or more available types of input data for
determining the output data. Step 210 further comprises a
step 320 of identifying any of the score-based neural net-
work that requires an unavailable type of input data to
produce an initial score. Responsive to a positive determi-
nation/identification in step 320, step 210 performs a step
330 of preventing any identified score-based neural network,
in step 320, from contributing to the combined score. In
particular, step 330 may comprise preventing any identified
score-based neural network, in step 320, from producing an
initial score.

[0102] Of course, step 220 may appropriately comprise
preventing any initial score produced by a score-based
neural network that requires an unavailable type of input
data from contributing to the combined score.

[0103] This approach can effectively adjust, on the fly
(e.g., per subject), the generation of the combined score
based on the availability of input data for producing the
initial score. This advantageously provides a generative
model architecture that is adaptive to the circumstances in
which it is deployed.

[0104] In the context of the present disclosure, a type of
input data may be considered to be unavailable if the
corresponding input data is not obtained or is obtained at an
insufficiently high quality. Approaches for determining a
quality of input data are well known in the art, including
approaches that monitor a signal-to-noise ration of the input
data. This advantageously avoids the need to repeat a
sampling or recording of input data if the production of a
particular type of input fails, for instance.

[0105] FIG. 4 is a flowchart illustrating a method 400 that
provides additional optional steps or processes for any
previously described method 200, 300 for generating an
output for a generative model.

[0106] The method 400 is configured to only allow initial
scores that meet one or more predetermined quality condi-
tions to contribute to the combined score. In particular, the
method 400 is configured such that only those initial scores
that are able to produce output data with a relatively high
certainty are permitted to contribute to the combined score.
[0107] The method 400 further comprises performing a
step 410 of, for each initial score, generating a plurality of
samples by iteratively performing a sampling on the initial
score. Any suitable sampling technique may be employed in
step 410. Preferably, the same sampling technique as used in
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step 230 is employed in step 410 to same each initial score
in producing the plurality of samples.

[0108] The method 400 further comprises a step 420 of
processing the plurality of samples to generate a measure of
uncertainty of the initial score. Any known measure of
uncertainty may be determined in step 420, examples of
which include any measure of statistical dispersion, such as
a variance, standard deviation, interquartile range and so on.
[0109] The step 220 may be adapted to comprise combin-
ing only those initial scores whose measure of uncertainty
meets one or more predetermined conditions. Thus, with
reference to FIG. 1, only those initial scores that meet the
one or more predetermined conditions may form part of the
initial scores IS1, IS2, .. ., ISN that are processed to produce
the combined score. Examples of suitable predetermined
conditions include a measure of uncertainty being below a
predetermined value, e.g., a standard deviation being below
a predetermined value. Other example conditions will be
readily apparent to the suitably skilled person in the art.
Proposed approaches can be employed or applied in a wide
variety of circumstances and/or situations. A number of
working examples are hereafter described.

[0110] In one working example, the proposed approach is
employed for the classification of sleep stages during a sleep
session of a subject.

[0111] The input data to be processed by the score-based
neural networks (to produce the initial score(s)) may com-
prise two or more sets of one or more physiological signals
known to correlate or be otherwise responsive to a sleep
stage of the subject. Suitable examples include neurological
signals, such as EEG, EOG, EMG, but can also include
alternative sensor modalities, which characterize sleep from
an autonomic nervous system activity perspective, such as
cardiac signals (e.g., ECG, PPG, BCG, SCQG), or respiratory
signals (such as those measured with thoracic and/or
abdominal respiratory belts, bed sensors, Doppler radars,
chest-mounted accelerometers, etc.).

[0112] FEach score-based neural network may be config-
ured (i.e., be appropriately trained) to process a different set
of one or more physiological signals in order to produce a
respective initial score. Thus, each set of physiological
signals may be processed by a different score-based neural
network to produce a plurality of initial scores. The initial
scores are then combined, using previously described
approaches, to produce a combined score. The combined
score is then processed, using a sampling algorithm and
previously described approaches, to predict a time series of
data representing predicted sleep stages of the subject
through the sleep session.

[0113] In another working example, the proposed
approach is employed for the detection of sleep-disordered
breathing (SDB).

[0114] The input data to be processed by the score-based
neural networks (to produce the initial score(s)) may com-
prise two or more sets of one or more physiological signals
known to correlate or be otherwise responsive to sleep-
disordered breathing. Examples include those same physi-
ological signals set out above for the sleep-stage prediction
example. Further examples include physiological signals
produced by sensors that measure the direct effects of SDB
events, such as airflow sensors (e.g., nasal pressure cannu-
las, or oronasal thermistors), or oxygen saturation sensors
(e.g., finger-mounted transmissive SpO2, or transmissive
SpO2 mounted on other parts of the body).
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[0115] As before, each score-based neural network may be
configured (i.e., be appropriately trained) to process a dif-
ferent set of one or more physiological signals in order to
produce a respective initial score. Thus, each set of physi-
ological signals may be processed by a different score-based
neural network to produce a plurality of initial scores. The
initial scores are then combined, using previously described
approaches, to produce a combined score. The combined
score is then processed, using a sampling algorithm and
previously described approaches, to predict a time series of
data representing predicted occurrences (or non-occurrence)
of'sleep disordered breathing of the subject through the sleep
session.

[0116] The output data of the generative model may be
used to control the operation of a respiratory support device
for the subject, e.g., to control a property of an airflow
provided to a subject. This facilitates direct control over the
operation of a respiratory support device based on the
predicted occurrence of sleep disordered breathing, for
improved control over the mechanically-aided breathing of
the subject.

[0117] Thus, there is provided a respiratory support device
for providing an airflow to a subject. The respiratory support
device comprises a processing system configured to carry
out a previously described method for generating an output
using a generative model. The respiratory support device
also comprises at least two sensors, each adapted to generate
a physiological signal of the subject. Each score-based
neural network is trained for processing a different set of the
physiological signals to produce a respective initial score.
Thus, each score-based neural network has been indepen-
dently trained using a different set of training data, wherein
the different sets of training data contain data for a same type
or property as each set of physiological signals. The pro-
cessing system is configured generate an initial score for
each set of physiological signals produced by the at least two
sensors and control a property of the airflow based on the
output data produced by the generative model. Examples of
suitable properties include pressure, pressure profile, flow-
rate, temperature, and/or humidity.

[0118] In another working example, the proposed
approach is employed for the segmentation of an anatomical
element, such as a tumor or growth, in image data.

[0119] In this working example, the input data to be
processed by the score-based neural networks (to produce
the initial score(s)) may comprise two or more instances of
image data, e.g., of different imaging modalities, of a same
region of interest. Examples include MRI images, CT
images, PET images, ultrasound images and so on.

[0120] Each score-based neural network may be config-
ured (i.e., be appropriately trained) to process a different
modality of image in order to produce a respective initial
score. Thus, each instance of image data in the input data
may be processed by a different score-based neural network
to produce a plurality of initial scores. The initial scores are
then combined, using previously described approaches, to
produce a combined score. The combined score is then
processed, using a sampling algorithm and previously
described approaches, to predict a segmentation of the
anatomical element in at least one of the instances of image
data. Thus, the output data of the generative model is a
segmentation of the anatomical element.

[0121] The proposed approach or technique can be applied
to perform a wide variety of technical tasks. Proposed
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approaches are particularly advantageous when used to
process or analyze medical data in order to perform a
medical analysis task.

[0122] The skilled person would be readily capable of
developing a processing system for carrying out any herein
described method. Thus, each step of the flow chart may
represent a different action performed by a processing
system, and may be performed by a respective module of the
processing system.

[0123] Embodiments may therefore make use of a pro-
cessing system. The processing system can be implemented
in numerous ways, with software and/or hardware, to per-
form the various functions required. A processor is one
example of a processing system which employs one or more
microprocessors that may be programmed using software
(e.g., microcode) to perform the required functions. A pro-
cessing system may however be implemented with or with-
out employing a processor, and also may be implemented as
a combination of dedicated hardware to perform some
functions and a processor (e.g., one or more programmed
microprocessors and associated circuitry) to perform other
functions.

[0124] Examples of processing system components that
may be employed in various embodiments of the present
disclosure include, but are not limited to, conventional
microprocessors, application specific integrated circuits
(ASICs), and field-programmable gate arrays (FPGAs).
[0125] In various implementations, a processor or process-
ing system may be associated with one or more storage
media such as volatile and non-volatile computer memory
such as RAM, PROM, EPROM, and EEPROM. The storage
media may be encoded with one or more programs that,
when executed on one or more processors and/or processing
systems, perform the required functions. Various storage
media may be fixed within a processor or processing system
or may be transportable, such that the one or more programs
stored thereon can be loaded into a processor or processing
system.

[0126] It will be understood that disclosed methods are
preferably computer-implemented methods. As such, there
is also proposed the concept of a computer program com-
prising code means for implementing any described method
when said program is run on a processing system, such as a
computer. Thus, different portions, lines or blocks of code of
a computer program according to an embodiment may be
executed by a processing system or computer to perform any
herein described method.

[0127] There is also proposed a non-transitory storage
medium that stores or carries a computer program or com-
puter code that, when executed by a processing system,
causes the processing system to carry out any herein
described method.

[0128] In some alternative implementations, the functions
noted in the block diagram(s) or flow chart(s) may occur out
of the order noted in the Figures. For example, two blocks
shown in succession may, in fact, be executed substantially
concurrently, or the blocks may sometimes be executed in
the reverse order, depending upon the functionality
involved.

[0129] Variations to the disclosed embodiments can be
understood and effected by those skilled in the art in
practicing the claimed invention, from a study of the draw-
ings, the disclosure and the appended claims. The mere fact
that certain measures are recited in mutually different depen-
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dent claims does not indicate that a combination of these
measures cannot be used to advantage.

[0130] In the claims, the word “comprising” does not
exclude other elements or steps, and the indefinite article “a”
or “an” does not exclude a plurality. If the term “adapted to”
is used in the claims or description, it is noted the term
“adapted to” is intended to be equivalent to the term “con-
figured to”. If the term “arrangement” is used in the claims
or description, it is noted the term “arrangement” is intended
to be equivalent to the term “system”, and vice versa.
[0131] A single processor or other unit may fulfill the
functions of several items recited in the claims. If a com-
puter program is discussed above, it may be stored/distrib-
uted on a suitable medium, such as an optical storage
medium or a solid-state medium supplied together with or as
part of other hardware, but may also be distributed in other
forms, such as via the Internet or other wired or wireless
telecommunication systems.

[0132] Any reference signs in the claims should not be
construed as limiting the scope.

1. A processing system configured to:

receive a plurality of initial scores (IS1-ISN),

wherein each initial score (IS1-ISN) is an output of a

different score-based neural network (N1-NN) based
on input data (I1-IN) relating to a subject,

wherein the plurality of initial scores (IS1-ISN) is for use

in a generative model,
wherein each initial score (IS1-ISN) defines a probability
distribution for sampling output data (y),

wherein each score-based neural network (N1-NN) has
been independently trained using a different set of
training data;
use the generative model to generate a combined score
(CS) by performing a vector derivative with respect to
the output data (y) on the plurality of initial scores
(IS1-ISN); and

process the combined score (CS), using a sampling tech-
nique (ST), to produce the output data (y) of the
generative model,

wherein the output data (y) is representative of a medical

condition of the subject.

2. The processing system of claim 1, wherein the input
data comprises two or more sets of one or more physiologi-
cal signals known to correlate to a sleep stage of the subject
or to a sleep-disordered breathing of the subject.

3. The processing system of claim 2, wherein the physi-
ological signals comprise one or more of: an electroencepha-
lography signal, an electrooculography signal, an electro-
myography signal, an electrocardiogramaignal, a
ballistocardiography signal, a seismocardiography signal, a
pulse oximetry signal, and/or a respiratory signal.

4. The processing system of claim 1, configured to:

use the generative model to process the input data (I1-IN)

using the different score-based neural networks (N1-
NN) to generate the plurality of initial scores (IS1-
ISN).
5. The processing system of claim 4, wherein:
each set of training data comprises training data for a
respective one of a plurality of different data types; and
the processing system is further configured to:
receive a plurality of sets of input data, each set of input
data containing input data for a respective one of the
plurality of different data types; and
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provide each set of input data to a score-based neural
network trained using a set of training data of the
same type to generate the plurality of initial scores.

6. The processing system of claim 1, wherein the genera-
tive model is a clinical assessment tool,

wherein the input data comprises physiological signals of

the subject,

wherein the clinical assessment tool comprises a model

for predicting whether or not one or more pathologies
are present by processing the physiological signals.

7. The processing system of claim 1, wherein the input
data (x,) is representative of a signal responsive to a sleep
stage of the subject during a sleep session.

8. The processing system of claim 7, wherein the output
data of the generative model is a time series,

wherein the time series is a hypnogram or a hypnodensity

graph.
9. The processing system of claim 1, wherein the input
data (x;) is representative of a signal response to a disordered
breathing of the subject during a sleep session.
10. The processing system of claim 9, wherein the output
data of the generative model is a time series, wherein the
time series is representative of a sleep event probability over
time.
11. The processing system of claim 1 further configured
to, for each initial score:
generate a plurality of samples by iteratively performing
a sampling on the initial score; and

process the plurality of samples to generate a measure of
uncertainty of the initial score process the initial scores
to generate a combined score by performing a process
comprising combining only those initial scores whose
measure of uncertainty meets one or more predeter-
mined conditions.

12. A computer-implemented method, comprising:

receiving a plurality of initial scores (IS1-ISN),

wherein each initial score (IS1-ISN) is an output of a

different score-based neural network (N1-NN) based
on input data (I1-IN) relating to a subject,

wherein the plurality of initial scores (IS1-ISN) is for use

in a generative model,
wherein each initial score (IS1-ISN) defines a probability
distribution for sampling output data (y),

wherein each score-based neural network (N1-NN) has
been independently trained for a different set of training
data;
using the generative model to generate a combined score
(CS) by performing a vector derivative with respect to
the output data (y) on the plurality of initial scores
(IS1-ISN); and

processing the combined score (CS), using a sampling
technique (ST), to produce the output data (y) of the
generative model,

wherein the output data (y) is representative of a medical

condition of the subject.

13. A computer program product comprising computer
program code means which, when executed on a computing
device having a processing system, cause the processing
system to perform all of the steps of the method according
to claim 12.

14. A respiratory support system for providing an airflow
to a subject, the respiratory support system comprising:

the processing system according to claim 1;

two sensors; and
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an airflow control system,

wherein the each of the two sensors is adapted to generate
a different physiological signal of the subject,

wherein the input data comprises the different physiologi-
cal signals of the subject,

wherein the generative model comprises the plurality of
score-based neural networks,

wherein each score-based neural network is configured to
generate an initial score by processing a respective one
of the different physiological signals,

wherein each score-based neural network is trained using
a respective instance of training data for a same type of
data as the respective one of the different physiological
signals,

wherein the airflow control system is configured to con-
trol a property of the airflow to the subject based on the
output data of the generative model.

15. A sleep stage determination system for determining

sleep stages of a subject, the sleep stage determination
system comprising:
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the processing system according to claim 1;

two sensors; and

wherein the each of the two sensors is adapted to generate
a different physiological signal of the subject,

wherein the input data comprises the different physiologi-
cal signals of the subject,

wherein the generative model comprises the plurality of
score-based neural networks,

wherein each score-based neural network is configured to
generate an initial score by processing a respective one
of the different physiological signals,

wherein each score-based neural network is trained using
a respective instance of training data for a same type of
data as the respective one of the different physiological
signals,

wherein the output data is representative of one or more
sleep stages of the subject.

#* #* #* #* #*
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