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latent feature extractor as well as a neural network (NN) comprising latent feature extrac-
tor built by said method and/or with said system. The method comprises providing non-
uniform training data for a multitude of tasks and optimising parameters (0) of a neural
network (NN) of the latent feature extractor based on the multitude of tasks.
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Description

A method for building a deep latent feature extractor for in-

dustrial sensor data

The present invention relates to a method of and a system for
building a latent feature extractor as well as a neural net-
work (NN) comprising latent feature extractor built by said

method and/or with said system.

Today, labelled data is one of the if not even the most im-
portant ingredient for enabling machine learning based arti-
ficial intelligence (AI) solutions to solve new and challeng-
ing automation tasks. Labelled data describes datasets that
have been specifically annotated by domain knowledge with a
specific problem setting in mind such that the parameters of

a machine learning model can be optimised by examples.

For example in an image classification problem a method
should automatically detect whether a person is present in an
image recorded by a camera. The current state of the art in
solving this problem with methods from the domain of machine
learning requires to build a labelled dataset that contains
images and corresponding labels that indicate whether a per-
son 1is present or not in each image. Given this labelled da-
taset the machine learning algorithm can learn a function
that maps input pixels to a classification by repeatedly
viewing examples from the labelled dataset. Even though
building such a dataset sounds quite straight forward it can
be incredibly labour and cost intensive if not even infeasi-
ble since, depending on the complexity of the target problem,
thousands to millions of these labelled data instances are

required.

In the industrial domain, labelling a sufficient amount of
data is hard if not even infeasible. The reason for this lies

in the fact that in contrast to the common domain, where ba-
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sically anybody can label data (e.g. determine whether an im-
age shows a cat or a dog), in the industrial domain only a
very small amount of highly specialized domain experts are
able to label data (e.g. annotate the condition of a gas tur-
bine) . Unfortunately, the most advanced and promising methods
from the field of AI, especially Deep Learning, regquire huge
amounts of labelled data for learning complex relationships

between inputs and the target task to solve.

There are basically two ways to solve this problem. The first
is to invest large amounts of money in training a workforce
of highly specialized data labellers that build the required
labelled datasets for every single target problem for which
an AI solution based on machine learning is pursued. Obvious-
ly this approach is not very attractive since it is very la-
bour intensive and expensive and also requires access to a
large pool of (external) data which is not feasible in many
cases. The second approach relies on classic domain specific
feature engineering based on established signal processing
methods like Fast Fourier Transform (FFT), Wavelets, moving
statistics to name a few. If these features significantly fa-
cilitate the learning task, also the amount of required la-
belled data will be reduced. Applying this approach can be
seen as manual feature extraction where the input sensor sig-
nals are represented (embedded) in a new interpretable space.
However, such feature engineering is often not possible as
not always a suitable signal processing method exists/is ap-

plicable.

Consequently, there is a need for a way to reduce the amount
of labelled data necessary for training neural networks for
ATl solutions in the industrial field where non-uniform and
multidimensional data (e.g. different sensor data) is the in-

put.

Therefore, the present invention provides a method for build-

ing a latent feature extractor according to independent claim
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1 and a system of building a latent feature extractor as well
as a neural network according to the further independent
claims. Further refinements of the present invention are sub-

ject of the dependent claims.

According to a first aspect of the present invention a method
of building a latent feature extractor comprises the steps
of:

Providing non-uniform training data comprising k¢ training
examples for each single task T of a multitude of T; tasks.
Optimising parameters 6 of a neural network (NN) of the la-
tent feature extractor based on the multitude of T; tasks.
Thereto, the following steps are executed iteratively until
the parameters 6 have converged:

Randomly selecting a single tasks T from the multitude of T;
tasks for optimising the parameters ©.

Sampling the current randomly selected task T for ny itera-
tions with the respective kr training examples of the non-
uniform training data for optimising the parameters 6 based
on the current randomly selected task T.

In each iteration n of the ny iterations the following steps
are executed:

Extracting latent features from a training signal of the cur-
rent training example k of the respective training examples
kr with the latent feature extractor.

Deriving an output signal o: for the current randomly select-
ed task T from the extracted latent features with a respec-

tive task module of the current randomly selected task T.

According to a second aspect of the present invention a sys-
tem for building a latent feature extractor arranged and con-
figured for executing the method as described above comprises
the latent feature extractor and task modules. The latent
feature extractor is utilised for extracting the latent fea-
tures. The latent feature extractor is shared for each task T
of the multitude of Ti tasks. The task modules for each sin-

gle task T of the multitude of Ti tasks are located down-
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stream the latent feature extractor and utilised for deriving

the output signal o: for the respective task T.

According to a third aspect of the present invention a neural
network (NN), preferably a deep NN and in particular an
(deep) industrial NN, comprises a latent feature extractor, a
combiner module in case multiple input signals are provided
to the neural network and a specific task module. The latent
feature extractor is built by the method and/or with the sys-
tem as described above. The combiner module is located down-
stream the latent feature extractor. The specific task module
is located downstream the latent feature extractor and (if

present) the combiner module, respectively.

In order to reduce the amount of labelled training data the
specific target task is not learned from scratch but model
parameters 6 of the latent feature extractor are pre-
initialised to a reasonable starting point. This can be seen
as equipping the (deep) (industrial) NN (= model) with some
amount of prior domain knowledge beforehand which lowers the
amount of required labelled examples to solve the target task
tremendously. As mentioned above, in the industrial domain
labelled data is a major bottleneck for implementing AI solu-
tions based on machine learning. Having pre-trained models
comprising general latent feature extractors (pre-trained
(deep) NN) that automatically extract latent features from
general industrial sensor data such as temperatures, torques,
current and voltage profiles do reduce the amount of labelled
training data needed to train an industrial neuronal network

for a specific task.

In the following first various (deep) (industrial) neural
network architecture concepts that are of interest for learn-
ing a latent feature extractor for industrial sensor data are

described.
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In the simplest scenario the input to the (deep) NN/model
consists of a single signal. For example, the input to the
model consists of a single sequence of fixed length like 1s
[second] of torgue measurements of the spindle in a milling
machine measured with a 500hz [Hertz] frequency, which re-
sults in 500 values per input. Given the context of the data
the data has to be properly normalized such that the values
are not too large or too low. Normally, min-max normalization
or centring the data and scaling to unit wvariance or just
scaling the values by some other constant (e.g. observed
standard deviation within the complete data) can be utilised.
The normalized signal will be fed into the subsequent (deep)
NN. The (deep) NN consumes the normalized input signal and
produces outputs optimised for a specific target task. For
example, for an anomaly detection scenario the model might
output the probability that the input signal contains an
anomaly or in an activity recognition task class probabili-
ties for various activities that might have generated the in-
put signal. Generally, the (deep) NN architecture can be sub-
divided into two modules (which are optimised end-to-end not
independently later on), the (general) latent feature extrac-
tor ((deep) “sub-NN”) and a specific task module ((deep)
“sub-NN”). The latent feature extractor consumes the normal-
ized sensor signal data and outputs a latent fea-
ture/embedding of that input signal. The latent feature ex-
tractor represents a function that encodes the input sensor
signal (s) into a latent feature space where each feature rep-
resents meaningful information extracted from the input data
that is useful for the downstream specific task module. Here,
the latent feature extraction is performed by a (deep) NN
that consists of multiple 1D convolutional neural network
layers that are stacked on top of each other. With a deeper
architecture the model can extract locally detected latent
features and further combine them in a hierarchical fashion
in the deeper layers. The (deep) NN architecture might fur-
ther contain some other components like batch normalization

layers or skip connections to stabilize the training of the
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components. The specific task module consumes the latent fea-
tures produced by the latent feature extractor and produces
outputs required for the specified target task. The specific
task module is a (deep) neural network that combines the la-
tent features and produces values meaningful for the specific
target problem (e.g. an anomaly probability, class probabili-

ties or any other wvalue).

In a more complex scenario the input to the (deep) (industri-
al) NN/model consists of multiple input signals. Each of the
input signals to the approach consists of a single sequence
of fixed length, for example 1s of torque measurements of the
spindle and the x, y, z coordinates of the spindle in a mill-
ing machine measured with a 500hz frequency, which results in
500 values per input signal. Like described above, the input
data needs to be normalised. In contrast to the single input
scenario each of the types of the input signals have to be
normalised individually 1f they were not measured by a relat-
ed sensor. For example a torque measurement needs to be nor-
malised differently than a coordinate measurement. The re-
sulting normalized signal will be fed into the (deep) (indus-
trial) NN. The (deep) NN consumes the normalized input signal
and produces outputs optimised for the specific target task
(e.g. anomaly detection scenario or activity recognition
task). Generally the (deep) NN architecture can be subdivided
into three modules (which are optimised end-to-end not inde-
pendently later on). The latent feature extractor ((deep)
“sub”-NN) consumes each of the normalized sensor signals in-
dividually and outputs latent features/embeddings for each of
the input signals. The latent feature extractor represents a
function that encodes each single input sensor signal into a
latent feature space where each features represent meaningful
information extracted from the input data that is useful for
the downstream modules. As described before, the latent fea-
ture extraction is performed by a (deep) NN that consists of
multiple 1D convolutional neural network layers that are

stacked on top of each other. With a deeper architecture the
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model can extract locally detected latent features and fur-
ther combine them in a hierarchical fashion in the deeper
layers. The deep neural network architecture might further
contain some components like batch normalization layers or
skip connections to stabilize the training of the (deep) NN.
The combiner module combines the latent features produced by
the latent feature extractor for every input signal in a rea-
sonable way. In the simplest case, they get simply concate-
nated, added or multiplied. In more complex scenarios, the
combiner is also a (deep) “sub-NN” that learns meaningful
combinations of the various latent features extracted from
each input signal. The output of the combiner module is fed
into the specific task module. The specific task module con-
sumes the combined latent features produced by the combiner
module and produces outputs required for the specific target
task. The specific task model is a (deep) “sub-NN” that com-
bines latent features and produces values meaningful for the
target problem (e.g. an anomaly probability, class probabili-
ties or any other value). The (deep) (industrial) NN is hence
a combination of the (deep) “sub-NN” of the latent feature
extractor and the combiner module (if present) and the (deep)

“sub-NN” of the specific task module.

The general latent feature extractor is built or pre-trained
in a multi-task training setting. In order to train the la-
tent feature extractor on a general level multiple different
tasks T; are optimised in the pre-training while the latent
feature extractor is shared between all the different tasks
T;. The combiner modules and of course the task modules are
not shared. This means that during pre-training of the gen-
eral latent feature extractor all tasks T; optimise the same
(deep) NN of the general latent feature extractor, which is
responsible for extracting the useful features from the vari-

ous non-uniform input industrial sensor signals.

Based on the non-uniform training data the (general) latent

feature extractor is built or rather pre-trained. For each of
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the T; different tasks, which are used for building/pre-
training the latent feature extractor, the non-uniform train-
ing data comprises a predefined number of k¢ training exam-
ples. The T; tasks may include several tasks with multiple
input signals and some tasks with only one input signal. The
different tasks may cover different problems in the industri-
al field, for example, error/fault detection, state detection
or prediction, security issues etc. For example, a task with
multiple input signals could be detection of anomalies in the
operation of a gas turbine (probability thereof) based on
different sensor signals having different dimensions includ-
ing rotational speed, torque, current load, vibrations of the
drive shaft, state of stress of the turbine blades and the
like. An exemplary task with only one single sensor input
signal could be the detection of faulty electrical components
based on a current profile at a power source. The more dif-
ferent the tasks are (underlying problem and used input sig-
nals) the more general the resulting latent feature extractor
will be.

For each of the different tasks used for training the (gen-
eral) latent feature extractor corresponding labelled train-
ing data has to be provided. Due to the different tasks the
provided training data is non-uniform (different number of
input signals as well as different values and dimensions).
The non-uniform training data used for building/pre-training
the (general) latent feature extractor comprises a predefined

number of training examples for each of the different tasks.

The (general) latent feature extractor is based on its (deep)
NN. The (deep) NN comprises the internal parameters 6. During
pre-training of the (deep) NN of the latent feature extractor

the parameters 6 are optimised.

The optimising is done by first randomly selecting one single
task T of the multitude of T; different tasks. The selection

of the tasks is random and based on an equal probability p(T)



10

15

20

25

30

35

WO 2020/156835 PCT/EP2020/051127

for all tasks such that during the process of optimising the
parameters 6 each of the tasks T; is selected nearly equally

often.

Subsequently, the randomly selected task T is sampled based
on the corresponding k¢ training examples of the non-uniform
training data for ny iterations. The number of iterations nj
is predefined. Sampling means feeding the current training
signals of the current training example to the latent feature
extractor and based on latent features generated by the la-
tent feature extractor deriving the current output o: by
means of the respective task module for the current randomly
selected task T. Based on the generated output o; of the cur-
rent task T the parameters 6 are then adjusted such that the
next output o; will as closely as possible approximate to a
given result of the current training example. In other words,
(latent) features are extracted from the training signal (s)
of the current training example k by the latent feature ex-
tractor based on the current parameters 6. Then the extracted
latent features are processed by the respective task module
for the current task T and the output o; is generated. The
output o; is compared to the given result of the current
training example. Based on the difference between the current
generated output o; and the result the parameters 6 are ad-
justed such that the next output o; will more closely approx-
imate to the given result of the next training example. The
parameters © may be adjusted with a stochastic gradient de-
scent based optimiser. In each iteration of the ny iterations
the current randomly selected task T is sampled with all k

training examples.

After one randomly selected task T has been sampled for the

ny iterations the next task T of the multitude of tasks T: is
randomly selected and subsequently sampled for ny iterations.
The random selection and subsequent sampling of tasks is con-
tinued until the parameters 6 of the (general) latent feature

extractor converge. Converging means that after one task T
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has been sampled in the ny iterations the parameters do not

have changed by more than a predefined threshold.

During optimising the parameters 6 of the latent feature ex-
tractor, parameters of each of the T; tasks are also opti-
mised. However, these parameters are not part of the latent

feature extractor and can thus be disregarded.

For tasks having more than one input signal, after the (gen-
eral) latent feature extractor has extracted the (latent)

features from the current training example k for the current
randomly selected task T a combiner module for the respective
task T (as described above) may combine the extracted fea-
tures (e.g. by concatenating them or in a meaningful way) be-
fore the extracted features are provided to the respective

task module of the current task T.

An exemplary pre-training algorithm is outlined in pseudo

code below:

Pre-process the data (normalizing)
Randomly initialize the parameters ©
While 6 not converged
Sample a random task T of T; (~ p(T))
For ny iterations:

Sample kr training examples for Task T

~l o O b w N

Use the task module (model) for task T to evaluate and
update the parameters © (with a stochastic gradient de-
scent based optimiser)

8. End for

9. End while

With the described pre-training scheme a general or common
feature extractor is built that produces useful latent fea-
tures or signal embeddings that are valuable to all down-

stream tasks. Thus, the latent feature extractor is of gen-

eral nature and also valuable to other tasks not used during
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the pre-training. Note that the tasks T;i are not related,
meaning the first task could be classifying activities from
sensor signals produced by sensors attached to the human body
while in movement (smart watch/fitness tracker), while the
next task consists of an anomaly classification problem on
daily gas turbine sensor data or a tool break detector in a
milling machine based on machining sensor data. During pre-
training the latent feature extractor is embedded in wvarious
architectures (T; different tasks) which try to solve a di-
verse set of tasks independently, yet they have to use and
adapt the same latent feature extractor. This way the latent
feature extractor must produce meaningful and general latent
features that are beneficial for all T; tasks. Thereby, the
latent feature extractor is directly optimised to serve the

desired general purpose.

A (deep) (industrial) NN according to the present invention
(as described above) comprises the (general) latent feature
extractor ((deep) “sub-NN”) pre-trained as described above.
Said NN further comprises the specific task module for (model
0f) the specific task the industrial NN is intended for
((deep) “sub-NN”) and, in case more than one input signal is
processed by the NN, a combiner module between the latent
feature extractor and the specific task module. The NN has to
be trained for the specific task before it can be utilized.
Due to the pre-trained (general) latent feature extractor
significantly less training examples need to be provided for
training of the industrial NN. During the training of the NN,
the parameters 6 of the latent feature extractor ((deep)
“sub-NN”) are not changed anymore. However, 1in order to fur-
ther fine tune the whole NN the parameters 6 of the latent

feature extractor ((deep) “sub-NN”) may be further adjusted.

Having access to a general latent feature extractor for in-
dustrial sensor data is a very powerful asset as. Given such
feature extractor one can integrate it in an architecture of

an industrial NN as feature extraction component. For new
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(industrial) tasks, the developer has to only train the spe-
cific task module or the combiner module and task module, re-
spectively, which are of significantly lower complexity than
the latent feature extractor. Of course, the developer has
the freedom to further tune the latent feature extractor if
needed. For this reason, only a relatively low amount of la-
belled training data is required to optimise the complete
(deep) (industrial) NN/model for the specific (industrial)
task. A decrease in the required amount of labelled training
data by a factor of up to 1000 can be achieved. Further, such
pre-trained (deep) (industrial) NNs/machine learning models
enable a larger pool of developers to transfer quickly to new
and complex industrial problems in a shorter period of time
without the requirement to build and maintain large labelled
datasets or to set up an infrastructure to train and evaluate
large and complex models on these datasets. It greatly reduc-
es the need for domain specific feature engineering since the
feature extraction is performed automatically. In addition,
the time for training will also be significantly reduced, re-
sulting in faster development iterations and a greater chance
of success by reducing both, labour cost and time at the same
time. Hence, the (general) latent feature extractor described
above has the potential to dramatically increase the speed
and scale of AI based solution development based on non-
uniform input signals like industrial sensor data together

with a decrease in labour and costs.

According to a refinement of the present invention the non-

uniform training data are sensor data from different sensors.

The senor data comprises signals that are based on different
physical wvariables like temperature, humidity, pressure, ten-
sion, strain, force, acceleration, velocity, distance, volt-
age, current, flow etc. These signals have different dimen-

sions and value ranges. Thus, the resulting training data is

very non-uniform.
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Consequently, the resulting (general) latent feature extrac-
tor provides meaningful latent features for a wide variety of

industrial applications or problems.

According to a refinement of the present invention T; is be-
tween 2 and 1000 and preferably between 2 and 100 and/or
wherein nj; is between 1 and 10000 and/or wherein each k: is
equal to one of 32, 64 and 128.

A robust general latent feature extractor may be generated by
pre-training with about T; = 100 different tasks, wherein
each randomly selected task T is sampled in about ny = 10000
iterations with k¢ € [32, 64, 128] corresponding training ex-

amples.

According to a refinement of the present invention the method
further comprises the step of:
Normalising the non-uniform training data before the step of

optimising.

According to a refinement of the present invention the (deep)
(industrial) neural network further comprises a normaliser

module upstream the latent feature extractor.

Before the training signal(s) of the non-uniform training da-
ta are be provided to the latent feature extractor, either
during pre-training of the latent feature extractor or in the
(deep) (latent) NN, the signal(s) are normalised by a normal-
iser module. The normalising can be done by a min-max normal-
isation or by centring the data and scaling to unit wvariance
or by just scaling the values by some other constant (e.g.
observed standard deviation within the complete data). Thus,
the latent feature extractor is provided with values that are

all in the same range.
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According to a refinement of the present invention the k¢
training examples for each task T comprise one or multiple

training signals from one or multiple sensors.

By pre-training the latent feature extractor with non-uniform
training data comprising training examples, some of which
having one training signal and several of which having more
than one training signal, for the T; tasks generality of the
resulting latent feature extractor can be ensured. Here some
of the T:; tasks correspondingly consume one input signal from
one sensor and several of the T: tasks consume multiple input

signals from multiple sensors.

According to a further refinement of the present invention in
each iteration n of the ny iterations where the kr training
examples for the current randomly selected task T comprise
multiple training signals in the step of extracting features
are extracted for every training signal of the multiple
training signals and wherein in each iteration n of the nj
iterations where the k¢ training examples for the current
randomly selected task T comprise multiple training signals
the following step is additionally executed:

Combining the extracted latent features of each training sig-
nal of the multiple training signals into combined extracted
features with a respective combiner module of the current

randomly selected task T before the step of deriving.

According to a further refinement of the present invention
the system further comprises downstream the latent feature
extractor and upstream the respective task module for each
task T where the respective kr training examples comprise
multiple training signals a combiner module for combining the
extracted latent features of each training signal of the mul-

tiple training signals.

For each task T having more than one input signal, the latent

features extracted from the corresponding multiple training
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signals by the latent feature extractor have to be combined
by the combiner module before they are provided to the re-
spective task module in order to produce an meaningful output

O5.

According to a refinement of the present invention the latent
feature extractor comprises between 10 and 30 layers and each
layer of the latent feature extractor comprises between 10

and 1000 neurons.

According to a refinement of the present invention each task
module comprises between 1 and 2 layers and each layer of the

task modules comprises between 10 and 1000 neurons.

According to a further refinement of the present invention
each combiner module comprises between 1 and 2 layers and
each layer of the combiner modules comprises between 10 and

1000 neurons.

According to a refinement of the present invention the latent
feature extractor of the (deep) (industrial) NN comprises be-
tween 10 and 30 layers comprising between 10 and 1000 neurons
and alternatively or additionally the specific task module of
the NN comprises between 1 and 2 layers comprising between 10
and 1000 neurons and alternatively or additionally the com-

biner module comprises between 1 and 2 layers comprising be-

tween 10 and 1000 neurons.

Due to the reduced complexity of the “sub-NN” of the specific
task module and of the combiner module, respectively, com-
pared to the pre-trained latent feature extractor (that does
not have to be trained anymore) the amount of labelled train-
ing data as well as the time needed for training the (deep)

(industrial) NN can be significantly reduced.

The present invention and its technical field are subsequent-

ly explained in further detail by exemplary embodiments shown
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in the drawings. The exemplary embodiments only conduce bet-
ter understanding of the present invention and in no case are
to be construed as limiting for the scope of the present in-
vention. Particularly, it is possible to extract aspects of
the subject-matter described in the figures and to combine it
with other components and findings of the present description
or figures, if not explicitly described differently. Equal
reference signs refer to the same objects, such that explana-

tions from other figures may be supplementally used.

Fig. 1 schematically shows a flow chart of a method

of building a latent feature extractor.

Fig. 2 schematically shows a system for building a

latent feature extractor.

Fig. 3-4 schematically shows two embodiments of a deep
industrial network comprising a latent feature

extractor.

In Fig. 1 a flow chart of a method of building a latent fea-
ture extractor is schematically depicted. In a first step of
providing 1 non-uniform training data is provided. The non-
uniform training data comprises kr € [32, 64, 128] training
examples for each single task T of a multitude of T; = 100
tasks. The tasks comprise industrial applications or problems
like deriving a probability of an ancomaly in the operation of
a gas turbine. Each training example comprises one or more
sensor signals (e.g. rotational speed, temperature, current
load etc.) and is labelled with a result for the respective
task T (e.g. a probability of an anomaly). In an optional
second step of normalising 2 the non-uniform training data is
normalised. The non-uniform training data is normalised by a
min-max normalisation or by centring the data and scaling to
unit variance or by just scaling the values by some other
constant (e.g. observed standard deviation within the com-

plete data). In a third iterative step of optimising 3 param-
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eters 6 of a neural network (NN) of the latent feature ex-
tractor are optimised based on the multitude of T: tasks.
Thereto a fourth step of randomly selecting 4 and a fifth
step of sampling 5 are executed iteratively until the parame-
ters 6 have converged (A@>l). In the fourth step of randomly
selecting 4 a single tasks T from the multitude of T; tasks
is randomly selected for optimising the parameters 6. The se-
lecting of the tasks T is based on an equal probability p(T)
for all tasks such that during the process of optimising the
parameters 6 each of the tasks T; is selected nearly equally
often. In the fifth step of sampling 5 the current randomly
selected task T 1s sampled for ny iterations. Thereby, the
current randomly selected task T is sampled with the respec-
tive k¢ training examples of the non-uniform training data.
Thereby, the parameters 6 are optimised based on the current
randomly selected task T. In each iteration n of the ny iter-
ations a sixth step of extracting 6, an optional seventh step
of combining 7 and an eighth step of deriving 8 are executed.
In the sixth step of extracting 6 features from a training
signal of the current training example k of the respective
training examples kr are extracted with the latent feature
extractor. In the optional seventh step of combining 7 the
extracted latent features of each training signal of the mul-
tiple training signals are combined into combined extracted
features with a respective combiner module of the current
randomly selected task T. The combiner module is a (deep)
“sub-NN” that learns meaningful combinations of the various
latent features extracted from each training signal. In the
eighth step of deriving 8 an output signal o; for the current
randomly selected task T is derived from the (combined) ex-
tracted features with a respective task module of the current
randomly selected task T. Based on the output o; the parame-
ters 6 are adjusted such that the next output approximates
the respective result of the next training example more

closely.
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In Fig. 2 a system 10 for building a latent feature extractor
is schematically depicted. The system 10 is arranged and con-
figured for executing the method of Fig. 1. The system 10
comprises a multitude of (deep) NNs one for each of T; = 100
tasks (T = 1..100). The NNs of the tasks T share one latent
feature extractor 11 (“sub-NN”) having 30 layers with 1000
neurons each. Each NN of the tasks T;i comprises a respective
task module 12.i (“sub-NN”) for its task T downstream the la-
tent feature extractor 11, each task module 12.1i having 2
layers with 100 neurons each. Further, each NN of the T
tasks may comprise an optional combiner module 13.1i (“sub-
NN”) between the latent feature extractor 11 and the respec-
tive task module 12.i, each combiner module having 2 layers
with 100 neurons each. Further, the system may comprise op-
tional normaliser modules 14.i for the NNs of the T; tasks

upstream the latent feature extractor 11.

The training signals or rather input signals si.m; for each
of the tasks T; are optionally normalised in the correspond-
ing normaliser module 14.i. The latent feature extractor 11
extracts the latent features 1f from the (normalised) input
signals si.m;y (spi.mi). The latent feature extractor 11 is
shared for each task T of the multitude of T: tasks. The op-
tional combiner modules 13.1 combine the extracted latent
features 1f for tasks T that consume more than one (normal-
ised) input signal si.m; (sp,i.m;) (here exemplarily the task T
= 1 and the task T = T; = 100) into combined latent features.
The task modules 12.1 downstream the latent feature extractor
11 derive the corresponding output signal o; for the respec-
tive task T from the corresponding (combined) latent fea-
tures. based on the output o:; the parameters © are adjusted

and iteratively optimised.

In Figs. 3 and 4 two exemplary embodiments of a deep indus-

trial NN are schematically depicted.
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In Fig. 3 a deep industrial NN 20 for a task consuming only
one input signal is schematically depicted. The NN 20 com-
prises a normaliser module 14, a latent feature extractor 11
with 30 layers having 100 neurons each downstream the normal-
iser module 14 and a specific task module 22 with two layers
having 100 neurons each downstream the latent feature extrac-
tor 11.

The latent feature extractor 11 has been pre-trained with the
method of Fig. 1 and/or the system of Fig. 2. Consequently,
the latent feature extractor 11 is able to output latent fea-
tures 1f for various different input signals s:. Here, one
input signal s (e.g. a current profile of a power source) is
provided to the normaliser module 14. The normaliser module
14 converts the input signal s into a normalised input signal
Sn. The latent feature extractor 11 extracts a latent feature
1f from the normalised input signal s,. The specific task
module derives an output o (e.g. presence of a faulty elec-

trical component) from the latent feature 1f.

As the latent feature extractor 11 is pre-trained and much
more complex (30 layers with 1000 neurons each) than the spe-
cific task module 22 (2 layers with 100 neurons each) the
training of the NN 20 for the specific task (e.g. deriving if
a faulty electrical component is present based on the current
profile of a power source) 1is much faster and requires sig-
nificantly less labelled training data then a conventional NN

without pre-trained feature extractor.

In Fig. 4 a deep industrial NN 30 for a task consuming more
than one one input signal is schematically depicted. In the
following only differences to the NN 20 of Fig. 3 are de-
scribed. The NN 30 comprises a specific task module 32 with
two layers having 100 neurons each downstream the latent fea-
ture extractor 11 and additionally a combiner module 33 with
two layers having 100 neurons each between the latent feature

extractor 11 and the specific task module 32.
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Here, more than one input signal s.l..s.m: (m: > 1) (e.g. a
rotational speed, a tension state of turbine blades and a
current load of a gas turbine) is provided to the normaliser
module 14. The normaliser module 14 converts the input sig-
nals s.l..s.m; into normalised input signals sp.l..s,.m:. The
latent feature extractor 11 extracts latent features 1f from
the normalised input signals sp.l..sp.mi. The combiner module
33 combines the latent features 1f to a combined latent fea-
ture. The specific task module 32 derives an output o (e.g.
probability of an abnormal operation state) from the combined

latent feature provided by the combiner module 33.

As the latent feature extractor 11 is pre-trained and much
more complex (30 layers with 1000 neurons each) than the spe-
cific task module 32 and the combiner module 33 (2 layers
with 100 neurons each) the training of the NN 30 for the spe-
cific task (e.g. deriving if an abnormal operation state is
present in a gas turbine) is much faster and requires signif-
icantly less labelled training data then a conventional NN

without pre-trained feature extractor.

Although specific embodiments have been illustrated and de-
scribed herein, it will be appreciated by those of ordinary
skill in the art that a variety of alternate and/or equiva-
lent implementations exist. It should be appreciated that the
exemplary embodiment or exemplary embodiments are only exam-
ples, and are not intended to limit the scope, applicability,
or configuration in any way. Rather, the foregoing summary
and detailed description will provide those skilled in the
art with a convenient road map for implementing at least one
exemplary embodiment, it being understood that various chang-
es may be made in the function and arrangement of elements
described in an exemplary embodiment without departing from
the scope as set forth in the appended claims and their legal
equivalents. Generally, this application is intended to cover
any adaptations or variations of the specific embodiments

discussed herein.
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In the foregoing detailed description, various features are
grouped together in one or more examples for the purpose of
streamlining the disclosure. It is understood that the above
description is intended to be illustrative, and not restric-
tive. It i1s intended to cover all alternatives, modifications
and equivalents as may be included within the scope of the
invention. Many other examples will be apparent to one

skilled in the art upon reviewing the above specification.

Specific nomenclature used in the foregoing specification is
used to provide a thorough understanding of the invention.
However, it will be apparent to one skilled in the art in
light of the specification provided herein that the specific
details are not required in order to practice the invention.
Thus, the foregoing descriptions of specific embodiments of
the present invention are presented for purposes of illustra-
tion and description. They are not intended to be exhaustive
or to limit the invention to the precise forms disclosed; ob-
viously many modifications and variations are possible in
view of the above teachings. The embodiments were chosen and
described in order to best explain the principles of the in-
vention and its practical applications, to thereby enable
others skilled in the art to best utilize the invention and
various embodiments with various modifications as are suited
to the particular use contemplated. Throughout the specifica-
tion, the terms “including” and “in which” are used as the
plain-English equivalents of the respective terms “compris-

144

ing” and “wherein,” respectively. Moreover, the terms

“first,” “second,” and “third,” etc., are used merely as la-
bels, and are not intended to impose numerical requirements
on or to establish a certain ranking of importance of their

objects. In the context of the present description and claims

w 144

the conjunction “or” is to be understood as including

(“and/or”) and not exclusive (“either .. or”).
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Patent Claims

1. Method of building a latent feature extractor, comprising
the steps of:

- providing non-uniform training data comprising kg
training examples for each single task T of a multi-
tude of T; tasks; and

- optimising parameters 6 of a neural network of the
latent feature extractor based on the multitude of T:
tasks,
wherein the following steps are executed iteratively
until the parameters 6 have converged:

- randomly selecting a single tasks T from the mul-
titude of T; tasks for optimising the parameters

SH

- sampling the current randomly selected task T for
ny iterations with the respective kr training ex-
amples of the non-uniform training data for opti-
mising the parameters 6 based on the current ran-

domly selected task T,

wherein in each iteration n of the ny iterations

the following steps are executed:

- extracting latent features from a training
signal of the current training example k of
the respective training examples kr with the
latent feature extractor; and

- deriving an output signal o; for the current
randomly selected task T from the extracted
latent features with a respective task module

of the current randomly selected task T.

2. Method according to claim 1, wherein the non-uniform

training data are sensor data from different sensors.

3. Method according to claim 1 or 2, wherein T; is between 2

and 1000 and preferably between 2 and 100 and/or wherein
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ny is between 1 to 10000 and/or wherein each kr is equal
to one of 32, 64 and 128.

Method according to any preceding claim, further compris-
ing the step of:
- normalising the non-uniform training data before the

step of optimising.

Method according to any preceding claim, wherein the kr
training examples for each task T comprise one or multi-

ple training signals from one or multiple sensors.

Method according to claim 5, wherein in each iteration n
of the ny iterations where the kr training examples for
the current randomly selected task T comprise multiple
training signals in the step of extracting features are
extracted for every training signal of the multiple
training signals and wherein in each iteration n of the
ny; iterations where the kr training examples for the cur-
rent randomly selected task T comprise multiple training
signals the following step is additionally executed:

- combining the extracted latent features of
each training signal of the multiple training
signals into combined extracted features with
a respective combiner module of the current
randomly selected task T before the step of

deriving.

System for building a latent feature extractor arranged

and configured for executing the method according to

claim 1, comprising:

- the latent feature extractor for extracting the la-
tent features, wherein the latent feature extractor
is shared for each task T of the multitude of T;
tasks; and

- task modules for each single task T of the multitude

of T; tasks downstream the latent feature extractor
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for deriving the output signal o; for the respective
task T.

System according to claim 7, wherein the system is ar-
ranged and configured for executing the method according

to any of claims 2 to 5.

System according to claim 7 or 8, wherein the latent fea-
ture extractor comprises between 10 and 30 layers and

wherein each layer comprises between 10 and 1000 neurons.

System according to any of claims 7 to 9, wherein each
task module comprises between 1 and 2 layers and wherein

each layer comprises between 10 and 1000 neurons.

System according to any of claims 7 to 10 arranged and
configured for executing the method according to claim 6,
further comprising downstream the latent feature extrac-
tor and upstream the respective task module for each task
T where the respective kr training examples comprise mul-
tiple training signals a combiner module for combining
the extracted latent features of each training signal of

the multiple training signals.

System according to claim 11, wherein each combiner mod-
ule comprises between 1 and 2 layers and wherein each

layer comprises between 10 and 1000 neurons.

Neural network, comprising:

- a latent feature extractor built by the method ac-
cording to any of claims 1 to 6 and/or with the sys-
tem according to any of claims 7 to 12;

- a combiner module downstream the latent feature ex-
tractor in case multiple input signals are provided
to the neural network;

- a specific task module downstream the latent feature

extractor and the combiner module, respectively.
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Neural network according to claim 13, further comprising
a normaliser module upstream the latent feature extrac-

tor.

Neural network according to claim 13 or 14, wherein the
latent feature extractor comprises between 10 and 30 lay-
ers and wherein each layer comprises between 10 and 1000
neurons and/or

wherein the specific task module comprises between 1 and
2 layers and wherein each layer comprises between 10 and
1000 neurons and/or the combiner module comprises between
1 and 2 layers and wherein each layer comprises between
10 and 1000 neurons.
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