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METHOD FOR TRAINING A DISCRIMINATOR

TECHNICAL FIELD

The present invention relates to field service operations for system troubleshooting and
maintenance. In particular, the present invention relates to guide systems for guiding a

field service operative in troubleshooting.

Additionally, the present invention relates to machine learning and natural language

processing.

BACKGROUND

Systems are commonly distributed with system elements at sites separated by significant
geographical distances. As a result, maintenance of such systems can require technicians to
go “into the field” in order to perform in-person maintenance at any of the sites, in
response to a trouble ticket which indicates one or more problems affecting the system. In

other words, the technicians act as field service operatives.

In such systems, the range of possible problems is large, and addressing such problems
requires a range of different skills. On the other hand, maintenance is provided using a
limited number of available technicians, each having different or overlapping skill-sets,
and with an expected maintenance speed (e.g. a Service Level Agreement, SLA). As a
result, it can be necessary to assign a technician to respond to a trouble ticket even though
they do not have expertise in one or more skills required for addressing the problems of the

trouble ticket.

In order to enable the technician to respond to a trouble ticket, the technician is provided
with access to a document database. The technician must search through the database
based on the trouble ticket and based on their on-site observations, in order to find
documents relevant for responding to the problems affecting the system. Alternatively,
experts relevant to the problems can assist the technician remotely, if such experts are

available.
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The document database can be provided in the form of a searchable document database
which can be accessed using a technician’s terminal (such as a smartphone, tablet, laptop,
etc.), for example via an application (app) installed on the terminal. However, the limited
size of a screen on a terminal can make it harder to identify relevant information.

In view of this problem, it is desirable to provide a summary of the document database
which is appropriate for the trouble ticket. Such a summary can be produced manually by a
person who understands the technical content of the database. However, such human

summarization techniques are too complex to be replicated in a computer.

Instead, machine learning techniques in natural language processing applications have
been used for classifying and summarizing text sections. However, one type of machine
learning technique which has problems when used for text processing is Generative
Adversarial Network, GAN, models. GAN models have been used for some types of text
processing with limited success, but have not been used for generating new text or

extractive summaries and would not produce optimal results in these applications.

GAN models have the ability to learn robust, reusable feature representations from small
sets of unlabelled data, and have been applied in other machine learning tasks. This is
achieved by training deep generative models that can learn to capture the complex
distributions of real-world data. GAN models have been used for semi-supervised learning
based on an imbalanced learning dataset. Additionally, GAN models have been used in
computer vision, where training is formalized as a game in which a discriminator model is
trained to discriminate between sample images from a training set and images which are
not from the training set, and a generative model is simultaneously trained to generate
images which fool the discriminator model. When trained in this way, the generator can be
trained to generate realistic artificial images, and the discriminator can be trained to a high

degree of accuracy.

SUMMARY

In a first aspect, a computer-implemented method is provided for training a discriminator
to identify a topic to which a received text section is related. The method comprises
providing a generative adversarial network, GAN, comprising a generator configured to

generate text sections according to a specified topic, and the discriminator configured to
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receive the generated text sections and to feed back information indicative of an identified
topic to the generator. The method further comprises iteratively adapting the generator to
decrease the probability that the identified topic matches the specified topic and adapting
the discriminator to increase the probability that the identified topic matches the specified
topic. The generator is configured to generate a text section by obtaining a text section
using a reinforcement learning algorithm, the obtained text section comprising a plurality
of words and applying noise to the obtained text section. Noise is applied to the obtained
text section by performing word embedding to map a word of the obtained text section to a
point in a continuous vector space, identifying a replacement word that is within a noise
distance from the point in the continuous vector space, and replacing the mapped word

with the replacement word in the obtained text section to generate the text section.

In a second aspect, an apparatus is provided for training a discriminator to identify a topic
to which a received text section is related. The apparatus comprises a generative
adversarial network, GAN, comprising a generator configured to generate text sections
according to a specified topic, and the discriminator configured to receive the generated
text sections and to feed back information indicative of an identified topic to the generator.
The GAN is configured to iteratively adapt the generator to decrease the probability that
the identified topic matches the specified topic and adapting the discriminator to increase
the probability that the identified topic matches the specified topic. The generator is
configured to generate a text section by obtaining a text section using a reinforcement
learning algorithm, the obtained text section comprising a plurality of words and applying
noise to the obtained text section. Noise is applied to the obtained text section by
performing word embedding to map a word of the obtained text section to a point in a
continuous vector space, identifying a replacement word that is within a noise distance
from the point in the continuous vector space, and replacing the mapped word with the

replacement word in the obtained text section to generate the text section.

In a third aspect, an apparatus is provided comprising a processor, a memory and an
instruction store, the instruction store storing computer program instructions which, when
executed by the processor, cause the processor to perform a method for training a
discriminator to identify a topic to which a received text section is related. The method

comprises providing a generative adversarial network, GAN, comprising a generator
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configured to generate text sections according to a specified topic, and the discriminator
configured to receive the generated text sections and to feed back information indicative of
an identified topic to the generator. The method further comprises iteratively adapting the
generator to decrease the probability that the identified topic matches the specified topic
and adapting the discriminator to increase the probability that the identified topic matches
the specified topic. The generator is configured to generate a text section by obtaining a
text section using a reinforcement learning algorithm, the obtained text section comprising
a plurality of words and applying noise to the obtained text section. Noise is applied to the
obtained text section by performing word embedding to map a word of the obtained text
section to a point in a continuous vector space, identifying a replacement word that is
within a noise distance from the point in the continuous vector space, and replacing the
mapped word with the replacement word in the obtained text section to generate the text

section.

In a fourth aspect, a computer-readable storage medium is provided, having stored thereon
computer program instructions which, when executed by a processor, cause the processor
to perform a method for training a discriminator to identify a topic to which a received text
section is related. The method comprises providing a generative adversarial network,
GAN, comprising a generator configured to generate text sections according to a specified
topic, and the discriminator configured to receive the generated text sections and to feed
back information indicative of an identified topic to the generator. The method further
comprises iteratively adapting the generator to decrease the probability that the identified
topic matches the specified topic and adapting the discriminator to increase the probability
that the identified topic matches the specified topic. The generator is configured to
generate a text section by obtaining a text section using a reinforcement learning algorithm,
the obtained text section comprising a plurality of words and applying noise to the obtained
text section. Noise is applied to the obtained text section by performing word embedding to
map a word of the obtained text section to a point in a continuous vector space, identifying
a replacement word that is within a noise distance from the point in the continuous vector
space, and replacing the mapped word with the replacement word in the obtained text

section to generate the text section.
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BRIEF DESCRIPTION OF THE DRAWINGS

Embodiments of the invention will now be described in detail, by way of example only,

with reference to the accompanying figures, in which:

Fig. 1is a schematic illustration of a GAN model for computer vision.
Fig. 2 is a schematic illustration of a GAN model for natural language processing.

Fig. 3 is a schematic illustration of functional components of the discriminator training
apparatus of a first embodiment.

Fig. 4 is a schematic illustration of a Q-learning process.

Fig. 5 is a schematic illustration of a programmable processing apparatus in which a
discriminator training apparatus of the first embodiment may be implemented.

Figs. 6A and 6B are flow diagrams showing processing operations performed by the
discriminator training apparatus of the first embodiment.

Fig. 7 is a schematic illustration of a discriminator training apparatus of a second
embodiment.

Fig. 8 is a schematic illustration of a term/text section matrix for a set of text sections.

Fig. 9 is a flow diagram showing processing operations performed by the discriminator
training apparatus of the second embodiment.

Fig. 10 1s a schematic illustration of a summary generation apparatus of a third
embodiment.

Fig. 11 is a flow diagram showing processing operations performed by the summary
generation apparatus of the third embodiment.

Fig. 12 is a schematic illustration of a maintained system in which a technician assistance
apparatus of a fourth embodiment may be used.

Fig. 13 is a schematic illustration of the technician assistance apparatus of the fourth
embodiment.

Fig. 14 is a flow diagram showing processing operations performed by the technician
assistance apparatus of the fourth embodiment.
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DETAILED DESCRIPTION

As used herein, system means any arrangement of industrial technical devices where
devices are located at a plurality of geographically distant sites. For example, such systems
may be connected systems like communication infrastructure networks and fog computing
networks, or may be unconnected systems such as collections of independent local area
networks, or more generally may be any industrial system. The term “geographically
distant” has a meaning dependent upon the system, but generally means a distance
associated with a technician travelling time that is substantial when compared to an

expected time for solving a problem at a site.

As used herein, a document database comprises one or more manuals and/or
documentation. The database may also be updated by technicians, for example by
providing documentation or summaries of their experiences solving problems. The
database provides information about main tasks, key pain points, process knowledge and

relevant tools.

As used herein, technician means any skilled person or team of skilled people with at least
one technical skill relevant for maintaining a system. For example, technicians may be

people working in Serviceability, Product Management or PDU system departments.

Fig. 1 is a schematic illustration of a Generative Adversarial Network, GAN, 100 for

computer vision. The GAN comprises a generator 110 and a discriminator 120.

The generator 110 is a model which receives random noise 130 as an input and outputs
new instances of a data type being modelled, in this case an image 140. The image may
have any format such as pixel data or vector graphic data. The generator 110 is
implemented using a neural network has a form that corresponds to the inverse of a
Convolutional Neural Network, CNN. In other words, while a convolutional classifier
takes inputs and down-samples to produce a probability that the input is from a training set,
the generator 110 takes an input of random noise 130, for example in the form of a vector,
and up-samples to produce a result. The generator is trained to produce images with
required characteristics, such as images which provide a good impersonation of a human

face.
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The discriminator 120 is a model which receives data instance of the same type as
generated by the generator 110 (i.e. an image) as an input and outputs a classification 160.
The discriminator 120 is implemented using a neural network such as a Convolutional
Neural Network, CNN or a Recursive Neural Network, RNN, which down-samples an
input using techniques such as maxpooling. In this example, the discriminator 120 uses a
Long Short-Term Memory, LSTM, model to perform classification. The input image may
be an image from a training set 150 (also herein called a real image), or may be an image
140 which has not come from the training set (also herein called a fake image). The
discriminator 120 does not know whether the image is from the training set 150 or not, and
a mixture of “real” and “fake” images are fed to the discriminator 120. Correspondingly,
the classification 160 is a classification of authenticity indicating that the input image is
either “real” or “fake”. This classification may be binary, or may be on a continuous scale,
for example a value between zero and one, according to a degree of confidence that the
input is “real” or “fake”. The training set 150 is a large set of images, such that it is not
possible for the discriminator 120 to identify all images in the set individually, and the
discriminator is trained to instead discriminate between images having properties

correlated with characteristics of the training set and images having different properties.

In the GAN 100, the discriminator 120 is configured to receive images from either the
generator 110 or the training set 150, and both of the generator 110 and the discriminator
120 are provided with feedback information for determining whether or not the
discriminator 120 correctly classifies the images. The generator 110 and discriminator 120
are trained such that they compete. In other words, the generator 110 is trained to produce
images that are likely to trick the discriminator 120 into producing the wrong
classification, and the discriminator 120 is trained classify images with increasing
accuracy. Both of the generator 110 and discriminator 120 are trained to optimize a
different and opposing objective function, or loss function, in a zero-sum game. This
approach is similar to employing an actor-critic model of reinforcement learning. As the
discriminator 120 is modified and changes its behaviour, the behaviour of the generator

110 also changes, and vice versa, and their losses push against each other.
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An overall effect of this feedback is to improve the accuracy of classification by the
discriminator 120, by training the discriminator 120 to handle increasingly convincing

images generated by the generator 110 which are used to attempt to fool the discriminator.

In more detail, in the GAN 100, there is a double feedback loop for training.

Training of the generator model 110 is performed by the GAN 100 using the generator 110
and the random noise 130 to produce randomly varying images 140, generating feedback
indicating how well each image matches the required characteristics, and modifying the
generator model on the basis of the feedback. The feedback may take the form of a
probability that the discriminator 120 correctly classifies an input image, or may be another

reward function.

Training of the discriminator model 120 is performed by the GAN 100 using the
discriminator model 120 to classify images, generating feedback indicating whether or not
the classification 160 is correct, and modifying the discriminator model on the basis of the
feedback in order to increase the probability that the classification 160 correctly indicates
whether or not the input image is from the training set 150. While the discriminator model
120 is being trained, the GAN 100 knows whether or not the input image comes from the
training set 150 or is a “fake” image 140 from the generator 110, which enables the GAN
100 to determine a ground truth of whether or not the classification 160 is correct, and

thereby provide feedback to the generator 110 and discriminator 120.

The GAN 100 can be formally described as a min-max adversarial game between a
generative model G and a discriminative model D. The generative model G (which may be
a neural network) is trained to map samples s from a noise distribution to a data space of
samples G(s) of the data type (images in this case). The discriminative model D (which
may be a neural network) takes a data sample t as input and outputs a scalar value D(t)
representing the probability that sample t came from a training distribution x and is not a
sample G(s) of the generative model. D is trained to maximise the probability of assigning
the correct label to the input t, while G is trained to maximally confuse D, i.e. to minimize

the probability of D assigning the correct label to the input t. D is provided with
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continuously varying samples t, so that the gradient of D(t) with respect to t can be used to

update and improve the parameters of the discriminative model D.

The training goal can be summarized formally as:
mGin max {E [p(x) log(D (x))] + E [p(s) log (1 — D(G(s)))]}

wherein E is an expectation, energy or entropy value, depending upon to the probability of
each value x and s in the training and random distributions respectively, and the logarithm

of a function of the discriminator output D(x) and (1 - D(G(s))) respectively.

Furthermore, the GAN 100 can train the discriminator 120 using an energy-type reward
function to increase the energy of “real” inputs and reduce the energy of “fake” inputs by

maximising the following function:
fo(t,s) = D(t) + max(0,m — D(G (s)))

wherein, as above, t is an input to the discriminator that may be taken from the training
distribution x or may be a generated sample G(s), and m is a weighting margin which may
be varied during training in order to change the balance between positive training to reward

“real” examples and negative training to reject “fake” examples.

On the other hand, the GAN 100 can train the generator 110 using an energy-type reward

function by maximizing the following function:

fe(s) = D(G(s))

Training and optimization of the generator 110 and discriminator 120 can be unstable, and
therefore it can be necessary to carefully design the architecture of the generator 110 and
discriminator 120 so that a balance is maintained and training converges. Using neural
network architectures reduces complexity and assists in ensuring that the training
converges. Additionally, it is necessary to prevent mode collapse wherein the generator

learns to fool the discriminator with only a small range of different images but a high

9
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success rate, leading to an inadequate discriminator that cannot discriminate well across

the range of the training set 150.

A GAN 100 as shown in Fig. 1 can be adapted from a use in computer vision to a use in

Natural Language Processing, NLP.

Fig. 2 is a schematic illustration of a GAN model for natural language processing. In Fig.
2, a generator 210 generates text sections 240, for example in the form of a document
matrix that replaces the generated image of Fig. 1, and a discriminator 220 produces
classifications 260 indicating whether received text sections are from a training set 250
(i.e. “real” text sections) or not. The goal of the generator 210 is to generate passable text
sections (for example, document extracts), that is to generate text sections which imitate
natural language and which the discriminator cannot classify correctly. On the other hand,
the goal of the discriminator 220 is to correctly discriminate between text sections from the

training set 250 and text sections 240 from the generator 210.

However, adapting a GAN for natural language processing has a problem when adapting
random noise 130 to give an input 230 for the generator 210. In particular, natural
language text is discrete in the sense that not all combinations of linguistic characters are
valid words. Accordingly, random noise 130 cannot be applied in order to vary text
sections in the way that images are varied in computer vision applications. Furthermore,
feedback from the discriminator cannot be used to control application of the random noise.

These problems are addressed in embodiments of the invention.

Fig. 3 is a schematic illustration of functional components of the discriminator training
apparatus 300 of a first embodiment which implements the described functions of Fig. 2,
and which is similar to the machine vision application of Fig. 1 except where described

otherwise.

In the first embodiment, the discriminator training apparatus 300 comprises a GAN 310, in
which a generator 320 and a discriminator 330 are trained. The generator 320 and
discriminator 330 can be similar to the generator 110 and discriminator 120, except as

described in the following.

10
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In particular, the generator 320 comprises a reinforcement learning algorithm 340 and a
word embedding noise adder 350. The reinforcement learning algorithm 340 is trained to
generate one or more text sections comprising a plurality of words. The word embedding
noise adder 350 is configured to then apply noise to the one or more text sections using

word embedding.

The reinforcement learning algorithm 340 generates a sequence of words, that is, a text
section. In this embodiment, the reinforcement learning algorithm uses a Q-learning

process. However, other reinforcement learning algorithms may be used.

Fig. 4 is a schematic illustration of a Q-learning process, which is a model-less

reinforcement learning technique.

In the Q-learning process, the generation of a text section is modelled as a series of states
410. The states here represent partial text sections, which may be stored as word
embeddings i.e. as vectors in a continuous space. For example, in a first state the text
section 1s “Repairing”, in a second state the text section is “Repairing power”, in a third

state the text is “Repairing network”.

Each transition between two states is defined as an action 420. The actions represent which
word to choose next. More specifically, each action 420 is the addition of one or more
words to a partial text section. For example, in the above example, there is a first action to
go from “Repairing” to “Repairing power”, and a second action to go from “Repairing” to

“Repairing network”.

The states 410 and actions 420 are arranged in a network 430 which defines their
connections, and associated value functions. That is, for a given current state and a given
action, a reward value is defined initially based on predetermined information and updated
based on feedback from the discriminator 330. More specifically, if the feedback from the
discriminator 330 indicates that classification accuracy is low for a text section generated
using a certain series of states, the rewards for states and actions which lead to a similar

text section are increased, so as to promote generation of text sections which the

11
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discriminator 330 cannot classify accurately. On the other hand, if the feedback indicates
that classification accuracy is high for a text section generated using the certain series of
states, the rewards for states and actions which lead to a similar text section are decreased.

The set of reward values of the network is also called a “policy”.

The Q-value 440 is an expected total reward associated with a series of actions under a

given policy, and is evaluated as follows at time t, state s and next action a:

Q7(s,a) = E[rpq + Y1ean + V143 + ol s,a]

wherein = is the policy, E is the expected total reward, r is the reward for a given action
taken at a specified time, and vy is a discount factor which weights the Q-value towards
actions which occur closer to the current time t. In this expression, each time step
corresponds to the addition of one or more words to the text section. Accordingly, the

Bellman equation to be solved in Q-learning is expressed as:

Q7(s,a) = Eg or[r + yQ™(s",a’) | 5,d]

By increasingly optimizing the Q-learning, it becomes possible to add each word of a text
section based on a maximum expected reward for the corresponding state and action based
on feedback for previously generated text sections, in order to generate a text section

which is more likely to successfully fool the discriminator 330.

Referring back to Fig. 3, next the word embedding noise adder 350 is used to add noise to
the text section obtained from the reinforcement learning algorithm. In the case of images,
noise can be added by adding noise values to pixel values or to values defining a vector
graphic. However, this is not possible with text sections that are made up of discrete words.
Instead, the word embedding noise adder 350 uses word embedding, which is a technique
wherein a set of discrete words are mapped to a continuous multidimensional, i.e. vector,
space, wherein each word corresponds to a point in the space (although not all points in the
space correspond to a word). In such a vector space, a difference between two words is
represented by a displacement which has an associated length, and a corresponding

distance between the words can be defined. As a result, it is possible to apply noise to an

12
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initial word by defining a noise distance representing the magnitude of the noise,
identifying a set of words which differ from the initial word by less than the noise distance
in the vector space, and randomly selecting a word from the identified set using a uniform
distribution, to select a final word that replaces the initial word. The scale of the noise
distance is set to be large enough that an acceptable level of randomness can be achieved,
for example by setting the scale to be large enough that the set of words is expected to
include thousands of words. Additionally, the scale of the effect of the noise adding can be
controlled by the way the word embedding is defined. For example, in many word
embeddings, words at nearby points in the vector space have similar semantic meanings,
and in such embeddings randomness can be applied to change individual words without

changing the overall semantics of the text section.

Alternatively, noise may be added by identifying a set of words which differ from the
initial word by a distance that falls within a range corresponding to the noise distance. For
example, the final word may be selected as the word whose distance from the initial word

is closest to the noise distance.

The noise distance, that is the magnitude of the applied noise, is dependent upon feedback
received for a previously generated text section. For a first generated text section, a
predetermined magnitude of noise, or no noise, is applied. Thereafter, the magnitude of
noise applied in a given text section has an inverse relationship with a degree to which the
identified topic matches the specified topic for a preceding generated text section. More
specifically, when the identified topic by the discriminator 330 matches the specified topic
for the generator 320, this means that the generator 320 has not succeeded in fooling the
discriminator, and a significant change should be applied using noise in order to generate a
text section which is likely to have a significantly different meaning and to increase the
probability of fooling the discriminator 330. On the other hand, when the identified topic
by the discriminator 330 does not match the specified topic for the generator 320, this
means that the generator 320 has succeeded and a smaller change should be applied using
noise, in order to further explore similar inputs to the discriminator 330. If the
classification output by topic classifier 360 is a continuous degree of confidence value, the
noise distance may be controlled continuously as an inverse function of the classification

output.
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By comparison to the output of the reinforcement learning algorithm 340, the word
embedding noise adder 350 allows the generator 320 to reach a higher level of precision
when trained to generate natural language text sections, by providing a mechanism for

adding noise.

Furthermore, in this embodiment, the precision of the generator 320 is further increased by
training the reinforcement learning algorithm 340 using Q-learning in addition to training

in the GAN 310.

More specifically the generator 320 uses a Q-learning model that defines the probability of
generating a given sequence of words, that is a text section, and the discriminator of the
GAN labels the sequence of words as corresponding or not corresponding to a specified
topic. The generator in this case is reward based and it can change the topic of the text

sections it creates so that they do or do not correspond to the specified topic.

The discriminator 330 comprises a topic classifier 360 which is trained to discriminate
whether a received text section corresponds to a required topic, using a Long Short-Term

Memory, LSTM, model to perform classification.

The GAN 310 is configured to provide feedback to the topic classifier 360, the
reinforcement learning algorithm 340 and the word embedding noise adder 350 for
training, wherein the feedback indicates how successfully the topic classifier 360 classifies

each text section that it receives.

Fig. 5 is a schematic illustration of a general kind of programmable processing apparatus
500 in which a discriminator training apparatus of an embodiment may be implemented.
The processing apparatus 500 may, for example, be a server, a terminal device, or even

virtual hardware of a node in a cloud server system.

The programmable processing apparatus 500 comprises an input/output (I/O) section 510
that functions as an interface module of the apparatus. This may be used, for example, for

communicating with a remote terminal in a client-server relationship.
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The programmable processing apparatus further comprises a processor 520, a memory 530
and an instruction store 540 for storing computer-readable instructions which, when
executed by the processor 520, cause the processor 520 to perform the processing
operations hereinafter described. The memory 530 includes volatile memory and non-
volatile memory. The instruction store 540 may comprise a RAM or similar type of
memory, and the computer-readable instructions can be input thereto from a computer
program product, such as a computer-readable storage medium 550 such as a CD-ROM,

etc. or a computer-readable signal 560 carrying the computer-readable instructions.

In the present embodiment, the combination of the hardware components shown in Fig. 5,
comprising the processor 520, the memory 530 and the instruction store 540, is configured
to implement the functionality of the discriminator training apparatus 300 shown in Fig. 3.
Similarly, a programmable signal processing apparatus of the kind shown in Fig. 5 may be
used to implement the functional components of the discriminator training apparatus 700
shown in Fig. 7, the summary generation apparatus 1000 shown in Fig. 10, and the

technician assistance apparatus 1300 shown in Fig. 13.

Figs. 6A and 6B are flow diagrams showing the main processing operations performed by
the discriminator training apparatus 300 of the first embodiment. According to this method
it is possible to improve the training of a discriminator 330 which has already been trained
at a lower standard. For example, this method may be used to improve a crude topic

classifier 360 which has not previously benefitted from training according to the invention.

At step S610 in Fig. 6A, a Generative Adversarial Network, GAN 310 is provided, the
GAN having a generator 320 configured to generate text sections according to a specified
topic, and a discriminator 330 configured to receive the generated text sections and to feed
back information indicative of an identified topic to the generator 320. The discriminator
330 preferably comprises a Long Short-Term Memory, LSTM, classifier for identifying

whether or not received text sections match the specified topic.

At step S620, the generator 320 and the discriminator 330 are trained. More specifically,

the generator 320 repeatedly generates text sections for the discriminator 330 and the
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discriminator 330 classifies text sections which may be from the generator 320 or may be
real text sections in the specified topic, thereby identifying a topic of the text section. The
GAN 310 oversees this process and generates feedback indicating whether the
classification output from the discriminator 330 is correct for given text sections. More
specifically, the GAN 310 iteratively adapts the generator 320 to decrease the probability
that the identified topic matches the specified topic, and adapts the discriminator 330 to
increase the probability that the identified topic matches the specified topic.

During the iterative process of step S620, the steps of Fig. 6B are performed each time a

text section is generated by generator 320.

At step S630, a reinforcement learning algorithm 340 of the generator 320 is used to obtain

an initial text section comprising a plurality of words.

The reinforcement learning algorithm 340 is based on Q-learning and is trained following
generation and discrimination of each text section, in order to become more likely to
generate a text section that the topic classifier 360 of the discriminator 330 will classify

incorrectly.

At step S640 a word embedding noise adder 350 applies noise to the text section obtained
in step S630.

Noise is applied by mapping an initial word of the obtained text section from a discrete
space of natural language words to a continuous vector space of word embedding. As
described above, in the vector space, words are arranged at points and a distance can be
defined between any two words based on the mapping. Additionally a sphere can be

defined around a word with a given radius.

In order to apply the noise, a sphere is defined around the initial word of the obtained text
section, the sphere having a radius of a noise distance that inversely corresponds to a
degree to which the discriminator 330 correctly identified the topic of a previous text
section. A set of words located within the sphere are identified, and one of the set of words

is randomly selected as a final word to replace the initial word.
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Then, the text section, in which the initial word has been replaced by the final word, is

provided as an output from the generator 320.

When used in the above method, the mechanism of added randomness based on word
embedding has the effect of improving the accuracy of the discriminator 330 after being
trained in the GAN 310. Additionally, this mechanism has the effect of reducing the
chance of mode collapse in which a generator 320 focusses only on a very small range of

text sections and, as a result, the discriminator 330 is not trained to be widely applicable.

Fig. 7 is a schematic illustration of functional modules and data stores of a discriminator
training apparatus 700 of a second embodiment. The second embodiment is based on the
discriminator training apparatus 300 of the first embodiment, and can be similarly

implemented except as described below.

Referring to Fig. 7, the discriminator training apparatus 700 comprises a document
database 710, a topic modeller 720, a discriminator 730, a long short-term memory training
controller 740, a generator 750, a reinforcement learning algorithm training controller 760

and a generative adversarial network, GAN, training controller 770.

The discriminator 730, the generator 750 and the GAN training controller 770 correspond
respectively to the discriminator 330, the generator 320 and the GAN 310 respectively of
Fig. 3, and the GAN training process is the same as in the first embodiment, and

accordingly will not be described again here.

The document database 710 is a data store comprising a plurality of text sections each
related to a topic of a set of possible topics. The text sections may be stored in separate
data files, or may be individual phrases, sentences, paragraphs etc. within data files.

Certain text sections may additionally relate to multiple topics.

The topic modeller 720 is a functional program module implemented by a processer and
instruction store, configured to perform topic modelling in order to identify a set of topics

which are present in the document database 710.
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The topic modelling is performed using a Latent Dirichlet Allocation, LDA, method. The
topic modeller 720 produces a topic model comprising an N-by-K matrix, where N is the
number of text sections in the document database 710 and K is the number of topics

identified by the LDA method to be present in the document database 710.

The long short-term memory, LSTM, training controller 740 is a functional program
module implemented by a processor and instruction store, configured to construct the
discriminator 730 initially and to train the discriminator 730 under the control of the GAN
training controller 770. The training of the discriminator 730 under the control of the GAN
training controller 770 is as described above with respect to the first embodiment, and the

constructing the discriminator 730 initially is described in the following.

In this embodiment, a copy of the text sections in the document database 710 is pre-
processed. All stop words, numbers and punctuation are removed. Then, the remaining
words of the text sections are stemmed and lemmatized to ensure uniformity.

Subsequently, a term/text section matrix is constructed.

Fig. 8 is a schematic illustration of a term/text section matrix for a set of text sections. In
this example, Fig. 8 is a subset of the matrix, which would normally have a large number
of rows and columns corresponding to the number of different text sections in the

document database 710 and the number of different terms appearing in the text sections.

In Fig. 8, each value 830 of the matrix identifies a number of times a term 810 occurs in a
text section, wherein each text section corresponds to a row (or column) of the matrix

identified by a text section ID 820.
In Fig. 8, it may be noted that some spelling mistakes are included such as the term

“nodesfor”. Such spelling mistakes would almost inevitably occur in a document database

710. However, such spelling mistakes could be eliminated as a further pre-processing step.
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After generating the term/text section matrix, a term frequency/inverse section frequency,
tf-isf, matrix is generated. The ts-isf matrix is constructed to include only a limited number

of the most repeated words, for example the top hundred words, in order to remove noise.

Returning to Fig. 7, finally, the LSTM training controller 740 constructs the discriminator
730. In this embodiment, the discriminator 730 is a neural network of LSTM architecture
with two hidden layers, trained using the term/text section matrix to produce information
indicative of an identified topic as the output. The discriminator 730 is stored in the
discriminator training apparatus 700 as shown in Fig. 7. In a test case, a network was
trained for 20 epochs and achieved a training accuracy of 92%. However, such training

alone does not provide a robust enough discriminator for many applications.

The reinforcement learning algorithm training controller 760 is a functional program
module implemented by a processor and instruction store, configured to construct the
reinforcement learning algorithm 340 of generator 750 and train the reinforcement learning
algorithm 340 under the control of the GAN training controller 770. The training of the
reinforcement learning algorithm 340 under the control of the GAN training controller 770
is as described above with respect to the first embodiment, and the reinforcement learning
algorithm 340 is constructed initially with states as next words of the text section and
rewards that are initially predetermined or random and that are updated based on outputs

from the discriminator 730 on the basis of previous generated text sections.

Fig. 9 is a flow diagram showing the main processing operations performed by the

discriminator training apparatus of the second embodiment.

At step S910, the topic modeller 720 identifies a set of possible topics by performing topic
modelling on the document database 710, wherein the document database comprises a

plurality of text sections each related to a topic of the set of possible topics.

At step S920, the long short-term memory, LSTM, training controller 740 trains the
discriminator 730 based on a long short-term memory model with a term frequency-inverse
section frequency matrix as input and topics as output, using text sections from the

document database 710.
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At step S930, the reinforcement learning algorithm training controller 760 constructs a
reinforcement learning model (reinforcement learning algorithm 340) with states of partial
text sections, actions of adding a next word to a text section, and rewards based on
corresponding outputs from the discriminator, the reinforced learning algorithm being used

to initialise the generator 750.

At step S940, the generative adversarial network, GAN, training controller 770 further
trains the discriminator 730 and generator 750 in a generative adversarial network, GAN,

as described above for the first embodiment.

Above are described two embodiments of a discriminator training apparatus for training a
discriminator. Below are described two embodiments in which such a trained discriminator

may be used to generate a summary of a document database.

Fig. 10 is a schematic illustration of functional modules and data stores of a summary

generation apparatus 1000 of a third embodiment.

Referring to Fig. 10, the summary generation apparatus 1000 comprises a topic
information obtainer 1010, a discriminator 1020, a document database 1030, and a

summary generation controller 1040.

The topic information obtainer 1010 is a functional program module implemented by a
processor and instruction store, configured to obtain topic information indicating a topic to
be included in a summary of the document database 1030. The topic information may be
obtained by various means depending on the content of the database. For example, the
topic information may be defined manually by a user’s request for a summary.
Alternatively, the topic information may be calculated based on sensor readings, such as
maintenance alarm sensors, environmental condition sensors etc. which may obtain
relevant information about a context in which the summary is to be provided. Additionally,
the topic information may be calculated using historical data regarding previously
generated summaries. The topic information may only specify one topic, or may specify

multiple topics.
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The discriminator 1020 is a discriminator that has been trained as described above in the
first or second embodiment, or otherwise in accordance with the invention. As described
above, each discriminator 1020 is a binary classifier trained for discriminating one topic,
and therefore multiple discriminators are required if the topic information can indicate any

of multiple possible topics.

The document database 1030 is a data store comprising a plurality of text sections each
related to a topic of a set of possible topics. The text sections may be stored in separate
data files, or may be individual phrases, sentences, paragraphs etc. within data files.

Certain text sections may additionally relate to multiple topics.

The summary generation controller 1040 is a functional program module implemented by a
processor and instruction store, configured to use the discriminator 1020 (or a
discriminator 1020 if there are multiple discriminators) to identify a first text section in the
document database 1030 that is related to a topic indicated in the obtained topic
information, and to generate a summary of the document database 1030 that includes the
first text section. The first text section is identified by passing text sections from the
document database 1030 to the discriminator 1020 trained for the identified topic, until a
text section is discriminated as being related to the identified topic. Additionally, multiple
text sections from the document database may be discriminated as being related to the

identified topic, and the multiple text sections may be included in the summary.

Furthermore, in some cases, the summary must also include information which is not
related to a topic indicated in the topic information. For example, there may be a “general”
topic which is always included in the summary regardless of the topic information. In such
cases, the summary generation controller 1040 may use a second discriminator to identify a
second text section of the document database 1030 that is not related to a topic indicated by
the topic information, and generate a summary of the document database 1030 which
includes the first section related to the indicated topic, and the second section not related to

the indicated topic.
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Additionally, text sections included in the summary may be summarized using extract-
based summarization techniques. In particular, it is advantageous to provide a summary of
the document database 1030 in which the first text section is provided in full, and a second
text section not related to the topic indicated in the topic information is only included as an
extract-based summary. This means that the summary provides more detail on the topic
which has been indicated in the topic information as being of particular interest, while still

identifying the existence of other another topic using an extract-based summary.

More generally, the summary generation controller 1040 may apply one or more
discriminators 1020 to all text sections in the document database 1030, in order to
determine which text sections of the document database 1030 should be included in the

summary.

The summary generation apparatus may itself additionally comprise a discriminator
training apparatus for training the discriminator(s) 1020 as described above. It is
advantageous for a summary document to be easy to read, understand and generate.
Additionally, it is advantageous for the summary document to be easily summarized.
Additionally, in the context of generating summaries, it is advantageous to train a
discriminator to classify text sections into topics (which may be domain-dependent topics)
with minimal information. Accordingly, a reward function for the GAN model used to

train the discriminator 1020 is defined to reward these properties.

Fig. 11 is a flow diagram showing the main processing operations performed by the

summary generation apparatus of the third embodiment.

Referring to Fig. 11, at step S1110, the topic information obtainer 1010 obtains topic
information indicating a topic to be included in a summary of the document database 1030,
wherein the document database comprises a plurality of text sections each related to a topic

of a set of possible topics.

Then, at step S1120, the summary generation controller 1040 uses a trained discriminator
to identify a first text section of the document database 1030 that is related to the obtained

topic information.
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Then, at step S1130, the summary generation controller 1040 generates a summary of the

document database 1030 wherein the summary includes the first text section.

Fig. 12 is a schematic illustration of a maintained system in which a technician assistance

apparatus of a fourth embodiment may be used.

More specifically, referring to Fig. 12, there is illustrated a particularly practical technical

scenario in which the above-described document summarization is useful.

In Fig. 12, four sites 1220-1, 1220-2, 1220-3 and 1220-4 form a system which is to be
managed. As mentioned above, the sites may be connected or unconnected. The sites may
also be geographically distant from one another, such that technicians cannot attend all
sites while using their time efficiently, due to significant travel times in the travel network

1230 between sites.

The sites may, for example, be locations of various industrial devices.

In order to oversee and maintain the sites 1220, technicians 1240-1, 1240-2 may be sent to
each site periodically or in response to sensors which detect the need for a technician. For

example, each site may have sensors to detect equipment failures.

More specifically, each technician 1240 can receive a work order indicating the need to
attend a site 1220. This work order may, for example, be received via an application on a
terminal 1250 provided to the technician, and may provide details of problems at the site or
work to be done at the site. The work order may contain details of triggered alarms, that is,
information indicating a problem at the site. Ideally, the work order contains correct and
accurate information, although this is outside the scope of the described invention herein.
The work order may also include information related to solving the problem, such as

information regarding already-attempted strategies for solving the problem.

The technician uses their terminal 1250 to communicate with a technician assistance

apparatus 1210 in order to obtain a summary of a document database of technical
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documentation, wherein each of a plurality of text sections of the document database are
related to a topic of a problem type which may occur at the site. It is particularly
advantageous for the summary to be provided as an issue-based (e.g. trouble ticket-based)
solution document with appropriate details and an appropriate level of summarization to
solve a problem at the site 1220 without requiring the technician to, in advance, have
detailed specialized knowledge of the problem and without requiring the technician to
spend large amounts of time searching a document database manually. In order to achieve
this, the technician assistance apparatus of the fourth embodiment generates a summary of

the document database as a scope-enabled regenerative solution document.

Fig. 13 is a schematic illustration of functional modules and data stores of the technician

assistance apparatus of the fourth embodiment.

The technician assistance apparatus 1300 comprises a topic information obtainer 1310, a
site history storage 1320, a technician proficiency storage 1330, a discriminator 1340, a

document database 1350 and a summary generation controller 1360.

The topic information obtainer 1310, discriminator 1340, document database 1350 and
summary generation controller 1360 may be similar to the corresponding features of the
third embodiment as described above, except where otherwise described below, and

similar details are not repeated for brevity.

The topic information obtainer 1310 in the fourth embodiment calculates topic information

on the basis of a request for a summary document.

For example, referring to Fig. 12, the technician assistance apparatus 1210 may receive a
request for assistance from a technician 1240-1 who is attending a site 1220-1, via their
terminal 1250-1. The request includes a technician ID which identifies the technician
1240-1, and a site ID which identifies the site 1220-1 currently being attended by the

technician.

The topic information obtainer 1310 then applies rules to determine topic information

based on site history information associated with the site ID in the site history storage 1320
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and/or technician proficiency information associated with the technician ID in the

technician proficiency storage 1330.

More specifically, the site history storage 1320 stores, for each site 1220 in the managed
system, information regarding problems which have previously occurred in at the site. This
information may include a frequency of each type of problem, a last date on which the
problem occurred, a burden to the system associated with fixing the problem, a burden to
the system associated with failing to fix the problem (some problems only have isolated
impact whereas others may impact a whole site or system), and so on. The site history
storage 1320 may also store information regarding summary documents which have been
previously generated for a site, known characteristics of a site (such as what equipment,
parts, tools etc. are present at the site). All of this information may be used to determine
which problems are most likely to occur at the site 1220 and which potential problems

should be prioritised by the technician 1240.

Similarly, the technician proficiency storage 1330 stores, for each technician 1240 in the
managed system, information regarding problems which they have previously solved or

which they are likely to be able to solve given their specialization.

In particular, this information may be linked to the document database 1350 and may

indicate particular text sections with which the technician already has proficiency.

The information associated with each technician is obtained by constructing a Latent
Dirichlet Allocation model for each text section with which they are familiar, in order to
obtain more general information about which topics the technician is likely to be familiar
with. For example, if the technician is known to be familiar with M text sections out of N
text sections in the document database 1350, and it has been established that the document
database 1350 has text sections corresponding to K topics, an M by K LDA model can be

constructed to represent the proficiency (or proficiencies) of the technician.

The rules used by the topic information obtainer 1310 may be static predetermined rules or
may be determined by an additional model which undergoes machine learning based on the

successes and failures of the technician assistance apparatus. For example, the topic
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information obtainer 1310 can use rules to prioritise topics associated with relatively
important possible problems and to prioritise topics with which the technician has lower

proficiency.

In particular, the topic information obtainer 1310 may advantageously determine topic
information which comprises information indicating a topic associated with a type of

problem which has occurred previously at the site.

Additionally or alternatively, the topic information obtainer 1310 may advantageously
determine topic information which comprises information indicating a topic associated
with type of problem with which the technician does not have experience and therefore is
not proficient in. This determination is particularly useful in a case where the technicians
1240-1 and 1240-2 have different proficiencies (i.e. different levels of experience),
because, due to the geographical distances and travel times between sites, it is not always
possible to assign the most proficient technician to each site for dealing with corresponding
reported problems, and therefore assistance to the technician is more useful if the
technician assistance apparatus can identify topics in the document database with which

the technician may require more assistance.

This intelligent selection of topics to be included in the summary leads to a summary
which is more likely to be successful in assisting the technician in solving a problem, and

more likely to reduce the time taken by the technician to solve the problem.

The discriminator 1340 is a discriminator that has been trained as described above in the
first or second embodiment, or otherwise in accordance with the invention, to efficiently
and correctly identify topics associated with text sections in the document database 1350.
As described above, each discriminator 1020 is a binary classifier trained for
discriminating one topic, and therefore multiple discriminators are required if the topic

information can indicate any of multiple possible topics.

As described above for the third embodiment, the technician assistance apparatus 1300
may comprise discriminator training apparatus in accordance with the first or second

embodiment. In this case, discriminators are trained in advance for various topics (which
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may correspond to different potential problems in the system or different proficiencies of
technicians) and are stored ready for use as required. The discriminators 1340 can be
updated when there is any change to the document database 1350, for example by addition

of new text sections to the database or removal of text sections from the database.

With respect to computation time, it is noteworthy that according to the invention a GAN
model is only used for training a robust discriminator 1340, and is not required at the time
of generating a summary. Instead, only the discriminator(s) are required at the time of
summarizing a document database 1350, in order to identify text sections to include in the
summary. At that stage, the discriminator(s) are already trained and are able to efficiently
and accurately classify the text sections without requiring processing or time resources that
are comparable to the training stage. Accordingly, the invention is useful even in contexts
where GAN training would be too slow or computationally expensive for assisting a

technician in real-time.

As mentioned above, the document database 1350 is a database of technical
documentation, wherein each of a plurality of text sections of the document database are
related to a topic of a problem type which may occur at the site. The database otherwise

works similarly to the third embodiment.

The summary generation controller 1360 also works similarly to the third embodiment, and
uses the discriminator(s) 1340 to identify one or more text sections of the document
database 1350 to be included in a generated summary. Ideally, the summary generation
controller 1360 should be configured to selectively include whole text sections and/or
extractively-summarized text sections, in order to generate a summary which is simple for

the technician to use and understand.

As an additional optional feature of the technician assistance apparatus 1300, the apparatus
may, after providing a summary for assisting a technician, obtain feedback from the
technician regarding whether problem was solved and/or whether the summary was helpful
in solving the problem. If the summary was not effective in assisting the technician, the
technician assistance apparatus 1300 will regenerate a further solution document. At the

same time, the technician assistance apparatus may provide feedback to the topic
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information obtainer 1310 in order to improve its rules for determining topic information.
Additionally, the summary itself may be stored for future use if it was successful in
assisting the technician in solving the problem. The stored summary may be reviewed by
an expert once it is known to be successful, in order to finalize the summary as a solution
document to be retained. Then, if a similar problem arises again, the stored summary can
be provided as an initial attempt to assist in solving the similar problem with minimal

resources.

There will now be described an example that can assist in understanding the utility of the

described technician assistance apparatus.

Referring to Fig. 12, assume that there is a problem at site 1220-1 and, referring to Fig. 13,
assume that the document database 1350 contains ten text sections which each describe

troubleshooting techniques for a respective component of the system at site 1220-1.

In a comparative example, the technician only has access to the whole document database,
and 1s not provided with a summary. In that case, the technician has to read through up to
ten text sections and perform corresponding troubleshooting until the problem solved. For
example, the technician may troubleshoot components associated with each text section
until a broken or incorrectly operating component is identified and repaired. If the last text
section is the one related to the current problem, then the technician must read ten text
sections and troubleshoot ten components, where the work on nine out of ten components

does not solve the problem.

On the other hand, when using a technician assistance apparatus 1300 according to the
invention, the site history storage 1320 indicates a frequency of one or more problems
which have previously occurred. For example, the site history storage 1320 may indicate
that, in the past two times a same or similar problem was reported at site 1220-1, the
problem was solved by troubleshooting a particular component. Accordingly, the summary
is generated to indicate that troubleshooting for the particular component should be
prioritized over troubleshooting for another component. This will decrease the average

time for solving the problem.
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Furthermore, in the case where the information associated with a technician ID in the
technician proficiency storage 1330 corresponding to a technician 1240 attending site
1220-1 indicates that they are proficient with the problem that has occurred in the past two
times, but they are less proficient with another problem which has previously occurred at
site 1220-1, this time associated with a second component found at the site, the summary is
now generated to provide a summary of information regarding the particular component
that has been the cause of the problem the past two times, and to provide more detailed

information regarding the other problem.

Fig. 14 is a flow diagram showing the main processing operations performed by the

technician assistance apparatus of the fourth embodiment.

Referring to Fig. 14, at step S1410, the technician assistance apparatus 1300 receives a
request for a summary document, the request including a technician ID and a site ID. This

request is received from the technician’s terminal 1250.

At step S1420, the topic information obtainer 1310 determines topic information indicating
a topic to be included in a summary of a document database 1350, based on site history
information corresponding to the site ID stored in the site history storage 1320 and a
proficiency corresponding to a technician ID of the technician in the technician proficiency

storage 1330.

At step S1430, the summary generation controller 1360 uses a discriminator 1340 to
identify a first text section of the document database 1350 that is related to the topic

information determined by the topic information obtainer 1310 in step S1420.
At step S1440, the summary generation controller 1360 generates the summary of the
document database 1350, where the summary includes the first text section identified in

step S1430.

Then, at step S1450, the technician assistance apparatus 1300 transmits the generated

summary to the terminal 1250 from which the request was received, to assist the technician
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associated with the technician ID in solving a problem at the site associated with the site

ID.

Modifications

In the above description, the discriminator and generator are implemented using neural
networks such as Convolutional Neural Networks, CNN, or Recursive Neural Networks,
RNN. However, the discriminator and generator may each be any type of machine learning
model capable of receiving the above-described input(s), producing the above-described

output(s) and learning from the above-described feedback(s).

In the above description, noise is added using word embedding and randomly selecting a
final word within a noise distance of an initial word that is to be replaced. In some
embodiments, the random selection may be guided by an additional reinforcement
learning, RL, model in order to ensure that the final word is semantically similar to the
initial word, so that the text section remains, as a whole, a natural language text section (or,
conversely, in order to ensure that the final word is not semantically similar to the initial
word, when the previous text section generated by the generator was correctly

discriminated).

In the above description of Fig. 3, a reinforcement learning algorithm 340 generates a text
section and then a word embedding noise adder 350 adds noise to the text section.
However, in other embodiments, the word embedding noise adder 350 may add noise to a
partial text section while it is still being generated in the reinforcement learning algorithm.
In other words, the word embedding noise adder 350 may be used to randomly vary an
intermediate state in the above-described Q-learning model such that the corresponding
state and Q-values of the partially-generated text section are altered in between multiple

actions of adding words according to the Q-learning model.

In the above description, the discriminator is a binary classifier that identifies whether or
not a text section matches one topic or not, or identifies a probability of the one topic being
associated with the text section. Accordingly, where identification of multiple topics is
required, multiple discriminators are used. However, in other embodiments, the
discriminator may be configured to produce a binary output or probability output with
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respect to multiple topics. In such other embodiments, the discriminator may be trained in
a Generative Adversarial Network with one or more generators that are capable of

generating text sections for any of a plurality of topics.

In the above description, it is only mentioned that the document database includes text
sections. However, the document database may also include images such as photographs or
graphs. Where such images are associated with text sections, for example by being located
adjacent to a text section or by being mentioned in a text section, the above-described
techniques can be used to generate a summary which also includes images associated with

the text sections used in the summary.

In the above description, the summary is generated from a document database. However,
the trained discriminator(s) may be used to summarize other information. For example, the
trained discriminator(s) may be used to summarize a work order regarding a problem at a
site. More specifically, work orders often include copy/pasting of, for example, alarm data
or error data and history not relevant to or related to the current problem at the site. As a
result, it is useful to be able to summarize either or both of the work order, which provides
specific information about a current problem at a site, and the document database, which

provides general information about known problems and solutions.

In the above description, a discriminator training apparatus which trains a discriminator,
and a summary generation apparatus and a technician assistance apparatus each of which
use a discriminator, are described as separate embodiments. However, these embodiments
may be combined to provide a summary generation apparatus comprising a discriminator
training apparatus, or a technician assistance apparatus comprising a discriminator training
apparatus. The corresponding described methods may also be combined into single

methods in which the same discriminator is trained and used.

In the above description, a technician assistance apparatus is used to assist a technician in
solving a problem at a site. However, more generally, the invention can be used in any
domain where technicians manage a system and handle various trouble shooting problems.
For example, a technician working in a cloud-based service to assist customers remotely in

solving their problems can use the described technician assistance apparatus to generate a
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regenerative solution for the problems and to increase the likelihood of successfully

helping the customer to solve the problems.
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Claims:

1. A computer-implemented method for training a discriminator (330) to identify a
topic to which a received text section is related, the method comprising:
providing (S610) a generative adversarial network, GAN, (310) comprising:
a generator (320) configured to generate text sections according to a
specified topic, and
the discriminator (330) configured to receive the generated text sections and
to feed back information indicative of an identified topic to the generator; and
iteratively adapting (S620) the generator (320) to decrease the probability that the
identified topic matches the specified topic and adapting the discriminator (330) to increase
the probability that the identified topic matches the specified topic,
wherein the generator (320) is configured to generate a text section by:
obtaining (S630) a text section using a reinforcement learning algorithm (340), the
obtained text section comprising a plurality of words; and
applying (S640) noise to the obtained text section by:
performing word embedding to map a word of the obtained text section to a
point in a continuous vector space,
identifying a replacement word that is within a noise distance from the point
in the continuous vector space, and
replacing the mapped word with the replacement word in the obtained text

section to generate the text section.

2. A computer-implemented method according to claim 1, wherein a magnitude of the
noise applied (S640) to the obtained text section for a given generated text section has an
inverse relationship with a degree to which the identified topic matches the specified topic

for a preceding generated text section.

3. A computer-implemented method according to claim 1 or claim 2, wherein the

reinforcement learning algorithm (340) is a Q-learning algorithm.

4. A computer-implemented method according to any of claims 1 to 3, wherein the

discriminator (330) comprises a Long Short-Term Memory, LSTM, classifier.
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5. A computer-implemented method for generating a summary of a document
database (1030), wherein the document database comprises a plurality of text sections each
related to a topic of a set of possible topics, the method comprising:

obtaining (S1110) topic information indicating a topic to be included in the
summary;

using (S1120) a discriminator (1020) that has been trained in accordance with any
of claims 1 to 4 to identify a first text section of the document database that is related to the
topic to be included in the summary; and

generating (S1130) the summary of the document database to include the first text

section.

6. A computer-implemented method according to claim 5, further comprising training

(5940) the discriminator (730, 1020) in accordance with any of claims 1 to 4.

7. A computer-implemented method according to claim 6, wherein training the
discriminator (730, 1020) further comprises identifying (S910) the set of possible topics by
performing topic modelling on the document database (710, 1030).

8. A computer-implemented method according to any of claims 5 to 7, the method
further comprising:

using a second discriminator to identify a second text section of the document
database that is not related to a topic indicated by the topic information to be included in
the summary; and

generating the summary of the document database to include the first text section

and a summary of the second text section.

0. A computer-implemented method for assisting a technician (1240-1) in solving a
problem at a site (1220-1), the method comprising providing (S1450) a summary of a
document database (1350) which has been generated (S1440) in accordance with any of
claims 5 to 8, wherein the document database comprises technical documentation and the
plurality of text sections are each related to a topic of a problem type which may occur at

the site.
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10. A computer-implemented method according to claim 9, further comprising

generating (S1440) the summary in accordance with any of claims 5 to 8.

11. A computer-implemented method according to claim 9 or claim 10, wherein the
topic information comprises information indicating a topic of a problem type which has

occurred previously at the site (1220-1).

12. A computer-implemented method according to any of claims 9 to 11, wherein the
topic information comprises information indicating a topic of a problem type with which

the technician (1240-1) does not have experience.

13. A computer-implemented method according to claim 12, wherein the site (1220-1)
is one of a plurality of geographically distant sites (1220-1, 1220-2, 1220-3, 1220-4) of a
system maintained by a plurality of different technicians (1240-1, 1240-2) with different

experience in different problem types.

14.  An apparatus (300) for training a discriminator (330) to identify a topic to which a
received text section is related, the apparatus comprising:
a generative adversarial network, GAN, (310) comprising:
a generator (320) configured to generate text sections according to a
specified topic, and
the discriminator (330) configured to receive the generated text sections and
to feed back information indicative of an identified topic to the generator,
wherein the GAN is configured to iteratively adapt (S620) the generator (320) to
decrease the probability that the identified topic matches the specified topic and adapting
the discriminator (330) to increase the probability that the identified topic matches the
specified topic, and
wherein the generator (320) is configured to generate a text section by:
obtaining (S630) a text section using a reinforcement learning algorithm (340), the
obtained text section comprising a plurality of words; and
applying (S640) noise to the obtained text section by:
performing word embedding to map a word of the obtained text section to a

point in a continuous vector space,
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identifying a replacement word that is within a noise distance from the point
in the continuous vector space, and
replacing the mapped word with the replacement word in the obtained text

section to generate the text section.

15.  An apparatus according to claim 14, wherein a magnitude of the noise applied
(S640) by the generator (320) to the obtained text section for a given generated text section
has an inverse relationship with a degree to which the identified topic matches the

specified topic for a preceding generated text section.

16.  An apparatus according to claim 14 or claim 15, wherein the reinforcement

learning algorithm (340) is a Q-learning algorithm.

17. An apparatus according to any of claims 14 to 16, wherein the discriminator (330)

comprises a Long Short-Term Memory, LSTM, classifier.

18. An apparatus (1000) for generating a summary of a document database (1030),
wherein the document database comprises a plurality of text sections each related to a topic
of a set of possible topics, the apparatus comprising:

a topic information obtainer (1010) configured to obtain (S1110) topic information
indicating a topic to be included in the summary;

a discriminator (1020) that has been trained using apparatus according to any of
claims 14 to 17 to identify a first text section of the document database that is related to the
topic to be included in the summary; and

a summary generation controller (1040) configured to generate (S1130) the

summary of the document database to include the first text section.

19. An apparatus (1000) according to claim 18, further comprising a discriminator

training apparatus (300) according to any of claims 14 to 17.

20. An apparatus (1000) according to claim 19, wherein training the discriminator
(730, 1020) further comprises identifying (S910) the set of possible topics by performing
topic modelling on the document database (710, 1030).
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21.  An apparatus (1000) according to any of claims 18 to 20, the apparatus further
comprising:

a second discriminator configured to identify a second text section of the document
database that is not related to a topic indicated by the topic information to be included in
the summary,

wherein the summary generation controller (1040) is configured to generate the
summary of the document database to include the first text section and a summary of the

second text section.

22. An apparatus (1210, 1300) for assisting a technician (1240-1) in solving a problem
at a site (1220-1), the apparatus being configured to provide (S1450) a summary of a
document database (1350) which has been generated (S1440) using apparatus according to
any of claims 18 to 21, wherein the document database comprises technical documentation
and the plurality of text sections are each related to a topic of a problem type which may

occur at the site.

23. An apparatus (1300) according to claim 22, further comprising apparatus (1310,
1340, 1350, 1360) according to any of claims 18 to 22 configured to generate (S1440) the

summary.

24. An apparatus (1300) according to claim 22 or claim 23, further comprising a site
history storage (1320) storing information indicating a topic of a problem type which has

occurred previously at the site (1220-1).

25. An apparatus (1300) according to any of claims 22 to 24, further comprising a
technician proficiency storage (1330) storing information indicating a topic of a problem

type with which the technician (1240-1) does not have experience.

26. An apparatus (1300) according to claim 25, wherein the site (1220-1) is one of a
plurality of geographically distant sites (1220-1, 1220-2, 1220-3, 1220-4) of a system
maintained by a plurality of different technicians (1240-1, 1240-2) with different

experience in different problem types.
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27.  An apparatus (1300) according to any of claims 22 to 26, further comprising an
input/output section (510) for communicating with a terminal (1250-1) of the technician

(1240-1).

28. An apparatus according to any of claims 14 to 27, wherein the apparatus is a cloud

node.

29. An apparatus (500) comprising a processor (520), a memory (530) and an
instruction store (540), the instruction store storing computer program instructions which,
when executed by the processor, cause the processor to perform  a method for training a
discriminator (330) to identify a topic to which a received text section is related, the
method comprising:
providing (S610) a generative adversarial network, GAN, (310) comprising:
a generator (320) configured to generate text sections according to a
specified topic, and
the discriminator (330) configured to receive the generated text sections and
to feed back information indicative of an identified topic to the generator; and
iteratively adapting (S620) the generator (320) to decrease the probability that the
identified topic matches the specified topic and adapting the discriminator (330) to increase
the probability that the identified topic matches the specified topic,
wherein the generator (320) is configured to generate a text section by:
obtaining (S630) a text section using a reinforcement learning algorithm (340), the
obtained text section comprising a plurality of words; and
applying (S640) noise to the obtained text section by:
performing word embedding to map a word of the obtained text section to a
point in a continuous vector space,
identifying a replacement word that is within a noise distance from the point
in the continuous vector space, and
replacing the mapped word with the replacement word in the obtained text

section to generate the text section.
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30.  An apparatus (500) according to claim 29, wherein a magnitude of the noise
applied (S640) to the obtained text section for a given generated text section has an inverse
relationship with a degree to which the identified topic matches the specified topic for a

preceding generated text section.

31 An apparatus (500) according to claim 29 or claim 30, wherein the reinforcement

learning algorithm (340) is a Q-learning algorithm.

32.  An apparatus (500) according to any of claims 29 to 31, wherein the discriminator

(330) comprises a Long Short-Term Memory, LSTM, classifier.

33. An apparatus (500) comprising a processor (520), a memory (530) and an
instruction store (540), the instruction store storing computer program instructions which,
when executed by the processor, cause the processor to perform a method for generating a
summary of a document database (1030), wherein the document database comprises a
plurality of text sections each related to a topic of a set of possible topics, the method
comprising:

obtaining (S1110) topic information indicating a topic to be included in the
summary;

using (S1120) a discriminator (1020) that has been trained by an apparatus
according to any of claims 29 to 32 to identify a first text section of the document database
that is related to the topic to be included in the summary; and

generating (S1130) the summary of the document database to include the first text

section.

34.  An apparatus (500) according to claim 33, the computer program instructions
further causing the processor to perform training (S940) the discriminator (730, 1020) in

accordance with any of claims 29 to 32.
35. An apparatus (500) according to claim 34, wherein training the discriminator (730,

1020) further comprises identifying (S910) the set of possible topics by performing topic
modelling on the document database (710, 1030).
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36. An apparatus (500) according to any of claims 33 to 35, the computer program
instructions further causing the processor to perform:

using a second discriminator to identify a second text section of the document
database that is not related to a topic indicated by the topic information to be included in
the summary; and

generating the summary of the document database to include the first text section

and a summary of the second text section.

37. An apparatus (500) comprising a processor (520), a memory (530) and an
instruction store (540), the instruction store storing computer program instructions which,
when executed by the processor, cause the processor to perform a method for assisting a
technician (1240-1) in solving a problem at a site (1220-1), the method comprising
providing (S1450) a summary of a document database (1350) which has been generated
(S1440) by an apparatus according to any of claims 33 to 36, wherein the document
database comprises technical documentation and the plurality of text sections are each

related to a topic of a problem type which may occur at the site.

38.  An apparatus (500) according to claim 37, the computer program instructions
further causing the processor to perform generating (S1440) the summary in accordance

with any of claims 33 to 36.

39. An apparatus (500) according to claim 37 or claim 38, wherein the topic
information comprises information indicating a topic of a problem type which has occurred

previously at the site (1220-1).

40.  An apparatus (500) according to any of claims 37 to 39, wherein the topic
information comprises information indicating a topic of a problem type with which the

technician (1240-1) does not have experience.

41.  An apparatus (500) according to claim 40, wherein the site (1220-1) is one of a
plurality of geographically distant sites (1220-1, 1220-2, 1220-3, 1220-4) of a system
maintained by a plurality of different technicians (1240-1, 1240-2) with different

experience in different problem types.
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42. An apparatus (1300) according to any of claims 37 to 41, further comprising an
input/output section (510) for communicating with a terminal (1250-1) of the technician

(1240-1).

43.  An apparatus according to any of claims 29 to 42, wherein the apparatus is a cloud
node.
44, A computer-readable storage medium (550), having stored thereon computer

program instructions which, when executed by a processor, cause the processor to perform
a method for training a discriminator (330) to identify a topic to which a received text
section is related, the method comprising:
providing (S610) a generative adversarial network, GAN, (310) comprising:
a generator (320) configured to generate text sections according to a
specified topic, and
the discriminator (330) configured to receive the generated text sections and
to feed back information indicative of an identified topic to the generator; and
iteratively adapting (S620) the generator (320) to decrease the probability that the
identified topic matches the specified topic and adapting the discriminator (330) to increase
the probability that the identified topic matches the specified topic,
wherein the generator (320) is configured to generate a text section by:
obtaining (S630) a text section using a reinforcement learning algorithm (340), the
obtained text section comprising a plurality of words; and
applying (S640) noise to the obtained text section by:
performing word embedding to map a word of the obtained text section to a
point in a continuous vector space,
identifying a replacement word that is within a noise distance from the point
in the continuous vector space, and
replacing the mapped word with the replacement word in the obtained text

section to generate the text section.

45. A computer-readable storage medium (550) according to claim 44, wherein a

magnitude of the noise applied (S640) to the obtained text section for a given generated
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text section has an inverse relationship with a degree to which the identified topic matches

the specified topic for a preceding generated text section.

46. A computer-readable storage medium (550) according to claim 44 or claim 45,

wherein the reinforcement learning algorithm (340) is a Q-learning algorithm.

47. A computer-readable storage medium (550) according to any of claims 44 to 46,

wherein the discriminator (330) comprises a Long Short-Term Memory, LSTM, classifier.

48. A computer-readable storage medium (550), having stored thereon computer
program instructions which, when executed by a processor, cause the processor to perform
a method for generating a summary of a document database (1030), wherein the document
database comprises a plurality of text sections each related to a topic of a set of possible
topics, the method comprising:

obtaining (S1110) topic information indicating a topic to be included in the
summary;

using (S1120) a discriminator (1020) that has been trained by an apparatus
according to any of claims 44 to 47 to identify a first text section of the document database
that is related to the topic to be included in the summary; and

generating (S1130) the summary of the document database to include the first text

section.

49. A computer-readable storage medium (550) according to claim 48, the computer
program instructions further causing the processor to perform training (S940) the

discriminator (730, 1020) in accordance with any of claims 44 to 47.
50. A computer-readable storage medium (550) according to claim 49, wherein training
the discriminator (730, 1020) further comprises identifying (S910) the set of possible

topics by performing topic modelling on the document database (710, 1030).

51. A computer-readable storage medium (550) according to any of claims 48 to 50,

the computer program instructions further causing the processor to perform:
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using a second discriminator to identify a second text section of the document
database that is not related to a topic indicated by the topic information to be included in
the summary; and

generating the summary of the document database to include the first text section

and a summary of the second text section.

52. A computer-readable storage medium (550), having stored thereon computer
program instructions which, when executed by a processor, cause the processor to perform
a method for assisting a technician (1240-1) in solving a problem at a site (1220-1), the
method comprising providing (S1450) a summary of a document database (1350) which
has been generated (S1440) by an apparatus according to any of claims 48 to 51, wherein
the document database comprises technical documentation and the plurality of text sections

are each related to a topic of a problem type which may occur at the site.

53. A computer-readable storage medium (550) according to claim 52, the computer
program instructions further causing the processor to perform generating (S1440) the

summary in accordance with any of claims 33 to 36.

54. A computer-readable storage medium (550) according to claim 52 or claim 53,
wherein the topic information comprises information indicating a topic of a problem type

which has occurred previously at the site (1220-1).

55. A computer-readable storage medium (550) according to any of claims 52 to 54,
wherein the topic information comprises information indicating a topic of a problem type

with which the technician (1240-1) does not have experience.

56. A computer-readable storage medium (550) according to claim 55, wherein the site
(1220-1) is one of a plurality of geographically distant sites (1220-1, 1220-2, 1220-3,
1220-4) of a system maintained by a plurality of different technicians (1240-1, 1240-2)

with different experience in different problem types.

43



PCT/IN2019/050422

WO 2020/240572

1/14

T 81
Dot
%
ov1 011 Oely
2 ?
ATSIE
ageus e 2 101RIaUs0 2 ]
wiopuey
a9t 0zt
% 2 )
UOIIBORISSBYD e ATIBUILULIDSI
0571,
b4
135 duiuiedy
NYD




PCT/IN2019/050422

WO 2020/240572

2/14

007 Z 814

(i 01¢

K 2

UOI3395 1% Biostzaiciisin -

B3¢ 077

’, R

VORBIIISSEID & JOIBUILIDGIO

25

a5z,

195 Buuiedy

YD




PCT/IN2019/050422

WO 2020/240572

3/14

¢ g
DOY
01¢
3
po p—
DeE 7 743 7
ommw b ommﬂ 4, @@mﬂ ,

FEIRLOETgY ABPY S510N wiyodyy

u“aa . Suippaguiy Fupiea
o PIOM JURUBTIDIEY

JOIBUILILIOSI()

i0leiaiusn

NYD

spyeiedde Bunnel) JoietuLsI(




PCT/IN2019/050422

WO 2020/240572

4/14

Opy

BNIEA-D

ey

HIOAIDN

aty

o~

2 L2

1147

Vst

uolOY




PCT/IN2019/050422

WO 2020/240572

5/14

G "dif

gy e

PUARRRERE S

PRy

e,

W

015 <
,(.f qu
105533044

3

T
ARt ARRERRRAEE

028

AJOUIBYY

[EESCRE,

AR S e W R e v e S




PCT/IN2019/050422

a9 ‘Bi4

L pug
ovos T )
T oS 795

6/14

U095 KDY a4y S1waaUnd OF UOIDS (XS] PRUIRHIO B
Ui PIOM IUDWIBIRIOB SY Yl et paddew sy Susepdas pue ‘goeds
A030BA SIIONURLOD 343 W 1uod 2YY LI0Y SOURSID 350U B UiYM
St3e4l piom Wawasejdas & BuAjuap: ‘eneds 101034 SBONUUDS
g ut 3uod B 03 U095 1X2) PBUIRINO M3 40 pom & dew o3 Buippaguis

S1ihoy poipseds B4y 53YeUr 140Y pEUBPE BY)
ey Aupqeqgosd ayl asesiou o3 nRuuLIlsIp ayy ydepe
pue 1oy peyoads syl ssysiew 21dol pIYBUSP) B4 181}
Antgeqoid Byl B5eaI0ap 0] J0IRIAUSE 34} 1depe Apanesay

paoms Fununopad TAL UDILIDS JK3T paweIgn ayl o1 asiou Addy 019S A
i

%,

(egs

% Amerauad syl
03 51401 DBPIUSPS UB SO BANEPUT UONBLLINIU 30B] PO
03 pUB SUCLIRAS Ix33 PoIRIoUad 3yl dA19334 0 paIndiuos

spaom Jo Axtjzanid e Suisudwiod uoiRas AdY pauIr1go JOIPUIIINSID & pue 21do) payidads v 03 SuIpinsie suoas
2yt wynogie Buiues) JUsUBoUIS & FUIST UONDBAS INFT B IR a3 viesousd 03 paandyuad Joyesausd e Susiduie)

NV HIOMIBN [BLIESIDADY DAIIZIBLISG 2 BIADI

WO 2020/240572

H H
UOIID3S 1693 djeisuany | w 1215

Nnsannnnnnnc’




PCT/IN2019/050422

WO 2020/240572

7/14

5074

£, 814

L4
%

JBOIIU0T Buiies}
HIOMIDN [BESISADY QAILRIDUBL)

094

7

] 19104307 Butuiely Wyliody
Bupies| Juswanioay

AGiRISLET)

1300 Buiuely
AJOWIBN WIS -1I0US U

AOIBUIULIOSI]

(zs

iajjapopy adoyg

S5GEIER JUSUIN00

sriyesedde Furiirpil 101BUIIBLTSIC




WO 2020/240572

810

8/14

Normal

(i UCII8s AL

PCT/IN2019/050422

o o < o -t o
‘ OO OO SISO ST SR SO .
P [an
& R
ot hz'\f
= < ) o <Q ™ o ¥
S
&
3 joed o~ few] <Q L B
Z :
-
E = :
e i
& % o o -t foe < o] :\;_2
R ; ;o®
[ {
A N
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, AN
; QG
@ 20
Ee] ; m “ o " =
o b 4 .
= - ¥ w  ® i
Sl e o o0« @ 9D
2 ar .
3
@ o 0 < o ! 4
&
e et o o o v
: o
' ]
on



PCT/IN2019/050422

WO 2020/240572

9/14

oL

oy

0e65

6 "8

NYES I0MISU [BLIRSIBADE
SaIaUSE B Ul J03RIsuaE pUB IDIBUILLIDSID S4Y3 UIRIY JBYLINg

Joressusd
e 3SHeRIL 0 oSN Sueq WIYIIGBe FWuIes] panIoiIal BY)
GOIRUIMLIDSIE 3UY wody sinding Suipucdsaiiod uo pasey spiemal
pUe ‘uoiIIes BT 8 01 DIOM DIRU B BUIPPE JO SUOIISE ‘SUoIIIes
1X3) jeded 0 531815 YHM [BRoW Buiuies] DadIOMD) B DNUISUDD

O8as

\M,,

%

BSROEIED JBWNI0P
DL LIOUS SUDI0ES5 a1 Buisn ‘idoy paipoads © S1RUIWILIDSID
0} (BP0l AJOLIBL WDI-10YS SUC| e UC PRSEY JOTRUILLILIDSID © UiRl]

a165

\_z

-

saidoy sjgissod
10 195 843 0 31d0} B 0} PEIRjaL I8 SUOHIDSS 1631 0 Aueanid
© 5950l 3SRGRIED IUSWNIOE 34T LIIAYM '3504R1eD IU3WN20P
ey Juepow ooy Supwaopad Ag soidol sigissod 0 1935 2 Ajusp;

ssssssssssssnsssnnsnsnnsnnnnnnnnn st




PCT/IN2019/050422

WO 2020/240572

10/14

0T "8i4

o001
%
Or0T
k4
1Bjoauos usirIBuss Alpusung
0e0t
L
DSRYBIED JUDWNIGO
mmaﬁw
JOIBUILIESIC
010t

s

JBUIIG0 UOHEWION Doy

smygsedde uonerauad Alelung




PCT/IN2019/050422

WO 2020/240572

11/14

(7 ALN

OT1Ts

Faul

oy

UOI03S IX0Y 184
BUY BPNIOUE 0} BSBARIED JUSLINIOP 843 10 AJBLILUNS 3U] S1RIBUBD

/

N

WO RULIO
o} paUIRIgO 341 01 PAIRIDI I IBY] S5BYRIER WUBWNI0P
3U S0 UOIIDSS 1XB3 1541 £ AJIIUBDI O JOIRUNLILIOSIR PRI B 35])

sadoy ajgissod jo
195 £ 30 21d0o] £ 0] PaIR3L Yoea Suniioss 1xal Jo Aljeinyd e sasudwod
3SEQRIED JUBWNDOP SY1 UIBISUM 'ISRAFIED UBLWINIOD B JO Alewiuns
2 Ul paprour oy of 3idoy g duiiesipul UoRULIoU JIU0T BIBlYD




PCT/IN2019/050422

WO 2020/240572

12/14

71 8

y-0TTt \\z%i.......f;.ifs..\..w. LN
Z-opTT L DEFY N
rosz1 B N e
L f.\ N\ ,W s \
(g
bbb 4 BUG R
~ONL A %Az
_ 7,
\ ™
/ .,
AN
/./ SXM«
f \. LOSIT
| o OF
| N\, 1-02¢ ﬁ o
S % / T -,
coTer - " \
2 p——L
? . kY H /
\ mwu f.w /....f;:r: . \
% 23C
S )
snyesedde N
IIUELIBISSE

UEIDIIYIO)




PCT/IN2019/050422

WO 2020/240572

13/14

€1 B4

JBOAU0D UBRIBUSE AJBUWILLING

06EYT
s
BERORIBD SN0
OvET
X
A03BUILILIDSI()
0T
.
adrioys Azudioyosd ueRiuYsag
O7ET
%
ABIys ALOI51Y 335
OIET
JBUIRIGO yonBWIo Hdo]

sniereddy 30URISISSE URIDIUYDS)L




PCT/IN2019/050422

WO 2020/240572

14/14

85¥1%

o~

OPeis

g

o~

OEVTS

oYLy

OtPis

K

feLiuLial a2y 03 Ajeununs S} JUISURL]

UOIII8S 18] 154
BY1 BPNICUL O] HSRGEILD JWSUWINI0P BYT JO AIBLILLNG 3Y] D1RIBUBD

;s

UOIIRLLIOJU
o1y PAUIBIGO BUL O PAIRIBL SI 18YY BSEGEIED JUSWINI0P
BY3 JO UDIIOSS IX3] 1S4 B AJIIU2PE O JOIBURLILIOSID PaUIBIY B 3s()

(1} HeIIUYsaY 843 03 Supuodsaisod
Asusioyoad uBIDIUYD3] pue ()} 8IS 2yl 01 Buipuodsauiod
AJDISIY QYIS U0 PB5SEQ ‘@SBYRIEP JUSWNIOP B JO AlRILILINS
e Ui papnow 30 01 udol 2 Funedipul UoIBLIOI Didod BUILIRLB(

IPUILLESY B 0 O OUS
PLE (1 UEIDIMYD8Y BUIPNIDU TUSLWIND0oR AJBWILLNS 0 159Nbas aa180my

A

SUS—

SRIZALA

R N
pTe——




INTERNATIONAL SEARCH REPORT

Intemational application No.

PCT/IN2019/050422

A CLASSIFICATION OF SUBIECT MATTER
G06Q50/00 Version=2019.01

According to International Patent Clagsification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

G06Q, G10L,GO6F

Minimum documentation searched {classification system followed by classification symbols)

Documeniation searched other than minimum decumentation to the extent that such documents are inchuded in the fields searched

TotalPatent One,
Keywords:

Electronic data bass consudted dunng the international search (name of daia base and, whers practicable, search terms nsed)

IPO Internal Database
Discriminator, generative adversarial network, reinforcement

Whole Document

€. DOCUMENTS CONSIDERED TO BE RELEVANT

Category* Citation of document, with indication, where appmopnate, of the relevant passages Relevant to claim No.

X US10152970B1 (CAPITAL ONE SERVICES LLC) 11 1-8, 14-21,
December 2018 (11-12-2018) (Abstract; column 29-51
4,1ines 10-23; column 6,lines 62-65; column 8,
lines 10-55;

Y column 10, line 61 - column 14, line 27; column 9-13, 22-28,
16, lines 30-36) 52-56

Y US20030134599A1 (PANGRAC & ASSOCIATES DEVELOPMENT 9-13,22-28,
INC) 17 July 2003 (17-07-2003) 52-56

E::::} Further documents are listed in the continuation of Box C.

M See patent family annex.

* Special categories of cited documeuts:

“A”  document defining the general state of the art which is not considered

to be of particular relevance

document cited by the applicant in the international application

“E”  carlier application or patent but published or or after the international
fiting date

“L”  document which may throw doubts on priotity claim(s) ot which
ig cited to establish the publication date of another citation or other
special reason (as specified)

“07  documentreferringtoanoraldisclosure, use, exhibitionorother means
“P” document published prior to the international filing date but later than

the priority date claimed

T later document published after the international filing date or priority
iate and not in conflict with the application but cited to understand
the principle or theory underlying the invention

document of particular relevance; the claimed invention cannet be
considered novel or cannot be considered to involve an inventive step
when the document is taken alone

“Y” document of particular relevance; the claimed invention cannot
be considered to involve an inventive step when the document is
combined with one or more other such documents, such combination

being obvious to a person skilled in the art

“&” docoment meniber of the same patent family

Date of the actual completion of the international search

16-09-2019

Date of mailing of the international search report

16-09-2019

Name and mailing address of the [SA/

Indian Patent Office
Plot No.32, Sector 14,Dwarka,New Delhi-110075

Facsimile No.

Authorized officer

Lal Ratnakar

Telephoue No. 491-1125300200

Form PCT/ISA/210 (second sheet) (July 2619)




INTERNATIONAL SEARCH REPORT

) ) interunational application No.
Information on patent family members

PCT/IN2019/050422
Citation Pub.Date Family Pub.Date
WO 2018227462 Al 20-12-2018 CN 109690526 A 26-04-2019

Form PCT/ISA/210 (patent family annex) (July 2019}



	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - description
	Page 28 - description
	Page 29 - description
	Page 30 - description
	Page 31 - description
	Page 32 - description
	Page 33 - description
	Page 34 - description
	Page 35 - claims
	Page 36 - claims
	Page 37 - claims
	Page 38 - claims
	Page 39 - claims
	Page 40 - claims
	Page 41 - claims
	Page 42 - claims
	Page 43 - claims
	Page 44 - claims
	Page 45 - claims
	Page 46 - drawings
	Page 47 - drawings
	Page 48 - drawings
	Page 49 - drawings
	Page 50 - drawings
	Page 51 - drawings
	Page 52 - drawings
	Page 53 - drawings
	Page 54 - drawings
	Page 55 - drawings
	Page 56 - drawings
	Page 57 - drawings
	Page 58 - drawings
	Page 59 - drawings
	Page 60 - wo-search-report
	Page 61 - wo-search-report

