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A HYBRID QUANTUM-PERFECTED MODEL OF ARTIFICIAL INTELLIGENCE
IN THE PROBLEM OF AUTOMATIC RECOGNITION AND FAST CONVERSION
OF UNSTRUCTURED TEXT INFORMATION INTO SPATIAL

Background. Efficiently converting large amounts of unstructured text datainto spatial information is crucial for managing
water distribution systems. This allows for the conversion of extensive sets of text information, such as reports, orders, letters,
and other documents, into point classes of spatial objects in geographic information systems. To tackle this challenge, a promising
new approach involves combining hybrid quantum-classical neural networks with geo-information technologies.

Methods. The study utilized quantum-enhanced hybrid neural networks in combination with GIS methods to identify named
entities such as personal accounts and balance sheet objects of Kyivvodokanal by their addresses and geocoding. This information
was then published on a geoportal using the ArcGIS Enterprise platform in real-time, which holds great promise for effective water
management. The performance of the developed model was evaluated by accuracy indicators, recall parameters, and weighted
harmonic average of accuracy and recall.

Results. The obtained results indicate that the developed hybrid quantum-classical model of artificial intelligence can be
successfully applied to transform large volumes of unstructured textual information into spatial information. The model was
integrated into GIS using ArcGIS Enterprise. By combining the obtained point classes of spatial objects with already existing data,
methods of spatial connections, an interactive map with an update interval of every five minutes was developed.

Conclusions. Taking advantage of quantum computing and combining it with classical hardware and classical Al models,
it became possible to achieve similar and even better performance in various tasks compared to state-of-the-art methods. Quantum
natural language processing is a promising new field that has the potential to revolutionize the way one analyzes and understands
human language.

Keywords: QNLP, hybrid quantum-classical neural networks, geocoding, geoparsing, geographic information systems,
ArcGIS, entity recognition, unstructured textual information, variational quantum igniter, QLSTM, spatial objects.

Background

Efficiently converting large amounts of unstructured text data into spatial information is crucial for managing water
distribution systems. This allows for the conversion of extensive sets of text information, such as reports, orders, letters, and
other documents, into point classes of spatial objects in geographic information systems. To tackle this challenge, a promising
new approach involves combining hybrid quantum-classical neural networks with geo-information technologies. Quantum-
classical artificial neural networks offer several advantages over classical computing (Rieffel, & Polak, 2011), including
computing based on the superposition of quantum states and entanglement for the correlation of quantum states. Most of the
unstructured data contains location-based entities, making it spatial. Additionally, text information related to water supply
companies, such as reports, orders, personal accounts data, and balance sheet reports, is also spatial. This is because it
refers to objects situated underground or on the surface of a particular territory, such as pipelines, pumping stations, shut-off
valves, etc. These objects have a coordinate reference, and the data may contain a specific address or object name, such as
a shopping center or museum. Geoparsing methods can be used to extract the coordinates of an address, which may include
famous objects at the end of a street.

Natural language processing (NLP) is a subfield of artificial intelligence that focuses on the study of human language by
studying the meanings of words and sentences (DisCoCat lambeq). Methods of combining GIS and NLP were studied in
works (Lawley et al., 2023; Ma et al., 2021; Enkhsaikhan et al., 2021a; Enkhsaikhan et al., 2021b). Language models contain
mathematical rules for representing words, parts of words, or sentences as numerical vectors that are used to solve machine
learning problems (Enkhsaikhan et al., 2021b).

The most effective NLP models are based on transformers, and deep learning models that can interpret the meaning of
words based on context (Floridi, & Chiriatti, 2020). Transformers and self-attention are used to capture long-term and
bidirectional dependencies, which are important for representations of words that have multiple meanings.

There are two main categories of research methods for recognizing named entities: those based on spatial statistics and
machine learning, and those that use deep learning techniques. The former involves analyzing patterns of spatial distribution of
toponyms in the text. De Bruijn et al. have suggested a method for extracting toponyms by comparing databases of toponyms
and OpenStreetMap (Airola et al., 2019). Current methods that rely on specific geographic directories are unable to identify
unofficial place names mentioned in unstructured text. In an effort to address this issue, McKenzie et al utilized numerical spatial
statistical metrics and random forest learning techniques to extract neighborhood names from rental property listing data (De
Bruijn et al., 2019). Another study conducted by Lai et al utilized a method based on spatial point pattern analysis to extract
toponyms from geotagged Twitter texts (McKenzie et al., 2018). However, these methods are limited to specific research regions
and may encounter issues such as high dimensionality, computational complexity, and the need for frequent retraining.

To reduce computational complexity, one way of extracting toponyms is by using named entity recognition (NER) tools
that already exist. Hu et al. utilized NER tools like spaCy NER and Stanford NER to extract toponyms from real estate ads,
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which were then filtered using spatial clustering (Lai et al., 2020). However, this method has limited generalizability.
Alternatively, artificial neural networks are great for addressing issues of generality and scalability. However, basic neural
network structures may struggle with adapting to large-scale corpora.

Quantum Natural Language Processing (QNLP) is a recently developed area that combines the principles of quantum
mechanics with natural language processing techniques. This combination allows for more efficient and accurate analysis of
human speech compared to traditional NLP methods by utilizing unique quantum mechanics capabilities such as
superposition and entanglement (Bhagvan, 2020; Guarasci, De Pietro, & Esposito, 2022; Hoffmann, 2021). Quantum
algorithms further enhance the process by performing multiple calculations simultaneously. Overall, Quantum Natural
Language Processing shows great potential in revolutionizing the way we analyze and comprehend human language.

The current solutions for named entity recognition and GIS integration have some shortcomings, such as being slow and
not always accurate. As a result, a new hybrid model of artificial intelligence was developed to improve the process and
results. Our study proposes a to recognize named entities and convert the information into spatial data. The method of
integrating quantum processing of natural language to geo-information systems is carried out for the first time with sets of text
information of Kyivvodokanal and for the first time uses quantum computing to improve the classical long-short-term memory
(LSTM) artificial neural network model.

Methods

This paper uses a combination of a number of methods. These methods include method of integrating quantum processing
of natural language to geo-information systems, method of geoparsing and geocoding and method of quantum state coding.
Let us consider them in their turn.

Development methodology and model training workflows. In this study, we utilized text file sets containing personal
accounts from Kyivvodokanal subscribers, as well as unstructured text files containing information on the ownership of objects
in the balance sheet. Orders for water supply networks and structures transfer to the possession and use of PJSC
"Kyivvodokanal" provided crucial information for the GIS water supply system, including the date, transfer type, number, name
of structural unit, network type, network length, pipe material, year of commissioning, and diameter. Personal accounts contain
information: account number, type of input, address, place of installation of input, source of water use, volume of consumption,
etc. The data were received in text formats txt, CSV.

To identify addresses and other objects in text files, we used an open-source tool called Doccano (Qiskit, 2023) for text
labeling in natural language processing (NLP) tasks. We categorized all relevant information into pre-defined categories, such
as names of people, organizations, and locations. Each entity tag was encoded using the VIO annotation scheme, where the
letter "B" represented the beginning of the entity tag, and "I" represented the end. Any words that didn't refer to the desired
objects were marked with the "O" tag.

Named Entity Recognition (NER). Named Entity Recognition (NER) is the process of extracting or identifying key information
(entities) in text. An entity can be a keyword or a series of keywords. NER is a form of natural language processing (NLP), a
subfield of artificial intelligence. Entities in NER are divided into the following categories: person, organization, time, location, and
others. This model is used when there is a need to group texts based on their correspondence or similarity (Peixeiro, 2022). The
entity recognition process is divided into entity recognition model training and object recognition using deep learning.

1. The process of training an entity recognition model involves using a machine learning approach to provide the model with
training samples. These samples consist of pairs of input text and labeled entities in the text. The training process is iterative,
with the training data passing through the neural network multiple times. Each pass is called an epoch (Peixeiro, 2022).

2. Object recognition using deep learning. The trained model recognizes named entities and locations in text files and
records them in a table by them with the specified locator. As a result, we get a point class of spatial objects.

To run a deep learning model, it's important to indicate whether the base layers in the pre-trained model will be fixed to
keep their original weights and biases. By default, the base model layers are not frozen, allowing the weights and offsets of
the reference model to adjust to the training samples. This may take longer, but usually yields better results.

Geoparsing and geocoding. Geoparsing is a process of toponym recognition and geolocation that converts arbitrary text
descriptions of places into spatial identifiers (coordinates) from structured or unstructured text, such as social media posts,
news, scientific articles, web pages, and historical archives. Geoparsing is used for the following typical areas: searching for
geographic information, combating natural disasters, traffic management, fighting crime, and monitoring diseases.

The process of geoparsing involves several main procedures (Wang et al., 2022).

1) General procedure, which includes recognizing place names and determining their locations. Various tools like
StanfordNER (Doccano), SpaCyNER (The Stanford Natural Language Processing Group), and Baidu geocoding tool (spaCy)
are often used in this stage. The goal is to use modern text-based geoanalysis methods to obtain the most accurate
geographic analysis locations.

2) The procedure for associating attributes. To associate attributes with toponyms, the procedure involves extracting
attributes from the sentence and pairing them with the corresponding toponyms. The aim of this process is to determine the
primary connections between the toponyms and their attributes.

3) RS function association procedure. The RS function association procedure involves linking attributes with RS functions.
These functions can offer extra spatial information to accurately analyze geographical locations.

4) Binding procedure of the RS region. Acquisition of target spatial information based on RS characteristics is performed.

5) Location correction procedure. The resulting locations and references are synthesized, including “places” from the
general geoanalysis procedure, “attribute toponym” from the attribute association procedure, “attribute-RS function” from the
feature association procedure RS, and “target-area function-RS. On the example of the study of the ecological model of the
forest (Wang et al., 2022), a set of toponyms with geoparsing t: € T indicates a toponym-attribute correspondence list. Listtp
indicates the matching list of the RS attribute function. List,-f: set of zone RS means fa;€ A. Additional parameters are also
needed to improve correction accuracy, including a list of the city center List... The cluster threshold divides the target areas
into clusters. To determine the correction of toponyms, it is necessary to calculate the value of Al, which indicates the ability
to attract the surrounding territories. The value of Al is calculated according to formula (1) (Wang et al., 2022).
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Geocoding is the process of converting addresses into geographic point objects with coordinates. Reverse geocoding
converts coordinates to addresses. Unlike geoparsing, geocoding parses unambiguous structured references to locations,
such as postal addresses and well-formatted numeric coordinates. For our research, we used the Google Geocoding API, as
it is free for processing a large number of objects and works well for non-English addresses.

Quantum state coding method. To encode data in a quantum state, a basic language set of tokens is defined for each
representative space of token values (a noun is a subject, verbs and nouns are objects). The generalized representation of
each lexeme t; in the corresponding value space will be defined as m (O'Riordan et al., 2020).

ti=X7dm, @

where d;j means the distance between the base marker m; and the non-base marker ti. As a result, we get a linear combination
of base tokens with representative weights to describe the matched tokens. For effective data preprocessing, the following
steps must be performed (O'Riordan et al., 2020):

1) Tokenize the corpus and record the places of occurrence in the text.

2) Mark lexemes with the appropriate type of value space.

3) Divide lexemes into sets of nouns and verbs.

4) Identify the main markers in each set as the most frequently occurring lexemes.

5) Map base markers in each corresponding space on a fully connected graph with edge weights determined by the
minimum distance between base markers.

6) Calculate the shortest Hamilton cycle. The order of tokens in a cycle reflects the division of tokens in the text and the
degree of their similarity.

7) Map main markers to binary strings.

8) Project the composite tokens onto the base set of tokens using the limit distances of the similarity representation.

9) Create a sentence by matching compound lexemes noun-verb-noun. Once the pre-processing stages are complete,
the corpus is converted into binary strings and then encoded into the quantum register (O'Riordan et al., 2020). To make the
coding process more straightforward, we use a binary representation of the distance for formula (3), where markers within
the same cutoff have identical weight. This enables states to be encoded as an evenly weighted superposition, which can be
easily implemented as a quantum circuit (O'Riordan et al., 2020).

For the coding algorithm of a set of bit strings, we define: basic states of calculations and, Pauli-X gate (ox), controlled X
and n-controlled NOT operations (nCX), respectively (O'Riordan et al., 2020):

Xa:|a) — [-a), ®)
CXa,b: |a)|b) — |a) la @ b), 4)
nCXay, b...an, b:|ay)...|ay) |b) = |ay) ... |ay) |b D (a A ... Aay)). (5)

For a set of N unique binary patterns, each of length n, three qubit registers are required, a memory register of length n,
an auxiliary register of length n, and a control register of length 2, the complete quantum register is determined by the formula
(O'Riordan et al., 2020):

p® = {pf,...p i = 1, Niml@)w)|01)[m)]a), ®)
m) = la) = 10)®", ™
IWo) = l@)w)lm) = [0, ... 0,)01)[0; .. 0,). ®)

Each of the binary vectors is encoded sequentially. In each iteration of the coding algorithm, a new state is generated in
the superposition. The new state is called the active state of the next iteration. The remaining states are inactive. In each
iteration of the algorithm, the active state is selected using |u)=|01) (O'Riordan et al., 2020).

During the execution of one iteration, the binary vector is stored in an integer format, which is sequentially encoded bit by
bit using Pauli-X elements into an auxiliary register that causes the state: [a)|y_1) (Andrade et al., 2020).

91 = |af” ... ag)|o1)]0; ... 0,). ©)
In the next step, this binary representation is copied into the active state memory register by using the 2CX :m)|1) gate
(O'Riordan et al., 2020).
(W) = 7:1 ZCXajuijqul)- (10)
The next step is to apply CX and then X-gate to all qubits, using qubits as control elements
[W3) = H;l:1 ijCXajijJz)- (11)

This step sets the qubits to 1, provided that the corresponding qubit index in both matches, otherwise 0. Therefore, the
state in which the register matches the stored pattern will be set to 1, while the other states will have at least one 0. After the
state is selected, the nCX operation is applied to the first qubit in the auxiliary register, using the qubits as control: |m)
(O'Riordan et al., 2020).

[Wy) = nCXml...mnu1|¢3)- (12)
To fill a new state in the superposition, it is necessary to remove the amplitude from the existing states so that the new

state has a non-zero coefficient. For this, it is necessary to use the controlled unitary matrix CSV*1) to the second auxiliary
qubit uz, where the first auxiliary qubit ua is the control (O'Riordan et al., 2020):

[Ws) = CSoai™0 1) . (12)
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All other states are selected by the formula:
ke€{1,..,N} c Z*R,(0) = exp (—i@0y/2),

y(k) = —arccos arccos ((k — 2)/k |u) =|11)|u) = |10)|u) = |00). (13)
For the next iteration of the algorithm, we calculate the steps from formulas (10) (11) (12) as (O'Riordan et al., 2020):
[We) = nCXm,  myu, [Ws), (14)
U7) = Tl CXajim Xom, 1), (15)
[Wg) = Hjl':n 2CXajuzmj|'~|J7)- (16)

This result leads to the selection of the previous active state |u) = |00), while the new state will be [u) = |01). The memory
register of the previous active state will contain the pattern {a®, ..., an®}, while the memory register of the new active state
is set to all zeros (O'Riordan et al., 2020).

The next step is to code the quantum register for another pattern, according to formula (17) (O'Riordan et al., 2020):

W) = la)lw)m) = 10, ... 0,)100) (=2, Ipy”, ..., pY)). an

This algorithm assumes that the number of patterns to be encoded is known in advance. These templates are necessary
for generating S® matrices and applying them in the correct order. The total number of qubits for this algorithm is 2n + 2, of
which n + 2 can be reused (O'Riordan et al., 2020).

To illustrate how one can apply above methods, let us apply them to a number of neural networks.

First, we will consider hybrid quantum-enhanced neural network (QNN). A quantum neural network takes classical input
data and maps it into a quantum state using a feature map. The resulting state passes through the variational form. The output
data of a quantum neural network is the result of the final state measurement operation (Gonzlez-Castillo, & Combarro, 2023).
Fig. 1 schematically shows how a quantum neural network works.

QNNs, like classical artificial neural networks, can be trained using backpropagation of error with gradient descent
(differentiated learning) or evolutionary search heuristics (undifferentiated) (Jacquier et al.,, 2022). Quantum neural
networks have an edge over classical ones when it comes to quantum data. However, classical data can also be encoded
as quantum states and processed by QNNs with more efficiency and better ability to handle overtraining due to their
speedup (Jacquier et al., 2022).

| ——ne ) f———
2 |ﬂx{3§_=.'l
3 & el pn—m
) { —— [Ralth) | '
- 1
s, S——7
n-1 ; A =) m
Ra(0h-1) —ED) (R0
— Ra(t2) [ mte) | =—A |

Fig. 1. Schematic representation of a quantum neural network (Jacquier et al., 2022)

When quantum neural networks work on simulators, the gradients can be calculated using automatic differentiation
methods. When running either on real quantum equipment or on simulators, the gradients can also be calculated using the
parameter shift rule (Gonzlez-Castillo, & Combarro, 2023). These methods are fully implemented in the PennyLane quantum
programming environment (Baidu).

There are optimization methods called "optimizers without gradients” that eliminate the need for calculating gradients
during the backpropagation step (Zhu et al., 2019). This approach reduces the complexity of differentiating quantum circuits.
It was frequently used in the creation of the initial QNNSs.

Quantum Natural Language Processing (QNLP). Quantum Natural Language Processing (QNLP) is a new field of
guantum artificial intelligence where natural language is combined with the capabilities of quantum computing. QNLP is a new
line of research aimed at developing and improving NLP models using quantum phenomena: superposition, quantum
entanglement, and interference in tasks related to natural language processing, encoding information into a quantum state,
or using quantum equipment (Guarasci, De Pietro, & Esposito, 2022).

Quantum gates are used to manipulate quantum states, which are similar to logic gates in classical computing. QNLP
algorithms utilize these gates to perform NLP tasks like classification, clustering, and generation by applying them to the
quantum states that represent words and sentences (Guarasci, De Pietro, & Esposito, 2022).

Long short-term memory (LSTM) networks. Long Short-Term Memory (LSTM) is a deep learning architecture that is a
subtype of RNN. LSTM solves the short-term memory problem by adding cell state. This allows past information to pass
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through the network over a longer period, meaning the network is still carrying information from early values in the sequence.
Long-short-term memory (LSTM) networks have been a breakthrough in natural language processing when learning
sequential data and dependencies, such as textual data. Transformer architectures have outperformed LSTMs, but long-
short-term memory networks can be greatly improved by applying quantum computing, which in turn outperforms Transformer
models. Fig. 2 shows the LSTM architecture.

h:

————————————

¢ ¢ Output h.
- gate - gate S

Fig. 2. LSTM Architecture

Adding a cell state labeled C. This cell state allows the network to store past information in the network for a longer time,
solving the problem of gradient fading. The element of the sequence is indicated by x;, the hidden state is h;. The state of the
cell and the hidden state are passed to the next element of the sequence, using the previous information as input for the next
element (Chen, 2022).

Quantum-Enhanced Network of Long Short-Term Memory (QLSTM). The QLSTM quantum long-term memory network
is an advanced version of the classical LSTM that operates in the quantum realm. It replaces LSTM cells with variational quantum
circuits (VQC), which have three components: data encoding, variational layer, and quantum measurements (Wu, & Wang,
2019). This circuit converts a classical input vector into a quantum state, and the process is outlined in section “Quantum state
coding method”. The mathematical model for QLSTM is presented in formulas (18-24) and Fig. 3.

Classical Post-processing [«——| y,

= —— 1
ct-’. m tanh #‘ C;
I ¥acs) !
I |
I |
|
: c c tanh c I
[P | | ! | VQCs |
: VQC, vQc, VQC;  VQC, T h,
ht-l = ___l___l____l _______ I
Xe

Fig. 3. QLSTM Architecture scheme (Wu, & Wang, 2019)

fe = o(VQC; (vy)), (18)
ir = o(VQC; (v)), (19)
C; = tanh(VQC; (vy)), (20)
Ce = fe* Cooqg + Ip * 51:: (21)
o = o(VQCy (vp)), (22)

hy = VQCs(o; * tanh (c¢)), (23)
Ye = VQCg(0; * tanh (cy)). (24)
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The blocks o and tanh are the activation functions of the sigmoid and the hyperbolic tangent. Variable x; is the input signal
attime t, ht is for the hidden state, ¢ is for the cell state, y: is the output. ® and & are element-wise multiplication and addition,
respectively (Wu, & Wang, 2019).

Metrics for evaluating the accuracy of models. To evaluate the accuracy of the models, the accuracy_score formula
(25) was used. If all the predicted labels for a sample match the true set of labels, the subset accuracy is 1.0. Otherwise,
it is 0.0. The proportion of correct predictions over the Nsamples iS defined as (PennyLane, 2023), where Yi is the predicted value
and the corresponding true value is Yi.

Accuracy (Y, ¥) =

1

Nsamples—1 o~
e (S} (25)

Nsamples
where 1(x) is the identity function.
The F-measure is a weighted harmonic mean of precision and recall scores. It is defined as (PennyLane, 2023):

AP = Zn(Rn - Rn—l )Pn ’ (26)

where P, and R, are precision and recall at the nth threshold. With random predictions, AP is the proportion of positive
samples (PennyLane, 2023).

The Matthews correlation coefficient takes into account false positives and negatives, and is considered a balanced
measure that can be used even if the classes are of different sizes (PennyLane, 2023). For the research task, that is, for
multi-class classification, the Matthews coefficient is determined by the formula:
tv =YX C;, - number of classes, px =YX C;; — number of predicted classes, ¢ = Y ¥ C,,, — total number of correctly predicted
samples, sk = Y.X Zj-( C;j — total number of samples. Then we define a multi-class MCC as (PennyLane, 2023):

_ C XS— Zlk{pk X tg
NGE YT ARICEN AN

If there are more than two label values, the MCC value will no longer be in the range of —1 to +1. Instead, the minimum
value will be somewhere between -1 and 0, depending on the number and distribution of ground truth labels. The maximum
value will always be +1 (PennyLane, 2023).

The ROC-AUC or AUROC function, known as roc_auc_score, calculates the area under the ROC curve and reduces all
the curve information to a single number. This function is also applicable to multi-class classification. It supports two averaging
strategies: the one-versus-one algorithm, which averages pairwise ROC AUCs, and the one-versus-rest algorithm, which
averages ROC AUC:s for each class against all other classes. In both cases, the predicted labels are provided in an array with
values ranging from 0 to n_classes, while the scores reflect the estimated probability that the sample belongs to a particular
class (PennyLane, 2023).

The one-versus-one algorithm calculates the average AUC of all possible pairwise combinations of classes. The evenly
weighted multi-class AUC metric is determined by the formula (PennyLane, 2023):

1 .
o Li=1 Zie>(AUC (k) + AUC (kL)) (28)
where c is the number of classes and AUC (k) is positive class j and k is negative.
In the general multiclass case AUC (k) # AUC(j) (PennyLane, 2023).

Results

LSTM model implementation. To implement the classic LSTM, we used the Google Colab and PyTorch development
environment. The first step was to configure the appropriate packages and load a set of labeled data, with sentences padded
with zeros to the same length. Next, we defined two functions: train_model — a function for training the model; val_model - to
check the model. The classic LSTM model consists of four layers: Forget layer, Input layer, Update layer, Output layer. A
learning rate of 0,05 was determined after several experiments with different amounts of data. The results of model training
are shown in Fig.4 and Tab.1.

MCC

@7)

F 1.0

F 0.9

L o.8 - Train loss

=== Val loss

;,‘ —— Train accuracy
c _—

Lo.7 3 Val accuracy
e

r 0.6

r 0.5

3 6 9 12 15 18
Epoch

Fig. 4. The result of learning the classic LSTM model
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Table 1
Results of classical LSTM network training
LSTM
Epoch Train data Valid data

loss acc loss acc
1 1,056 0,44 1,051 0,47
2 1,006 0,56 0,986 0,57
3 0,836 0,66 0,805 0,68
4 0,629 0,74 0,748 0,70
5 0,517 0,77 0,592 0,74
6 0,414 0,86 0,846 0,60
7 0,348 0,88 0,621 0,75
8 0,248 0,92 0,600 0,80
9 0,214 0,93 0,786 0,77
10 0,192 0,94 0,673 0,77
11 0,172 0,94 0,736 0,77
12 0,124 0,96 0,770 0,79
13 0,117 0,96 0,814 0,81
14 0,116 0,97 0,807 0,80
15 0,132 0,96 1,079 0,74
16 0,085 0,97 1,123 0,74
17 0,075 0,98 1,026 0,76
18 0,094 0,98 1,413 0,73
19 0,081 0,97 1,058 0,77
20 0,072 0,98 1,251 0,73

LSTM compilation was performed using sparse categorical cross-entropy loss and accuracy metrics. From the obtained
results, it can be seen that the train loss is constantly decreasing, which indicates that the network is learning well. Accuracy

of the model: 0.76, average harmonic means of accuracy and recall — 0.771, AUC - 0.823, MCC — 0.616.

Implementation of the QLSTM model. To implement QLSTM, we replaced the key levels of the LSTM neural network
with variational quantum layers based on variational quantum schemes (Fig. 5). Thus, the parameters to be learned became
the rotation parameters in the chains, forming a hybrid quantum-classical level of the neural network (as a classical optimizer).

afe]

0 q[1]

q[2]

1 —H} razpr) —H o3 o

([..3]

Fig. 5. Variational quantum scheme

([..3]

The built-in Pennylane quantum simulator [Baidu] was used to run variational quantum circuits. The number of qubits we
used is 4, the number of variational layers is 1, and the learning rate is 0.05. These parameters were determined by
experimenting on a small number of epochs to determine the optimal number that would give the best results. The results of

model training are shown in Fig. 6 and Tab. 2.
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Fig. 6. Results of QLSTM network training

44
ISSN 2788-6603

Train loss
=== Val loss
- Train accuracy
-=—= Val accuracy



CyuacHi iHdopmarinnai Texsnosorii, No 1(2)/2023

Table 2
Results of QLSTM model training
QLSTM
Epoch Train data Valid data

loss acc loss acc
1 1,056 0,47 1,051 0,47
2 1,037 0,48 1,056 0,47
3 1,028 0,48 1,035 0,56
4 0,945 0,60 0,912 0,59
5 0,743 0,70 0,774 0,64
6 0,674 0,74 0,898 0,65
7 0,565 0,77 1,063 0,66
8 0,534 0,78 0,863 0,66
9 0,483 0,79 0,822 0,64
10 0,443 0,80 0,878 0,69
11 0,407 0,83 0,899 0,65
12 0,382 0,85 1,085 0,62
13 0,354 0,87 1,182 0,68
14 0,314 0,88 0,963 0,69
15 0,268 0,90 0,947 0,79
16 0,241 0,91 0,975 0,74
17 0,197 0,93 1,108 0,73
18 0,189 0,94 1,374 0,70
19 0,190 0,92 1,287 0,64
20 0,152 0,95 1,545 0,70

The obtained results showed that hybridization of classical LSTM did not bring significant results, so we additionally
performed hybridization of LSTM using categorical compositional distribution model (DisCoCat) (Hu, Mao, & McKenzie, 2019;
Scikit-learn), which combines vector space models and categorical compositional models (grammars). DisCoCat is a
distributed correspondence of categorical quantum mechanics that provides a way to represent linguistic meanings as
guantum processes. In this framework, words and sentences are represented as quantum states, and connections between
words are modeled as quantum processes.

The above approach is suitable for small amounts of data because it lacks memory and other advanced features.
Therefore, we used DisCoCat charts for LSTM hybridization. This method is well suited for scaling and processing large
sequences, as it can transfer previous memory to subsequent processing steps.

The learning results of the hybrid quantum- enhanced neural network are shown in Fig. 7 and Tab.3.
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Fig. 7. Results of QLSTM model training

Table 3
DisCoCat model training speed and accuracy results
DisCoCat
Epoch Train data Valid data
loss acc loss acc
1 0,7780 0,5429 1,8223 0,3000
2 0,4895 0,5000 0,6300 0,6667
3 1,0138 0,7143 0,7838 0,6667
4 0,4800 0,7143 0,8864 0,5667
5 0,5569 0,6857 0,8657 0,4667
6 0,9278 0,6429 1,0460 0,5667
7 0,8512 0,5286 0,8624 0,5333
8 0,8151 0,5429 0,8426 0,5000
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DisCoCat
Epoch Train data Valid data
loss acc loss acc
9 0,8157 0,4857 1,0738 0,6333
10 1,1278 0,4714 0,8331 0,6000
11 0,8942 0,5000 0,6632 0,6333
12 0,4706 0,5571 1,0278 0,4333
13 0,8645 0,5286 0,8895 0,6333
14 0,9549 0,5286 1,1223 0,5333

As can be seen from the obtained results, the hybridization of the LSTM network with DisCoCat diagrams did not
outperform the classical model either.

Accuracy assessment and comparison of LSTM and QLSTM-DisCoCat models. The accuracy of the model was
evaluated by the accuracy score (accuracy_score) and the loss function on the training and test data.

From the obtained results, we can see that the results of the QLSTM and DisCoCat models are not superior to the classical
model, and the quantum neural network required more training time. With the increase in the number of epochs, the time for
training the models increased by a factor of three. The result of changing the number of training epochs is the conclusion that
this parameter is variable and depends on the data set used.

It should be noted that when the number of quantum qubits increases, the time for training models increases depending
on the size of the data set. The number of qubits in a neural network is a parameter that determines the number of connections
when connecting classical layers, a pre-trained model and a quantum layer. The result of changing the number of quantum
qubits is the conclusion that this parameter is important for improving the results of the neural network and does not depend
on the data set used.

As a next step, we significantly increased the amount of input data and verified the obtained results. The results of model
training are shown in Tab. 4.

From the obtained model training results (Tab. 4.), we can see that the hybrid quantum-classical neural network learns
much more information in the first few epochs compared to LSTM, but both models eventually degrade to a low value.

Table 4
Results of model training
E h LSTM QLSTM
oc
P Train loss Valid acc Train loss Valid acc
1 0,265 2,634 0,007 1,317
2 0,034 2,006 0,006 1,251
3 0,018 1,789 0,005 1,194
4 0,012 1,614 0,004 1,141
5 0,009 1,514 0,004 1,078
6 0,008 1,481 0,004 1,042
7 0,008 1,418 0,004 1,022
8 0,007 1,410 0,004 0,995
9 0,006 1,378 0,003 0,987
10 0,006 1,322 0,003 0,968
11 0,006 1,304 0,003 0,951
12 0,005 1,284 0,003 0,928
13 0,005 1,315 0,003 0,939
14 0,005 1,334 0,003 0,929
15 0,005 1,264 0,003 0,937
16 0,005 1,287 0,003 0,928
17 0,004 1,289 0,003 0,910
18 0,004 1,224 0,003 0,905
19 0,004 1,293 0,003 0,910
20 0,004 1,269 - -

This indicates that QLSTM has better learning ability. It should also be noted that QLSTM uses fewer parameters than
classical LSTM, which also indicates an advantage in the learning ability of QLSTM over LSTM.

Integration of a learned quantum natural language processing model into GIS. To implement the trained model of
artificial intelligence in practice, we used ArcGIS Pro, ArcGIS API for Python, in which it is possible to extract objects and
record them in a spatial Data Frame or a class of spatial objects, with their simultaneous visualization on the map. Spatial
Data Frame (SEDF) creates a simple object that can easily manipulate geometric and attribute data (DisCoCat lambeq).

SEDF is based on data structures that are inherently suitable for data analysis with operations to filter and validate subsets
of values that are fundamental to statistical and geographic manipulation (DisCoCat lambeq). We integrated the code of the
QLSTM model into the ArcGIS Pro environment to use the already trained entity recognizer model.

To transform the received text information into spatial information, a locator was used, which uses information about the
location zone found in text documents to identify the research region in which the addresses are located. As a result, we
received a point class of spatial objects with recognized information and published them on the geoportal for further
geoprocessing (Fig. 8).

Fig. 8 shows the result of converting text into spatial information (point classes of spatial objects) and publishing the
resulting data on a corporate geoportal based on ArcGIS Enterprise.
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Fig. 8. The result of the transformation of unstructured text information into spatial information

Conclusions

The hybrid guantum-enhanced model of artificial intelligence was developed for the task of fast and automatic
transformation of large volumes of unstructured text information of the Kyiv Water Canal into the geodatabase of the GIS
water supply system. The model was integrated into GIS using ArcGIS Enterprise. By combining the obtained point classes
of spatial objects with already existing data, methods of spatial connections, we developed an interactive map with an update
interval of every five minutes. The following conclusions can be drawn from the forecasting model described above:

= Results of performance evaluation and verification of selected indicators: evaluation of accuracy and memorization of
models; weighted harmonic mean of precision and recall scores; the Matthews correlation scores showed that the quantum-
enhanced QLSTM model and LSTM hybridization with DisCoCat charts did not outperform the classical LSTM model.

= One potential advantage of QNLP is its ability to learn more efficiently and quickly than classical NLP algorithms.
Quantum computing is well-suited to processing massive data sets due to its ability to perform many calculations
simultaneously.

= The combination of quantum natural language processing and geoinformatics makes it possible to quickly and
automatically create geospatial data from unstructured textual information.

Taking advantage of quantum computing and combining it with classical hardware and classical Al models have achieved
similar and even better performance in various tasks compared to state-of-the-art methods. Quantum natural language
processing is a promising new field that has the potential to revolutionize the way we analyze and understand human language.

Contribution of the authors. Tania Starovoyt — implementation of the methods and empirical data collection and analysis. Yuriy Zaychenko —
selection of the methods and methodology of the research, performing literature review, results description and drawing conclusion.
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HauioHanbHUIM TexHiYHUIA yHiBepcuTeT Ykpainu “KuiBcbkuit nonitexHiuHun iHCTUTYT iMeHi Irops Cikopcbkoro”, KuiB, YkpaiHa

r6PUAHA KBAHTOBO-BOOCKOHAIEHA MOAEJb WUTYYHOIO IHTEJNEKTY
B 3A0AYI ABTOMATUYHOIO PO3MISHABAHHA TA LUBUAKOIO NEPETBOPEHHSA
HECTPYKTYPOBAHOI TEKCTOBOI IHOOPMALII HA MPOCTOPOBY

B c Ty n. EdekTuBHE NepeTBOpPeHHsA BENUKOro 06'eMy HECTPYKTYPOBaHUX TEKCTOBMX AaHMX HAa MPOCTOPOBY iH(bopMaLitlo € KPUTUHHO BaXKNMBUM
ANA ynpaBrniHHA cucteMamu posnoginy Boau. Lle no3Bonse 3piicHioBaTM KOHBepCilo BenuMKUX HabopiB TekcToBOI iHdopmaLii, Takux sk 3BiTH,
3aMOBIIEHHS, NIUCTU 1 iHLWIi JOKYMEHTU, HA TOYKOBI Knacu NpocTopoBuUx 06'ekTiB y reorpadivyHnx iHpopmMauinHux cuctemax. [inA onpautoBaHHA Liel
npo6nemu, y HOBOMY nepcrnekTUBHOMY MiAxoAi MAeTbCA NPO NOEAHAHHA FNGPUAHNX KBaHTOBO-KIMAaCMYHUX HEMPOHHUX MepeX i3 reoiHdopmalinHummn
TexHonoriAsmMu.

MeToAaun. BukopucrtaHo ribpuaHi KBaHTOBO-BAOCKOHarneHi HeMpPOHHi Mepexi pa3om i3 Metogamu TIC Ans po3nizHaBaHHA iMeHOBaHUX
CYTHOCTEWN, TAaKUX AK OCOBUCTI paxyHKU 3 iXHIMU agpecamMu 1 reoKkoAyBaHHAM, Ta efleMeHTU Byxrantepcbkoi AokymeHTauii KuiBBogokaHany. BkasaHa
iHhopMmaLlis noTiM onpunoAHIOETLCA Ha reonopTarni 3 BUKOpUcTaHHAM nnatdopmu ArcGIS Enterprise y peanbHOMy 4aci, WO € AyXe NepcnekTMBHUM
Ana eeKTMBHOro KepyBaHHA PO3NOAiNeHHs M BoAWU. XapaKTepMCTMKM pPo3po6neHoi Mogerni OuiHeHO 3a MoKa3HMKaMu TOYHOCTI, napameTpamu
BiAK/TMKaHHA Ta 3BaXX€HUM rapMOHiYHMM cepeAHiM 3HaYeHHAAM TOYHOCTI Ta BiAKIMKaHHA.

Pe3ynbTaTtu. OTpumaHi pe3ynbTaTu BKasylTb, WO po3pobreHa riGpuaHa KBaHTOBO-KNacuyHa MoAenb LWTYYHOro iHTenekTy moxe GyTu
ycniluHo 3acTocoBaHa A0 TpaHcdopMaLlii Benmkux o6'emiB HeCTPYKTYpoBaHOi TeKCTOBOI iHcopmauii Ha npocTopoBy. Mogenb 6yna iHTerposaHa B
FIC i3 BukopuctaHHaM ArcGIS Enterprise nnatcgopmu. Cymiljaroum oTpumaHi TOYKOBI Kracu NPOCTOPOBUX OG'EKTIB 3 yXe iCHYHUYMMM OaHMMU Ta
MeToAamMMn NPOCTOPOBUX NOEAHaHb, aBTOPU PO3PO6UNU iHTEPAKTMBHY KapTy 3 iHTepBaroM OHOBMNEHHSA KOXHi N'ATb XBUIWH.

B 1 c H 0 B Kk u. BukopuctoByloun nepeBaru KBaHTOBMX OGYMUCIIEHb | NOEQHYIOYM X i3 KITAaCMYHMM anapaTHMM 3abe3ne4yeHHsIM Ta KINacU4HUMMU
MOAENSIMU LITYYHOTO iHTENEKTY, CTano MOXMMBUM AOCAITU NOAIGHMX | HAaBITb KpaLLMX XapaKTePUCTUK NOPIBHAHO 3 iICHYIOYMMM CyHaCHUMU MeToAaMu
ANA onpauloBaHHA Pi3HMX 3aBAaHb. KBaHTOBe 06po6neHHs NPUPOAHOI MOBM € HOBUM NMEPCNEKTUBHUM HanpsAMoOM, AKMA Ma€ noTeHLian AOKOPiHHO
3MiHMTK NiAXia, 3a AKUM aHani3yeTbCA Ta PO3yMIETLCA MOBa JTIOAUHW.

Knio4yoBi cnoBa. QNLP, ri6pnaHi kBaHTOBO-KnacM4Hi HEMPOHHI Mepexi, reokoayBaHHs, reoaHanis, reoinpopmauiviii cucrtemu, ArcGIS,
po3ni3HaBaHHA CYyTHOCTEW, HECTPYKTYypOBaHa TeKCToBa iHopMaLifi, BapiauiiHUi KBaHTOBMI 3ananbHuK, QLSTM, npocTopoBi 06'ekTH.

ABTOpM 3a8BNSAIOTb NPO BiACYTHICTb KOHAMIKTY iHTepeciB. CnoHcopy He 6panu y4acTi B po3pobrieHHi JocniaxeHHs; y 36opi, aHanisi un
iHTepnpeTaLii AaHKX; y HAaNUCaHHI pykonucy; B pilleHHi Npo ny6nikauito pesynbTaTis.
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