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Editor's Message

Artificial Intelligence (Al) Importance - A Brainchild of Humans !

Prof R K Kotnala
Chief Editor, Current Natural Sciences & Engineering ,Journal (CNS&E).
May 11, 2024

"Human Brain Intelligence cannot be Dwarfed by Al (Artificial
Intelligence), a Brain Child of Human, but a Remarkable Tool
to handle Colossal Data more Efficiently with a Greater Speed,
Accuracy using Smart Algorithms Devoid of Emotions & New
Science !

- R K Kotnala

It is our pleasure to focus on the importance of Al role in science & technology alongwith,
how a common man is reaping direct benefit from Al ? The CNS&E journal Vol 1, issue 3 cover
page depicts a representative picture (courtesy Adobe) of Al and human brain. No doubt Al is the
brainchild of humans as such; hence it can never supersede human brain potential ! Although, it
is sure that Al is not only about machine language algorithms as it is the outcome of human
imaginations. Thereby, Al is not just about machines but humans intelligence & machines work
together, wherein it augments our capabilities to bigger heights. It explicitly means Al is an
assistive tool rather than a human intelligence substitute. In short, Al is a remarkable tool to handle
Colossal Data more efficiently with a greater speed, accuracy using Smart Algorithms devoid of
Emotions & New Science !

No doubt Al is playing a significant transforming role in science and technology and today’s
documentation tasks to serve masses. It is being used frequently in data analysis, natural language
processing, and computer vision, supporting the scientists & engineers in data analysis, improving
decision-making on the healthcare tests/measurements. It is well known that Al-powered
simulations are being used to model complex systems like weather forecasting, predict disease
outbreaks etc. Al-driven robots are assisting in industries automation tasks, also in surgery and
space exploration. Besides, it is also being used to analyze huge amounts of data, identify
sound/image patterns and is able to predict outcomes. In a wider perspective Al has led to
significant advancements in fields such as medicine, engineering, finance, energy and
environmental science.

That is why, CNS&E has focussed on the manuscript published in this issue - Quantum 3.0:
Quantum Learning, Quantum Heuristics and Beyond.
Quantum learning paradigms address the question of how best to harness conceptual elements of
guantum mechanics and information processing to improve operability and functionality of a
computing system for specific tasks through experience. It is one of the fastest evolving
frameworks, which lies at the intersection of physics, statistics and information processing, and is
the next frontier for data sciences, machine learning and artificial intelligence. Progress in
guantum learning paradigms is driven by multiple factors.

R K Kotnala
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Abstract: Quantum learning paradigms address the question of how best to harness conceptual
elements of quantum mechanics and information processing to improve operability and
functionality of a computing system for specific tasks through experience. It is one of the fastest
evolving framework, which lies at the intersection of physics, statistics and information
processing, and is the next frontier for data sciences, machine learning and artificial intelligence.
Progress in quantum learning paradigms is driven by multiple factors: need for more efficient data
storage and computational speed, development of novel algorithms as well as structural resonances
between specific physical systems and learning architectures. Given the demand for better
computation methods for data-intensive processes in areas such as advanced scientific analysis
and commerce as well as for facilitating more data-driven decision-making in education, energy,
marketing, pharmaceuticals and healthcare, finance and industry.

Introduction: Quantum 1.0 was the
revolutionary utilization of quantum resources
for technology, primarily electrical and optical,
such as transistors and optical masers, while
Quantum 2.0 was about harnessing non-
classical elements in the quantum formalism
such as entanglement for information
processing (1-15). Quantum mechanics have
been used for undertaking information
processing tasks such as teleportation,
superdense coding, remote state preparation,
quantum tomography, quantum cryptography
and quantum key distribution, circuit-based
and measurement-based quantum computing,
quantum network coding and quantum
internet, quantum random walks and quantum
transduction (16—55). What can be called as
Quantum 3.0 would be the harnessing of
quantum resource and representation theory
for a novel computational learning paradigm,
along with quantum generalizations of existing
classical computational learning models
(56,57). This is the next frontier of exploration
in the quantum realm and seeks to address the
question: can we fundamentally reframe and
re-envision learning models when the
information-system and/or process is quantum
mechanical in nature?

©2024 Vigyanvardhan Blessed Foundation
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The term ‘machine learning’ was coined by
Arthur Samuel in 1959, in the context of a
‘looking- ahead’ algorithm implemented on a
classical computer for a game of checkers,
realized using a neural net approach with
randomly connected switching net as well as
an approach involving a highly organized
network designed to learn only specific things
(58). In 1961, the punched-tape system known
as Cybertron K-100 by Raytheon was
developed as an early learning system that
employed pattern recognition on sound
samples, such as those from sonar signals, for
learning (59). Basic pattern recognition,
storage and referencing were the primary
elements that supported the learning
framework in the next few decades, such as
with the work on feed forward networks with
one layer of modifiable weights connecting
input units to output units, in what could be
called reflexive systems that could discover
hidden relationships in data (60, 61). Machine
learning addresses the twin questions of what
fundamental information theoretic laws
govern all learning systems and how could one
construct computing systems that can improve
their functioning through experience (62). For
various applications, training based on a
limited set of inputs and outputs obtained from



a system for specific empirical task seems to
be more optimum than trying to predict the
generalized response of the system in all
circumstances.

Learning, in the context of information theory,
describes the improvement of a yardstick or
performance criterion for a system for a given
task. For instance, we could seek to classify
Iris flowers into three species: Iris adriatica,
Iris taochia and Iris kemaonensis from a
defining characteristic such as the cumulative
length measurement of their petals and sepals.
The yardstick index could be how accurately
the classification takes place, and the training
could be over a historical sample of irises from
a phytologist’s collection. We could also
employ other criteria that have different
penalties for incorrect classification. There are
a number of algorithms for machine learning
that are applicable to different kinds of datasets
and problem types. Machine learning
algorithms probe through various candidate
models, based on training data and experience,
to find the one that is optimum for the selected
performance metric. The diversity of machine-
learning algorithms can be segregated based
on their manner of representation of candidate
models (such as decision trees) and their
manner of probing through the space of
candidate models (such as evolutionary search
methods).

The question 1is whether loading our
phytological data into quantum states can
make this classification better. We could create
a parameterized quantum circuit or ansatz to
do this, wusing a feature map. Any
parameterized quantum circuit should be able
to generate maximum number of quantum
states in the Hilbert space and also have ability
to entangle constituent qubits. It turns out that
the variational quantum classifiers (VQCs)
help classify the irises efficiently, using
optimizers such as the constrained
optimization by linear  approximation
optimizer (COBYLA). It is this interface of
quantum mechanics and machine learning that
provides various possibilities: machine
learning with quantum computers, classical
learning for quantum mechanical problems
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and generalized quantum learning theory.
Quantum machine learning brings together the
learning capability and scalable nature of
machine learning and the speed, efficiency and
processing power of quantum computers.
There have been several classical learning
paradigms that have had quantum analogues
proposed and realized: quantum neural
networks, quantum reinforcement learning,
quantum support vector machines, quantum
linear regression, cluster detection and
assignment algorithms, quantum principal
component analysis and quantum decision tree
classifier (63—70). In this comprehensive
review of quantum learning paradigms, we
will be looking at the spectrum of algorithms
and protocols, before moving on to
understanding the conceptual shift that this
may provide when assessing learning theory
from the perspective of quantum phenomenon.

Quantum Patterns: The underlying premise
for the utility of the quantum realm for
machine learning has to do with the emergence
of classically anomalistic patterns in data.
Among phenomena that are intrinsically
quantum in nature, an interesting example is
that of quantum revival patterns, where we
find superposed and displaced replicas of the
initial state of the system (71-74). Quantum
Kerr systems have such a kaleidoscopic mode
of evolving, which is found to be reproducible
based on interference of trajectories in the
classical phase space (75). In the quantum-
classical limit, where Planck’s constant h —
0, itis seen that observables behave differently,
leading to the preservation or disappearance of
significant variables and their stochastic
tendencies, such as for oscillator coordinate
and spin variable respectively (76). Even in the

case of skyrmions, we cannot simulate
quantum skyrmions on classical
supercomputers due to  fundamental
limitations, particularly around quantum

fluctuations (77). Quantum patterns are seen as
periodic magnetic formations that are
spontaneously formed in antiferromagnetic
Bose-Einstein ~ condensate  (78).  When
ultracold atoms form quantum ferrofluids, we
find a spontaneous development of coherent



quantum density patterns leading to the
formation of a super-solid (79). When
nanoscale lead films grown on silicon
substrates are annealed to high temperatures,
we observe intricate quantum patterns in the
energy landscape (80). A beat pattern emerges
in the quantum magnetoresistance of polar
semiconductors without a centre of inversion
symmetry, such as InAs/GaSb, when the
carrier concentration is high (81). Patterns are
ubiquitous in quantum chemistry, in properties
such as chemical hardness and
electronegativity (82).

Given the ability of classical computers to both
produce and recognize classical statistical
data, the extrapolation would be that systems
that produce classically atypical data, like in
quantum systems, would also be able to
recognize such data. This gives us the
possibility of harnessing the quantum analogue
of complex classical pattern recognition.
Pattern recognition compares data input with
specific memorized patterns, as it processes
this input. Quantum pattern recognition
provides a number of advantages over its
classical counterpart. For instance, if we
assume a Hopfield network approach for
pattern recognition, we do so by local
optimization, while utilising a quantum
approach such as adiabatic quantum
computation does so using global optimization
(83). A realization of this was using the liquid-
state. NMR technique, where some of the
interesting insights included the possibility of
representing a superposition of recognized
patterns using a quantum neural register (84).
The parallelism inherent in quantum
phenomena such as entanglement facilitate the
execution of subroutines, even with big data,
and this is one of the primary reasons for
quantum machine learning, in general, being
regarded as being better than its classical
counterpart. Among pattern recognition
protocols, one-class classification is important
due to its applications in areas where detection
of abnormal data points vis-a-vis instances of
a known class is needed, using techniques such
as support vector machines and principal
component analysis (85-90). This helps in
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addressing problems where we have
imbalanced datasets, such as in metaheuristics,
medical image datasets, manufacturing, high-
energy physics and bioinformatics (91-98).
Recently, a semi-supervised quantum one-
class classification system known as
Variational Quantum One-Class Classifier
(VQOCC) was developed using (99). At the
centre of this proposition is a quantum
autoencoder, which is basically a circuit that
undertakes compression of a quantum state
onto a lesser number of qubits while retaining
the information encapsulated in the initial state
(100, 101). Quantum autoencoders have been
applied to quantum data compression,
quantum error correction, denoising of data
and even for preserving entanglement (102—
105).

An important question to be addressed here is
what can be categorized as a quantum pattern.
Is it just an arbitrary pattern of quantum
randomness? Is it the byproduct of a quantum
pro- cess, such as in cold exciton gases? Is it
the quantum analogue of classical patterns in
nature? Harney and Pirandola defined a
quantum pattern as an m-mode coherent state
undergoing local kary modulations (106). We
can also define patterns in the information
dynamics associated with quantum systems,
such as in the case of quantum computing and
communication systems (107). Examples
would include basis encoding, quantum
associative memory, amplitude encoding,
angle encoding, QRAM encoding, quantum

kernel  estimator, variational quantum
algorithm, variational quantum eigensolver,
quantum associative memory, amplitude

amplification, phase shift, oracle operations,
quantum approximate optimization algorithm
and quantum key exchange. Along with
information theoretic arrangement and
elements as well as quantum data types and
quantum data structures, we can also specify
entanglement structures to define the notion of
quantum patterns (108). There are various
kinds of entanglement patterns, from
maximally entangled Dicke states to partially
entangled cluster states. Even the outcome of
measurements successively performed on an



open quantum system have a pattern because
of the interaction between system and
environment. The pattern encapsulates
information on non- Markovian memory effect
and the relaxation rates associated with the
system (109). The primacy of quantum
patterns can also be seen within phases of
matter, which can be distinguished by distinct
symmetry breaking instances - within the
Landau theory, symmetry of ordering of
constituents of a physical system differentiates
one phase from others. In certain systems, such
as chiral spin liquids, even without symmetry
breaking, we have different characteristics due
to what is known as topological order, which
has been posited to describe entanglement in
many-body systems (110).

Quantum Algorithmic Resource-Pool: The
central question around assessing the
possibilities in quantum machine learning is
whether we have the algorithmic tools in the
quantum domain for the same. A quantum
algorithm is a succession of instructions for
tackling a problem on a practical quantum
computer (111). Cleve et al. highlighted that a
common thread underlying all quantum
algorithms can be as- certain when “quantum

computation is viewed as multiparticle
interference” (112). By and large, we have
quantum  search  algorithms, quantum

simulations of quantum systems on a quantum

computer and algorithms premised on
quantum implementations of the Fourier
transform like Shor and Deutsch-Josza

algorithm. Quantum supremacy or the
enhancement of computational ability using
quantum systems over that of classical
counterparts has heralded the age of noisy
intermediate-scale quantum (NISQ)
technologies (36, 113). One of the earliest
quan- tum algorithms came with by
formulation of an algorithmic solution to a
special case of the hidden subgroup problem
by Peter Shor (114). Quantum Merlin-Arthur
(QMA) completeness of a problem highlights
that a supposed solution to it can be verified by
a quantum computing system - a condition that
has been extended to k unentangled provers in
QMA(k) class problems (115, 116). When it
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comes to claims of quantum supremacy, we
often speak of speedup, resource reduction,
scaling and ability to address greater number
as well as variety of problems. Quantum
speedup can be contextually defined in terms
of the asymptotic behavior of the ratio of the
times taken by a specific classical and quantum
algorithm for a particular problem when the
size of the problem is made to be very large
(117). Speedup can be provable, like in
Grover’s algorithm, while in some cases the
enhancement due to the quantum effects is not
obvious, like in quantum annealing (118, 119).
Quantum resource optimization is seen in
realization of randomness processing with
quantum Bernoulli factories (120).

The reason for enhancement of computational
power, when it comes to machine learning and
data analysis, with quantum machine learning
arises due to the inherent primacy, within
quantum mechanics, of high-dimensional
vector spaces and, more importantly, matrix
transformations between vectors in such
spaces, as is important for data analytics and
machine learning methods. The speedup is
especially pronounced when the matrices
being dealt with have an element of sparseness
or are low-rank matrices (121, 122). A classic
example arises in a key tool used for machine
learning - principal component analysis, which
evaluates the eigensystem (and corresponding
principal components) of the covariance
matrix of data. Using a quantum random
access memory, we initialize the vectors for a
classical principal component analysis
protocol onto quantum states and utilise the
density matrix of the states (instead of the
covariance matrix), which when exponentiated
and operated on by a conditional SWAP
operation for the quantum phase algorithm,
yields the eigensystem that forms the premise
of the principal component analysis (67). The
algorithmic scaling is to the order of the square
of the logarithm of the size of the system, in
query as well as computational complexity.
Essentially, the quantum principal component
analysis scales exponentially faster than the
classical counterpart.



While quantum principal component analysis
is an unsupervised method that identifies pat-
terns within higher-dimensional data for the
reduction of data complexity with the retention
of most of the information, there are various
supervised learning algorithms that have had a
quantum implementation (123). One such
algorithm relates to quantum support vectors.
Support vector machines undertake regression
and classification using the delineation of
feature vectors of the data into distinct classes
around a hyperplane that is at maximum
distance from the nearest data-points in either
classes around it (124). If the data is not
separable into distinct classes, we can use the
kernel trick to project the data into a higher-
dimensional space- a pursuit that by Cover’s
theorem can help in attaining separability in
the data-set (125). Quantum algorithms such as
Grover’s algorithm are premised on binary
classification. Even in cases of machine
learning algorithms based on adiabatic
quantum evolution, we define our approach in
terms of a strong classifier that discerns
whether a data-point is correct or erroneous
based on a program specification (126). Like
in the classical case, the quantum support
vector machine relies on the definition of a
quantum kernel that we can create by using a
quantum feature map ¢(x) between classical
feature vectors x and a Hilbert space to help us
obtain the kernel K(x;, %) = [{¢()|d(X/)[>. We
can then expand the hyperplane in the general
form: f(x) = Zi a;y:K(X;, X), where o; denote
bounded positive quantities and y; the data
labels. We can then use measures like the
Gaussian or Rademacher Complexity to
evaluate the classification error, based on this
hyperplane definition and the data-set (127).
While the quantum support vector machine
paradigm defined using Grover’s algorithm
gives a quadratic speedup, the implementation
using the least squares approach provides an
exponential speedup over classical algorithms
(64). In recent years, we have had quantum
support vector machine implementations with
the Newton method, amplitude estimation,
gradient descent and using quantum annealers
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as well as variational quantum-circuitry (128-
132).

do

q1

q>

Cc

Figure 1: Swap Test

A natural extension of this comes with
quantum k-nearest neighbour algorithms.
Instead of a hyperplane as in the case of
support vector machines, the underlying
assumption of k-nearest neighbour methods is
that the likelihood of two data-points that are
proximal being of the same type is high (133).
Labelled training vectors are used as reference
for comparison of unlabelled testing vectors to
determine k nearest train-state neighbours for
the specific testing vector-state, whose label is
ascertained using majority voting. In the
quantum picture, we use the concept of fidelity
of a specific testing state |y) with respect to
multiple training states |¢;): F; = |(y|d;)|>. After
taking an initial set of candidate neighbour
states, we use quantum search algorithms to
find other states and corresponding indices till
the nearest neighbours are found. The
functional way to obtain the fidelity is by using
the swap test. In this test (Figure 1), we begin
with two quantum states |a) and |b) along with
an ancilla qubit initialized to |0)anc, on which
we apply the Hadamard operation on the
ancilla qubit. We thereafter apply a controlled
swap operation on the ancilla qubit. A
controlled swap operation is a gate where
target qubits |a) and |b) are swapped if the
control (in this case, the ancilla qubit) is in the
state |1). Applying a second Hadamard gate on
the ancilla gives us the state [y) = 1/2 |0)anc(|a,
b) +|b, a)) + 1/2 |[1)anc(|a, b) — |b, a)).



The measurement of the state |0)anc has the
associated probability P(|0)anc) = 1/2 + 1/2
|(a|b)|>. The inner product in this expression
makes the overlap between the states primary:
orthogonality gives us a probability of 0.5
while maximum overlaps gives a unity
probability. This method can be used to find
the distance between real-valued multi-
dimensional vectors with the use of a quantum
measurement (69). We can also undertake
more rigorous pattern recognition between
binary strings |ai, a, ..., a,) and |bi, by, ..., bs),
using an extension of the construction in the k-
nearest cluster model by initializing a state [y)
= a1, a2, ..., an, b1, bz, ..., bY@ V1 (|0)+H1))ane,
undertaking a XOR operation between the
respective (ax, bx)Vk before storing it in place
of the biVk, and finally undertaking a
Hadamard operation on the ancilla qubit (/34).
If we measure the ancilla qubit in the ground
state |0)anc, we obtain a resultant state whose
amplitude has a scaling characteristic
dependent on the Hamming distance between
the binary strings.

Quantum Reinforcement Learning and
Deep Learning: Going beyond supervised or
unsupervised machine learning models, a
major area of contemporary research has been
in quantum-enhanced reinforcement learning,
which is premised on the adaptive evolution of
a quantum system based on reinforcement
from a classical or quantum environment
(135). The system receives percepts from the
environment and undertakes actions. Unlike in
conventional learning models, the learner in a
reinforcement learning model has an influence
on the state of the environment around it as
much as it is influenced by it, thereby making
it impossible to represent the environment in
terms of a stationary memory. Both - the
system and the environment, are stored as
maps with memory, and the history of
interactions between the two is the
fundamental element in reinforcement
learning. In the case of quantum reinforcement
learning (QML), this history must be
maintained in a quantum setting. In QML, we

180

Current Natural Sciences & Engineering 1 (3), 2024

define a Hilbert space for the percept and
action states- HS and HA respectively.

M‘A

ME

Figure 2: Quantum Reinforcement Learning (QRL)
is premised on testing agent-envirahment interaction
where the percept and action states have distinct
Hilbert spaces associated with them. The register RT
is not controlled by the agent or by the environment.

The agent and environment both have memory
registers (RA and RE respectively) to store the
histories  of the  system-environment
composite. We can model the interaction with
a distinct Hilbert space HC and we can
characterize the agent (environment) my a
series of Completely Positive Trace Preserving
(CPTP) maps {MiA}i ({MiE }i) that acts on a
resultant register formed by concate- nation of
the registers of system-interaction RARC
(environment-interaction RCRE) systems. The
performance of the system-environment is
assessed against a figure of merit. Dunjko et al
showed that a quantum agent will outperform
a classical learning agent associated with a
clas- sically delineated, controllable epochal
environment against a particular figure of
merit, if we were to consider a selected
classical sporadic testing element (136). The
quantum enhancement arises from being able
to extract additional attributes from the
environment for optimization of a classical
agent. Our point of interest is in environments
that are quantum in nature and that facilitate
the preservation of superposition of percepts
and actions.

When we are talking of quantum
reinforcement learning, it is imperative to
discuss what we mean by quantum
accessibility. Quantum accessibility implies
the utilization of access of the agent to the



environment for the simulation of an oracle Oq
that behaves as follows:

o
la1, ag, ..., ax)|x) = |a1, as, ..., ax)|r ® R(ay, ..., ax))

where R is the value of the ’reward’ that the
agent obtains once it successfully executes the
actions ai, az, ..., ak, for some auxiliary state
[x). In the cumulative process, we see the
utilization of a quantum interaction using what
is known as oracularization with the
environment to undertake effective simulation
of access to the oracle (which encapsulates
important information about the environment),
followed by the usage of this information for
determining behavior that is optimum in the
given environment. We can attain a greater
insight into the oracularization process by
understanding the import of an auxiliary state,
which usually comprises of percept states |s1,
s2, ..., Sk), the reward state |R) and |e1, €2, ..., €k)
that are auxiliary quantum subsystems kept
within the environment. For the simulation of
the oracle, these states need to be con- trolled
and erased (137). To undertake this, the agent
should be able to undertake modification of
specific  memory components of the
environment with what are known as register
scavenging and register hijacking operations,
followed by a way to "uncompute’ with the
implementation of the Hermitian adjoint of the
net unitary (map) that the environment
implements. There are two primary kinds of
reinforcement learning paradigms  with
specific quantum realizations: value-based,
like in the case of Q-learning, which is
premised on the learning of a value function
that guides how the system environment
makes decisions at each time step, as well as
policy- gradient methods that optimizes a
policy (function) n(als; 0) using the parameter
0 (138-141). An important concept in this
regard is meta-learning, wherein the learning
agent undertakes the identification of its meta-
parameter configuration that is optimum so as
to be able to facilitate the optimization of
performance. This parameter meta-learning is
done by having the learning agent monitor its
performance, and utilising a metaparameter
register as well as techniques like adaptive
Bayesian quantum estimation (142). The
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reduction of the agent-environment interaction
to a unitary oracular query is not feasible when
we consider memory effects. In general, the
oracular element may vary temporally and in
such scenarios amplifying amplitude using
Grover-type methods may be a possible
approach to undertake reinforced learning in
reward spaces that have an increasing
monotonicity in the success probability.

Deep learning has also seen a quantum
expansion in recent years. Deep learning is
premised on using artificial neural networks
for discovering the representations required for
the detection and classification of features
from raw data (143, 144). The basic unit of a
neural network is a perceptron or a single
artificial neuron. Gallant described one of the
first perceptron-based connectionist models
where each cell i computes a single activation
ui, which may be input to other cells or be an
output of the network (145). Ricks et al. gave
one of the earliest quantum neural network
models based on implementation of quantum
circuitry with gates whose weights are evolved
through learning using quantum search as well
as piecewise weight allocation (146). In each
step, we have a density operator for the qubits
representing the hidden states, which can can
be extracted with any output ancilliaries using
a partial trace operator and fed forward to the
next layer of the neural network where the
unitary transformations that encapsulate the
action of perceptrons can be applied. There
have been recent works on Bayesian
approaches being implemented using quantum
algorithms to learn Gaussian processes to train
neural networks that are arbitrarily deep, with
a quantum matrix inversion protocol being the
core routine (147). In the quantum
convolutional neural network presented by
Cong et al (148), the modeling of the
convolutional layer is in terms of a unitary
transformation (on the state density of the
input) that is quasi-local and is applied in error
correction and phase recognition in quantum
systems. The forward pass of the convolutional
neural network can be computed as a
convolutional ~ product using quantum
algorithmic tools even as gradient descent



methods can give us an idea about what are the
relevant network parameters in the quantum
context (149). There have also been hybrid
models with quanvolutional layers in the
network  where we undertake local
transformation of the data with several random
quantum circuits in the set bounded-error
quantum polynomial time (150). Recently,
quanvolutional methods were used for
physiological application such as for body part
recognition  using  Hybrid  Quantum
Convolutional Neural Networks, although in
this case the classical counterpart was found to
have a greater validation accuracy by 0.5%
(151).

Quantum Natural Language Processing,
Quantum Advantage and the Path Forward
Language is one of the earliest forms of
representative  evolution for humankind.
Notwithstanding the tale of the Tower of Babel
or the Gigantomachy myth, the diversity and
complexity of language is of prime interest for
computational representation and processing.
Natural language processing is all about
harnessing computational methods for the
learning and production of content in human
languages. We have come a long way from
simply analysing the disparate linguistic forms
and recognizing speech patterns to the
creations of dialogues, translating speech from
speech as well as the identification of
emotional response of users towards services
and products. The synchronic model of
language aligns with the psycholinguistic
understanding which highlights that language
is dynamic (152). In any speech-based natural
language pro- cessing (NLP) system, we have
computation based on phonetic, phonemic and
prosodic rules, besides the morphemic analysis
which is as relevant for other kinds of NLPs as
well (153-155). Higher levels of natural
language processing include the lexical, the
syntactic, the semantic, the discourse-oriented
and the pragmatic (156). When it comes to
natural language processing, we can have
quantitative statistical approaches like the
Hidden Markov models, connectionist
approaches that are based on inter-related
fundamental processing units as well as
symbolic ap- proaches that lay emphasis on the
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logic or rules that a linguistic framework
encapsulates. Zeng and Coecke were among
the first to give us a quantum version of natural
language processing when they employed the
closest vector problem for sentence similarity
identification =~ within the  distributional
compositional categorical (DisCoCat) model
given by Coecke, Sadrzadeh and Clark (157—
159). In the compositional distribution model,
meanings are encapsulated in quantum states
while quantum measurements give us the
grammatical structure for a specific sentence
and context (160). The embedding of the
language in the vector space of quantum
systems naturally leads to word-correlations
represented by the vector geometry, even as we
map diagrams formed from parsing of
sentences to quantum variational -circuits.
Essential quantum properties such as
superposition helps us in the modelling of
uncertainties in the language while phenomena
like entanglement help us in describing how
semantics and syntax are com- posed and
distributed. Recently, natural language
processing experiments have been practically
realized for over 100 sentences on the Noisy
Intermediate-Scale Quantum (NISQ)
computing system provided by IBM Quantum
(161).

When we speak about quantum natural
language processing, in particular, and
machine learning, in general, the elephant in
the room is: how much of an advantage do we
obtain using quantum systems over classical
ones? The ’quantum native’ view of quantum
natural language processing which posits that
the vector-landscape provided by quantum
systems is better suited for the linguistic-
syntactic, semantic and pragmatic elements, is
preliminary and unsubstantiated by practical
realizations, with a critical shortcoming being
the primary reliance on quantum RAMs, which
are expensive and not yet empirically
implemented. More broadly, there are many
aspects of quantum computing that are often
off-set by machine learning paradigms.

For instance, the size of inputs is usually small,
such as in fault-tolerant algorithms, while there



could high-dimensional tensorial structures
with numerous entries in machine learning.
The problems in machine learning can be
highly unstructured and complex while
problems studied in quantum computing are
structured, often with elements of regularity
and periodicity. Theory is defined and
delineated in quantum computing problems
while empiricism is preeminent in machine
learning, with modelling and interpolations
being important in the latter. Quantum
computing can have absolute benchmarks like
the scaling of run-time while machine learning
have more constructivist benchmarks between
disparate models. Quantum advantage can be
spoken of in terms of solvability, expressivity
of the class of the model, size of training
sample needed, generalizability and how the
optimization landscape is structured (162-
171). Due to the need to be able to capture the
system dynamics in terms of quantum systems
and circuitry, we can only gauge performance
of machine learning algorithms in specific
selected contexts and examples, with this
selectivity preventing any generalizability of
performance-based ad- vantage, if any. Such
constraints also exist for readout and loading
of data, when it comes to quantum examples.
Performance parameters are also highly
contextual and it is not straight-forward to
assess if any ’quantum advantage’ is due to the
specific way in which we have selected
benchmarking  threshholds and hyper-
parameters or whether they are actually
observations made structurally. There may be
aneed to move towards studying Quantum 3.0,
the revolution of quantum learning theory, as a
paradigm in itself, without needing to resort to
bylines towards ’quantum advantage’ and
’quantum supremacy’. For example, classical
intractability of kernels being bypassed using
quantum tools can be an interesting pursuit but
given that such kernels are not found to be
utilizable in realizable machine learning, such
an approach has no practical relevance. Today,
we have moved beyond kernel methods with
even more efficient ones like data re-uploading
and explicit models (172, 173). We now have
quantum machine learning models that have
features that preserve privacy as well as those
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that take into consideration the impact of
decoherence (174, 175). The future is bright
for quantum machine learning, even as the
intersection of quantum mechanics, learning
theory and information processing is explored
to find novel methods of deploying artificial
intelligence.
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Abstract: A study was conducted in the Jalna district of Maharashtra to assess the adoption pattern
of spray technology, and safety awareness among grape growers. The respondents were selected
through random sampling and data was collected through a structured interview. The study revealed
that among marginal landholders (< 1 ha) back-pack type sprayer was mostly in operation with an
adoption level of 75%. In small landholders (1-2 ha), horizontal triplex pump (HTP) sprayers with
an adoption level of 51.85% followed by tractor-operated air-blast sprayers (40.75%) were prevalent
pesticide spraying technologies. More than 2/3™ (76.00%) of medium landholders (2-4 ha) had
adopted tractor-operated air blast sprayers. For the application of plant growth regulators, 62.5% of
small farmers, 81.8% of medium, and 100% of farmers had adopted electrostatic sprayers. The
number of chemical sprays per season varied from 25 to 100, making grapes one of the major
pesticide-consuming crops. Capacity, efficiency, cost, and availability of sprayers on a custom hiring
basis were the four major factors affecting the adoption of spraying technologies.

KEYWORDS: Air-blast sprayer, Custom hiring, Electrostatic sprayer, Plant growth regulator.

1. Introduction: Agriculture is the mainstay of  Grape production has increased by about 195%
the Indian economy and contributes about  from 1057 thousand tonnes in 2000-01 to 3125
18.8% of the Gross Value Added (GVA) of the thousand tonnes in 2019-20 [3]. In India, about
country (Economic Survey of India, 2021-22). 0.14 million hectares of grape cultivation
Since Independence, India has witnessed  produces 3.12 million tonnes of grapes annually.
tremendous growth in agriculture- 5 times India is the only country in the world, where
increase in grain production, 9 times in table grapes are available during April-May [4]
horticultural production, 12 times in fish Grapes occupy the prominent position in exports
production, and 9.5 times in milk production [1] ~ with 188.2 thousand tonnes valued at 31,89,99
Horticulture has become a key driver for million [5]. In India, Maharashtra State (MS) is
economic development in many of the states in  the largest producer of grapes, accounting for up
the country and it contributes 30.4% to the gross to 78.3% of the country’s total grape production
domestic product (GDP) of agriculture [2]. followed by Karnataka and Tamil Nadu.
Among horticultural crops, India has emerged as Maharashtra has an estimated grapes cultivation
one of the major grapes growing countries in the area of 0.09 million hectares with an annual
world. India ranks first with average grape production of 774000 tonnes in 2015 [6]. For the
productivity of 22.32 tonnes ha! against the  production of quality grapes with sustainable
global average productivity of 9.32 tonnes ha™!. yields especially in tropical climates, farmers
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often use pesticides to control diseases like
downy mildew, powdery mildew, and insect
pests such as thrips, jassids, and mealybugs
therefore, pesticide consumption in grape farms
is on the higher side. Due to the widespread use
of pesticides, their toxic residue has been
reported in various environmental matrices [7].

The precision chemical and growth
regulator application in vineyard cultivation
demands mechanization in crop protection
operations. Specialty crop spray application
methods have advanced significantly in recent
years in terms of better control and lower costs
with improved spray performance and reduced
off-target drift. Recently, the use of sensor-based
control volume [8] and electrostatic spray
technology [9] has shown improved spray
deposition compared to conventional sprayers.
To develop and disseminate different
technologies for vineyard cultivation, it is
essential to analyse the existing technology
adoption pattern among different farmers and
develop scale neutral technologies for
widespread adaptability. A survey was
conducted in the grape-growing Jalna district
(Marathwada region) of Maharashtra (India) to
understand spraying technology adoption
patterns and worker health safety awareness
among grape-growing farmers of India. The
primary aim of the study was to investigate the
adoption pattern of spray technology and safety
practices across diverse land holdings within the
study area. The overarching goal was to pinpoint
potential interventions that could enhance the
mechanization  of  spraying  operations
specifically within vineyards in the Marathwada
region.

2. Experimental Procedure

A study was conducted in major grape-
cultivating villages of the Jalna district (MS,
India). Five villages namely, Kadwanchi
(19.9199°N,75.9986°E), Dharkalyan (19.8868°
N, 76.0218° E), Nandapur (19.9064° N,
75.9754° E), Gondegaon  (19.9376°N,
75.9289°E), and Thar (19.9139° N, 75.9608° E)
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were selected randomly from this region (fig.1)
for this study.

o

Fig.1 Satellite image o

Further, from each village 14 farmers were
selected randomly, thus making a total sample
size of 70 farmers. The basic information about
cropping patterns, cultivation practices, major
grape cultivation regions, etc. of Jalna district
was taken from District Agriculture Offices and
Krishi Vigyan Kendra (KVK), Jalna, MS. The
data were collected by the researcher by
interviewing the respondents with the help of a
pre-tested standard interview questionnaire. The
collected data were compiled, tabulated, and
analysed using statistical tools.

In order to validate the effect of spraying
technology on growth of grape clusters, a pilot
study was conducted at ICAR-Indian
Agricultural Research Institute, New Delhi. The
study employed three distinct treatment methods
for the application of the plant growth hormone
Gibberellic acid (GA3) at a concentration of 40
ppm. The three methods utilized were:

Sensor-Based Control Volume Sprayer (SB)

This treatment involved the use of a sensor-
based control volume sprayer, which likely
leveraged advanced technology for precise and
controlled spraying of the Gibberellic acid on
the berry clusters.

Conventional Hand Dipping (DP)

The conventional hand dipping method implied
manually immersing berry clusters in a solution
containing Gibberellic acid. This traditional



method may involve direct contact with the
solution and manual labor.

Manual Compressed Air Sprayer

This treatment utilized manual compressed air
sprayer (Model No: BOBKTCQGSH, 5 L,
compressed air sprayer, Saiagro Ltd., India) to
facilitate the spraying of the Gibberellic acid
solution onto the berry clusters.

Statistical Analysis

In order to assess the effectiveness of the Plant
Growth Regulator (PGR) application method on
the growth of clusters, a statistical analysis of
variance (ANOVA) was conducted at a
significance level of a = 0.05. The cluster and
berry growth datasets were normalized using
cube- root transformation. All the statistical

analysis was  performed in  RStudio
programming software (version:
2022.12.0+353, public-benefit corporation,
USA).

3. Results and Discussion

The major observations inferred from the survey
data are presented below,

1.  Educational status of respondents

The educational status of the respondents shows
that the majority of farmers (41.43%) had
completed their secondary education whereas
farmers without any formal education were
2.85%. The respondents who had completed
their primary and higher secondary levels were
20 and 25.72% respectively. Farmers who had
received education up to graduation level were
around 10%. Based on the information provided
by the farmers it was observed that all the
respondents belonged to the age group of 25
years to 60 years [10][11] . The inclusion of
educational status and age-related data is
essential because psychological factors play a
crucial role in understanding how individuals
perceive and adopt new technologies. Those
with higher education levels may be more open
to embracing new technologies due to a better
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understanding of their benefits. The age of
farmers aligns with the Innovation Diffusion
Theory, which suggests that the adoption of
innovations follows a pattern, with younger
individuals often adopting new technologies
earlier than older individuals. Understanding
this pattern is crucial for designing interventions
that consider the varying needs of different age
groups.

II. Technology adaptation pattern among
different landholding categories

Grapes are highly vulnerable to various diseases
throughout the season from fruit setting to
harvesting and hence require frequent chemical
applications. Fig. 2 shows the frequency of
chemical application including the growth
regulator sprays per season varied from 25 to
100, making grapes one of the major pesticide-
consuming crop. However, the frequency of
sprays varied with landholding. It was observed
that sometimes 2-3 sprays were done during a
single day depending upon the disease incidence
and weather conditions. Spray frequency for
marginal farmers ranged from 25-50 sprays per
season. The spray frequency was 50-75 sprays
per season for 40% of small and 51.5% of
medium  landholding  farmers. All  the
respondents from the large landholding category
reported a higher spray frequency of 75-100 per
season. A major factor affecting the frequency
of spraying among the different categories was
the type of technology and man-hours
requirement for spray applications. Mostly,
marginal and small farmers were using the small
capacity sprayers hence, more man-hours were
required which resulted in reduced spray
frequency. However, large landholding farmers
had adopted high-capacity tractor-operated
sprayers with fewer man-hour requirements,
hence, the increased frequency was observed.



Fig. 2. Frequency of chemical applications among the different landholding
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Based on the details provided by respondents, it
was observed that three different types of
sprayers were adopted by the farmers of the
surveyed region. These were backpack-type
sprayers, engine-driven  stationary  type
(horizontal triplex pump [HTP]), and tractor
PTO-driven airblast sprayers (fig 3a) (also

@)

known as blowers locally). Farmers with
landholding less than one hectare were using
backpack sprayers (fig 3b) such as battery-
operated knapsack sprayers and backpack-type
power sprayers; with few being HTP. Farmers of
the small landholding category (1-2 ha) were
mainly using HTP with a tank capacity of 200

Fig. 3 Spray application technologies adopted in vineyard cultivation a) airblast sprayer, b) backpack sprayer, c,
d) Horizontal triplex pump with hand spray gun, e) hand dipping
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liters (fig. 3c,d). A fraction of them had adopted
tractor-operated air-blast type sprayers, whereas
very few were using backpack sprayers.
Growers of medium and large landholding
categories (2-4 ha) preferred high-volume
tractor-operated airblast sprayers.

Plant growth regulators (PGR) are essential for
the uniform growth of grape berries. Better
productivity can be obtained by precise plant
growth regulator applications. Respondents
reported that grapes usually require about four to
six PGR sprays per season.

Fig. 4 Variations in number of sprays per season among
different landholdings
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Graphical representation of adopted spraying
technology by the respondents of different
landholding categories (Fig.3) indicates that
about 75% of marginal landholding grape
growers were using back-pack type sprayers and
25% had adopted HTP type sprayers. In case of
small landholding category, the adoption of
different spraying technology was like HTP
sprayers (51.85%), tractor-operated airblast
sprayers (40.75%) and 7.5% using backpack
sprayers. In medium landholding grape growers,
76% had adopted airblast sprayers. It was
observed that as the landholding increased, the
adoption of tractor-operated sprayers also
increased. It could potentially be due to the
affordability of tractor-operated sprayers among
large land-holding farmers. 12] highlighted that
age, annual income, education, social
involvement, usage of information sources, land
ownership, knowledge, and socio-economic
level were shown to be correlated with the
adoption of improved technologies.

192

Significant variation in the adoption of plant
growth regulator spraying technology was also
observed among the different categories of
landholding farmers. Farmers of marginal
landholdings majorly were using the traditional
hand-dipping method of PGR application in
which every grape cluster was dipped manually
into a conical pot full of chemicals (fig. 3e).

In small land-holding farmers, four different
modes of PGR application i.e. hand dipping,
horizontal  triplex pump, blower, and
electrostatic sprayer were prevalent with
adoption levels of 8.55%, 16.45%, 12.5%, and
62.5%, respectively (Fig.4).

In case of medium landholding category, 81.8%
grape growers were using electrostatic sprayers
and remaining (18.2%) were using a blower. All
large landholding farmers had adopted
electrostatic sprayers for the precise application
of plant growth regulators. One major



observation was the farmers’ perception of the
need for the application of an optimum
concentration plant growth regulator. Less
concentration was reported to be ineffective in
grape cluster development, while overdose
caused adverse effects on the quality of the grape
cluster. Although 67.15% of farmers were using
electrostatic sprayers, however, only 7.15% of
farmers owned electrostatic sprayers while the
majority of farmers were using electrostatic
sprayers on a custom-hire basis. Therefore,
custom hiring services had a great role to play in
technology adoption due to the affordability of
high-cost sprayers by most farmers.

1II. Factors affecting the adoption of spraying
technology in vineyards

The major focus of the study was to elicit
information on different factors affecting the
selection of spray equipment for pesticide
management in grape orchards. [13] reported
80% of variation in agricultural mechanization
could be attributed to four major factors-land
holding, family income, custom hiring service
availability, and education. The adoption or non-
adoption of spraying technologies was mainly
related to three major factors- cost, efficiency,
and availability of sprayers.

(i) Efficiency and capacity of spraying: A
majority (57%) of farmers responded that the
efficiency and capacity of a sprayer for grape
cultivation was a major factor in the selection
of a sprayer. However, most of such farmers
were of medium and large land holding
categories, therefore adoption of high-cost air-
blast type sprayers and the electrostatic sprayer
was economically feasible for them.

Cost of sprayer: Cost is one of the major
factors affecting the adoption of machinery
among resource-poor farmers. Among the total
surveyed grape growers, 31% reported that
cost of operation was a major concern for the
adoption of efficient and high-capacity
sprayers like air-blast type sprayers and
electrostatic sprayers. Most of the farmers in
this category were marginal, small, and

(i)

medium landholding category. For such
farmers, the purchase of machinery like air-
blast type sprayers and electrostatic sprayers
was against economics of scale due to fewer
annual use hours. Many farmers in this
category were availing of custom hiring
services for the use of high-cost machinery for
spraying in their orchards. Farmers of the
marginal and small categories were adopting
manual backpack sprayers.

(ii1)) Ease of availability: Custom hiring of
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agricultural machinery plays an important role
in machinery dissemination [14] . Out of the
total surveyed farmers, 11 percent reported the
non-availability of machinery on a custom
hiring basis as a major constraint in the
adoption of sprayers for pesticide and growth
regulator application in grapes. Most of the
farmers reported non-availability of sprayers a
major concern were medium land holders.
[15]while studying farm power-machinery
status and  custom-hiring  opportunities
reported the need for facilitation of high-cost
machines through custom hiring centers,
Krishi Vigyan Kendra, and through private-

public  partnerships to improve the
mechanization status of the country.
1V. Safety awareness and health issues

associated with pesticide application in the
vineyard

Variations in the level of safety
precaution during pesticide application were
observed in selected respondents. During the
survey, farmers were asked for the type of
protective measure they follow while pesticide
spraying in grape orchards. All three types of
respondents i.e., those not following any safety
precaution during spraying of hazardous
pesticides, farmers with partial precaution
(covering the nose and mouth with proper
clothing), and farmers with full precautions
(safety goggles, shoes, and personal protective
kit) were observed (Table 1).

The data relating to protective measures
followed by grape growers while spraying



indicates that about 87.5% of farmers of
marginal landholding were not following any
protective measure, whereas, as a fraction of
them were using partial precaution while
spraying. In the case of small and medium
farmers about 62.5% and 48.5%, respectively
were not following any safety precautions while
spraying in a vineyard. The safety awareness
was found quite satisfactory in large landholding
farmers with 60% taking partial precaution and
40% following full precaution in pesticide
application. This was because of the reason that
most of the large land-holding farmers had
higher education and were voluntarily involved
in training related to agriculture. [16] revealed
education level and lack of training related to
pesticide use among major factors certain factors
affecting the safety awareness of farmers in
pesticide application practices in India.

Table 1 Safety measures pattern observed in selected

respondents

% Respondents among
Level of different landholdings
precautions <1 12 24 4-10

ha ha ha ha
No Precautions 10.0 21.4 22.8

0 3 6 0.00
Partial 10.0 20.0
Precautions 143 0 0 4.29
Full
Precautions 0.00 2.86 4.29 2386

V. Health issues related to pesticide application
reported by the farmers

Pesticides act as plant-protection agents
to control most dreadful diseases in agriculture.
However, exposure to pesticides continuously
for a bit longer period causes a range of human
health-associated issues. From the surveyed
area, headache was the most common problem
reported by about 41.42% of the grape growers.
Most of these farmers were observed to apply
pesticides without any protective measures. The
next major health issue faced by about 25.71%
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of farmers was breathing problems after
pesticide spraying. Other 12.85% and 5.71%
farmers had experienced eye problems and
nausea, respectively during pesticide spraying in
grape orchards. It was found that farmers of all
age groups were equally susceptible to the health
effects due to unsafe pesticide application
practices. However, 14.28% cent of farmers who
were following either complete or partial
protective measures while spraying did not
report any major health issues. The major reason
behind health issues was improper information
about the chemical composition of sprayed
pesticides due to lack of awareness. Given that
farmers were observed applying pesticides
without protective measures, the risk of dermal
issues becomes a significant concern. The use of
appropriate personal protective equipment
(PPE) like gloves, long-sleeved clothing, and
other protective gear is crucial to minimize
direct skin contact and mitigate the potential
health risks associated with pesticide exposure.
It is recommended to raise awareness among
farmers about the importance of using PPE and
providing them with proper training on safe
pesticide handling practices to reduce the
occurrence of dermal issues and other health-
related problems. [17] reported that middle-aged
group farmers mostly being illiterate are
dependent on others for reading information
given on pesticide bottles or instructions
provided by agriculture extension departments.
Thus, the availability of information in the local
language may sensitize the people to better
follow up on necessary protocols during
pesticide application to avoid health hazards.

Effect of spraying technology on growth
characteristics of grape cluster

The analysis of variance (ANOVA) revealed a
significant difference in cluster length (F2,99 =
4.84, p = 9.84 x107°) based on the application
method. However, no significant differences
were observed in cluster width (F2,99 = 1.39, p
= 0.25) when considering the application
method as the main effect. The change in cluster



length (Mean = Std. Error) observed in the
selected plant growth application methods were
as: Sensor-Based (SB) Sprayer: 16.89 = 1.72
mm; Hand Dipping (DP): 16.66 + 1.55 mm;
Conventional Manual Sprayer (CS): 7.63 + 0.94
mm. On the other hand, the maximum growth in
cluster width was observed in the SB method
(16.23 = 1.84 mm), followed by DP (11.12 +
1.28 mm) and CS (855 £ 1.77 mm),
respectively. The cluster growth was
comparable between the SB and DP methods,
while the least growth was observed in the CS
method (Figure 5). This change in cluster growth
may be attributed to potential influence of higher
atomization and increased spray deposition on
clusters under control volume conditions,
particularly in the SB method (Dattatray et al.,
2023)
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Figure 5 Effect of PGR application methods on
cluster growth

4. Conclusions: The study's key findings
highlight that the adoption of farm machinery
for pesticide and plant growth regulator
application in grape cultivation is significantly
influenced by the size of land holdings. Large
land-holding farmers tend to embrace advanced
technologies like tractor-operated air-blast
sprayers and electrostatic sprayers, whereas such
technologies see limited use among small land-
holding farmers. To bridge this gap and promote
the widespread adoption of advanced and
precise equipment, there is a proposed strategy
of making such machinery available on a custom
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hiring basis. This approach aims to increase
accessibility to innovative technologies,
ultimately reducing input costs and minimizing
environmental impact. The study underscores
the necessity for developing affordable spraying
technologies customized to the needs of small
and marginal farmers. This is critical to make
farmers with limited land holdings reap the
benefits associated with advanced and efficient
spraying technologies. Moreover, the low
adoption pattern of precautionary measures
among farmers requires specialized training
programs to educate farmers about the
importance of implementing proper protection
measures during pesticide application. This
proactive approach will enhance awareness and
promote safer practices, addressing health
concerns associated with pesticide exposure.
Overall, , the study suggests a multifaceted
approach to improve the adoption of advanced
agricultural machinery and enhance safety
measures during pesticide application, catering
to the diverse needs of farmers with varying land
holdings. The findings on the specific effects of
different PGR application methods on grape
cluster dimensions, highlighted the potential
advantages of sensor-based spraying technology
in promoting cluster elongation.
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Abstract: Transition metal dichalcogenide (TMDs) quantum dots (QDs) have attracted widespread
attention among scientific community as fluorescent nanomaterial. Among TMDs, MoS> has received
particular interest due to its novel and intriguing optical properties. In this work hydrothermal method
is used to prepare aqueous soluble MoS> QDs using Molybdenyl acetylacetonate and thiourea as Mo
and S precursors, respectively. The solubility of unfunctionalized MoS: is poor in water and organic
solvent, therefore thioglycolic acid is used as surfactant for surface functionalization and to enhance
the aqueous solubility & stability. These functionalized QDs have been synthesized at pH 11 using
hydrothermal method and explored their structural and optical properties. The as synthesized QDs are
characterized using TEM, XRD, FTIR, UV-Vis and PL spectroscopy. The morphological shape of as
prepared QDs is spherical with size 4-6.5 nm. The MAA encapsulated MoS» QDs are further explored
as fluorescent probe for the sensitive sensing of flavonoid Quercetin.

Keywords: Colloidal, fluorescent, transition metal dichalcogenides, flavonoid

Introduction: Szent-Gyorgyi are the first to excreted in urine[5]. Thus, it is necessary to

isolate  and  identify = bioflavonoids[1]. develop a sensitive and selective probe for the
Bioflavonoids are the important class of  sensing of Quercetin in biological samples and
bioactive molecules with effective ~ pharmaceutical drugs.

antimicrobial, anti-inflammatory, antibacterial, The luminescent properties of metallic
antitumor and anticancer properties[2, 3]. nanostructures, Quantum dots (QDs) and
Anthocyanidins, flavans, flavonols, organic fluorescent dyes are used to detect

anthoxanthins, and flavanones are the five analytes in the fluorescence-based methods. The
subclasses of bioflavonoids. Quercetin is one of  unique properties of QDs like high quantum
the flavonols mainly found in leafy vegetables, yield, broad absorption spectrum, good
herbs, vegetables, seeds, red wine and fruits. The extinction coefficient, narrow and tunable
chemical structure of Quercetin consists of  emission spectra have fascinated researcher’s
catechol ring and hydroxyl (-OH) groups at interest worldwide. QDs possess excellent
position 3'.4’, 3, 5 and 7 which makes it a optical properties and have been widely utilized
potential material for numerous biomedical for the detection of toxic molecules, ions, small
applications like anti-blood platelet, anti-  molecules, and biomacromolecules[6-8]. Mo0S:
carcinogenic, radical scavenger, expanding  QDs have attracted more interest because of
blood vessels Dbecause of antioxidant  their high solubility in an aqueous medium and
properties[4]. As Quercetin is an important  the presence of large number of active edge
antioxidant which plays important role for  atoms. The synthesis of MoS> QDs has been
treating numerous diseases and also present in  explored by using several methods including
the daily diet of human. In spite of the high  liquid exfoliation, lithium intercalation and
dietary intake of Quercetin, only 0.4-1% 1is hydrothermal[9]. The tunable emission
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properties of MoS, QDs makes them a potential
material for sensing applications. MoS»
nanostructure owing to their unique structures,
high stabilities, low toxicity and high surface to
volume ratio make them extremely attractive in
the field of biosensing[10, 11]. There is still a
critical need for the development of facile and
widely accessible synthesis methods for the
preparation of fluorescent MoS: QDs for
biological applications. Ideally, these methods
should synthesize small size, low polydisperse
and colloidal nanoparticles with stability in a
broad range of pH and various ionic buffers. For
biological applications, there should be different
functional groups available on the surface of
nanostructure for surface modification with
biomolecules such as peptides, proteins or
drugs[12]. Most importantly the synthesized
nanostructure should be stable and do not
agglomerate in  biological media i.e.,
intracellular environment and demonstrate an
improved quantum yield.

In this manuscript, we have synthesized
functionalized water soluble MoS, QDs using
hydrothermal approach. Mercaptoacetic acid
(MAA) encapsulated MoS, QDs were further
utilized for the sensitive and selective sensing of
Quercetin. The optical properties of synthesized
MAA capped MoS: QDs have been explored
using UV-Visible spectroscopy, and
Photoluminescence (PL) spectroscopy. The
structural and morphological characteristics
have been studied using X-Ray diffraction
(XRD), Transmission electron microscopy
(TEM) and Fourier Transform Infrared
spectroscopy (FT-IR), and. The sensing of
Quercetin has been done based on the variation
in the emission signal of MAA encapsulated
MoS: QDs.

2. Experimental Section

2.1. Chemicals and reagents: The chemicals
and reagents utilized in all the investigations are
of analytical grade and have been used without
any further purification. Mercaptoacetic acid
[HSCH2CO-H], and Molybdenyl
acetylacetonate [MoOa(acac)2] were procured

198

Current Natural Sciences & Engineering 1 (3), 2024

from Sigma Aldrich. Thiourea [CH4N2S] and
Sodium hydroxide [NaOH]were purchased from
Fisher Scientific. BOROSIL glassware is used
for all the synthesis procedure. For the cleaning
of the glassware chromic acid was used,
followed by rinsing with DI water, ethanol, and
acetone step by step and dried before using.
Synthesis of MoS2 nanostructures: The
current methodology utilizes hydrothermal
method to synthesize MAA encapsulated
MoS2QDs.  Thiourea and  Molybdenyl
acetylacetonate are used as precursors for S and
Mo, respectively. Mercaptoacetic acid (MAA) is
used as surfactant and for the functionalization
of nanostructures. Firstly, 3.5 mM of
Molybdenum acetyloacetonate is dissolved in 60
ml DI followed by the addition of 96 pl of MAA.
The above solution is stirred for 20 minutes at
100 °C. After cooling down the solution for
some time the pH was set to 11 using 1 M NaOH
solution. To the above prepared solution, add 15
mM of thiourea. After 15 minutes of magnetic
stirring, the solution was transferred to 100 ml
Teflon tube and sealed. The temperature of the
stainless-steel autoclave was maintained at 220
°C for 24 hours. The supernatant containing QDs
were collected after centrifugation.

2.3. Characterizations: Electronic absorption
spectra  were recorded wusing U-3900
Spectrophotometer-LABINDIA and emission
spectra using F-4700 FL Spectrophotometer-
LABINDIA. De-lonized water was used as
solvent to record the absorption and emission
characteristics of the samples. Structural
measurement of as prepared sample was done
using a TEM; JOEL 2100F, high resolution
transmission electron microscope (200 kV)
(TEM). For TEM measurements, 5-10 uL QDs
sample was drop casted over carbon support film
of'a 300 mesh Cu grid and let the sample dry for
some time. Fourier transform infrared (FTIR)
spectrum was recorded with FTIR spectrometer
(Shimadzu 8400, Japan) utilizing KBr pellets in
the range from 4000 cm™'— 400 cm™'. XRD was
recorded using Rigaku mini-Flex 600, Japan,
1.54 A°. The sample was dried at 50°C and then



XRD spectra was recorded. Zeta potential was
measured using Malvern.

3. Results and Discussion: MoS; QDs are
synthesized by one pot hydrothermal method
using Molybdenyl acetyacetonate, Thiourea and
MAA. In the synthesis process MAA and
Thiourea could work as reducing agent due to
the existence of various functional groups and as
a source of S precursor, respectively. MAA will
also work as a surface encapsulation agent and
provide carboxyl groups over MoS> QDs surface
which enhances the aqueous stability and
solubility of synthesized QDs. Figure 1 (a)
shows the TEM micrograph of MAA
encapsulated MoS> QDs. The micrograph shows
that the particles do not show any agglomeration
and are well dispersed in aqueous media. The
obtained size ranges from 4 nm — 6.5 nm with
spherical morphology. The XRD pattern shown
in Figure 2 (b) shows no obvious diffraction
peaks, which may be due to their very small size.
These small size QDs hardly have layer-layer
interaction between each other. Bulk MoS;
shows a diffraction peak at 20= 14.4°
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corresponding to the (002) plane[13]. However,
its absence in the MoS> QDs XRD spectra
reveals the lack of interlayer action in
synthesized QDs. Figure 2 (c) depicts the FT-IR
spectrum of MAA encapsulated MoS> QDs. The
presence of surface passivated groups over
MoS2 QDs surface is confirmed by FT-IR
spectra. The characteristic peak at 3452 cm’!
illustrates the O-H bond of the adsorbed
H,O[14]. The characteristic band at 1635 cm™ is
due to the stretching of C=0 bond present in the
stabilizing agent MAA. A sharp peak
corresponding to the stretching of S—H group of
MAA lies in the region 2550 cm™ — 2670 cm’.
However, the absence of S—H in the MAA
encapsulated MoS> QDs indicates the binding of
the S atom of S-H group of the MAA to the Mo
atoms lying on the surface of MoS; QDs. In the
fingerprint region, the absorption band at 463
cm! arises due the stretching of Mo-S bond[15].

Figure 1: (a) TEM micrograph of MAA encapsulated MoS2 QDs, (b) XRD spectrum of MoS2 QDs and (c¢) FT-
IR spectrum of MoS2 QDs.
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