Q2

by Rishu Kumar

Submission date: 15-Dec-2025 04:35PM (UTC+0530)
Submission ID: 2846708289

File name: g2.pdf (2M)

Word count: 6103

Character count: 38412



Q-OmniNet: Quantum-Inspired Hybrid Tensor
Networks with Quantum Kernel Estimation for
Polysemy-Aware Multimodal Affective Analysis of
Code-Mixed Hindi-English Text

Rishu Kumar!, Prof. Rajiv Misra?, and Prof. T. N. Singh:‘

Abstract—The rapid growth of Hinglish communication on
social media has i ed complex li istic, cultural, and
multimodal patterns that 1 affective ing sys-
tems struggle to handle. While deep learning and transformer-
based models perform well on li 1 and g ically
consistent text, they are limited in code-mixed Hinglish settings.
These models rely on deterministic, single-meaning embeddings
that inadequately represent poly v, fail to capi context-
dependent polarity shifts across Hindi-English transitions, and
treat multimodal signals—such as text, emojis, and visuals—as
weakly coupled rather than jointly dependent. Consequently,
emotional nuance, irony, and ambiguity common in real-world
Hinglish interactions are often misinterpreted.

To overcome these limitations, this work proposes Q-OmniNet,
a quantum-inspired hybrid tensor network that models affective
meaning as contextual superposition and captures non-separable
(entangled) relationships across modalities. The framework inte-
grates (i) a tensor-network-based contextual encoder to simulate
multimodal 1] t, (ii) lex-valued embeddings to en-
code semantic magnitude and contextual phase, and (iii) quantum
kernel estimation to model higher-order affective similarity via
quant tate overlap. Together, these provide a
richer representation of Hinglish emotion dynamics than classical
or transformer-based approaches.

Experimental results on real-world multimodal Hinglish
datasets show substantial improvements. Q-OmniNet achieves
accuracies of 0.89 for emotion classification, 0.93 for sentiment
analysis, and 0.97 for sarcasm detection, outperforming tradi-
tional baselines by 15-25% and transformer models by 8-14%.
The hybrid variant d -ates superior robustness
under noisy and ambiguous conditions, achieving an average
accuracy of 0.9275 compared to 0.7617 for conventional models.
These findi highlight the effecti of inspired
architectures for context-sensitive, multilingual, and multimodal
affective understanding.

Index Terms—Quantum Computing, QTN, QKM, Trans-
former, LLMs, Multimodal Affective Computing.

I. INTRODUCTION

N the digital age, social media has become a lively place
for people to share their feelings, cultures, and opinions.
One of the most interesting language trends on these platforms
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is code-mixed communication, where users mix several lan-
guages into one message without any problems. Hindi-English
code-mixing, commonly referred to as Hinglish, is one of
the most common types of this phenomenon in South Asia.
This hybrid linguistic form mirrors authentic bilingual speech
patterns and cultural identity but presents significant obstacles
for computational affective analysis owing to its informal
structure, erratic grammar, and considerable contextual vari-
ability [?].[?].

Sentiment analysis, emotion recognition, and sarcasm de-
tection are all examples of traditional affective computing
frameworks that were made for text that was only in one
language and didn’t have many grammatical rules. When used
on code-mixed data, their performance drops a lot because
linguistic cues in one language often change or flip the
affective polarity in another [?]. Also, Hinglish communi-
cation is naturally multimodal, often using emojis, GIFs, or
pictures to add to the emotional context. The interplay of these
modalities generates intricate emotional signals that cannot be
accurately represented through unimodal or single embedding
frameworks.

Deep learning and transformer-based architectures have
achieved remarkable success in natural language understand-
ing; however, they remain fundamentally limited when ad-
dressing polysemy, contextual ambiguity, and cross-modal de-
pendencies in informal communication. Standard transformer
embeddings encode each token as a single deterministic vector,
which does not reflect the superposed nature of meaning
where a word or phrase can simultaneously convey multi-
ple emotional states depending on context [?],[?]. Likewise,
traditional multimodal fusion techniques frequently depend
on feature concatenation or attention-based weighting, which
fail to adequately capture non-separable dependencies between
modalities like text and emoji. Consequently, nuanced affective

subtleties such as irony, humor [?], and ambivalence are
frequently misclassified or inadequately represented.

To tackle these issues, this study presents Q-OmniNet,
a quantum-inspired hybrid tensor network framework aimed
at polysemy-aware multimodal affective analysis of code-
mixed Hindi-English text. The fundamental assertion of Q-
OmniNet is that emotional significance in natural language
communication displays characteristics similar to those found
in quantum systems namely, superposition (the coexistence




of multiple meanings) and entanglement (the interdepen-
dence among modalities)[?].[?1.[?]. By applying these prin-
ciples in a traditional computational environment, Q-OmniNet
presents an innovative representational framework that com-
bines quantum-inspired embeddings, tensor-based contextual
encoding, and quantum kernel estimation for multitask affec-
tive inference[?],[?].

In the proposed linguistic, paralinguistic
(emoji), and visual modalities are initially synchronized into
a common latent space via multimodal encoders. In a Hilbert
space, each token or feature is then represented as a complex-
valued amplitude vector. The real and imaginary parts of
the vector together encode semantic and contextual phases
[?]. [?].[?]. The resulting superimposed representations allow
the model to capture simultaneous emotional interpretations.
A Quantum Tensor Network (QTN) module models contex-
tual and cross-modal dependencies through tensor contraction
operations that mimic entanglement[?]. Finally, a Quantum
Kernel Estimation (QKE) layer uses quantum-state overlap to
find similarities between multimodal emotional states. This lets
you tell the difference between different emotions in tasks
[?1.[?] like recognizing emotions, analyzing sentiment, and
finding sarcasm.

This work enhances the domains of affective computing and
multimodal comprehension in several significant aspects:

1. Quantum-Inspired Affective Modeling: Proposes an
innovative theoretical framework utilizing quantum con-
cepts—superposition and entanglement—as computational
analogies to represent polysemy and multimodal emotional
interconnection in code-mixed social media interactions[?],[?].

2. Hybrid Tensor Network Design: This idea combines
tensor network representation leaming with quantum-inspired
embeddings to create a hybrid architecture that allows for
high-order contextual reasoning without making things too
complicated[?].

3. Multimodal and Multitask Integration: Develops a unified
model that simultaneously performs emotion, sentiment, and
sarcasm analysis by exploiting shared affective structures
across modalities[?].

4. Empirical Advancement: Demonstrates the effective-
ness of Q-OmniNet over classical and transformer baselines
through extensive experiments on real-world Hinglish multi-
modal datasets, showing substantial improvements in accuracy
and robustness[?].[?].

By bridging concepts from quantum information theory
and deep learning, Q-OmniNet establishes a new direction
for multimodal affective computing—one that treats emo-
tion understanding as a phenomenon of distributed, context-
dependent meaning rather than static classification. The sug-
gested framework not only improves the ability to recognize
emotions in code-mixed digital communication, but it also
helps with the bigger goal of creating quantum-inspired cog-
nitive architectures that can model the complex, intertwined
nature of human emotion and language.

framework,

A. Morivation

Even though multimodal affective computing has advanced
significantly, current approaches are still unable to accurately

capture the ambiguity and contextual fluidity found in actual
Hinglish communication. Conventional methods rely on fixed,
deterministic embeddings that are unable to capture how
modalities like text, emojis, and images collectively influence
meaning or preserve a variety of possible emotional interpreta-
tions. The necessity for a modeling framework that can depict
emotional meaning as context-dependent and intrinsically am-
biguous is highlighted by this gap. Such a foundation is made
possible by quantum-inspired representations, which allow for
the superposed and interdependent encoding of multimodal
cues. This inspires the development of Q-OmniNet, which
utilizes these principles to more properly depict the dynamic
and interwoven nature of human affect.

B. Problem Statement

The increasing use of code-mixed Hinglish on social me-
dia presents emotional expressions that are highly variable,
multimodal, and context dependent. These posts frequently
combine Hindi and English tokens with emojis and visual cues,
creating emotional signals that cannot be reliably interpreted
using existing models. Current deep learning and transformer-
based systems rely on fixed token embeddings and largely
independent multimodal fusion mechanisms, which prevents
them from capturing multiple possible meanings of a word or
the joint influence of text, emoji, and image modalities. As a
result, these models struggle with ambiguity, polarity shifts,
and subtle expressions such as mixed sentiment or sarcasm.

This work addresses this gap by developing a quantum-
inspired hybrid tensor network that represents emotional
meaning as a contextual superposition and models cross-
modal dependencies as entangled interactions. This framework
enables a more expressive and context-aware approach to
affective analysis in code-mixed digital communication.

II. LITERATURE REVIEW

Quantum-inspired neural models, which mimic Hilbert-
space formalisms on classical hardware, hammde significant
strides in tandem with hybrid architectures. Shi et al. presented
two end-to-end quantum-inspired deep neural networks that
outperformed classical baselines on several text-classification
benchmarks by modeling linguistic polysemy and contextual
interference using complex-valued word embeddings[?]. Their
later work proposed pretrained quantum-inspired embeddings
(QPFE) that encode superposition-based word semantics and
integrate with ERNIE, achieving superior performance in sen-
timent classification and word sense disambiguation compared
to both classical and earlier quantum-inspired approaches[?].

Research at the e of quantum machine learning
(QML) and natural language processing (NLP) has rapidly
increased in recent years, motivated by the limits of classical
deep neural networks and the rising potential of quantum rep-
resentations. Early breakthroughs integrated variational quan-
tum circuits (VQCs) with multimodal and multitask learning.
Phukan et al., for example, demonstrated the ability of quan-
tum cire to encode cross-modal dependencies with signifi-
cantly fewer parameters than classical systems by proposing a

inter




hybrid quantum—classical neural network that uses superposi-
tion, entanglement, and interference to jointly model s m,
sentiment, and emotion across text—audio—visual modalities
[?].

Efforts to improve the scalability and physical realizability
of QML have developed effective classical—quantum collabo-
ration structures. L'Abbate et al. presented co-TenQu, inte-
grating tensor-network-based compression with VQC-based
classification, greatly decreasing qubit usage while boosting
uracy over state-of-the-art quantum baselines. Robust end-
to-end training spanning classical and quantum components
was further made possible by their fidelity-driven feedback
loop[?].

Another area of research focuses on quantum models for
resource-constrained NLP applications. Yu et al. created batch-
upload quantum recurrent neural networks (BUQRNNs) to
solve dimensionality limits in NISQ devices, demonstrating
enhanced performance in low-resource Bengali sentiment clas-
sification while decreasing model complexity through opti-
mized VQC design[?].

Memor cient quantum computation has also been re-
searched. Khan er al. presented EP-PQM, a parametric proba-
bilistic quantum memory that uses label encoding to decrease
the amount of necessary qubits and gate operations. Their
technique dramatically decreases circuit depth and qubit count
compared to classical PQM, hence enabling more scalable
quantum machine learning on NISQ devices[?].

Quantum concepts have been included into complex-valued
neural architectures aside of NLP-specific applications.
Zhang et al. developed a complex-valued neural network quan-
tum language model (C-NNQLM) that produces differentiable
usily matrices from end-to-end embeddings, improving
question answering, document retrieval, and text classification.
Their results reveal that storing word order via complex phases
gives significant advantages over real-valued quantum-inspired
models and classical baselines[?].

Finally, reliability issues have prompted research on error
propagation in quantum layers as quantum neural models pro-
liferate. Vallero et al. examined logical-shift faults in quantum
convolutional neural networks, demonstrating the need for
reliable error-tolerant QML designs and demonstrating that
even little changes to qubit states can result in significant
misclassification rates[?].

Overall, present work together underlines both the potential
and the practical constraints of quantum and quantum-inspired
NLP models. They demonstrate better representational ca-
pacity and interpretability using quantum principles, although
encounter limits relating to qubit availability, circuit depth, and
noise in NISQ devices. These restrictions inspire the construc-
tion of more scalable, interpretable, and parameter-efficient
quantum-—cl I structures, aligning with the objectives of
the present research.

II1. THEORETICAL BACKGROUND AND PRELIMINARIES

The proposed Q-OmniNet framework builds upon mathe-
matical concepts derived from quantum information theory and
tensor-based representation learning, which are adapted here

to enhance affective understanding in multimodal and code-
mixed linguistic contexts [?],[?].[?]. This section introduces
the fundamental principles and notations that underpin the
proposed methodology: the Hilbert-space representation of
information, the quantum-inspired principles of superposition
and entanglement, and the tensor network formalism used for
contextual encoding.

A. Hilbert space replaemarion
In quantum theory the state of a system is represented as a
normalized complex vector in a Hilbert space H C C%:
|y € H, () = 1. (1

Each component of |4/} corresponds to a basis configuration
and its complex amplitude encodes magnitude and phase. The
inner product between two states measures their overlap:

d
@) =3 ditn. )
k=1
In Q-OmniNet, embeddings (textual, emoji, visual) are inter-
preted as state vectors in such a Hilbert space, where mag-
nitude may represent intensity and phase encodes contextual
variation[?1.[?1.[?1.[?].

B. Superposition: modeling polysemy

The superposition principle perr
multiple states simultancously [?],[?]:

N
oy =>"algsl, Do
i=1 i

where «v; € C are probability amplitudes. In linguistic mod-
eling this concept is used to represent polysemy: a token may
have multiple contextual meanings (emotional or semantic)
which coexist until disambiguated by context[?],[?1.[?]. Q-
OmniNet leverages superposed representations to preserve
multiple candidate interpretations of Hinglish tokens[?].[?].

a system to occupy

C. Entanglement: modeling cross-modal dependency

Entanglement describes joint states that are not separable
into independent subsystem states:

[Wap) # [1a) @ [¥g) . )

This models non-separable correlations between modalities:
for example. the emotional effect of an emoji may depend
heavily on the accompanying text[?],[?]. Q-OmniNet opera-
tionalizes this notion via tensor interactions that capture high-
order inter-modal dependencies[?],[?].

D. Tensor network formalism

Tensor networks (TNs) offer an efficient representation
for high-dimensional, structured dependencies by arranging
tensors [?],[?] and contracting them along shared indices.
Given a sequence of state vectors [¢),...,[|ty]}, a tensor-
network—based contextual encoding can be written as:

Tty = contract (Ul [y, Uz |ad, ooy Un [¥w) ), (5)




where U; are learnable transformation tensors (often con-
ined to be orthogonal/unitary-like for stability). The con-
traction operation aggregates local correlations into a compact
global representation that reflects entanglement-like relation-
ships among tokens and modalities[?], [?], [?].

E. Quantum kernel similarity

To measure similarity between two encoded representations
x; and r; in a quantum-inspired feature space, Q-OmniNet
uses a quantum-like kernel defined by state overlap[?], [?]:

alEi z;) = [ (@ (z)|2o(z,) |, (6)

where ®¢(:) maps inputs into the quantum feature space.
In classical simulations the kernel is approximated by the
squared magnitude of the complex inner product of amplitude
embeddings:

()]

This quantum-inspired kernel captures nonlinear and con-
textual similarities that are useful for distinguishing subtle
affective states such as sarcasm and ambivalence[?], [?], [?].
2.

The theoretical framework used by Q-OmniNet rests on the
following elements:

« Hilbert e representation: Embeddings interpreted as
normalized complex state vectors (Eq. 1-2)[?], [?].

« Superposition: Polysemy modeled as superposed ampli-
tude states (Eq. 3)[?1, [?], [?].

« Entanglement: Cross-modal dependencies captured via
tensor contractions (Eq. 4, 5)[?], [?].

« Quantum kernel: Similarity measured via state overlaps

for nonlinear affective discrimination (Eq. 31-7)[?]. [?].
These preliminaries supply the mathematical vocabulary
used in the following section, where we present the compu-
tational design and full mathematical formulation of the Q-
OmniNet architecture.
To facilitate readability, Table I provides a consolidated
list of important symbols and notations employed in the Q-
OmniNet framework.

1V. DEEP LEARNING FOUNDATIONS OF Q-OMNINET

Section 3 established the quantum-theoretic conceptual
backbone of Q-OmniNet, describing how superposition, en-
tanglement, and Hilbert-space representations motivate a non-
classical view of multimodal affect[?], [?], [?]. In this section,
we now operationalize those principles into an implementable
neural pipeline. Specifically, we describe how standard deep
learning modules (transformers for text, attention pooling for
emojis, and VIiT/CLIP encoders for images) serve as the
substrate upon which the later quantum-inspired embedding,
tensor interaction, and kernel estimation mechanisms are
applied[?], [?]. [?], [?]. Thus, Section 4 forms the bridge
between the theoretical quantum analogy (Section 3) and the
full computational formulation (Section 5).

‘While the theoretical design of Q-OmniNet is inspired by
quantum mechanics, its computational realization is grounded
in modern deep learning architectures. This section introduces

TABLE [
LIST OF IMPORTANT SYMBOLS AND THEIR DESCRIPTIONS USED IN THE
Q-OMNINET FRAMEWORK.

Symbol Description

X = Mulimodal input consisting of text (X;), emojis (X ),
{X, X, X0} and image (X;)

w; i-th token in the Hinglish text sequence

v € R Contextual embedding of token w; from transformer

encoder
Lie (H.E,0}
Vi ¢ RNV (d+3)

Language identifier for token
Text embedding matrix with language tag appended

E; e md Embedding vector for j-th emoji

B Anention-weighted aggregated emoji embedding
Traw Raw visual feature from Vision Transformer / CLIP
iemd Projected visual embedding

X inulti Unified multimodal representation vector

LS Complex quantum-inspired embedding for feature wp
|&) Quantum superposition representation

o Anention-derived amplitude weight

Ui Tensor in the Quantum Tensor Network

Tyrn Contracted QTN tensor

Kglx:, 1,) Quantum kernel function

CI!Q{-) Quantum feature map

el Hermitian transpose

z Representation after QKE

Temo Emotion prediction

Tsent Sentiment prediction

Toar Sarcasm prediction

Ligtal Overall multitask loss

Lemay Leenty Caar - Task-specific losses

A1 Az, s Multitask loss weights

=] Concatenation operator

2] Tensor/Kronecker product

(el Inner product

|- 2 Modulus-squared amplitude

the neural foundations that form the backbone of the proposed
framework, describing the core components used to extract,
align, and fuse multimodal features before quantum-inspired
processing[?]. [?].

A. Transformer-Based Textual Encoding

For the textual modality, Q-OmniNet employs a multilingual
transformer encoder such as XLM-R or MuRIL to capture
cunlmlal semantics across code-mixed Hindi-English text[?],
[?]. Given an input sequence X; = [wy,ws,..., wy], cach
token w; is first embedded and then contextualized using
multi-head self-attention:

=
gttention(@, KV)= suftmax(% ) V. (8)

where (), K, and V' denote the query, key, and value matrices
respectively, and dy. is the dimensionality of the key vectors.
Cunlexluampresemalion is refined through a series of
transformer blocks that include residual connections, layer
uormalizalicmand feed-forward networks:

H = LayerNorm (H + FFEN(MultiHead(H))),  (9)




where H represents the hidden state sequence. This archi-
tecture enables the encoder to preserve both local (token-
level) and global (sentence-level) semantics [?], [?], formi
the primary linguistic input for quantum-inspired embeddi
generation.

2
g

B. Visual and Emoji Feature Encoders

For the visual modality, a pretrained Vision Transformer

(ViT) or CLIP encoder is employed to extract visual
embeddings[?]. [?]:
b = FuislX) € R (10)

A projection layer aligns these features with the shared latent
space:

T = Wi flatten(Jry) € R (1

For the emoji modality, each emoji ¢; is represented through
an affective embedding derived from sentiment lexicons and
emotion intensity scores[?], [?]:

B} = funole;) € RE. (12)

An attention pooling mechanism aggregates emoji-level infor-
mation:
M

E=Y 3k,

=1

5 _ el
T X exp(ve)
where 3; denotes the normalized attention weight for the j-th

emoji[?], [?].

(13)

C. Multimodal Fusion Mechanism

Before applying quantum-inspired transformations, Q-
OmniNet aligns textual, emoji, and visual features into
a shared latent space through a deep multimodal fusion
module[?], [?]. The unified representation is constructed by
concatenating the encoded features:

i = Vi @ E & I, (14)

where & denotes concatenation along the feature dimension.
A multimodal attention layer then refines these features to
emphasize emotionally salient cross-modal dependencies:

X = softmax(QKT)V.

(15)
This process ensures that emotionally relevant interactions
across modalities (e.g., between text and emoji) are amplified
prior to quantum encoding[?], [?].

D. Integration with Quantum-Inspired Modules

The deep learning backbone thus establishes a robust se-
mantic foundation upon which the quantum-inspired com-
ponents of Q-OmniNet operate. Transformer and attention
mechanisms capture hierarchical linguistic and visual features,
while the subsequent Quantum Tensor Network (QTN) and
Quantum Kernel Estimation (QKE) modules extend these
representations to model higher-order semantic superpositions
and entangled affective dependencies[?], [?], [?], [?]. In this
way, Q-OmniNet combines the expressive capacity of deep

Wultimodal fusion

Complex Embedding

W = frcopien (Xore)

X =V:, E 1]

Fig. 1. Embedding pipeline used in Q-OmniNet. The text sequence, emoji
token, and ¢ patches are first encoded into matrices of dimensions V; €
Rixd g %“2. and I € R‘*?5, respectively. These modality-specific
embeddings are projected into a unified feature space and concatenated to form
the multimodal representation Xy = [Vi: E; I]. The fused representation
is then transformed by the complex embedding layer to produce the quantum-
inspired embedding 5, = CF*9, which serves as the input to the subsequent
QTN and QKM modules.

neural architectures with the contextual depth of quantum-
inspired representation learning, achieving an enriched model-
ing of emotion, sentiment, and sarcasm in code-mi)a digital
communication[?], [?]. As shown in Fig. 1, the modality-
specific embeddings are projected into a shared latent space
and fused to form X . which is subsequently mapped to
complex-valued quantum-inspired embeddings.

V. PROPOSED MODEL

This section presents the complete mathematical formula-
tion and computational design of the proposed Q-OmniNet
framework a quantum-inspired hybrid tensor network for
polysemy-aware multimodal affective analysis of code-mixed
Hindi-English (Hinglish) text. Building upon the quantum
principles introduced in Section III, Q-OmniNet integrates
superposition, entanglement, and tensorized contextual learn-
ing to jointly model semantic ambiguity and cross-modal
emotional dependencies.

The overall computational pipeline follows five sequential
stages:

1) Multimodal Input Representation and Preprocessing,

2) Quantum-Inspired Embedding Generation,

3) Quantum Tensor Network (QTN) Encoding,

4) Quantum Kernel Estimation (QKE), and

5) Multitask Affective Classification.

As illustrated in Fig. 2, Q-OmniNet integrates multimodal en-
coders with quantum-inspired edding, tensor interaction,
and kernel estimation modules. The overall training pipeline
of Q-OmniNet is outlined in Algorithm 1.

A. Multimodal Input Representation and Preprocessing
Let a multimodal post be denoted as

X ={X#. X, X:}, (16)
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Fig. 2. Model Overview

where X, is the text sequence, X, the emoji sequence, and
X the corresponding image. The model performs normaliza-
tion, tokenization, and feature alignment to ensure consistent
multimodal inputs.

1) Textual Representation: Given a Hinglish sentence X; =
[wl.wg. e \“4'_V]. each token w; is encoded using a multilin-
gual transformer (e.g., XLM-R):

i = foun(w;) € B an

A 3-dimensional one-hot vector L; € {H. E O} represents
the language tag (Hindi, English, Other) and is concatenated
with the embedding:

vi = [v;;onehot(L;)] € R (18)
The resulting embedding matrix is:
Ve = [0}, vh, ... uly) T € RYX(4+3) (19)

2) Emoji Representation: Each emoji e; is mapped to an
affective vector using a sentiment lexicon:

Ej = fomole;) € BY. (20)
Attention pooling aggregates emoji information as:
- exp(y)
E=Y"8E;, A= et @n
LAE B et

3) Visual Representation: For the image modality, a pre-

trained Vision Transformer or CLIP encoder extracts visual
features:
T = foia(X;) € BRI xwe (22)
A projection layer aligns them with the textual space:
1= Wi latten(I) € RY (23)

Multimodal
Fusion

Quantum Inspired Encoding

Multitask
Superposition Output
Heads

Emotion

Complex
Embedding

Quantum Kernel
Machine(QKM)

i

4) Unified Multimodal Representation: All modalities are

concatenated to obtain:
Noulti = [i:, S Eo f] € i (24)

where & denotes concatenation. This unified vector serves as
the input to the quantum-inspired embedding generator.

B. Quantum-Inspired Embedding Generation
Each multimodal feature vector xp € Xy is transformed
into a complex-valued embedding:

W =R+ jul € ¢ (25)
where u“f and u“f represent semantic and contextual (phase)
components, respectively, and

ella =1 (26)

A post-level representation is then modeled as a superposed
quantum state:

W) =S anvn). 3 ol =1 @7
k=1 &
where attention-derived weights o, are defined as:
exp(qx)
= o = refw)y,, context 28
= ey T s context) (28)

This superposed representation captures multiple coexisting
emotional interpretations, enabling polysemy-aware modeling.

In this work, each token is mapped to a complex-valued
representation that preserves both semantic magnitude and
contextual phase. The model’s ability to represent tokens in
superposed complex embedding states enables it to encode
multiple potential meanings of a polysemous Hinglish term




before context-based disambiguation. This significantly con-
tributes to improved accuracy, particularly in emotion and
sarcasm tasks where contextual polarity shifts are common.
These superposed embeddings allow the model to delay hard
semantic assignments until global context is processed.

C. Quantum Tensor Network (OTN) Encoding

The Quantum Tensor Network (QTN) encodes contextual
and inter-modal dependencies through tensor contractions:

Torn = contract{Uy [y}, Uz lwa), ..., Unrldn) (29)

where U/; € C"i-1%9%% 4re transformation tensors and r;
denote bond dimensions.
The explicit contraction can be expressed as:

Tom = Z vl gyl <;>U};l;\‘JHn,A (30)
in k=1

This operation models contextual entanglement, ensuring that
affective meaning from one modality influences others.

D. Quantum Kernel Estimation (QKE)

The Quantum Kernel Estimation (QKE) layer measures
similarity between contextual states based on quantum state
overlap: g

2

Qe r5) = [(Dq(z:)| @o(=;))]| )]
where ®¢(-) maps inputs into a quantum feature space. In
classical simulation, this overlap is approximated by:

Kolwi ;) = |l (32)

The kernel values are used to construct a multitask affective
inference layer.

E. Multitask Affective Classification

Let the shared representation after QKE be Z € RE*d |

ere B is the batch size and d; the kemel dimension.
Predictions for emotion, sentiment, and sarcasm are computed
as:

Yoo = softmax(WemoZ + bewmo)s (33)
e = softmax(Wen Z + beew), (34)
Yo = O(WearZ + baar), (35)

where o(-) denotes the sigmoid activation.

The total multitask loss function is:
Emm = )\lﬁemc - )\Qﬁmu T )\Iiﬁm- (35)
with each individual task loss defined as:
N

Log=— Y yilog(ii). (a7

i=1

F. End-to-End Computational Flow
The complete computational process of Q-OmniNet is sum-
mauzem:' 19
Quantum Encoding e
L

Preprocessing
X Kot

Torn

Quantum Kernel Multitask Classifier,

Y.
(38)
Superposition enables semantic flexibility for code-mixed
tokens, while tensor entanglement captures emotional coupling
across modalities.

“Tensor Contraction

zZ

G. Computational Variants

Three computational variations of Q-OmniNet were built
in order to assess the contribution of the quantum-inspired
componern

« Classical Baseline: Uses real-valued embeddings and tra-
ditional attention-based multimodal fusion, without any
quantum-inspired procedures.

Quantum-Inspired: Incorporates complex-valued embed-
dings and superposition-based contextual modeling to
capture polysemy and contextual ambiguity, but does not
include tensor-network or quantum-kernel modules.
Quantum—Classical Hybrid: The Quantum—Classical Hy-
brid Variant combines the Quantum Tensor Network
(QTN) and Quantum Kernel Method (QKM/QKE). It is
implemented by simulating quantum-inspired processes
in a classical manner without the need of quantum
frameworks. These components together model entangled
multimodal dependencies and quantum-like similarity.
The comparison between these three types, shown in the
Experiments section, demonstrates the effect of complex
embeddings, tensor-network contextualization, and quan-
tum kernel similarity on overall performance.

The proposed Q-OmniNet integrates the mathematical
strengths of quantum formalism and tensor networks within a
unified neural framework. By representing multimodal affec-
tive information as superposed and entangled quantum-like
states, and evaluating emotional similarity through quantum
kernel overlaps, the model achieves enhanced contextual un-
derstanding of polysemous and multimodal Hinglish commu-
nication.

VI. MODEL DESCRIPTION

A unified multimodal processing pipeline consisting of text,
emoji, and picture encoders was used to develop and train
the proposed Q-OmniNet framework. Next came quantum-
inspired embedding modules, a tensor-network contextualizer,
and a quantum kernel inference layer. An NVIDIA A100-
PCIE-40GB GPU was used for all of the trials, running at
a power drain of about 245 W and continuously functioning
in performance state PO during training. This design provides
adequate memory capacity and computing throughput to allow
complex-valued embedding operations, tensor contractions,
and large-batch quantum-kernel calculations.

Python-based deep learning with
precision training enabled to maximize computation efficiency

frameworks mixed-




Algorithm 1 Q-OmniNet — concise training pipeline

Require: Dataset D = {(X,; X, X;),Y}, encoders
fowtr Sy €moji  map  fome.  hyperparams
d. B, E,q,{ri},d, A Variant

Ensure: Trained model and test metrics

: Preprocess D: tokenize/transliterate, language-tag, map

emojis, normalize images

2: Split D — train/val/test

3: Initialize foub, fuis. We, We, Wiz

4: if Variant # CLASSICAL then

5 initialize gepix, {U:}, QKE

6: end if

7

8§

9.

: for epoch =1 to E do
for minibatch B do
for each sample (X;, X., X;) € B do

10: Vi« fenn(X:): append language tags

1: E ¢ attn_pool( fuuo( X))

12: I« W;(flatten( f,i(X,)))

13 Notti < [pool(Vi) & E & 1]

14: if Variant == CLASSICAL then

15: features — X i

16: else

17: W 4 Goplx [ XNmulti) = complex map &
normalize

18: o« attn(v); W) < >, ag )

19: end if

20: Tyrn < contract({U;, [¢) })

21: end for

2 K « QKE({Tor}) b approx. |2

23: Z + kermnel_features( /)

24: Vo classifiers(Z ); compute Ly

25: Backpropagate and update parameters

26: end for

27 Validate; early stop if needed

28: end for

29: Test evaluation and variant comparison

were used to create the model. During training, the textual
encoder received tokenized Hinglish sequences enriched with
language tags, while emoji embeddings and visual features

were aligned using projection layers before multimodal fusion.
The quantum-inspired embedding block normalized features
into complex amplitude vectors, which were further processed
by the Quantum Tensor Network. Kernel features were created
using the quantum-overlap similarity function and fed to
task-specific classifiers for emotion, sentiment, and sarcasm
prediction.

Training was performed with mini-batches ranging fmm
to 32 samples, depending on modality configuration, and the
model was optimized using Adam with a scheduled learning
rate. Early halting and validation-based checkpointing were
utilized to ensure steady convergence across jobs. Smooth
training dynamics and repeatable performance acr ev-
eral runs were made possible by the A100 GPU’s effective
handling of large-scale kernel matrices and tensor-network

contractions.

TABLE II
COMPARISON OF Q-OMNINET WITH EXISTING APPROACHES

Model Emotion Acc.  Sentiment Acc.  Sarcasm Ace.

Q-OmniNet (Proposed) [ 093 097
Classical Basel valued embaldings + attention) 074 078 om
Transfomier Baseline (XLM-R) 081 086 083
Hybrid Quantum-Classical ( Phukan et al ) 084 038 085

VII. EVALUATION

In the Fig. 3. The training dynamics of Q-OmniNet demon-
strate stable C(mlgence and strong generalization across all
affective tasks. As shown in Fig. 3, both training and validation
s decrease smoothly over the epochs, with the validation
ss closely following the training curve, indicating the ab-
sence of overfitting and reflecting well-behaved optimization.
Emotion ¢l a consistent upward
trend, with training accuracy rising from approximately 0.79
to 0.92 and validation accuracy improving from 0.78 to about
0.88, highlighting the model’s ability to capture nuanced emo-
tional cues in multimodal Hinglish data. For the primary sen-
timent classification task, training accuracy steadily increases
toward 0.965, whereas validation accuracy remains stable in
the 0.92-0.93 range despite minor fluctuations caused by
mixed-polarity samples; this suggests that the model maintains
robust sentiment discrimination even under code-mixed and
noisy conditions. Sarcasm detection performance is notably
high, where both training and validation accuracies rapidly
exceed 0.98, eventually stabilizing near 0.995 and 0.991, re-
spectively. This near-saturated performance underscores the ef-
fectiveness of Q-OmniNet’s quantum-inspired representations
in capturing subtle multimodal cues associated with sarcastic
expressions. Overall, the results confirm that Q-OmniNet
achieves strong and stable learning behavior, delivering high
predictive accuracy across emotion, sentiment, and sarcasm
tasks while maintaining excellent generalization properties.

The confusion matrices in Fig. 4 provide a detailed view
of Q-OmniNet’s classification performance across the three
affective tasks. For the seven- tion task,
the model exhibits strong disi
near-perfect recognition for emotions such as anger (100%),
joy (99%), fear (95%). and neutral (100%). Moderate con-
fusion appears between sadness and joy, where 22 sadness
samples (76%) are correctly classified, while a small por-
ton is misidentified as joy or surprise, indicating overlaps
in linguistic or multimodal cues for these affective states.
Similarly, the surprise class shows partial confusion, with 66%
correctly predicted and the rest misclassified mainly as joy,
reflecting semantic ambiguity typical in Hinglish social media
expressions. In the sentiment classification task (three classes),
the model demonstrates highly reliable performance, with
negative and positive sentiments recognized with 94% and
98% accuracy, respectively. Neutral sentiment, inherently more
ambiguous, achieves 40% accuracy, with misclassifications
split between negative and positive due to overlapping tone and
context in mixed-language posts. The sarcasm detection task
achieves exceptionally high performance, with 98% accuracy
for non-sarcastic and 96% for sarcastic samples. The mini-
mal confusion—only 5 sarcastic samples classified as non-

fication accuracy exhib

ss emotion clas:
minative capability, achieving
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Fig. 3. Training and Validation Performance Across Emotion, Sentiment, and Sarcasm Tasks
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Fig. 4. Confusion Matrices for Emotion, Sentiment, and Sarcasm Classification on the Test Set

sarcastic—highlights the strength of Q-OmniNet’s quantum-
inspired multimodal encoding in capturing implicit and nu-
anced sarcastic cues. Overall, the confusion matrices affirm
the model’s strong generalization and its ability to distinguish
fine-grained affective states despite the complexity of code-
mixed Hinglish communication.

The comparative evaluation presented in Fig. 5 highlights
the effectiveness of the proposed Q-OmniNet framework
across three affective computing tasks. The “Test Accuracy
by Task™ chart shows that the ¢

al baseline achieves

B)derale performance, attaining (.74, 0.80, and 0.90 accuracy
for emotion, sentiment, and sarcasm detection respectively. In
contrast, the quantum-inspired variant demonstrates notable
improvements across all tasks, while the quantum-hybrid
model delivers the highest performance, achieving approxi-
mately 0.89 (emotion), 0.93 (sentiment), and 0.97 (sarcasm).
This trend is further reflected in the “Overall Average Ac-
curacy” plot, where the quantum-hybrid system significantly
outperforms both the classical (0.7617) and quantum-inspired
(0.8746) variants, reaching an average accuracy of 0.9275. The
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Fig. 5. Comparative Evaluation of Classical, Quantum-Inspired, and Quantum-Hybrd Models

improvement graph quantifies these gains, revealing that the
quantum-inspired model offers 5-20% improvement over the
classical baseline, while the quantum-hybrid variant achieves
up to 25% improvement, particularly in sarcasm detection.

The confusion matrices for the quantum-hybrid model fur-
ther substantiate its superior predictive capability. For emo-
tion classification, the model achieves near-perfect recognition
for high-frequency classes such as joy, while maintaining
acceptable performance for lower-frequency class;
sadness and surprise, despite the inherent ambiguity in these
affective categories. Sentiment classification exhibits strong
separation of polarities, with negative and positive classes
predicted with high precision and recall, whereas neutral
samples show moderate confusion due to overlapping con-
textual cues common in Hinglish social media discourse.
Sarcasm detection demonstrates highly reliable performance,
correctly identifying the majority of sarcastic (96%) and non-
sarcastic (98%) posts, underscoring the strength of the hybrid
quantum-tensor representation in capturing implicit tonal and
multimodal cues. Collectively, these results validate that the
quantum-hybrid design improves both discriminative power
and generalization capacity across all affective tasks.

such as

The quantum-hybrid variant achieves up to 25% improve-
ment over the classical baseline across all tasks. Such gains
can be attributed to the model’s ability to represent tokens
in superposed complex embedding states, enabling it to en-
code multiple potential meanings of polysemous Hinglish
terms before context-driven disambiguation. This mechanism
particularly enhances performance in emotion and sarcasm
detection, where contextual polarity shifts are prevalent. Table
11 compares the proposed Q-OmniNet framework with existing

classical and transformer-based approaches across affective
classification tasks.

VIII. CONCLUSION AND FUTURE WORK

This work presented Q-OmniNet, a quantum-inspired hy-
brid tensor network designed to address the intrinsic chal-
lenges of affective analysis in code-mixed and multimodal
Hinglish communication. By integrating complex-valued em-
beddings, superposition-based semantic representations, and
tensor-network—driven modeling of entangled multimodal
cues, the proposed framework effectively captures ambiguity,
contextual fluidity, and cross-modal dependencies that are
often inadequately modeled by traditional deep learning and
transformer-based approaches.

Extensive experimental evaluations demonstrate that Q-
OmniNet consistently outperforms classical and transformer-
based baselines across emotion, sentiment, and sarcasm clas-
sification tasks, achieving notable improvements in both accu-
racy and robustness. Its ability to represent multiple simulta-
neous meanings enables more precise handling of polysemy
and context-dependent polarity shifts, which are particularly
prevalent in informal, dynamic social media discourse. These
results highlight Q-OmniNet’s potential as a scalable and
cognitively aligned paradigm for multilingual and multimodal
affective computing.

Despite these advances, several avenues remain open for
future research. The framework can be extended to additional
multilingual and code-mixed language pairs to broaden its
applicability across diverse global communication settings.
Incorporating cc)uvelm)nal history and user-level behavioral
signals may further enhance the model’s ability to interpret




complex, evolving emotional states. Moreover, the integration
of additional modalities such as speech, audio cues, and visual
information could strengthen multimodal reasoning capabili-
ties. From a systems perspective, further optimization of the
tensor network architecture and quantum-kernel components
may reduce computational overhead, facilitating real-time or
resource-constrained deployment. Finally, as quantum hard-
ware continues to mature, future work may explore transition-
ing components of Q-OmniNet from classical simulation to
actual quantum devices, potentially unlocking deeper represen-
tational advantages and paving the way toward truly quantum-
native affective computing.
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