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Abstract
Abstract—The fusion of quantum-inspired (QI) computational approaches and affective 
computing concepts offers a groundbreaking potential avenue for the creation of emotionally 
resonant conversational Artificial Intelligence (AI) agents. In this paper, the authors of 
this vision paper review fundamental work and most recent advancements in the fields of 
quantum cognition, sentiment analysis, emotion recognition in conversation (ERC), and 
empathetic dialogue systems. From a set of fifteen central references from the past two 
decades (1997-2020), a detailed analytical framework is developed that aligns quantum 
mechanical concepts such as superposition, interference, entanglement and density matrix 
representations with the complex emotional structure of human-computer interaction. 
The synthesis shows that the QI network architectures can reach weighted F1-scores up 
to 74.8% on the benchmark ERC datasets, which is a 19.3 percentage-point improvement 
compared with the conventional sequential models. Emotional states are represented by 
density matrices, and their contextually entangled affective profile is shown to be well 
captured with precision gains of 8.2% over classical representations. The empathetic social 
chatbots, like XiaoIce’s 660+ million users, achieve conversational session durations of 23 
turns, and a user satisfaction rating of 78.4%. The paper also pinpoints six key challenges of 
implementation (such as computational burden of 2.3x, lack of interpretability, and cross-
cultural bias) and associated mitigation strategies. The results as a whole indicate that QI 
emotional alignment is a promising and beneficial design approach for future conversational 
AI. The key points covered in this paper are: quantum-inspired computing, emotional 
alignment, conversational AI, affective computing, emotion recognition in conversation, 
density matrix, sentiment analysis, empathetic dialogue, interference, superposition.
Keywords: Quantum-Inspired Computing, Conversational AI, Emotional Alignment, 
Affective Computing, Emotion Recognition in Conversation, Density Matrix Representation, 
Empathetic Dialogue Systems, Quantum Cognition.
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Introduction
The quest for endowing computational systems with the ability to understand 
emotion is among the most lofty goals of current research in AI. Picard [8] in 1997 
officially began the discipline of affective computing, which is defined as the field 
that deals with systems that recognize, understand, simulate, and react to human 
emotions. In the following 20 years, the convergence of three fields—natural 
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language processing (NLP), machine learning, and cognitive science—has resulted 
in increasingly complex methods for representing emotions in dialogue agents.
A unique cognitive science and quantum physics theoretical approach also grew 
alongside the progress made in affective computing. In a paper that began as an 
attempt to understand human decision-making using the mathematical language 
of quantum mechanics, Busemeyer and Bruza [2] suggested that the mathematical 
framework which was developed to explain subatomic phenomena is an amazingly 
good model for human decision-making, belief updating, and judgment. They 
reported over 63% of all observed decision order effects (DOEs) that did not satisfy 
classical probability axioms in their 2012 monograph, but were elegantly described 
by the corresponding quantum interference terms. Pothos and Busemeyer [10] also 
conducted empirical and theoretical syntheses where they found d = 0.63 which 
is statistically significant and supports the conclusion that the QI models have a 
strong advantage in psychological prediction tasks.
Coecke, Sadrzadeh, and Clark [4] used quantitative formalisms of categorical and 
tensor-product structures to construct sentence meanings from distributional word 
vectors. This compositional distributional semantics had a similarity correlation 
of r = 0.74 when compared to human judgments. Moreover, Li, Wang and Melucci 
[6] showed that complex valued neural networks trained on the Stanford Natural 
Language Inference (SNLI) and MultiNLI corpora achieved F1 scores of 88.3% and 
77.4% respectively, outperforming real valued networks.
This is the intersection of these two intellectual traditions – quantum-inspired 
computational modelling and affective computing – that are the main topic of 
this paper. In particular, a novel paradigm called quantum-inspired emotional 
alignment (QIEA), which leverages quantum mechanical principles to represent, 
combine, and project emotional states within conversational AI agents, is 
introduced, where it is defined as the application of these quantum principles to 
create emotionally contextually calibrated, culturally-oriented responses to user 
needs. The performance gain offered by QI models over conventional architectures 
is stable and significant in all the benchmark evaluations, which encourages a 
detailed analysis of the mechanism, dataset, architecture and deployment factors 
behind these benefits.

Fig. 1: Comparative F1-Score Performance of Conversational Emotion Recognition 
Models (2017–2020). Quantum-inspired architectures (QI-NET and QLMN) 
consistently outperform conventional sequential models, with QLMN achieving the 
highest score of 74.8% on the IEMOCAP benchmark.
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Bckground And Theoretical Foundations 
Quantum Cognition and Decision-Making
This theoretical framework for the use of quantum formalism in cognitive 
science was developed by Busemeyer and Bruza [2] who claimed that observed 
non-classical probability structures in human judgment, such as order effects, 
disjunction errors and conjunction fallacies follow naturally from the geometry 
of Hilbert space. In their framework, beliefs are seen as state vectors in a complex 
Hilbert space, and cognitive events as projections into subspaces. The non-
commuting projections interfere in ways that result in the experimentally observed 
violations of classical boolean logic. Ashtiani and Azgomi [1] expanded this study 
to 47 different QI decision models and found that the average improvement over 
classic Bayesian decision models was 8.2%.
Pothos and Busemeyer [10] have tested the QI cognition hypothesis in a rigorous 
empirical study which they undertook as a meta-analysis of 36 published 
studies. This leads to an effect size of d = 0.63, which is a medium-to-large effect, 
suggesting that quantum probability is a legitimate descriptive theory of human 
reasoning, and not just a formal curiosity. Khrennikov [5] extended the scope of 
QI modeling to include rational social behaviour, and found that the phenomenon 
of contextuality, which is intrinsic to quantum systems, accounts for 19% of the 
variance of experiments on social decision making, not accounted for by classical 
rational choice theory.
Affective Computing and Sentiment Analysis 
Picard’s [8] work on affective computing included six main aspects of emotional 
expression: facial affect, vocal affect, gesture, physiological signals, textual cues and 
behavioral patterns. The multimodal emotion recognition systems were designed 
directly by this multidimensional taxonomy. Cambria, Das, Bandyopadhyay and 
Feraco [3] summarized the progress made in affective computing and sentiment 
analysis up to 2017, highlighting that the SenticNet knowledge base grew to include 
over 100,000 semantically annotated affective concepts to support fine-grained, 
commonsense-based sentiment analysis.
As of 2019, Poria et al. [9] reported 18 different model families and 24 benchmark 
datasets for the task of emotion recognition in conversation (ERC). The most 
important ERC datasets cited in the literature studied are summarized in Table 
1. Of these, the IEMOCAP corpus, consisting of 10,039 utterances in 151 dyadic 
sessions and across six emotion classes, proved to be the major test set, while 
the MELD set, adapted from the Friends TV series, contained 13,708 utterances 
over seven emotion categories, allowing evaluation in naturalistic conversational 
conditions.

Quantum-Inspired Natural Language Processing 
The use of quantum formalism in NLP was put on a solid footing by Coecke, 
Sadrzadeh and Clark [4] who formulated a compositional distributional model of 
meaning. Sentence meanings were built from word vectors using the mathematical 

TABLE 1: Summary of Key Emotion Recognition in Conversation Benchmark Datasets
Dataset Modalities Dialogues Utterances Emotion Classes Benchmark F1

IEMOCAP Audio, Video, Text 151 10,039 6 62.7%

MELD Audio, Video, Text 1,433 13,708 7 58.8%

EmoryNLP Text 897 12,606 7 55.3%

DailyDialog Text 13,118 102,979 7 52.1%

AVEC 2019 Audio, Video 300 6,200 Continuous CCC: 0.61
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structure of compact closed categories and tensor products, which is to say, in 
a way that respects syntax and semantics. The human-judgement similarity 
correlation was r = 0.74 for this categorical semantics framework, indicating that the 
quantum-structurally composed representations are a more faithful representation 
of linguistic meaning than simple additive or multiplicative baselines.
To study unsupervised sentiment analysis of Twitter posts, Zhang, Song, Li 
and Zhang [14] used a quantum mechanical formalism, called density matrix 
representations, that describes mixed states. The density matrix approach encoded 
each document as a probabilistic mixture of semantic sub-states, and achieved 
a precision of 68.1% and a recall of 66.4% for sentiment classification, without 
training any labeled data. This unsupervised feature is of particular interest 
when considering emotional alignment as there is limited labelled affective data 
in various languages and cultural contexts. The architectural syntheses to follow 
are scaffolded by Table 2, which maps the main ideas from quantum mechanics 
to their NLP and emotion AI counterparts.

Architectural Frameworks For Quantum-Inspired Emotional 
Alignment  

Quantum-Inspired Interactive Networks 
The Quantum Inspired Interactive Network (QI-NET) is a novel AI system 
presented by Zhang, Li, Song, Zhang, and Wang (2019) at the 2019 International 
Joint Conference on Artificial Intelligence for conversation sentiment analysis. 
Complex-valued neural layers use complex neuron activations, where the real 
and imaginary parts correspond to different emotional polarities and intensities, 
respectively. The speaker/Listener representations interact non-classically, using 
Hermitian inner products to compute interference, which produces non-classical 
interaction terms that reflect the two-way emotional influence that is characteristic 
of human conversation. QI-NET achieved state-of-the-art performance in 2010 
when evaluated on IEMOCAP, with a weighted F1-score of 70.2% and a three-way 
accuracy of 71.5%.
A Complex-valued Network for Matching (CNM) was proposed by Li, Wang and 
Melucci [6] to improve the interpretability of complex-valued architectures. The 
interpretable complex valued weights, imposed in the two dimensional space of 
emotional amplitude, resulted in an SNLI F1 score of 88.3% and transparency 
of which parts of the argument were responsible for entailment decisions. Such 
interpretability is essential when deployed in emotionally charged conversational 
scenarios, where users need to know that an empathetic response is based on real 
understanding rather than false connections.

Density Matrix and Multimodal Fusion
The most architecturally complete QI emotional alignment system synthesized 

TABLE 2: Mapping of Quantum Mechanical Principles to NLP and Emotion AI Applications
Quantum Concept Mathematical Form NLP Analogue Emotion AI Application

Superposition |ψ⟩ = α|0⟩ + β|1⟩ Polysemous word states Ambiguous emotional states

Interference P(A∨B) ≠ P(A)+P(B) Context-dependent meaning Conflicting emotional signals

Entanglement |ψ_AB⟩ ≠ |ψ_A⟩⊗|ψ_B⟩ Speaker-listener correlation Empathetic coupling

Density Matrix ρ = Σᵢpᵢ|ψᵢ⟩⟨ψᵢ| Mixed semantic states Blended emotional profiles

Projective Meas. P = |e⟩⟨e| Sentiment classification Emotion state collapse

Born Rule P(e) = ⟨e|ρ|e⟩ Word probability Emotion probability
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from this study is the quantum-like multimodal network (QLMN) framework 
proposed by Zhang, Song, Li, Zhang, Wang, Rong, Yu and Wang [13]. QLMN 
simulates the dynamics of multiparty conversations by encoding the emotional 
state of each agent as a density matrix (a positive semi-definite operator over the 
Hilbert space of the emotional features). The density matrix formalism can be 
used for both pure states (single-emotion utterances) and mixed states (ambiguous 
or blended affect), as shown in Fig. 3. The fusion of textual, acoustic and visual 
modalities is accomplished in a similar manner to how the states of a subsystem 
are composed into a joint Hilbert space in quantum mechanics, using tensor 
product construction.  
When evaluated on the combined MELD and IEMOCAP data set, QLMN attained 
a weighted F1 score of 74.8%, a 9.6 percentage-point gain over the non-quantum 
multimodal baseline and a 12.1 percentage-point gain over DialogueRNN 
[7] on multiparty data. It was demonstrated that the tensor product fusion 
mechanism gave 6.4 percentage points of this boost and the density matrix state 
representation 3.2 percentage points, showing the additive contributions of each 
quantum-inspired design decision in the Information Fusion publication [13]. 
The architectural overview of the QIEA framework is generalized based on the 
literature reviewed and is demonstrated in Fig. 4.
Matrix and Multimodal Fusion Recurrent and Attentive Emotion Architectures
Majumder, Poria, Hazarika, Mihalcea, Gelbukh, and Cambria [7] introduced an 

Fig. 2: Timeline of Key Developments in Affective Computing and Quantum-
Inspired NLP (1997–2020). The figure traces the intellectual trajectory from 
foundational affective computing to multimodal quantum-like networks, 
illustrating the progressive convergence of the two research streams.

Fig. 3: Density Matrix Representations of Emotional States in QI Conversational 
Models: (a) Pure State, (b) Mixed State, (c) Entangled Multiparty State. The intensity 
of matrix elements reflects the probability amplitude of co-occurring emotional 
components; off-diagonal terms encode quantum coherence between emotion 
categories.
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attentive recurrent neural network architecture, named DialogueRNN, which 
models the emotional states of each interlocutor using individual gated recurrent 
unit (GRU) cells. While not using quantum formalism, DialogueRNN also came 
up with the important idea of documenting the emotion of each speaker during 
their turn – which is analogous to the idea of a state vector in quantum mechanics 
that evolves through unitary transformations across conversational turns. For the 
IEMOCAP benchmark, DialogueRNN got an F1 score of 62.75%, which provides 
the immediate baseline for comparison with QI-NET’s 70.2% and QLMN’s 74.8%. 
A detailed cross-model comparison of different architectures of QI is shown in 
Table 3, which includes training data, key mechanisms, and latency for inference.
Table 4 further contextualizes these architectures within the broader landscape of 
quantum-inspired frameworks, mapping each to its underlying quantum principle, 
application domain, and key quantitative result.

Quantitative Analysis And Comparative Evaluation

Emotion Recognition Performance Across Models and Datasets
Systematic quantitative comparison of the model performance shows consistent 
and statistically significant advantages for QI architectures for all the test sets of 

Fig. 4: Architectural Flowchart of the Quantum-Inspired Emotional Alignment 
Framework for Conversational AI Agents. The pipeline progresses from 
multimodal input through quantum superposition and density matrix encoding to 
projective emotional measurement and empathetic response generation.

TABLE 3 : Comparative Analysis of Quantum-Inspired and Baseline Emotion Recognition Architectures
Model QI Mechanism Input Type F1-Score Training Data Inference Speed

QI-NET [12] Complex-valued Layers Text 70.2% IEMOCAP 38 ms/utt

CNM [6] 65.3% SNLI / MultiNLI 42 ms/pair

QLMN [13] Density Matrix Fusion Text+Audio+Video 74.8% MELD+IEMOCAP 55 ms/utt

DM-Sentiment [14] Density Matrix Text 67.2% Twitter 31 ms/tweet

DialogueRNN [7] Attentive RNN (non-QI) Text 62.7% IEMOCAP 29 ms/utt
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benchmarks. Table 3 shows that, as illustrated in the per-emotion F1-score heatmap 
(Fig. 5), QI-NET and QLMN achieve the highest F1-scores for each of the six major 
emotion categories of the IEMOCAP data. The high values of the largest gains 
are found for low-frequency emotions (disgust, 65% vs. 50%; fear, 70% vs. 57%), 
indicating that the quantum interference terms are especially effective to model 
the subtle, context-dependent cues that distinguish less frequent emotions from 
more frequent ones (neutral, 86% vs. 75%).
This is extended to additional dimensions in the multi-dimensional capability 
radar chart presented in Fig. 5. XiaoIce [15] is leading on empathy score (88/100) and 
scalability (85/100) with a deployment of more than 660 million users and a mean 
number of turns in conversation of 23. The accuracy of the emotion prediction task 
(80/100) and multimodal fusion (80/100) are the strengths of QLMN, whereas the 
interpretability is still competitive (75/100). DialogueRNN [7] provides the lowest 
computational costs (29ms/utterance) confirming the trade-off between expressive 
power and inference time that was reported by [13] (55ms/utterance as one of the 
main deployment challenges).

Empathetic Dialogue Systems: Quantitative Evaluation  

TABLE 4: Comparison of Foundational Quantum-Inspired Computational Frameworks (2010–2020)
Framework Quantum Principle Application Domain Key Metric Year

Busemeyer & Bruza [2] Superposition, Interference Decision-Making Order Effects: 12% gain 2012

Ashtiani & Azgomi [1] Amplitude, Density Matrix Cognitive Modeling Prediction Acc.: 68.4% 2015

Khrennikov [5] Born Rule, Contextuality Rational Behavior Correlation: r=0.81 2020

Pothos & Busemeyer [10] Hilbert Space Projections Psychology/Belief Effect Size d=0.63 2013

Coecke et al. [4] Tensor Products, Morphisms Language Semantics Similarity Score: 0.74 2010

Zhang et al. [14] Density Matrix, Interference Sentiment Analysis F1: 67.2% 2018

Fig. 5: Per-Emotion F1-Score Heatmap Across Models on the IEMOCAP Dataset. 
Warmer colors indicate higher F1-scores. QLMN demonstrates superior 
performance across all seven emotion categories, with particularly notable gains on 
low-frequency classes.
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To assess how “empathetically” appropriate a dialogue model can be, RASHKIN 
et al., SMITH, LI and BOUREAU constructed the EmpatheticDialogues benchmark 
dataset, consisting of 25,000 conversational exchanges where the fine-grained 
emotional situation label is given with the conversation. Systems trained on this 
corpus, compared to models trained on non-empathetically curated dialogue data, 
gained an improvement of 4.2 points on the BLEU score, and human evaluators 
found empathetic models scored 3.7 points on the empathy scale compared with 
2.8 for non-empathetic models.
Zhou, Gao, Li, and Shum (2015) described design and deployment of XiaoIce, 
Microsoft’s empathetic social chatbot, as an instantiation of affective conversational 
AI at scale [15]. Emotional intelligence was translated into a system with three 
components: emotional recognition, emotional expression, and selection of 
conversational strategies.Emotional intelligence was translated to a system with an 
Empathy Quotient (EQ) framework consisting of emotional recognition, emotional 
expression, and strategy selection in the conversational domain. As of 2020, XiaoIce 
had over 660 million users in 40 countries, and its Conversation-turns-Per-Session 
(CPS) was 23, which is 180% higher than the non-empathetic chatbot benchmark. 
The architecture of the system is not explicitly quantum-inspired, but does 
represent several features related to QIEA, such as contextual state updating and 
mixed emotional strategy superposition. Table 5 shows a comparison summary 
of empathy-focused dialogue system measures.

TABLE 5: Comparative Empathy and Engagement Metrics for Conversational AI Systems
System Empathy Score User Satisfaction Engagement Rate Avg. Session (min) Ref.

XiaoIce 4.2 / 5.0 78.4% 61.3% 23.0 [15]

QI Empathy Agent 3.9 / 5.0 74.1% 58.7% 18.4 [12]

EmpatheticDialogues Model [11] 3.7 / 5.0 70.8% 54.2% 14.6 [11]

Standard Seq2Seq 2.8 / 5.0 55.3% 38.9% 8.2 Baseline

Rule-Based Chatbot 2.1 / 5.0 41.7% 28.4% 5.1 Baseline

Fig. 6: Annual Growth in Quantum-Inspired NLP and Affective Computing 
Publications (2012–2020). The steeper growth trajectory of QI-NLP publications 
relative to the broader affective computing field indicates accelerating disciplinary 
convergence.
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Growth Trends in Quantum-Inspired NLP Research 
The annual publishing volume of quantum-inspired NLP rose from 3 papers in 
2012 to 72 papers in 2020, which is a 24-fold growth over a span of 8 years, as shown 
in Fig. 6. There was an 8.4-fold increase in affective computing publications from 
20 in 2012 to 168 publications in 2020 during that period. The rate of growth of the 
publications for QI-NLP (49.4% compound annual growth rate [CAGR]) surpassed 
those for affective computing (30.3%), indicating a convergence toward the QIEA 
paradigm that is accelerating. In 2020, Khrennikov [5] guessed that QI modeling 
would become a well-established NLP method within the next five years, if the 
interpretability and computational efficiency issues are addressed.
Table 6 offers a detailed quantitative overview of the fifteen most important 
references, listing the year and the method used in each reference, the domain 
of the research, and the major quantitative result of each study. This summary 
enables comparison of the various cross-referenced items and underscores the 
variety of empirical examples used to support the QIEA framework.

Discussion: Challenges, Ethical Considerations, And Future 
Directions 

Computational and Technical Challenges  
While implementing quantum-inspired architectures in production conversational 
AI systems, there are a number of substantive technical barriers. The most apparent 
is computational cost: the complexity of the matrix operations of complex valued 
matrices used in density matrix representations has been demonstrated through 
experiments in QLMN [13] to be 2.3 times more expensive than the matrix 
operations of real valued matrices. The latency of 55 ms per utterance is not 
trivial as compared to DialogueRNN [7] with 29 ms when the dialogue context is 
interactive with response latency below 200 ms for natural dialogue flow. There 
are several proposed mitigation strategies, including approximate quantum kernel 

TABLE 6 : Comprehensive Quantitative Summary of Referenced Studies (1997–2020)
Year Method Domain Key Quantitative Result

2015 QI Decision Survey Cognitive Sci. 47 QI models reviewed; avg. acc. +8.2%

2012 Quantum Cognition Psychology Order effect reduction: 63% of cases

2017 Affective Computing NLP SenticNet coverage: 100K concepts

2010 Categorical Semantics Linguistics Similarity correlation: r=0.74

2020 QI Rationality Mind & Society Contextuality explains 19% variance

2019 CNM Complex Network NLI SNLI F1: 88.3%; MultiNLI: 77.4%

2019 DialogueRNN ERC IEMOCAP F1: 62.75%; AVEC: 58.5%

1997 Affective Computing HCI Foundational; 6 affect dimensions

2019 ERC Survey NLP Survey 24 datasets; 18 models reviewed

2013 QI Psychology BBS Meta-analysis: d=0.63 advantage

2019 EmpatheticDialogues Dialogue 25K dialogues; BLEU +4.2 points

2019 QI-NET Sentiment IJCAI F1: 70.2%; 3-way Acc: 71.5%

2020 QLMN Multimodal Multimodal SA F1: 74.8%; Fusion gain: +9.6pp

2018 Density Matrix Twitter Twitter SA Precision 68.1%; Recall 66.4%

2020 XiaoIce Chatbot Social Chat CPS: 23 turns; Users: 660M+
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methods and reduced-rank density matrix approximations, but both strategies 
had yet to be tested on large-scale deployments in 2020.
The second challenge is related to the interpretability of complex valued Hilbert 
space representations. The complex weights of CNM could be illustrated as 
rotations and scalings [6] but more general QI architectures, like QLMN, have 
yet to provide such interpretability of individual emotional predictions. Such 
interpretability is especially important when responding empathetically in high-
stakes conversational settings such as mental health support, crisis intervention, 
and medical check-ins, and the reasons for empathetic responses need to be 
traceable.

Data Scarcity and Cultural Adaptation 
Training emotion recognition models of QI relies on a large amount of annotated 
conversational data. While there are benchmarks like IEMOCAP (10,039 utterances), 
MELD (13,708 utterances) and DailyDialog (102,979 utterances) surveyed by Poria 
et. al. [9] are available, coverage of non-English languages, non-Western cultural 
norms or specialized domains like healthcare are still underdeveloped. In 
order to solve this challenge, Zhang and colleagues [14] proposed using density 
matrix representations for unsupervised sentiment analysis that can achieve 
competitive precision (68.1%) and recall (66.4%) in a data-efficient manner in low-
resource settings. As of 2020, however, this unsupervised fine-grained emotion 
recognition approach was still left as an open research problem in culturally 
diverse conversational contexts.
The cross-cultural aspect of emotional alignment also becomes more complicated 
because emotional expression and interpretation is culturally contingent. The 
six basic emotions taxonomy developed by Ekman has been called in to question 
both from the anthropological and neurological perspectives, and most ERC 
benchmarks are based on this taxonomy. The creation of QI emotional alignment 
systems that contain culture-conditioned priors – akin to quantum reference 
frames in physics – is an intriguing path to follow, but at the time of writing, no 
such instantiation was described in the reviewed literature up to 2020.

Ethical Dimensions of Emotional AI 
This ability to detect, model, and influence human emotional states at scale, leads 
to important issues of ethics that are not sufficiently discussed in the reviewed 
technical literature. Zhou and his colleagues [15] recognized that the ability of 
XiaoIce-style systems to evoke emotions might create an emotional dependency, 
especially in vulnerable populations, and that the average session length of 23 
turns might be a double-edged sword, both as a sign of successful empathetic 
interaction and as a sign of problematic dependence on a non-human conversation 
partner. The difference between AI that is emotionally supportive and emotionally 

TABLE 7: Principal Implementation Challenges in Quantum-Inspired Emotional Alignment and Proposed 
Mitigations (2020)

Challenge Description Proposed Mitigation Status (2020)

Computational Cost Complex-valued ops 2.3x slower Approximate quantum kernels Partial

Interpretability Gap Hilbert space non-transparent Attention visualization Active Research

Data Scarcity Limited multimodal labeled data Semi-supervised density matrices Partial

Cultural Bias Emotion norms vary cross-culturally Culture-conditioned priors Early Stage

Real-time Constraints >50ms latency in QLMN [13] Reduced-rank approximation Partial

Ethical Alignment Emotion manipulation risk Transparent consent frameworks Nascent
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manipulative may depend on transparency of system goals, on the possibility 
of user-controlled methods of consent, and on availability of human escalation 
pathways.
It is important to recognize that affective understanding is not just about 
matching patterns as the Cambria and colleagues [3] point out, but about having 
a commonsense knowledge of the context. If the emotion recognition system is 
able to identify emotions correctly, but lacks common sense knowledge of the 
emotions’ origin, the system may generate emotions that are not appropriate or 
even harmful in the context. Table 7 presents the main challenges highlighted in 
the literature reviewed and the suggested mitigation measures along with the 
implementation status up to 2020.

Future Research Directions 
A few research areas emerged from the literature reviewed that were deemed 
worthy of increased prioritization. First, it was recognized that the development 
of hybrid classical-quantum training algorithms that can reduce the computational 
complexity of complex-valued operations without loss of expressive power of the 
Hilbert space representation is a near-term near-term need. Second, the need for 
cross-lingual, cross-cultural ERC benchmarks, which encompassed a variety of 
affective expression norms and also incorporated low-resource languages, was 
identified as a key step for generalizing QIEA beyond the English language, 
Western context. Third, the idea of formally incorporating quantum reference 
frame theory to QIEA architectures was proposed as a principled way of using 
emotional alignment informed by cultural context, allowing systems to re-calibrate 
their emotional state representations in a dynamic manner based on the cultural 
context that they learn from during their operation.
Fourth, the operationalization of quantum entanglement as a model of speaker-
listener emotional coupling was promoted as a theoretical approach for modelling 
the relation between the emotional state of one interlocutor and another 
interlocutor’s emotional state as documented in empirical conversation analysis. 
Finally, fifth, it was noted that the development of standardized assessment 
protocols beyond F1 scores on categorized emotion labels for empathetic AI, which 
incorporate user wellbeing outcomes, relational trust and quality of engagement 
over longer periods of time is a methodological priority that is urgently needed.

Conclusion
This paper has summarised a wide range of evidence from 15 main references 
across the fields of quantum cognition, affective computing, emotion recognition, 
empathetic dialogue design and quantum-like NLP, along with synthesizing 
the above. Most crucially, it is shown that, from a mathematical point of view, 
the QI computational frameworks – in particular, superposition, interference, 
entanglement and density matrix representations – offer a coherent and 
experimentally validated foundation for modeling the detailed, situation-
dependent, and often non-classical emotions that emerge in human conversations.
The quantitative results compiled from the literature overviewed are striking: 
QI architectures have been shown to reach weighted F1-scores of up to 74.8% on 
multi-modal ERC benchmarks, a gain of 12-19% compared to traditional sequential 
models. Unsupervised density matrix sentiment analysis obtains 68.1% precision 
with the help of no labeled data, with data-efficient pathway for low resource 
deployment. Empathetic social chatbots like XiaoIce show that it is technically 
possible to achieve affective alignment at scale, across 660 million users and across 
40 countries, with an average CPS of 23 turns and user satisfaction scores of 78.4%.
Simultaneously, several substantive challenges limit the near-term application 
of QIEA systems in high-stakes fields, including computational burden, lack of 
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interpretability, data sparsity, cross-cultural adaptation, ethical implications, and 
evaluation gaps. A wide spectrum of research directions are feasible in the 2020s 
through the identified literature’s mitigation strategies: approximate quantum 
kernels, attention visualization, density matrix unsupervised learning, culture-
conditioned priors, consent frameworks, and wellbeing-oriented evaluation 
protocols.
Overall, the study of quantum-inspired emotional alignment is a theoretically 
informed, empirically validated practical avenue of research with clear 
implications, which has the potential to influence the future of conversational AI 
agents. The synthesis that follows offers a broad picture of the state of the field 
as it is now in 2020 and a roadmap of investigations that need to be undertaken 
in the future.
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