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Abstract

A taxonomy is a hierarchical graph of knowledge that pro-
vides valuable insights for various web applications. How-
ever, the manual construction of taxonomies requires sig-
nificant human effort. As web content continues to expand
at an unprecedented pace, existing taxonomies risk becom-
ing outdated, struggling to incorporate new and emerging in-
formation effectively. As a consequence, there is a growing
need for dynamic taxonomy expansion to keep them rele-
vant and up-to-date. Existing taxonomy expansion methods
often rely on classical word embeddings to represent enti-
ties. However, these embeddings fall short of capturing hi-
erarchical polysemy, where an entity’s meaning can vary
based on its position in the hierarchy and its surrounding
context. To address this challenge, we introduce QuanTaxo,
a quantum-inspired framework for taxonomy expansion that
encodes entities in a Hilbert space and models interference
effects between them, yielding richer, context-sensitive rep-
resentations. Comprehensive experiments on five real-world
benchmark datasets show that QuanTaxo significantly out-
performs classical embedding models, achieving substantial
improvements of 12.3% in accuracy, 11.2% in Mean Recipro-
cal Rank (MRR), and 6.9% in Wu & Palmer (Wu&P) metrics
across nine classical embedding-based baselines.

Code: https://github.com/sahilmishra0012/QuanTaxo

1 Introduction

Taxonomy is a hierarchically structured knowledge graph
designed to portray the hypernymy (“is-a”) relationship be-
tween concepts, showing how broad categories subsume
more specific ones. Therefore, it serves as core infrastruc-
ture for many online applications by efficiently indexing and
organizing knowledge. For example, Amazon (Mao et al.
2020) and Alibaba (Karamanolakis, Ma, and Dong 2020)
use taxonomies to power e-commerce search and browsing,
while Pinterest leverages them for content recommendation
and advertisement targeting (Gongalves et al. 2019; Man-
zoor et al. 2020).

Traditional taxonomies are typically constructed from
scratch by domain experts, making the process slow and
labor-intensive. Early automation efforts used unsupervised
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Figure 1: An illustration of taxonomy expansion using
QuanTaxo on the Environment seed taxonomy, where the
query terms Soil Pollution and Used Oil are to be inserted.

methods such as graph pruning (Velardi, Faralli, and Nav-
igli 2013), hierarchical clustering (Zhang et al. 2018a), and
topic modeling (Liu et al. 2012; Wang et al. 2013) to induce
taxonomies from raw data, but they often fail to match the
structure and coherence of expert-designed taxonomies. As
data continuously evolves, there is a growing need to incor-
porate new concepts into existing taxonomies. To address
this, we focus on taxonomy expansion —- the task of inte-
grating new concepts, or query nodes, into an existing seed
taxonomy by placing them under suitable anchor nodes. For
example, as shown in Fig. 1, Soil Pollution can be accurately
placed under Pollution to maintain structural consistency.
Early work on taxonomy expansion used self-supervision,
relying on lexical patterns or distributional embeddings to
learn parent-child relationships from a small seed taxonomy
(Jurgens and Pilehvar 2015; Snow, Jurafsky, and Ng 2004).
However, these methods struggled with limited data and un-
derused structural information. More recent approaches im-
prove this by using paths (Liu et al. 2021; Jiang et al. 2022)
or local graphs (Wang et al. 2021; Berant et al. 2015) to bet-
ter model hierarchy. Others leverage hyperbolic geometry
(Ganea, Becigneul, and Hofmann 2018; Nickel and Kiela
2017) or box embeddings (Abboud et al. 2020; Jiang et al.
2023) for more expressive hierarchical representations.
Most existing methods represent taxonomy entities us-
ing classical word embeddings and infer parent—child rela-
tions by measuring similarity between their vectors. How-



ever, such embeddings struggle to capture nuanced, com-
positional meaning. For instance, “fish” and “drown” may
appear similar because they co-occur in sentences like “Fish
can swim in water where others would drown.” Yet, these
embeddings fail to capture the negative connotation - “Fish
cannot drown.” These limitations call for more expressive
representations that model hierarchical and contextual sub-
tleties. This motivates quantum-inspired embeddings, which
use principles such as superposition and entanglement to
better encode such complex semantics.

To show the importance of quantum embeddings, we
model the parent-child hierarchy in the taxonomy by treat-
ing individual entities as having limited standalone signif-
icance, while their superposition reveals the degree of re-
latedness between them. Specifically, as illustrated in Fig.
1, we draw inspiration from Fraunhofer’s double-slit ex-
periment in Quantum Physics (Born and Wolf 2013). In
this analogy, the two slits represent the parent-child rela-
tionship between taxonomy entities. When only one of the
slits is opened, the wave corresponding to the individual
word passes through, registering on the detection screen as
a neutral entity, as seen in cases like “Soil Pollution” and
“Used Oil.” However, when both slits are opened, the su-
perposition of the waves from both words reveals the nature
of their relationship, which is positive between ‘“Pollution”
and “Soil Pollution”, but negative between “Pollution” and
“Used Oil.”

We introduce QuanTaxo, the Quantum Taxonomy Ex-
pansion Framework that leverages the superposition prin-
ciple from quantum physics to represent hierarchical poly-
semy in a taxonomy. Our key contributions are as follows:

We first construct training data using a self-supervised
framework based on the seed taxonomy. Each (parent, child)
pair from the taxonomy serves as a positive example, while
negative samples are created by pairing the child with non-
ancestral nodes. As illustrated in Fig. 1, (Environment,
Waste) and (Pollution, Radioactive Pollution) are posi-
tive samples, whereas (Pollution, Chemical Waste) and
(Chemical Waste, Radioactive Pollution) are negatives.

Secondly, we propose a quantum modeling framework
to represent (parent, child) pairs in a complex probabilis-
tic Hilbert space. Inspired by Fraunhofer’s double-slit ex-
periment, we adopt an entanglement-based approach to su-
perimpose parent and child embeddings, yielding quan-
tum entity representations via density matrices. The frame-
work is based on two core hypotheses: (i) a word is a lin-
ear combination of latent concepts with complex weights,
and (ii) multiple words form a complex superposition of
their states. Accordingly, we introduce two variants: (i)
Quant—-Sup, which models entities as linear combinations
of latent concepts, and (ii)) Quant-Mix, which models
them as weighted mixtures of word states.

Thirdly, we propose a joint representation framework to
quantify the relatedness between parent and child entities
in the taxonomy. This involves superimposing their quan-
tum representations to form a composite representation that
captures their degree of “entanglement” or interconnected-
ness. From this, we extract specialized “entangled features”
reflecting relational coherence. We assess relatedness using
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mathematical properties such as the trace and diagonal el-
ements of the joint matrix—the trace captures cumulative
shared attributes, while the diagonal highlights individual
contributions and structural alignment within the hierarchy.
Ablation studies comparing complex and real embeddings
reveal why the complex space is essential, and comprehen-
sive experiments on five benchmarks against nine strong
baselines show that QuanTaxo lifts performance by an av-
erage of 12.3% in accuracy, 11.2% in MRR, and 6.9% in
Wu&P metrics, confirming its effectiveness for taxonomy
expansion.

2 Preliminaries
2.1 Hilbert Space

In quantum probability theory (Nielsen and Chuang 2010;
Von Neumann 2018), quantum systems are modeled within
a Hilbert space H", a complex vector space where states are
represented as vectors (or density operators), and probabili-
ties are computed from their inner products.

We follow the Dirac notation commonly used in quantum
theory, where a state vector 1/7 € C" is denoted as a ket |1)),
and its transpose as a bra (1|. The inner and outer products
of unit vectors « and ¢ are written as (u|v) and |u) (v], re-
spectively. A vector |¢) can be expressed as a superposition
of basis vectors,

W) = a;e |e;), (1)
i=1

where aje“f’i is the complex-valued probability amplitude
for the j™ basis vector |e;). Here, a; > 0 are real amplitudes
satisfying the normalization ) a3 = 1,and ¢; € [—m, 7]
are the phase angles. Each amplitude can also be expressed
in Euler form as a; cos ¢; + ia; sin ¢;, and is computed via
the inner product: a;e'®’ = (e;]1)).

Further, the projection measurement is computed as p(e; |
V) = a3 = |(ej | ¥) ? where p (e; | ) represents the
probability of the quantum event |e;), given the quantum
state |¢). The vector |¢)) in Eq. 1 represents a word as
a combination of sememes (Goddard 1994) !, which are
the fundamental, indivisible semantic components of word
meanings in a language. For instance, the word “robot”
can be composed of sememes like “machine”, “automa-
tion”, “technology” and “artificial.” The complex phases
{#;}j—o capture quantum interference between words. For
example, given two words, wy, and w, with complex am-
. (k) i¢(-k) (p) iqﬁ(.p) .
plitudes a; e and a; €™ respectively for the se-
meme e, their combination affects the probability of be-

(k)

a;

o no) MONE
ing in state e; as follows ’ e +a§p )ei?;

(k) 2 (p) 2 (k) (p) (k) (p)
‘aj ‘ +’aj ’ + 2a;" a;” cos <¢j —&; ),Wherethe

term 2a;k)a§-p ) cos (qbgk) — ¢§-p )) represents the interference
between wy, and wy,.

'Sememes are also referred to as latent concepts. Each word is
a combination of n latent concepts.
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Figure 2: An illustration of the QuanTaxo framework.

2.2 Sentence Representation

A sentence is formed as a combination of words, with each
existing in a superposition of underlying sememes. There-
fore, the sentence .S is a non-classical combination of these
sememes. Mathematically, it is represented by an n x n den-
sity matrix p, which is positive semi-definite (p > 0) and
with a unit trace (Tr(p) = 1). The diagonal elements of p
indicate the contribution of individual concepts, while off-
diagonal elements capture their quantum-like correlations
between them.

In quantum probabilistic space, a sentence can be repre-
sented in two ways: superposition and mixture. In the super-
position representation, the sentence exists simultaneously
in multiple potential states as a combination of latent con-
cepts, capturing the inherent uncertainty and overlap of in-
terpretations, akin to a quantum particle that exists in multi-
ple states. The density matrix for the sentence S is,

p=15) (Sl
where sentence S is represented (using Eq. 1) as |S)
Sy e eg).

While in the mixture representation, a sentence is a com-
bination of different word states, where each interpretation
is considered as a distinct possibility, weighted by its cor-
responding probability. Unlike superposition, where states
coexist as latent concepts, the mixture approach assigns a
classical probability distribution over possible word states.
The density matrix is computed as,

p="Y_ Nl (¢il,
i=1
where \; represents the weight of the word ; with
D hi=1.

2.3 Taxonomy Expansion

Definition 1. Taxonomy: A taxonomy T° = (N°,E°) is a
tree-like directed acyclic graph, where each node n € N°

@

3
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represents a concept and each edge (n,,n.) € £° denotes a
"parent-child” relationship between nodes n,, and n..

Definition 2. Taxonomy Expansion: Given a seed taxon-
omy T° = (N° E°) and a set of emerging concepts C, the
task is to update the seed taxonomy to T = (N°UC,E°UR),
where R is the set of newly created relationships linking
existing entities £° with emerging entities C. Since surface
names of entities alone lack true semantics, entity descrip-
tions D are used to augment representations. Moreover, dur-
ing inference, query node q € C identifies its best-suited
parent node n,, € N° by maximizing the matching score

(ny = arg max,eyo f(a,q))

3 The QuanTaxo Framework

This section presents QuanTaxo, an end-to-end neural net-
work implemented in the Hilbert space (c.f Figure 2).

3.1 Complex-valued Entity Representation

We start with computing the complex-valued representation
of the entities. Given a candidate term n,, € A'° and a query
term n, (n, € N° during training or n, € C while infer-
ence), we compute their real-valued vector representations
from their surface names and descriptions and then project
them into complex space.

Real-valued Entity Projection: Taxonomy nodes, defined
by surface names and descriptions D, are encoded into real-
valued vectors using pretrained models like BERT (Ken-
ton and Toutanova 2019), in preparation for projection into
complex space C". Each entity n. € {n,,n,} is format-
ted as d. = [CLS]sur(ne)[SEP]D(n.)[SEP], where
sur(n.) and D(n.) denote the entity’s surface name and
description, respectively, and [CLS], [SEP] are BERT-
specific tokens.

The textual input d. is encoded by BERT as z,
BERT(d,. ), where z. contains the final-layer embeddings of
all tokens. We extract the sentence embedding S = 2,
from the [CLS] token for the Quant—-Sup and token em-
beddings {}/% = 2e,,,,, for the Quant-Mix.
Complex-valued Entity Projection: We project real-valued
embeddings into the Hilbert space H" = C™ using a com-
plex phase projector parameterized by amplitude A, phase
®, and a learnable weight table A. Given a real-valued vector
x, the projection is defined as ComplexProjector(z) =
A(z) © e®@) where A(z) = |z||o computes the ampli-
tude, and ®(z) = fy(z) applies a linear transformation to
generate the phase. To maintain a probabilistic interpreta-
tion, amplitudes are normalized such that Z?:O a; = 1,
Va; € A. The complex word embedding is then |¢;)
ComplexProjector(t;), combining amplitude a and
phase ¢ as per Eq. 1. The weights A = {a;}?, modu-
late semantic importance in the Quant —-Mix network (Sec-
tion 3.2). For the Quant—-Sup network, the complex em-
bedding is |\S) = ComplexProjector(S).

3.2 Quantum Representation

Quantum embeddings of entities are modeled as density ma-
trices (Section 2.2). The Quant—-Sup and Quant-Mix



Dataset |INO |E°| |D|
SemEval-Env 261 261 6
SemEval-Sci 429 452 8
MAG-CS-WIKI 25,170 40,314 6
MAG-PSY-WIKI 10,671 14,080 6
WordNet 20.5 19.5 3

Table 1: Statistics of benchmark datasets. |N°| and || de-
note the number of nodes and edges in the seed taxonomy,
while |D| is the taxonomy depth. For WordNet, values are
averaged across 114 sub-taxonomies.

networks compute superposition and mixture-based rep-
resentations, respectively. In the mixture representation
(Eq. 3), a weighted sum of outer products of complex word
embeddings is computed. To ensure the unit trace condi-
tion Tr(p) = 1, weights are normalized into probabilities:
s ——, where )\; is the probability of the i-th word

j=0 &Jj
;. For éomparison, we also consider a uniform weighting
with \; = 1/n. In contrast, the superposition-based sen-
tence embedding |S) directly produces a normalized density
matrix (Eq. 2), inherently satisfying the trace condition.

P =

3.3 Joint Representation

The query and parent entities are represented as density ma-
trices p, and pj,. Instead of using distance-based scoring or
concatenation, we model their interaction via a joint repre-
sentation defined as My, = pgpp.

We decompose the query and parent density matrices
as pg = Y, Ailvi) (uil and pp, = 37, A;j |vj) (v;], where
Ai, |vi) and Aj, |v;) are the eigenvalues and eigenvectors of
the query and parent respectively. These eigenvectors repre-
sent latent concepts (or sememes), weighted by their cor-
responding eigenvalues. The joint representation is given
by pgpp = D2 NiAj (vi| ) |vi) (v;], where the inner
product (v;|v;) captures the alignment between basis vec-
tors. Since (v;|v;) = Tr(|v;) (v,]), the trace inner prod-
uct becomes Tr(pgpp) = >, ; Aidj(vilvj)?, representing a
cosine-similarity-based measure between latent spaces. This
quantum-inspired similarity, denoted as M,,,, encodes the
coherence between query and parent (Balkir 2014).

3.4 Entangled Features for Scoring

In quantum natural language processing, entity similarity is
often measured using the negative von Neumann (VN) diver-
gence, —Avyn(ppllpg) = Tr(pplog py). However, the ma-
trix logarithm makes it difficult to use in end-to-end learn-
ing. To overcome this, we adopt the trace inner product,
previously used for word and sentence similarity (Blacoe,
Kashefi, and Lapata 2013), and shown to approximate the
negative VN divergence effectively (Sordoni, Bengio, and
Nie 2014; Zhang et al. 2018b). Formally, it is defined as
Twace = Tr(pgpp) = D2, ; Nidj{ri|r;)®. This expression
captures the semantic overlap driving the similarity between
the density matrices of the parent and query entities. To en-
rich their joint representation, we include the diagonal ele-
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ments of the similarity matrix M, , denoted as Zgjag, which
reflect varying importance scores. The final feature vector
is thus defined as Treat = [Zirace; Tdiag]- Leveraging these
entangled features, we learn a scoring function to effec-
tively rank anchor nodes n,, € N° for a query node q. We
define the scoring function as f(-) : RP2 x RPr — R
where () = v (W, fl=1) 4+ b;) Vi > 1, f(O) = F, and
f(np,ng) = fN) = o (f™=1)), where v and o are the
ReLU and sigmoid activations respectively.

3.5 Model Training and Inference

Self-supervised Data Generation. We use the seed tax-
onomy 7° = (N° E°) to construct training data in a
self-supervised manner. For each edge (n,,n.) € £&°,
where n,, is the parent and n. the query term, we cre-
ate a positive sample (n,, n.). To generate negatives, we
fix n. and randomly sample N non-descendant nodes
{nl,}1L, from N°—typically siblings, cousins, or other
relatives of n.. This yields a training instance X

{(np,ne), (n}y,ne), ..., (n)), ne)}. Repeating this for each
edge in T7° forms the self-supervised dataset X =

{Xq, 00, Xgo) )
Model Training. We train the scoring function
f(-) on the dataset X using the binary cross-entropy

£(®) ~ XX SN [yios f (T) +

X1
(1— ') log (1 — £ (Fhw)) } where each sample (Z},,, ")

i

loss

corresponds to a candidate pair (n},n’) in data point Xy,
with 3* = 1 for positives and 3* = 0 for negatives.

Inference. Given a query node ¢ € C, the goal during
inference is to predict its parent node n,, € N° from the
seed taxonomy. For each candidate n,,, we compute a match-
ing score f(n,,n.) and select the parent that maximizes
this score: n,, := arg max, ene f(np,n.). Candidates are
ranked by their scores, and the top-ranked node is chosen
as the predicted parent. This approach can be extended to
return the top-k candidates, if needed.

Computational Complexity Analysis. During the train-
ing phase, the model processes |£°| x (N + 1) training
instances per epoch, resulting in a computational cost that
scales linearly with the number of edges in the seed taxon-
omy 7°. During inference, for each query node n. € N°,
the model computes [N °| matching scores, one for every
node in N°. Although O(|N/°|) computations per query can
be expensive, in practice, this is sped up via batched scoring
and GPU-accelerated matrix multiplications.

4 Experimental Setup

We first outline the experimental setup to evaluate the perfor-
mance of QuanTaxo, covering benchmark datasets, base-
line methods, evaluation metrics and implementation details.

4.1 Benchmark Datasets

We evaluate QuanTaxo on five benchmarks (c.f. Ta-
ble 1) — two SemEval-2016 Task 13 datasets, SemEval-
Env (Env) and SemEval-Sci (Sci) (Bordea, Lefever, and



Dataset SemEval16-Env SemEvall6-Sci MAG-WIKI-CS WordNet MAG-WIKI-PSY

Metric Acc MRR Wu&P| Acc MRR Wu&P| Acc MRR Wu&P| Acc MRR Wu&P| Acc MRR Wu&P
BERT+MLP |[12.6"1 23916 48308 12217 19,714 45111 | 8324 15715 36.213 | 9.212 17.413 43504 | 7814 5511 37106
TAXI 18513 N/A 4774|1384 N/A 33.197]17.31¢ N/A 42.3% |11.5'% N/A 3877 |12.9'* N/A 39.70¢
Arborist 9.939 27.235 43416119150 32,732 47.818 |15.637 34.4%° 46318 12,533 27.7%1 52,012 |15.1>% 28.110 4493
TaxoExpan |10.74! 28.738 48.5!7 [24.254 40.3%3 55.6'° |16.8*! 34.932 47.7'3(17.3%° 31.1>3 57.6'% |15.9%% 30.4'% 51.2"!
TMN 34.630 41.7%% 53.633 |32.6%* 46.1'° 65.31° [24.432 39723 53.116]20.319 35915 54713 119,720 34817 51,903
STEAM 34.134 44321 65.214(34.8%% 50.7%° 72.1'7 [25.9*0 41325 53.704|21.4>8 38214 59813 123,531 36,316 53312
BoxTaxo 32338 45732 73.112(26.3%3 41.13! 61.6'4 [23.5%4 35.7%1 49217122331 35727 5862 |21.13* 34,929 540'3
Musubu 42332 57.1'% 64.4%7 |44.5%3 59.71-6 75212 (28.5%° 37,120 51.997 |25.3*9 36.12° 61.209 |25.74* 35.0>3 57.110
TEMP 45,586 59.163 77.328 |43.578 57.556 76315 |31.814 45321 57.812 24,651 37.5%6 61223 |25.921 38.9'9 59703
Quant-Sup |49.2%1 59,512 79,193 |57.328 7.412 82,14 |35.722 51.8'6 61.4%6 |25.811 41.8°¢ 71.0°3 |27.3'% 43.207 61.0"*
Quant-Mix|46.6>1 57.9'2 76.1%1 [52.417 64.1'1 77.6%6 |33.2'9 47.7"1 59.207 [22.113 39.6"8 69.804 |23.5'5 38.410 59405

Table 2: Performance comparison between QuanTaxo and baseline methods. Results for each method are presented as
mean®'®"9¢V in percentage across three runs with three random seeds. The best performance is marked in bold, while the best
baseline is underlined. As TAXI (Panchenko et al. 2016) outputs the taxonomy as a whole, it cannot produce MRR values.

Buitelaar 2016), WordNet, which contains 114 depth-3 sub-
taxonomies with 10-50 nodes each (Bansal et al. 2014),
and two large-scale taxonomies, MAG-CS-WIKI (CS) and
MAG-PSY-WIKI (PSY), derived from subgraphs of the
Microsoft Academic Graph (MAG) (Sinha et al. 2015). Con-
cept definitions are taken from prior work (Yu et al. 2020;
Jiang et al. 2023; Wang et al. 2021; Liu et al. 2021; Arous,
Dolamic, and Cudré-Mauroux 2023). Following (Yu et al.
2020), we randomly sample 20% of leaf nodes as test nodes
(with valid parents) and use the remaining nodes as the seed
taxonomy for self-supervised training. Since taxonomies
such as CS and PSY allow multiple parents, but Wu&P sim-
ilarity assumes a tree, we derive a spanning tree by dupli-
cating subtrees for multi-parent nodes, ensuring a cycle-free
structure with a unique ancestor path for each node.

4.2 Baseline Methods

We evaluate QuanTaxo against a range of baselines based
on classical embeddings utilizing pretrained language mod-
els, graph neural networks, and a few prompting-based
methods, all of which encode semantic and structural fea-
tures. We use the following baselines: ¢ BERT+MLP
(Kenton and Toutanova 2019) encodes term surface forms
with BERT and feeds the resulting vectors to a multi-
layer perceptron to classify hypernym relationship. @ TAXI
(Panchenko et al. 2016) extracts candidate hypernyms via
lexical patterns and substring heuristics, then prunes them to
produce an acyclic taxonomy without ranking. e Arborist
(Manzoor et al. 2020) models heterogeneous edge seman-
tics and trains with a large-margin ranking loss whose mar-
gin adapts dynamically. ¢ TaxoExpan (Shen et al. 2020)
represents an anchor node by encoding its ego network
with a graph neural network and scores parent—child pairs
through a log-bilinear feed-forward layer. ¢ TMN (Zhang
et al. 2021) fuses auxiliary and primary signals using a neu-
ral tensor network and refines embeddings via a channel-
wise gating mechanism. ¢ STEAM (Yu et al. 2020) en-
sembles graph, contextual, and lexical-syntactic features in
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valued embeddings across ‘Env’, ‘Sci’ and ‘PSY’.

Accuracy Wu & Palmer

'

Env Sci PSY

50

N

5

0

Metric Values (in %)

a multi-view co-training framework to score hypernymy
links. o BoxTaxo (Jiang et al. 2023) learns box embed-
dings and evaluates parent candidates with geometric and
probabilistic losses derived from hyper-rectangle volumes.
e Musubu (Takeoka, Akimoto, and Oyamada 2021) fine-
tunes language-model classifiers on Hearst-pattern phrases
that contain both query and parent terms. ¢ TEMP (Liu et al.
2021) encodes full root—to—parent paths and trains with a
dynamic-margin loss to represent query nodes.

Baselines such as TMN are designed for taxonomy com-
pletion. They insert a query q between a parent—child pair
and therefore score triplets f(p, ¢, q). Our setting is taxon-
omy expansion, where q is attached as a leaf under a parent
and no child c is available. For a fair comparison, we fol-
low (Wang et al. 2022) and adapt these baselines by instan-
tiating ¢ with a dummy placeholder (e.g., a blank/sentinel
token). This converts their triplet scorer to an effective leaf-
attachment scheme while preserving their original scoring
function.

4.3 Evaluation Metrics

Given a query set C, let {g1,%2,...,9jc|} be the pre-
dicted parent nodes and {y1, ¥z, . . ., ¥c| } the corresponding
ground-truth labels. Following prior work (Jiang et al. 2023;
Liu et al. 2021), we evaluate the performance of QuanTaxo
and all baselines using three standard metrics, namely, Ac-
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Figure 4: Performance comparison of direct and weighted
sum in real-valued and complex-valued mixture models
across ‘Env’, ‘Sci’, and ‘WIKI’ benchmarks.

curacy (Acc)= Hit@1 = |c‘ Zlc‘ I(y; = 9;), where I(-)
1s the indicator function, Mean Reciprocal Rank (MRR)=

& Yl ot and Wu & Palmer Similarity (Wu&P)

=1 W
1 |C| 2xDEPTH(LCA(9i,y:))
(Wu and Palmer 1994)= & 330, S2omerin roeerate)

where DEPTH(+) denotes the node’s depth in the taxonomy.

4.4 Implementation Details

We implement QuanTaxo in PyTorch, with baselines, ex-
cluding BERT+MLP, sourced from the respective reposito-
ries of their original authors. All training and inference tasks
are conducted on an 80GB NVIDIA A100 GPU to ensure
high computational efficiency. For the implementation, we
utilize bert-base—uncased as the default pre-trained
model, with the hidden layer size W5 set to 64 and a dropout
rate of 0.1. The maximum padding length for inputs is fixed
at 128, and the optimizer used is AdamW, with a learning
rate of 2 x 10~° for BERT fine-tuning and of 1 x 10~3 for
training the remaining weights. Training is performed using
a batch size of 128 over a maximum of 100 epochs. The sizes
of density matrices are kept the same as the dimensions of
bert-base-uncased,i.e., 768.

S Experimental Results

5.1 Main Results

Table 2 shows that QuanTaxo consistently outperforms
prior state-of-the-art models based on classical embed-
dings and structural summaries across all evaluation met-
rics. Early methods like BERT+MLP rely on surface-level
names and classical embeddings, ignoring structural cues.
First-generation models (e.g., Musubu, TAXI) add lexical
and semantic features but struggle with semantic ambigu-
ity. Second-generation methods (e.g., TaxoExpan, STEAM)
include structural signals yet still use classical embed-
dings, limiting semantic depth. Recent baselines like TEMP
use path-based transformers but remain bound to classi-
cal embeddings. BoxTaxo explores geometric embeddings
but is limited by instability and traditional representations.
QuanTaxo surpasses these baselines by leveraging quan-
tum embeddings to capture semantic entanglements with-
out explicit structural inputs. Its strong performance, even
on larger datasets, highlights the representational power and
robustness of quantum semantics in modeling taxonomic hi-
erarchy and coherence.
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Figure 5: Comparison of parent-child joint representation
and concatenation for scoring on ‘Env’ and ‘Sci’. ‘Sup’ —
superposition module, while ‘Mix’ — mixture module. R —
real embedding while C — complex embedding.

5.2 Ablation Studies

QuanTaxo comprises three key modules: a complex em-
bedding projector, a quantum module, and a joint represen-
tation module. We investigate the effect of different config-
urations on the performance of taxonomy expansion.

Impact of Real and Complex Representations on Quan-
tum Modeling. We assess the effectiveness of complex-
valued embeddings in QuanTaxo by comparing them to
real-valued embeddings that use only amplitude and omit
phase information. As shown in Figure 3, complex embed-
dings consistently outperform real-valued ones across all
metrics. By incorporating both amplitude and phase, they
enable richer, context-aware representations via quantum
interference, leading to improved accuracy, higher MRR
through better parent ranking, and superior Wu & Palmer
similarity by preserving hierarchical structure. These results
highlight the importance of amplitude-phase interactions in
capturing nuanced relational semantics, making complex
embeddings integral to the success of QuanTaxo.

Impact of Direct Sum vs. Weighted Sum in Mixture
Models. We compare direct and weighted summation
in real- and complex-valued mixture models across three
benchmarks (Section 3.2, Figure 4). While both methods
perform similarly in the real space, weighted summation
significantly underperforms in the complex space. This is
due to its disruption of the balance between amplitude and
phase, which are crucial for capturing semantics in complex
embeddings (Monning and Manandhar 2018). Misaligned
phases can cause destructive interference, distorting the rep-
resentation and leading to information loss.

Comparison of Parent-Child Joint Representation and
Concatenation for Scoring. We compare joint represen-
tation against concatenation for parent-child scoring on the
SemEvall16-Env and SemEvall6-Sci benchmarks (Fig. 5).
Across all settings, joint representation consistently out-
performs concatenation. Notably, complex-valued embed-
dings with joint representation yield the best results, ef-
fectively capturing hierarchical and semantic relationships.
While real-valued embeddings also benefit from the joint
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Figure 6: Effect of density matrix dimensionality on model
performance across ‘Env’, ‘Sci’ and ‘CS’.
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Figure 7: Heatmaps of diagonals of joint representation of
positive { “environmental impact”,” environmental policy”
) and negative (”environmental impact”,” environmental re-

search” ) pairs, from SemEvall6-Env.

setup, they remain slightly behind their complex counter-
parts. These findings highlight the superiority of joint repre-
sentation—especially with complex embeddings—over sim-
ple concatenation for modeling relational structure.

Effect of Dimensionality of Density Matrix on Perfor-
mance. We analyze the impact of density matrix dimen-
sionality on model performance (Fig. 6) by projecting BERT
embeddings into varying dimensions and computing their
outer products. Performance generally improves with higher
dimensionality. However, for complex-valued embeddings,
performance stabilizes early—for instance, results at dimen-
sion 64 closely match those at 768. In contrast, real-valued
embeddings continue to benefit from increased dimensions.
These findings underscore the efficiency and robustness of
complex-valued embeddings in capturing hierarchical and
relational semantics, even at lower dimensions.

5.3 Distribution of Density Matrices

We analyze the diagonal features Zg;,, from the joint repre-
sentation to assess parent-child relationship scoring. Using
the SemEvall6-Env dataset and the query term environmen-
tal impact (true parent: environmental policy), we compare
its density matrix with that of the lowest-scoring negative
parent, environmental research. As shown in Figure 7, posi-
tive pairs exhibit higher intensity and more uniform diagonal
values (ranging 0—100), reflecting strong semantic and hier-
archical alignment. In contrast, negative pairs show lower
intensity, irregular patterns, and sparse high values, indicat-
ing weak or absent coherence. These patterns highlight the
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Dataset ‘ Query

Ground Truth

Predicted Parent ‘ Score

dust atmospheric environment 0.809
pollutant
Env non.—pollutlng pollution control environment 0825
vehicle measures
groundwater water water 0.999
tropical zone climatic zone climatic zone 0.999
radiobiology biology science 0.961
Sci enzymology biochemistry genetics 0.978
microbiology biology biology 0.999
nuclear physics | physics physics 1.000

Table 3: Examples of QuanTaxo’s predictions with confi-
dence scores across benchmarks.

effectiveness of the joint representation in capturing and dis-
tinguishing meaningful parent-child relationships.

5.4 Case Study

In this section, we present an error analysis with case studies
to evaluate the effectiveness of the QuanTaxo framework
on SemEval-2016 datasets (Table 3). For each benchmark,
we examine two correct and two incorrect predictions, lead-
ing to two key insights on the strengths of quantum embed-
dings in modeling semantic and hierarchical relationships.
QuanTaxo performs well on clear and well-defined con-
cepts such as groundwater, tropical zone and microbiology,
accurately retrieving appropriate anchor nodes due to the
clarity of their definitions. In contrast, it struggles with am-
biguous or underspecified terms like enzymology, and non-
polluting vehicle, where insufficient definitions hinder pre-
cise semantic grounding. Notably, incorrect predictions gen-
erally yield low matching scores, indicating that quantum
embeddings avoid forming spurious entanglements in un-
certain cases. These lower scores can serve as a heuristic for
identifying potentially unreliable predictions in the absence
of ground truth.

6 Conclusion

We propose QuanTaxo, a taxonomy expansion framework
that uses quantum embeddings to model hierarchical and
semantic structure. It consists of three core components:
a complex embedding projector, a quantum representation
module, and a joint representation module. By projecting
entities into a complex-valued Hilbert space, QuanTaxo
captures rich relationships through superposition and entan-
glement, which are well-suited for modeling hierarchy and
polysemy. The quantum module encodes nuanced seman-
tic overlaps, while the joint module fuses parent and child
density matrices for coherent representation. Experiments
on benchmarks show that QuanTaxo outperforms classi-
cal embedding methods and structure-aware models. Abla-
tion studies highlight the impact of quantum representations
and complex embeddings in enhancing semantic modeling.
Error analysis further reveals QuanTaxo’s robustness in
handling ambiguous entities. Overall, QuanTaxo demon-
strates the promise of quantum-inspired approaches for scal-
able and accurate taxonomy modeling.
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