
Journal of King Saud University Computer and Information Sciences           (2026) 38:66 
https://doi.org/10.1007/s44443-025-00461-0

ORIG INAL PAPER

QLGAN: a quantum-lineage graph attention network for temporal
knowledge graph entity alignment

Jia Li1 · Yuxi Ma2 · Lingzhong Meng2

Received: 28 August 2025 / Accepted: 30 December 2025
© The Author(s) 2026

Abstract
Temporal entity alignment, the task of identifying equivalent entities across evolving knowledge graphs (KGs), is a critical
yet challenging problem. Existing methods often struggle to holistically model the complex interplay between structural
topology and temporal dynamics while also failing to capture long-range dependencies encoded in multi-hop relational
paths. To address these limitations, we propose the Quantum-Lineage Graph Attention Network (QLGAN), a novel
quantum-classical hybrid model for temporal entity alignment. QLGAN uniquely integrates a path encoder directly within
its attention mechanism, which enriches neighbor representations with multi-hop relational semantics before aggregation.
Furthermore, it leverages a Variational Quantum Circuit (VQC) to perform powerful non-linear feature transformations,
enabling a more effective fusion of complex spatiotemporal features. The model’s alignment process is based on a hybrid
similarity framework that combines quantum-inspired metrics with structurally aware temporal propagation, followed by
an optimal transport alignment algorithm. Extensive experiments on benchmark datasets validate the effectiveness of our
approach in learning robust and contextually-rich representations for temporal knowledge graphs.

Keywords Temporal entity alignment · Graph attention network · Variational quantum circuit

1 Introduction

Entity Alignment (EA) (Wang et al. 2018) serves as a
critical bridge for knowledge integration, facilitating the
consolidation of disparateKnowledgeGraphs (KGs) by iden-
tifying entities that represent the same real-world concept.
Traditionally, EA research has focused on static relational
structures, aiming to align entities based on their invari-
ant neighborhood topologies. However, as knowledge-driven
systems are increasingly operationalized in dynamic, real-
world environments, the limitations of static snapshots have
become evident. Real-world facts are inherently transient and
context-dependent; they evolve, expire, and transition over
time, necessitating a paradigm shift from static KGs to Tem-
poral Knowledge Graphs (TKGs).
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In the context of TKGs, the alignment task—Temporal
Entity Alignment (TEA) (Xu et al. 2021)—demands a
sophisticated synthesis of both spatial connectivity and tem-
poral dynamics. Unlike its static counterpart, TEA requires
models to reconcile entities by deciphering their historical
trajectories and evolutionary patterns. While existing meth-
ods, such as TEA-GNN (Xu et al. 2021), TREA (Xu et al.
2022), STEA (Cai et al. 2022), and DualMatch (Liu et al.
2023), havemade significant progress by incorporating time-
aware mechanisms, they still face two core challenges that
limit their efficacy in complex, real-world scenarios.

First, the exploration of temporal information remains
insufficient. Most current models treat timestamps merely
as discrete features or independent time intervals, failing to
fully leverage the rich, underlying patterns within temporal
data, such as continuity, periodicity, and event sequences.
Consequently, these models struggle to capture complex
evolutionary patterns across time steps, especially when an
entity’s local graph structure is disconnected from known
alignment seeds.

Second, existing models struggle to capture complex, long-
range dependencies and multi-hop interactions. Traditional

0123456789().: V,-vol 123

http://crossmark.crossref.org/dialog/?doi=10.1007/s44443-025-00461-0&domain=pdf


   66 Page 2 of 17 Journal of King Saud University Computer and Information Sciences            (2026) 38:66 

graph neural networks (GNNs) primarily rely on local
neighborhood aggregation, which overlooks the rich seman-
tic information embedded in multi-hop relational lineages.
This limitation becomes particularly severe in large, sparse
knowledge graphs where critical contextual clues for disam-
biguation often reside in entities and relations far beyond
the immediate neighborhood. Furthermore, these methods
treat different reasoning lineages as isolated paths, failing to
model their complex interplay. They cannot “entangle” or
fuse information from seemingly disparate lineages, which
may, in fact, provide mutually reinforcing or contradictory
evidence for a potential alignment.

To illustrate these challengesmore concretely,we consider
a classic scenario within temporal entity alignment. Suppose
we have an entity “Dr. Evelyn Reed” in T KG1 and another
entity “E. Reed” in T KG2. Both entities are linked to sim-
ilar static attributes, such as being affiliated with “BioSynth
Labs” and publishing on “Quantum Biology”, suggesting a
potential alignment based on a local, static view. However,
existing methods often fail to adequately leverage tempo-
ral information and long-range dependencies, leading to two
critical limitations.

First, the insufficient exploration of temporal information
can lead to erroneous alignments. For instance, T KG1 might
contain the temporal fact (Dr. Evelyn Reed, published_in,
Nature Physics, 2023), while T KG2 holds a conflicting fact
(E. Reed, left_academia, 2021). A model that treats times-
tamps as mere discrete features would struggle to process
this contradictory temporal sequence, potentially leading to
an incorrect match.

Second, the inability to capture multi-hop interactions
poses a significant challenge, especially in large, sparse
knowledge graphs. The correct match for “Dr. Evelyn Reed”
might be “Evelyn R.” in T KG2, but this link may only be
discoverable through a long-range relational lineage, such as
a shared co-author at MIT during a specific period. Tradi-
tional GNNs, which rely on local neighborhood aggregation,
are likely to miss this critical, distant connection. Further-
more, these methods treat different reasoning lineages as
isolated paths and fail to “entangle” or fuse information from
seemingly disparate paths that may, in fact, provide mutually
reinforcing evidence for a potential alignment.

To address these challenges, we propose a novel quantum-
classical hybrid framework designed specifically for tempo-
ral entity alignment: the Quantum-Lineage Graph Attention
Network (QLGAN). QLGAN fundamentally enhances the
model’s ability to holistically represent spatiotemporal fea-
tures and capture long-range dependencies. To tackle the
insufficient exploration of temporal information, QLGAN
employs a multi-view encoder architecture combined with
a Variational Quantum Circuit (VQC). The VQC leverages

the high-dimensional Hilbert space to perform powerful non-
linear feature transformations, enabling it to learn highly
complex, entangled spatiotemporal features that are often
inaccessible to classical models. To resolve the issue of
long-range dependencies,QLGANuniquely integrates aLin-
eage encoder directly within its attention mechanism. This
design explicitly encodes relational paths between entities
and fuses this path-level semantic information with neigh-
bor features before the attention-based aggregation step. This
“path-aware” aggregation ensures that the model can cap-
ture context beyond the immediate neighborhood, generating
more comprehensive and accurate entity representations.
The alignment is performed through a hybrid similarity
framework that combines quantum-inspired metrics with
structurally-aware temporal propagation, followed by an
optimal transport alignment algorithm. Through these inno-
vations, QLGAN canmore deeply mine the intrinsic patterns
of TKGs, effectively reduce the reliance on pre-aligned data,
and demonstrate superior performance in complex alignment
scenarios.

Our main contributions are as follows:

1. We present QLGAN, a novel quantum-classical hybrid
model that addresses the core challenges of temporal
entity alignment. It cohesively integrates a path encoder
into a quantum-enhanced attention network, explicitly
designed to handle the complexities of evolving knowl-
edge graphs.

2. To tackle the insufficient explorationof temporal infor-
mation, QLGAN employs a multi-view encoder archi-
tecture combined with a Variational Quantum Cir-
cuit (VQC). The VQC leverages the high-dimensional
Hilbert space to perform powerful non-linear feature
transformations, enabling the model to learn complex,
entangled spatiotemporal features that are often inacces-
sible to classical models.

3. To resolve the issue of long-range dependencies, QLGAN
integrates a unique attention mechanism. This design
explicitly encodes relational paths between entities,
fusing this multi-hop semantic information with local
neighbor features before the aggregation step. This “path-
aware” aggregation ensures that the model captures
context beyond the immediate neighborhood, generating
more comprehensive and accurate entity representations.

4. We design a hybrid similarity framework that com-
bines quantum-inspired metrics with structurally-aware
temporal propagation, followed by an optimal transport
alignment algorithm. This framework enables the model
to effectively fuse deep-learned semantics with explicit
structural-temporal information.
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2 Related work

2.1 Entity alignment

Entity Alignment (EA) serves as a cornerstone task in knowl-
edge fusion, aimed at identifying entities that represent the
same real-world object across disparate Knowledge Graphs
(KGs). The field evolved primarily along two axes regard-
ing the nature of the underlying data: static and temporal
alignment.

Static entity alignment The most extensively studied para-
digm assumed that KG facts remained fixed over time.
Early pioneering works, inspired by multilingual word
embeddings, introduced translation-based models such as
MTransE (Chen et al. 2017) and its variant ITransE (Zhu
et al. 2017). These methods embedded entities into a shared
vector space and treated relations as translation vectors.
However, standard translation approaches often struggled to
capture complex graph topologies and geometric consisten-
cies. To mitigate this, RREA (Mao et al. 2020) proposed
relation-specific reflection matrices, while HyperKA (Sun
et al. 2020a) introduced hyperbolic embeddings to better cap-
ture hierarchical structures.

The advent of Graph Neural Networks (GNNs) marked a
significant paradigm shift. GCN-Align (Wang et al. 2018)
pioneered the use of GNNs to aggregate neighborhood
features. This concept was subsequently refined by mod-
els focusing on wider structural contexts, such as AliNet
(Sun et al. 2020b), which aggregated multi-hop neighbors,
and Dual-AMN (Mao et al. 2021), which modeled intra-
and cross-graph interactions. Further efforts focused on
enriching entity representations with complex semantics:
MRAEA (Mao et al. 2020) and MuGNN (Cao et al. 2019)
utilizedmeta-relation semantics andmulti-channel encoders,
respectively, to learn alignment-oriented embeddings from
diverse perspectives. Similarly, KE-GCN (Yu et al. 2021)
combined GCNs with knowledge graph completion objec-
tives to enhance task-specific representations.

Recognizing that structural information alone was often
insufficient, subsequent research enriched representations
with attributes (AttrGNN (Liu et al. 2020), AttrE (Trsedya
et al. 2019)), textual descriptions (HMAN (Yang et al.
2020)), and visual data (EVA (Liu et al. 2021), MSNEA
(Chen et al. 2022)). Finally, addressing scalability, Clus-
terEA (Gao et al. 2022) and the non-neural framework
LightEA (Mao et al. 2022) were developed to handle large-
scale graph matching efficiently. Despite these advance-
ments, the static assumption fundamentally limited these
models when applied to dynamic, real-world KGs where
knowledge evolved.

Temporal entity alignment To address the limitations of
static models, Temporal Entity Alignment (TEA) emerged as
a critical frontier. Directly applying static models to Tempo-
ral Knowledge Graphs (TKGs) typically yielded suboptimal
results, as they failed to account for the evolution of entities
and relations, particularly in the presence of noisy tempo-
ral data (Cai et al. 2022). Consequently, specialized models
were developed to explicitly model the temporal dimension.

Early works such as TEA-GNN (Xu et al. 2021) incor-
porated time-aware attention mechanisms to differentiate
neighbors based on temporal relevance. TREA (Xu et al.
2022) advanced this by combining temporal relational atten-
tion with a sequential regularizer to better model event
sequences. In a different vein, STEA (Cai et al. 2022)
posited that a unified temporal representation existed in
TKGs and proposed a simplified GNN with an efficient
temporal matching mechanism. More recently, researchers
focused on disentangling temporal and structural features.
DualMatch (Liu et al. 2023) introduced a dual-encoder
architecture to separately capture temporal and relational
information, while TSM-GNN (Jia et al. 2024) utilized
relation-entity graphs to approximate embeddings before
refining them with temporal information.

A recent surge in interest concerned Large Language
Model (LLM)-based methods, which leveraged the gen-
erative and reasoning capabilities of pre-trained models.
ChatEA (Jiang et al. 2024a) introduced a KG-code module
to translate KG structures into LLM-understandable formats,
adopting a two-stage strategy of retrieval and multi-step
reasoning. Similarly, MM-ChatAlign (Jiang et al. 2024b)
leveraged the visual reasoning capabilities of multimodal
LLMs to enhance semantic alignment. While these mod-
els highlighted the importance of dedicated temporal and
semantic modeling, effectively fusing complex spatiotempo-
ral features with long-range dependencies remained an open
challenge.

2.2 Quantum graph neural networks

The integration of quantum computing principles with
machine learning gave rise to Quantum Machine Learning
(QML) (Biamonte et al. 2017), a field leveraging phenomena
such as superposition and entanglement to address problems
intractable for classical computation. This approach was par-
ticularly promising for graph data (Beer et al. 2023), where
the combinatorial complexity of connections necessitated
robust modeling, leading to the development of Quantum
Graph Neural Networks (QGNNs) (Innan et al. 2024).

A primary challenge lay in the effective mapping of
quantum principles (OZHIGOV 2022) onto classical or
hybrid architectures. Research largely focused on determin-
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ing which components of a traditional GNN benefited most
from “quantization”. Two dominant strategies emerged:

• Hybrid Quantum-Classical Models (Liu et al. 2025):
Several studies (Ray et al. 2024; Tüysüz et al. 2021)
successfully replaced the terminal layers of GNNs—
typically responsible for classification or prediction—
with Variational Quantum Circuits (VQC). In this para-
digm, the quantum component functioned as a highly
expressive, non-linear transformation layer within a clas-
sical backbone.

• Quantum Data Encoding (Rath and Date 2024): An
alternative approach (Qi et al. 2024) involved encod-
ing the graph structure itself (e.g., the adjacency matrix)
directly into a quantum state. Techniques such as “data
re-uploading” were employed to leverage the high-
dimensional Hilbert space for clearer structural rep-
resentation. Additionally, methods utilizing quantum
walks (Xu et al. 2024) were explored to enhance the
capability of GNNs in capturing long-range dependen-
cies (Pomarico et al. 2021).

Despite these advancements, significant limitations per-
sisted in current QGNN research. Existing methods largely
focused on static graphs or node classification tasks, often
neglecting the complex interplay between static structure and
dynamic temporal evolution. Furthermore, most quantum-
inspired graph models struggled to explicitly capture multi-
hop dependencies in sparse temporal settings. This neces-
sitated the development of a unified framework capable of
integrating quantum expressivitywith temporal lineagemod-
eling.

3 Methodology: Quantum-Lineage Graph
Attention Network (QLGAN)

We propose the Quantum-Lineage Graph Attention Net-
work (QLGAN), an end-to-end framework designed to learn
robust entity representations for Temporal KnowledgeGraph
(TKG) alignment. As illustrated in Fig. 1, QLGAN addresses
the expressivity bottlenecks of standard GNNs by syner-
gizing classical structural encoding with quantum-inspired
feature transformations. The architecture processes entity
features h(l)

i and time-relation embeddings (vt , vr ) through
a multi-stage pipeline comprising three core modules: (1) a
Lineage-Entangled Encoder, (2) a Quantum-EnhancedMap-
ping module, and (3) a Global Gating fusion mechanism.

3.1 Problem formulation

Definition 1 (Temporal Knowledge Graph) A Temporal
Knowledge Graph is defined as G = {E,R, T ,Q}, where
E is the set of entities, R is the set of relations, and T is the
set of timestamps. The core of the TKG is the set of temporal
quadruplesQ ⊆ E×R×E×T . A quadruple (h, r , t, τ ) ∈ Q
represents a relational fact existing between head entity h and
tail entity t via relation r at time τ .

Definition 2 (Temporal Entity Alignment Task (Xu et al.
2021))Given twoheterogeneousTKGs,G1=(E1,R1, T1,Q1)

and G2 = (E2,R2, T2,Q2), the objective is to discover a set
of equivalent entity pairs A = {(ei,1, ei,2) | ei,1 ∈ E1, ei,2 ∈
E2, ei,1 ≡ ei,2} that refer to the same entity in different
sources.

Fig. 1 Overview of the QLGAN Layer. The architecture integrates a
Lineage-Entangled Encoder (left) to capture multi-hop structural his-
tory, a Quantum-EnhancedMappingmodule (center) to project features
into a Hilbert space for non-linear transformation, and a Quantum-

CouplingAttentionmechanism (right) for final aggregation. TheGlobal
Gating Module (bottom) fuses multi-view information for the final
alignment objective
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3.2 Lineage-entangled entity encoding

The Quantum-Enhanced Graph Learning Attentional Net-
work (QLGAN) operates on an entity graph G = (E,R). A
single QLGAN layer aims to compute a superior representa-
tion h(l+1)

i for a central entity ei by aggregating information
from its structural neighborhood N (i). Our design funda-
mentally addresses the limitations of conventional GNNs by
explicitly encoding multi-hop relational semantics directly
into the neighbor features, moving beyond simple single-hop
message passing.

3.2.1 Lineage-entangled feature modulation

Unlikemulti-hopGNNs that typically performmessage pass-
ing over an expanded graph or use paths solely for weighting,
the QLGAN introduces Lineage-Entangled Feature Mod-
ulation. This mechanism treats the path semantics as an
operator that transforms the neighbor’s feature vector, cre-
ating a dependency (or “entanglement”) between the entity
representation and its relational history.

Step 1: Contextual Path Encoding
For a central entity ei and a neighbor e j ∈ N (i), we
first identify all distinct multi-hop lineages (paths)
Pi j = {p1, p2, . . .} connecting them. Each lineage
pk = (r1, . . . , rL) is a sequence of relations. We
utilize a dedicated Path Encoder (e.g., an attentive
Bi-LSTM) to capture the ordered semantic context
of pk , yielding a path embedding spk .
We then consolidate the multiple path embed-
dings into a single cohesive lineage feature vec-
tor flineage(i, j) using a dedicated path attention
mechanism Attnpath, which is conditioned on the

central entity ei ’s current state h
(l)
i :

βk = exp(a�
path · [spk‖h(l)

i ])
∑

pm∈Pi j
exp(a�

path · [spm‖h(l)
i ])

(1)

The aggregated lineage feature is:

flineage(i, j) =
∑

pk∈Pi j

βkspk (2)

Step 2: Entangled Feature Fusion
Crucially, the aggregated lineage feature flineage(i, j)
is then used to modulate the neighbor’s current
feature h(l)

j through a Gated Fusion Unit, rather
than a simple concatenation and projection. This
mechanism enforces the ’entanglement’—the rep-
resentation of e j becomes inherently dependent on
the specific lineage connecting it to ei .

We propose a Bilinear Modulation and Gating mecha-
nism for the Lineage-Entangled Representation h′′

j :

gi j = σ(Wg[h(l)
j ‖flineage(i, j)]) (3)

zi j = h(l)
j � (Wzflineage(i, j)) (4)

h′′
j = gi j � zi j + (1 − gi j ) � h(l)

j (5)

where gi j is a lineage-specific gate vector, σ is the sigmoid
function, � denotes the Hadamard product, andWg,Wz are
trainable projection matrices. The term zi j captures a bilin-
ear interaction between the neighbor’s feature and the path
feature, allowing the lineage to selectively transform h(l)

j .
The gate gi j then determines the extent to which this trans-
formation is applied, resulting in the final lineage-entangled
representation h′′

j .
This design fundamentally differs from prior work: h′′

j is
not merely an updated feature, but a composite vector where
the neighbor’s identity (h(l)

j ) is intrinsically conditioned and
transformed by the relational context (flineage) relative to the
central node ei .

3.2.2 Quantum-inspired feature mapping

The QLGAN employs a two-stage Quantum-Enhanced
Feature Mapping on the input feature h′′

j to significantly
boost feature expressiveness and encode relational context
into a high-dimensional quantum state space.

Stage 1: Relational Reflection
We first apply a Relational Reflection Opera-
tion to incorporate local structural information.
This operation, inspired by geometric embedding
models (Mao et al. 2020) in Knowledge Graphs,
transformsh′′

j by reflecting it across the hyperplane
defined by the embedding of the direct connecting
relation vri j . This ensures that the transformed fea-
ture h′

j is sensitive to the type of relationship ri j
connecting the entities:

h′
j = h′′

j − 2 · (h′′
j · vri j ) · vri j (6)

The result h′
j is a relation-aware vector, ready for

quantum encoding
Stage 2: Variational Quantum Circuit (VQC) Mapping

Second, the transformed feature h′
j is mapped by

a Variational Quantum Circuit (VQC) (Verdon
et al. 2019),which serves as a highly complex, non-
linear feature map �VQC : Rn → R

m . This stage
is critical for introducing quantum advantages:

• High-Dimensional Quantum State Space: The VQC
implicitly projects the classical data into an exponentially
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large Hilbert space (2N for N qubits). This projection
allows for separation of data points that are intractable
in classical Euclidean space, leveraging the concept of a
quantum kernel for enhanced separability.

• Entanglement Encoding: The unitary operations within
U (θ) (particularly the entangling gates) generate com-
plex quantum entanglement between the qubit states.
This entanglement fundamentally encodes rich, non-
local correlations and higher-order feature interactions,
which are difficult tomodel efficientlywith standard clas-
sical neural networks.

• Universal Expressiveness: Under certain conditions,
VQCs can be shown to approximate arbitrary unitary
transformations, offering a degree of universal expres-
siveness potentially surpassing bounded-depth classical
circuits.

The final quantum-enhanced representation hquantumj is
extracted by measuring the expectation values of a set of
Pauli-Z operators ({Zk}mk=1):

hquantumj = �VQC(h′
j )=(〈ψL |Z1|ψL〉, . . . , 〈ψL |Zm |ψL〉)T

(7)

where |ψL〉 = U (θ)|ψ0〉 is the state after evolution through
the trainable circuit U (θ) from the initial encoded state
|ψ0〉 = AngleEmbedding(h′

j ). Here, θ represents the train-
able circuit parameters.

The resulting hquantumj thus carries features enriched not
only by the local relational context but also by complex, high-
order quantum correlations.

3.2.3 Quantum-inspired entanglement-aware attention
mechanism

To effectively fuse the classical representation h(l)
i of

entity ei with the quantum-enhanced features hquantumj
from its neighbors, we design the Quantum-Inspired
Entanglement-Aware Attention Mechanism. This layer
adopts amulti-head attentionmechanism,where the resulting
attention coefficient εi j is reinterpreted as a Quantum-
Correlation Coupling Weight, designed to capture the
propagation of potential non-classical associations (e.g.,
quantum entanglement) across the graph.

The raw attention score ei j between node ei and its neigh-
bor e j is computed by applying an inner product between a
learnable attention vector aatt and the concatenated, linearly
transformed features.

Specifically, we first linearly map the input features from
dimension D to D′ using a shared weight matrix W ∈

R
D′×D . The raw attention score ei j is then calculated as:

ei j = a�
att·LeakyReLU

(
Wh(l)

i ‖Whquantumj

)
for e j ∈ N (i)

(8)

where aatt is a learnable attention vector, N (i) denotes the
set of immediate neighbors of entity ei , and ‖ denotes the
vector concatenation operation. The LeakyReLU activation
is introduced to enhance non-linearity, following standard
Graph Attention Network (GAT) practices.

The raw scores ei j are subsequently normalized to obtain
the final Quantum-Correlation Coupling Weight εi j . We
employ a Sparse Softmax function to ensure the attention
distribution is computed exclusively over the set of neighbors
N (i):

εi j = softmax j (ei j ) = exp(ei j )
∑

k∈N (i) exp(eik)
(9)

This weight εi j quantifies the contribution of neighbor e j ’s
quantum-enhanced information to the new representation of
the target node ei .

The intermediate aggregated feature hQLGANi for node ei
is obtained by accumulating the quantum-enhanced features
hquantumj from all neighbors e j ∈ N (i), weighted by the
normalized coupling coefficients εi j :

hQLGANi =
∑

j∈N (i)

εi jh
quantum
j (10)

To improve the stability and expressive capacity of the
model, we utilize a Multi-Head Attention Mechanism.
Assuming K independent attention heads, each executes the
aggregation process described above, yielding K indepen-
dent aggregated features hQLGAN,k

i . The final layer output

h(l+1)
i is achieved by concatenating the results of all atten-

tion heads, followed by a non-linear activation σ :

h(l+1)
i = σ

(
‖Kk=1h

QLGAN,k
i

)
(11)

where σ is an activation function, such as the Exponential
Linear Unit (ELU). With concatenation, the input dimension
for the subsequent layer will be K · D′.

3.3 Multi-view feature fusion and gating

We integrate entity-centric (Hent), relation-centric (Hrel),
and temporal (Htime) views, each processed by a separate
QLGAN encoder.
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The local neighborhood feature hlocali for entity ei :

hlocali =
[

Hent[i]‖
(
Hrel[i] + Htime[i]

2

)]

(12)

We introduce a learnable global proxy vector vproxy to
derive a global-aware feature hproxy:

hproxy = MLP(hlocali � vproxy) (13)

A Gated Fusion Mechanism adaptively combines the local
and global features:

g = σ(Wgatehproxy + bgate) (14)

hfinal,i = g � hlocali + (1 − g) � hproxy (15)

The vector hfinal,i is the final entity embedding.

3.4 Training objective: margin-based alignment loss

We employ a bidirectional, margin-based contrastive loss (Liu
et al. 2023) over the set of pre-aligned entity pairs Ltrain =
{(ei , e j )}. The distance metric is d(ei , e j ) = ‖hfinal,i −
hfinal, j‖22.

Bidirectional contrastive loss The loss aligns ei from the
source KG (KS) towards KT , and e j from KT towards KS .
γ > 0 is the margin and λ > 0 is the scaling factor.

1. Source-to-Target Alignment:

Li→· = log

⎛

⎝1 +
∑

e′
k∈ET \{e j }

exp
(
λ(d(ei , e j ) − d(ei , e

′
k) + γ )

)
⎞

⎠

(16)

2. Target-to-Source Alignment:

L·→ j = log

⎛

⎝1 +
∑

e′
l∈ES\{ei }

exp
(
λ(d(e j , ei ) − d(e j , e

′
l) + γ )

)
⎞

⎠

(17)

Final objective function The final training objective L is the
average over all training pairs:

L = 1

|Ltrain|
∑

(ei ,e j )∈Ltrain

(Li→· + L·→ j ) (18)

where Ltrain = {(es, et ) | es ∈ ES, et ∈ ET , es ≡ et } denotes
the set of pre-aligned seed anchor pairs.

4 Quantum-enhanced entity alignment

To rigorously validate the representational quality and
expressive power of the learned embeddings, we apply our
model to the critical downstream task of entity alignment
(EA) in Temporal Knowledge Graphs (TKGs). This task
aims to establish verifiable correspondences between entities
across two disparate TKGs,GS (Source) andGT (Target), that
refer to the same real-world object at comparable time points.

A central challenge in TKG-EA is the robust measure-
ment of entity equivalence, whichmust account for both their
structural position and temporal evolution. Our alignment
mechanism is driven by theHybrid Similarity Framework,
a core component of the QLGAN architecture. This frame-
work fundamentally differs from prior KG similarity metrics
by integrating two novel concepts:

1. Quantum-Inspired Metrics: Utilizing a tensor-based,
non-linear metric to capture complex, high-dimensional
relational entanglement.

2. Structurally-Aware Temporal Feature Fusion: A ded-
icated mechanism for dynamically weighing and com-
bining structural proximity and time-series feature align-
ment.

The complete, end-to-end entity alignment procedure,
which utilizes the Hybrid Similarity score for bipartite graph
matching, is formally detailed in Algorithm 1.

Algorithm 1 Quantum-enhanced entity alignment.
1: Input:Source entity embeddingsVS , target embeddingsVT ; Source

initial features FS , target initial features FT ; Source normalized
adjacency ÃS , target normalized adjacency ÃT ; Hyperparameters
w, K , w1, w2, w3.

2: Output: Alignment matrix P.
3: {Step 1: Non-linear Embedding Similarity (Sembed)}
4: Sfid ← QuantumFidelity(VS,VT )

5: Sent ← QuantumEntanglement(VS,VT )

6: Ssup ← QuantumSuperposition(VS,VT )

7: Sembed ← w1Sfid + w2Sent + w3Ssup
8: {Step 2: Structurally-Aware Feature Diffusion (Sstruct)}
9: F(0)

S ← FS , F
(0)
T ← FT

10: for k = 0 to K − 1 do
11: F(k+1)

S ← L2-normalize(ÃSF
(k)
S )

12: F(k+1)
T ← L2-normalize(ÃTF

(k)
T )

13: end for
14: Sstruct ← AverageSim({F(k)

S }Kk=0, {F(k)
T }Kk=0)

15: {Step 3: Similarity Fusion}
16: Sfinal ← (Sembed + w · Sstruct)/(1 + w)

17: {Step 4: Optimal Transport Alignment}
18: S̄final ← mean(Sfinal)
19: S′ ← tanh(Sfinal − S̄final)
20: K ← exp(γS′)
21: P ← Sinkhorn(K)

22: return P
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4.1 Hybrid similarity framework

Our alignment framework estimates the correspondence
between entities by combining two complementary, robust
similarity scores: a non-linear embedding-based similarity
(Sembed) and a structurally-aware feature similarity (Sstruct).
The fusion of these two provides a comprehensive measure
of entity equivalence, integrating both latent semantic infor-
mation and explicit structural context.

4.1.1 Non-linear embedding similarity (Sembed)

This component measures the proximity of entities based on
their learned low-dimensional vector representations vi and
v j . Diverging from standard L1/L2 norms or cosine simi-
larity, we employ a suite of non-linear measures inspired by
concepts from quantum information theory, which introduce
high-order feature interactions to model complex semantic
relationships. All entity vectors are assumed to be L2-
normalized.

1. QuantumFidelity-InspiredMetric (Sfid): Thismetric is
inspired by quantum fidelity, which quantifies the “close-
ness” of two quantum states. By using the squared inner
product, it captures the probabilistic overlap (transition
probability) between the two semantic embeddings:

Sfid(vi , v j ) = |vTi v j |2 (19)

2. Quantum Entanglement-Inspired Metric (Sent): To
model latent, non-local correlations within the feature
space, we introduce a non-linear similarity that incorpo-
rates a feature permutation.

Sent(vi , v j ) = tanh(vTi v j + λ(v′
i )
T v′

j ) (20)

where the permuted representations are defined as
v′
i = vi + Pvi and v′

j = v j − Pv j . P is the circular
shift operator which permutes the elements of a vector
(v[k] → v[k − 1] mod D). λ is a hyperparameter that
controls the influence of the permuted component, and
the tanh function normalizes the score to [−1, 1].

3. Quantum Superposition-Inspired Metric (Ssup): This
metric aims to capture complex interactions by mea-
suring the similarity between two “superposed” states,
which are linear mixtures of the original vectors.

Ssup(vi , v j ) = (αvi + βv j )
T (αv j + βvi ) (21)

where α and β = √
1 − α2 are hyperparameters that

control the mixing ratio of the superposition.
4. Final Embedding Similarity (Sembed): To fully exploit

the complementary strengths of all three non-linear

measures (probabilistic overlap, non-local correlations,
and feature mixing interactions), we propose a robust
Hybrid Metric by combining them through a weighted
average:

Sembed = w1Sfid + w2Sent + w3Ssup (22)

where w1, w2, and w3 are weights that sum to one
(
∑3

k=1 wk = 1). By learning these weights, the model
adaptively determines which quantum-inspired mecha-
nism contributes most to the semantic similarity for a
given task, ensuring all components are leveraged in the
final score.

4.1.2 Structurally-aware feature similarity (Sstruct)

This component incorporates explicit temporal features (Ft )
by enhancing them with structural context from the local
graph topology via a Graph Diffusion process:

F(k+1)
t = L2-normalize(ÃF(k)

t ) (23)

where F(k)
t is the feature matrix at the k-th hop, and Ã =

D−1/2(A + I)D−1/2 is the symmetrically normalized adja-
cency matrix.

Thefinal similarity scoreSstruct is calculated as the average
of the similarities computed at every propagation step (from
k = 0 to K hops) to ensure a robust, multi-scale structural
context:

Sstruct = 1

K + 1

K∑

k=0

S(k) (24)

where S(k) is the cosine similarity matrix computed from the
features F(k)

t .

4.2 Similarity fusion and optimal transport
alignment

4.2.1 Similarity fusion

The two complementary similarity measures are combined
linearly to produce the final, fused similarity matrix Sfinal:

Sfinal = Sembed + w · Sstruct
1 + w

(25)

where w ≥ 0 is a hyperparameter balancing the contribution
of the two components.
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4.2.2 Optimal Transport (OT) alignment

The final alignment matrix P is computed using an ε-
regularized Optimal Transport (OT) framework, solved
via the differentiable Sinkhorn-Knopp algorithm (Knight
2007).

1. Preprocessing: The fused similarity matrix is centered
and scaled to stabilize the optimization process:

S′ = tanh(Sfinal − S̄final) (26)

where S̄final is the mean of all elements in Sfinal.
2. TransportKernel and Iteration:The transport kernel is

formed asK = exp(γS′), where γ is an adaptive scaling
factor. The Sinkhorn algorithm then iteratively normal-
izes K using row and column marginal constraints until
convergence to a doubly stochastic matrix P, which rep-
resents the optimal soft alignment plan.

5 Experiments

5.1 Datasets

Statistics for all datasets are listed in Table 1.
We validate the performance of QLGAN on two distinct

and challenging Temporal Knowledge Graph (TKG) entity
alignment benchmarks. The selection of these datasets (Xu
et al. 2021)—DICEWS and YAGO-WIKI50K—is designed
to rigorously test QLGAN’s generalization ability across dif-
ferent graph scales, structural complexities, and temporal
dynamics.

1. DICEWS-1K/200:This dataset, establishedbasedon the
time knowledge database 1, consists of entity alignment

Table 1 Statistics of original datasets

Dataset DICEWS-1K/200 YAGO-WIKI50K

|E1| (Source Entities) 9,517 49,629

|E2| (Target Entities) 9,537 49,222

|R1| (Source Relations) 247 11

|R2| (Target Relations) 246 30

|T | (Timestamps) 4,017 245

|Q1| (Source Quadruples) 307,552 221,050

|Q2| (Target Quadruples) 307,553 317,814

|P| (Total Alignments) 8,566 49,172

|S| (Training Seeds) 1,000 / 200 5,000

tasks focusing on political eventswith specific time anno-
tations 2, such as the quadruple (Barack Obama, Access,
Ukraine, 2014-07-08)3.The dataset is characterized by
a high volume of time-point events, offering a focused
challenge on precise temporal sequence modeling. The
variation between DICEWS-1K and DICEWS-200 lies
solely in the number of seed alignments (S), with 1, 000
and 200 entity pairs known in advance, respectively4.
This split allows us to test themodel’s robustness to data
sparsity and its effectiveness in low-resource settings.

2. YAGO-WIKI50K: This is a large-scale, heterogeneous
knowledge graph linking YAGO with similar entities in
Wikidata. YAGO and Wikidata are critical benchmarks
as they contain temporal information in various forms,
including time points, beginning or end times, and time
intervals. This diversity poses a challenge for models
that only process discrete timestamps. By succeeding on
YAGO-WIKI50K, QLGAN demonstrates its capability
to handle the complexities of biographical and encyclo-
pedic knowledge at scale, validating its scalability and
generalization across diverse temporal data formats.

5.2 Evaluationmetrics

Consistent with previous state-of-the-art work (Xu et al.
2021, 2022) in entity alignment, we primarily use Hits@k
(Hk) and the Mean Reciprocal Rank (MRR) to evaluate
model performance.

We choose these ranking metrics because Entity Align-
ment is fundamentally a ranking problem, where the objec-
tive is to place the true counterpart entity as high as possible
within a list of candidates, rather than a binary classification
task. Specifically:

• Hits@k (Hk): Measures the proportion of correctly
ranked knowledge graph entity pairs found in the top
k positions. This directly reflects the model’s ability to
correctly prioritize the true match among candidates.

• MRR: Calculates the mean of the reciprocals of these
ranks. The MRR metric places a heavy emphasis on
obtaining a high rank (e.g., Hit@1), which is crucial for
distinguishing superiormodels, especially in highly com-
petitive alignment tasks.

Hits@k and MRR are the established standards in this
domain precisely because they capture the required ranking
performance effectively.

5.3 Implementation details

To guarantee the transparency and facilitate the full repro-
ducibility of our results, we provide a comprehensive
record of the quantum circuit specifications, key parameter
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initialization strategies, and the computational environment
used. The complete source code for QLGAN is pub-
licly available at https://github.com/AnonymousforKing/
QLGAN.

5.3.1 Hyperparameter configuration

The primary hyperparameters used for training QLGAN on
theDICEWS andYAGO-WIKI50K datasets are summarized
in Table 2. These settings reflect the optimal configuration
found through validation on the DICEWS-1K and YAGO-
WIKI50K dataset.

5.3.2 Variational Quantum Circuit (VQC) specification

The core of our model’s feature transformation lies in the
VQC. Its exact specifications, derived from the model archi-
tecture, are essential for replication:

• Quantum Platform: The VQC is implemented and sim-
ulated using the PennyLane framework (version 0.33)
with the “default.qubit” backend.

• Quantum Width (N ): The circuit width is set to N =
128 qubits, matching the embedding dimension D.

• Circuit Depth (L): The VQC employs a shallow archi-
tecture with a total of L = 1 trainable layer.

• Architecture: The single layer consists of: an initial
Angle Embedding layer, a trainable RY rotation layer,
a fixed CNOT entangling layer (circular connectivity),
and a trainable RZ rotation layer.

• Parameter Initialization: All 2 × N = 256 trainable
parameters (rotation angles) are initialized by uniform
random sampling within the range [−π, π ].

Table 2 Key hyperparameters for QLGAN training

Category Parameter Value

Model Dimension Embedding Dimension (D) 128

Maximum Quantum Dimension
(Dmax-Q)

128

Attention Heads (K ) 4

Graph/Lineage Lineage Depth (Lmax) 4

Graph Diffusion Steps (Kstruct) 3

Batch Size (Training) 1024

Negative Samples (L·→ j ) 256

Training Optimizer Adam

Learning Rate (η) 1 × 10−3

Margin (γ ) 3.0

Alignment Fusion Structural Weight (w) 0.8

Sinkhorn Scaling (γsinkhorn) 50.0

5.3.3 Computational environment

All experiments were conducted on a single machine utiliz-
ing a high-performance Apple M2 Max chip. The specific
environment details are as follows:

• Hardware: AppleM2MaxChip (12-CoreCPU, 30-Core
GPU), 96 GB Unified Memory.

• Software Environment: macOS Sonoma, Python 3.9.
• KeyLibraries: PyTorch (version 2.1), PyTorch Geomet-
ric (PyG), PennyLane (version 0.33).

The training time analysis in §5.8.5 was recorded in this
environment, confirming the competitive computational fea-
sibility of QLGAN compared to classical baselines.

5.4 Experimental setup

In our experiments, we compare some traditional and state-
of-the-art entity alignment models to evaluate the entity
alignment performance between the temporal knowledge
graphs of our proposed model. We only add pure structures
(quadruples) when completing the task of entity alignment
between temporal knowledge graphs. Our proposed model
does not learn iteratively and does not add additional infor-
mation, such as attribute information, name information, and
description information. Therefore, we only compare pure
entity alignment models.

Three aspects of the performance of our proposed model:
(1) Main results. (2) Ablation study. (3) Auxiliary Experi-
ments.

5.5 Baselines and comparative setup

To strictly evaluate QLGAN, we benchmarked it against a
comprehensive range of state-of-the-art methods. To ensure
reproducibility, all baselines were retrained using their offi-
cial hyperparameters. These methods are categorized into
two groups:

(1) Static entity alignment models, which rely solely on
structural triples (h, r , t);

(2) Temporal entity alignment models, which explicitly
model temporal dynamics (h, r , t, τ ).
Following standard protocols, we exclusively utilized
structural and temporal information (quadruples) and
excluded auxiliary data (e.g., attributes or images) to
ensure a fair comparison of core topological and tem-
poral learning capabilities.

5.6 Main results

The primary experimental results, comparing our proposed
QLGANagainst a comprehensive suite of static and temporal
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entity alignment models, are presented in Table 3. The evalu-
ation was conducted on the DICEWS-200 and DICEWS-1K
datasets, which differ in the number of available seed align-
ments. The results lead to several key conclusions.

First, there is a clear and substantial performance gap
between specialized Temporal Entity AlignmentModels and
the Static Entity Alignment Models. For instance, the best-
performing static model, RREA, achieves a Hit@1 of 0.722
on DICEWS-1K, which is significantly lower than all tem-
poral models. This observation validates the fundamental
premise that explicitly modeling the temporal dimension is
crucial for accurate alignment in evolving knowledge graphs.

Second, among the temporalmodels, our proposedQLGAN
consistently achieves new state-of-the-art performance across
all metrics (H1, H10, and MRR) on both datasets. Notably,
QLGAN outperforms the strongest baseline, Dual-Match.
On the more challenging DICEWS-1K dataset, QLGAN
achieves a Hit@1 score of 0.959, surpassing Dual-Match
by 0.6 percentage points and demonstrating its robustness
even with fewer seed alignments.

The superior performance of QLGAN can be attributed
to its novel architecture which holistically addresses the core
challenges in temporal entity alignment. Unlike baselines
that rely on local neighborhood aggregation, our Lineage-
aware encoder captures long-range, multi-hop dependencies,
providing richer contextual information. Furthermore, the
use of aVariationalQuantumCircuit (VQC) for feature trans-
formation enables a more powerful and effective fusion of
complex spatiotemporal features, leading to more discrimi-
native entity representations.

In summary, the results in Table 3 confirm the effective-
ness of our quantum-classical hybrid approach. By syner-

gistically combining deep lineage-based context, quantum-
enhanced feature transformations, and an adaptive training-
inference framework, QLGAN sets a new benchmark for
temporal entity alignment.

5.7 Ablation study: validating component
contributions

To rigorously validate the contribution and necessity of each
key component within the proposed QLGAN framework, we
conducted a comprehensive ablation study. We compare the
performance of the full QLGAN model against six distinct
variants, each disabling a crucial module. The results, mea-
sured by Hit@1 (H1), Hit@10 (H10), and Mean Reciprocal
Rank (MRR), are presented in Table 4.

The impact of each component confirms the synergistic
design of QLGAN, highlighting that the highest perfor-
mance is achieved only when complex feature engineering,
advanced encoding, and specializedmetric learning are com-
bined.

• w/o hquantum (Removal of VQC Mapping): This vari-
ant, which replaces the Variational Quantum Circuit
(VQC) mapping with a simple classical non-linear pro-
jection (e.g., standard MLP), shows an MRR reduction
to 0.956. The hquantum feature is critical for high-
dimensional correlation encoding.
MechanismExplained: Although the performance drop
is numerically small compared to removing the temporal
signal, this confirms that the VQC provides a superior,
higher-expressive feature transformation than classical
alternatives. By projecting features into the exponentially

Table 3 Main results Models DICEWS-200 DICEWS-1K
H1 H10 MRR H1 H10 MRR

Static Entity Alignment Models

GCN-Align (Wang et al. 2018) 0.067 0.104 0.175 0.101 0.241 0.150

MuGNN (Cao et al. 2019) 0.367 0.583 0.412 0.525 0.794 0.617

HyperKA (Sun et al. 2020a) 0.383 0.653 0.474 0.588 0.842 0.669

MRAEA (Mao et al. 2020) 0.476 0.733 0.564 0.675 0.870 0.745

RREA (Mao et al. 2020) 0.659 0.824 0.719 0.722 0.883 0.780

KE-GCN (Yu et al. 2021) 0.373 0.625 0.451 0.549 0.827 0.650

Temporal Entity Alignment Models

TSM-GNN (Jia et al. 2024) 0.756 0.878 0.801 0.821 0.914 0.855

TEA-GNN (Xu et al. 2021) 0.876 0.941 0.902 0.897 0.947 0.911

ChatEA (Jiang et al. 2024a) 0.868 0.906 0.887 0.871 0.912 0.911

MM-ChatAlign (Jiang et al. 2024b) 0.870 0.910 0.891 0.883 0.922 0.901

TREA (Xu et al. 2022) 0.910 0.960 0.927 0.914 0.966 0.933

Dual-Match (Liu et al. 2023) 0.953 0.974 0.961 0.953 0.973 0.961

QLGAN 0.954 0.976 0.964 0.959 0.979 0.965
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Table 4 Ablation study results on the entity alignment task, demon-
strating the necessity of each component. MRR provides the primary
metric for ranking quality assessment

Models H1 H10 MRR

QLGAN (Full) 0.959 0.979 0.965

w/o hquantum (Removal VQC Mapping) 0.948 0.971 0.956

w/o flineage (Removal Lineage Modulation) 0.945 0.968 0.953

w/o Shybrid (Removal Q-Inspired Metric) 0.911 0.956 0.947

w/o Sentity (Removal Entity Information) 0.883 0.944 0.913

w/o Stemporal (Removal Temporal Signal) 0.793 0.911 0.843

large Hilbert space and encoding entanglement, hquantum

capturesmore nuanced, non-linear dependencies, leading
to demonstrably sharper alignment boundaries.

• w/o flineage (Removal of LineageModulation): Remov-
ing the lineage-entangled feature modulation results in a
noticeable drop inMRR to 0.953. The flineage component
provides multi-hop relational context.
Mechanism Explained: When removed, the QLGAN
layer reverts to aggregating information based only on
immediate, single-hop neighbors, ignoring the rich path
semantics that connect distant entities. This loss of deep,
multi-hop context reduces the quality of the neighbor fea-
tures h′′

j , leading to less precise final entity embeddings.
• w/o Shybrid (Removal of Quantum-Inspired Metric):

This variant shows a significant drop in MRR to 0.947.
The Shybrid component is a specialized, learned metric
designed to leverage the quantum-enhanced features for
distance calculation.
Mechanism Explained: This result validates that sim-
ply using standard distance metrics (e.g., Euclidean or
Cosine) on the final embeddings is insufficient. The
specialized Shybrid metric acts as a learned compara-
tor, efficiently translating the complex, high-dimensional
correlations encoded by the VQC into an effective simi-
larity score.

• w/o Sentity (Removal Entity Information): Ablating the
core model-based entity similarity component results in
the second largest performance drop (MRR decreases
from0.965 to 0.913). TheSentity metric is derived directly
from the deep, contextualized representations learned by
the QLGAN encoder.
Mechanism Explained: This severe decline confirms
that the QLGAN encoder’s learned deep features are fun-
damentally crucial for distinguishing between entities.
The model cannot perform accurate alignment without
its primary source of semantic and structural knowledge.

• w/o Stemporal (Removal of Temporal Signal): This
variant exhibits the most substantial performance degra-
dation, with a dramatic drop inMRR from 0.965 to 0.843
(a decrease of 12.2 percentage points). The component

Stemporal explicitly models structurally-aware temporal
consistency between entities.
Mechanism Explained: Without this explicit temporal
guidance, the model relies solely on static feature vec-
tors, failing to capture the dynamic, time-sensitive nature
of entity relationships. This confirms that for alignment
tasks in evolving graphs, the temporal dimension is an
indispensable, non-substitutable signal.

In conclusion, this comprehensive ablation study validates
that the QLGAN achieves peak performance through a pow-
erful synergy between its components. The model’s success
is predicated on the integration of:

1) Indispensable Temporal Guidance (Stemporal);
2) High-Quality Semantic Features (Sentity);
3) Novel Feature Refinement Mechanisms (flineage and

hquantum) coupled with a Specialized Similarity Metric
(Shybrid).

5.8 Auxiliary experiments and parameter sensitivity
analysis

In addition to themain results and the comprehensive ablation
study, we conduct several auxiliary experiments to deeply
investigate the robustness, scalability, and impact of key
design choices within QLGAN.

5.8.1 Performance on large-scale graph (Scalability)

To rigorously evaluate the effectiveness and scalability of
QLGAN in processing large-scale datasets, we conducted
experiments on the challenging YAGO-WIKI50K graph. We
compared QLGAN’s performance against two leading tem-
poral entity alignment baselines: TREA and AGN.

The results in Table 5 confirm QLGAN achieves state-
of-the-art performance across all evaluation metrics, sig-
nificantly outperforming both competitive baselines on this
large-scale dataset. QLGAN surpasses the strong AGN
model, achieving an absolute improvement of 0.4 percent-
age points on Hit@1 and 0.002 on MRR. The performance
gain over TREA ismore pronounced, highlightingQLGAN’s
robustness. The superior performance can be attributed to
the novel integration of theLineage-EntangledModulation

Table 5 Scalability results on the YAGO-WIKI50K dataset

Model Hit@1 Hit@10 MRR

TREA 0.940 0.989 0.958

AGN 0.960 0.990 0.972

QLGAN 0.964 0.991 0.974
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and the VQC-based feature enhancement. Unlike base-
lines that struggle to aggregate complex features efficiently
at scale, QLGAN’s ability to enrich neighbor representations
with contextually aware, multi-hop semantics prior to the
final aggregation leads to more precise and powerful entity
embeddings, a capability critical for accurately capturing
the intricate relationships in large-scale dynamic knowledge
graphs.

5.8.2 Influence of embedding dimension

To investigate the representational capacity of QLGAN, we
conducted a sensitivity analysis on the embedding dimen-
sion (D) by varying it across {8, 16, 32, 64, 128}. The results,
measured by Hit@1, are shown in Fig. 2.

The figure clearly demonstrates a strong positive correla-
tion between the embedding dimension and model perfor-
mance. As D increases from 8 to 128, the Hit@1 score
steadily improves from approximately 92.5% to 95.9%.
This trend is expected: higher dimensions mitigate the
representational bottleneck, enabling the model to effec-
tively capture the complex structural, semantic, and temporal
features. Notably, performance continues to improve sig-
nificantly even when D increases from 64 to 128. This
suggests that the quantum-enhanced features generated by
QLGAN can effectively utilize the representational power
of high-dimensional space without suffering from the typ-
ical saturation or severe overfitting issues often seen in
classical models within this range. Considering the trade-
off between performance and computational overhead, we
selected D = 128 as the optimal dimension for subsequent
experiments.

5.8.3 Influence of quantum-inspired similarity metric

To validate the necessity of the non-linear, quantum-inspired
metrics defined in Sembed, we performed a direct comparison

Fig. 2 The impact of different embedding dimensions on Hit@1 per-
formance

against a strong classical baseline similarity metric, Sclassicalembed
(e.g., CSLS similarity). We fixed the QLGAN architecture
and embeddings, replacing only the calculation module in
the final alignment stage.

The results in Fig. 3 clearly demonstrate that our pro-
posed Sembed offers a significant performance advantage,
achieving a Hit@1 score of 95.9% compared to 94.8% for
Sclassicalembed . This performance gap is primarily due to the unique
design of Sembed, which incorporates non-linear measures
inspired by quantum fidelity, entanglement, and superpo-
sition. These measures are specifically tailored to capture
the complex, high-order feature interactions encoded in the
VQC-generated embedding space. Unlike traditional L p

norms or CSLS, Sembed acts as a sophisticated, learned
comparator that is naturally adapted to the geometry of
QLGAN’s embedding space, resulting in demonstrablymore
accurate alignment decisions.

5.8.4 Influence of lineage depth

To determine the optimal influence range for the Lineage-
EntangledModulation, we conducted a parameter sensitiv-
ity analysis on the maximum path depth (Lmax) within the
Lineage module, evaluating Hit@1 for depths {2, 4, 6, 8}.

The results in Fig. 4 show a distinct “rise-then-fall” trend,
peaking at a path depth of Lmax = 4. Performance signifi-
cantly improves from 0.942 at Lmax = 2 to the peak of 0.959.
However, increasing the depth further to 6 and 8 causes per-
formance degradation to 0.951 and 0.946, respectively. This
finding confirms two crucial points: First, overly short paths
(Lmax = 2) result in a lack of rich, multi-hop contextual
information. Second, excessively long paths (Lmax ≥ 6)
introduce relational noise or lead to a phenomenon analo-
gous to “over-smoothing” in GNNs, where the distinct local
context is diluted by irrelevant, distant information, interfer-
ing with the final embedding quality. Lmax = 4 provides the

Fig. 3 Performance comparison between our proposed quantum-
inspired similarity (Sembed) and a classical similarity (Sclassicalembed )
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Fig. 4 The impact of different Lineage path depths (Lmax) on Hit@1
performance

optimal balance between comprehensive context enrichment
and noise suppression.

5.8.5 Computational efficiency analysis

To demonstrate the practical feasibility of QLGAN, which
integrates complex mechanisms such as the Variational
QuantumCircuit (VQC) andmulti-hop lineage encoding, we
conducted a direct comparative analysis of the training effi-
ciency against the strong classical baseline, DualMatch. The
comparison focuses on the total time required for training
and alignment on a standard benchmark dataset, with results
presented in Table 6.

Quantitative results demonstrate that QLGAN consis-
tently outperforms the strong baseline, DualMatch, across
all alignment metrics (e.g., 0.965MRR versus 0.961). While
this performance advantage is accompanied by an increase in
computational cost—specifically, a rise in per-epoch runtime
from109 seconds to 125 seconds (approximately+14.7%)—
we observe that this overhead remains within a manageable
range for practical deployment. The trade-off indicates that
the model effectively leverages additional computational
resources to secure higher alignment precision, validating
the efficiency of the proposed hybrid architecture even under
classical simulation constraints.

The observed latency is primarily attributed to two archi-
tecturally necessary components designed to enhance feature
expressivity. First, the simulation of the Variational Quantum
Circuit (VQC) during forward feature mapping projects data

Table 6 Comparison of computational efficiency (total runtime per
epoch) and performance

Models Time Hit@1 Hit@10 MRR

QLGAN 125s 0.959 0.979 0.965

DualMatch 109s 0.953 0.974 0.961

into a high-dimensionalHilbert space, enabling the capture of
complex non-linear correlations that standard classical layers
often fail to distinguish. Second, the Lineage Path Encoder,
which constructs andmodulatesmulti-hop neighbor features,
introduces explicit computational steps but is critical for
resolving structural ambiguities inherent in sparse temporal
graphs. These mechanisms are not redundant parameters but
essential structures for modeling high-order dependencies.

To strictly contextualize these findings, we offer a two-
fold justification. First, in the current saturated landscape
where baselines already exceed 0.96 MRR, the observed
improvements (+0.4% MRR) signify a meaningful capa-
bility to resolve “hard” entities that simpler models cannot
address. Second, and more importantly, this work validates
the feasibility of hybrid Quantum-Classical learning frame-
works. While currently simulated on classical hardware
(hence the overhead), QLGANprovides a blueprint for lever-
aging future quantum computing resources. The additional
complexity is thus a strategic investment: it secures imme-
diate robustness gains while establishing a “quantum-ready”
paradigm for the next generation of computing hardware.

5.8.6 Intrinsic clustering quality evaluation

We assess the quality of the final entity embeddings h(L) gen-
erated by QLGAN and the baseline DualMatch using two
established intrinsic clustering metrics: the Silhouette Score
(measuring separability and cohesion) and Inertia (measur-
ing tightness within clusters). These analyses objectively
quantify the structural superiority of the representation space
learned by our quantum-enhanced method.

As illustrated in Fig. 5 (Left), QLGAN consistently
achieves a significantly higher Silhouette Score than Dual-
Match across a varying number of clusters (K ). This sus-
tained superiority demonstrates that QLGAN’s features are
inherently more separable and cohesive in the learned space.
This structural advantage directly stems from the VQC’s
ability to project features into an exponentially large Hilbert
space, effectively resolving non-linear boundaries intractable
for classical models.

Furthermore, Fig. 5 (Right) shows that QLGAN exhibits
consistently higher Inertia values across all K .When coupled

Fig. 5 Comparison of intrinsic clustering metrics. Left: Silhouette
Score vs. K , Right: Inertia (Elbow Method) vs. K . QLGAN exhibits
higher Silhouette Scores, indicating superior separability and cohesion
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Fig. 6 t-SNE visualization of the final entity embeddings. Left: Overall
space comparison. Middle/Right: Internal structure of the QLGAN and
DualMatch spaces, demonstrating QLGAN’s superior feature compact-
ness and coherence

with the high Silhouette Scores, this implies that QLGAN
successfully encodes richer and more distinct semantic
information into its representations, utilizing a broader, yet
better-organized, feature space.

5.8.7 Embedding space visualization via t-SNE

To provide a crucial qualitative understanding, we visualize
the final embeddings using t-SNE in Fig. 6.

Figure 6 (Left) shows theQLGANdata (blue) to be tighter
and more distinctly clustered than the DualMatch data (red),
directly supporting the quantitativeSilhouette Scorefindings.
Figure6 (Middle and Right) reveal the internal structure. The
QLGANspace (Middle) forms a relatively compact andwell-
defined spherical cluster, indicating high internal cohesion
and a low presence of outliers. Conversely, the DualMatch
embeddings (Right) appear more scattered and less coherent,
exhibiting significant noise and less defined structure.

Qualitative proof of quantum enhancement The superior
structure and coherence of the QLGAN embedding space
are the direct results of the Lineage-Entangled Modula-
tion followed by the VQC Mapping. The VQC, acting as
a complex quantum feature map, effectively organizes and
purifies the data in the high-dimensional quantum space,
leading to a measured classical vector hquantum that is inher-
ently better suited for alignment. This visualization serves as
strong qualitative evidence that QLGAN successfully lever-
ages quantum-inspired mechanisms to learn a representation
space with superior geometric properties.

6 Conclusion and impact

In this paper, we introduced QLGAN (Quantum-Enhanced
Graph Learning Attentional Network), a pioneering hybrid
model designed to overcome the limitations of classical
Graph Neural Networks in handling complex temporal entity
alignment within dynamic knowledge graphs. Our work

represents a significant step forward in integrating quantum-
inspired mechanisms for high-level representation learning.

The key technical and scientific contributions of QLGAN
can be summarized as follows:

1. Lineage-Entangled Feature Modulation: We devel-
oped a novel, multi-hop context propagation mechanism
that uses relational path semantics (flineage) to actively

modulate neighbor features (h(l)
j ). This entanglement

mechanism ensures that message passing is highly condi-
tional and structurally informed, capturing dependencies
that traditional GNNs ignore.

2. Quantum-Inspired Feature Encoding: We utilized
a Variational Quantum Circuit (VQC) as a highly
expressive, non-linear feature mapping�VQC. The VQC
projects features into an exponentially large Hilbert
space, leveraging the principles of quantumentanglement
to encode richer, high-order correlations into the entity
representations (hquantumj ).

3. Adaptive Hybrid Similarity Framework: We intro-
duced a robust framework for alignment that synergizes
the semantic depth of quantum-inspired non-linear met-
rics (Sembed) with the explicit structural context derived
from graph diffusion (Sstruct), optimized via Optimal
Transport.

Empirical results demonstrateQLGAN’s state-of-the-art per-
formance across various benchmark entity alignment tasks.
Crucially, our auxiliary analysis—confirmed by superior Sil-
houette Scores and coherent t-SNE visualizations—provides
qualitative evidence that the QLGAN’s quantum-enhanced
features lead to a representation space with fundamentally
better separability and structure compared to classical base-
lines. The comprehensive ablation study further validates that
this success is a direct result of the powerful synergy between
explicit temporal modeling and our novel quantum-classical
feature refinement components.

QLGAN establishes a compelling and effective paradigm
for the emerging field of Hybrid Quantum-Classical Graph
Learning. For future work, we intend to formally analyze the
quantum advantage provided by the VQC in terms of feature
separability bounds. Furthermore, exploring the deployment
of QLGAN on near-term quantum hardware and adapting
its lineage-entangled principles to dynamic link prediction
problems will be key areas of research, solidifying the role
of quantum computing in advancing complex relational AI.
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