. mathematics

Article

Subgraph Reasoning on Temporal Knowledge Graphs for
Forecasting Based on Relaxed Temporal Relations

Meini Yang 12, Kerong Ben !, Tao He 3* and Feipeng Wang *

check for
updates

Academic Editor: Francesco Calimeri

Received: 8 October 2025
Revised: 9 November 2025
Accepted: 12 November 2025
Published: 17 November 2025

Citation: Yang, M.;Ben, K.;He, T.;
Wang, F. Subgraph Reasoning on
Temporal Knowledge Graphs for
Forecasting Based on Relaxed
Temporal Relations. Mathematics 2025,
13,3688. https:/ /doi.org/10.3390/
math13223688

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

School of Electronic Engineering, Naval University of Engineering, Wuhan 430033, China;
0907032001@nue.edu.cn (M.Y.); 20101002@nue.edu.cn (K.B.)

Department of Basic Courses, Naval University of Engineering, Wuhan 430033, China

Department of Information Security, Naval University of Engineering, Wuhan 430033, China

School of Computer and Big Data Science, Jiujiang University, Jiujiang 332005, China; 20101001@nue.edu.cn
*  Correspondence: taohe@whu.edu.cn

W N

Abstract

Reasoning over Temporal Knowledge Graphs (TKGs) aims to forecast future events based
on historical ones. Existing approaches typically enforce strict temporal order constraints
among past events; however, such rigidity limits the effective exploitation of path informa-
tion during reasoning, thereby reducing both model flexibility and predictive performance.
To address this limitation, this paper introduces SR-RTR (Sub-graph Reasoning based on
Relaxed Temporal Relation), an interpretable subgraph reasoning framework designed to
fully harness path information within TKGs. By incorporating a relaxed temporal factor, the
proposed method softens the chronological constraints on historical events, broadens the
sampling scope of candidate nodes during subgraph reasoning, and enhances the efficiency
of path information utilization. This mechanism reflects human cognitive intuition: when
the temporal gap between two events falls within a certain threshold, their sequence can
be considered interchangeable. SR-RTR constructs a query-specific inference subgraph
from the TKG and iteratively performs two core operations—subgraph expansion and
pruning—until the entity with the highest attention score is identified as the prediction
result. Extensive experiments on four benchmark datasets demonstrate that SR-RTR un-
covers a greater number of reasoning paths relevant to the target prediction, leading to
substantial improvements in both reasoning accuracy and computational efficiency.

Keywords: temporal knowledge graphs forecasting; subgraph reasoning; temporal
relaxation factor

MSC: 68T05

1. Introduction

Driven by the rapid advances in big data and artificial intelligence, knowledge
graphs—an essential graph-based framework for structured knowledge representation—have
shown significant potential across domains such as question answering [1,2], information
extraction [3,4], and recommendation systems [5,6]. Conventional static knowledge graphs
encode factual information as triples (es, 7, €,), where e; and e, denote real-world entities
(represented as graph nodes), and r indicates the relation between them (depicted as a
directed edge). For instance, the triple (Anna, born in, New York) serves as a canonical ex-
ample. This representation effectively supports knowledge organization and inference. Yet,
real-world facts evolve over time; for example, the triple (Anna, live in, New York) becomes
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obsolete once Anna relocates to Washington. To model such temporally dynamic, multi-
relational data, temporal knowledge graphs (TKGs) have been introduced [7,8]. Extending
static triples with temporal context, TKGs augment them into quadruples (es, 7, €,, t), where
t specifies the timestamp of the event (e, 7, ¢,). A typical instance is (Bob, visit, Tom,
2023-09-13). Unlike static knowledge graphs, TKGs not only preserve structural relation-
ships among entities but also capture their temporal evolution patterns, enabling more
precise modeling of dynamic real-world processes.

As a central task in TKG research, Temporal Knowledge Graph Reasoning (TKGR)
focuses on predicting future events based on historical observations. It generally comprises
two subtasks: entity prediction and relation prediction. The former involves identifying
a missing subject or object entity at a given timestamp, whereas the latter aims to infer a
missing relation at a specific time. Existing studies [9,10] typically impose a strict temporal
order constraint during historical event processing, allowing only forward inference—i.e.,
later events can be deduced solely from earlier ones. In the hypothetical TKG illustrated in
Figure 1, which contains five distinct entities (nodes) and five temporal edges, performing
entity prediction (e.g., completing the quadruple (Tom, visit, ?, 2025-06-01)) requires tracing
historical events associated with Tom that occurred before 2025-06-01. Under the strict tem-
poral constraint, the path from (Tom, talk, Bob, 2025-05-01) to (Bob, visit, France, 2025-05-05)
is excluded from consideration, as Bob’s visit occurs later than Tom’s conversation, thereby
violating the rule that only earlier events can inform subsequent ones. However, in hu-
man cognitive reasoning, when the temporal gap between two events remains within a
certain threshold, their order of occurrence can be treated as negligible. For instance, if
the threshold is defined as four days, the interval between Bob’s visit to France and Tom’s
conversation with Bob falls within this range, rendering the order of events inconsequential
for reasoning. Under such conditions, the path from (Tom, talk, Bob, 2025-05-01) to (Bob,
visit, France, 2025-05-05) can be regarded as a valid backtracking path, thereby enhancing
the exploitation of informative temporal connections within the graph.

Figure 1. An example of temporal Knowledge Graph.

The main contributions of this work are summarized as follows:

(1) Traditional TKG reasoning models enforce rigid temporal order constraints when
processing historical events, which restricts reasoning paths and limits the effective
utilization of available information. To mitigate this limitation, a temporal relaxation
factor (9) is introduced to soften these constraints, offering theoretical support for
enhancing the flexibility of temporal reasoning.

(2) The proposed SR-RTR model employs query-specific subgraph construction as its
core mechanism for entity prediction. During subgraph expansion, the model inte-
grates the temporal relaxation factor 4 to sample valid events satisfying the relaxed
temporal condition, thus expanding the scope of reasoning paths. In the subsequent
pruning stage, an attention-based neighbor feature aggregation module identifies
and retains events most influential for prediction. Through multiple dynamic itera-
tions of these two stages—subgraph expansion and pruning—the model generates
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reasoning subgraphs that provide a meaningful and interpretable foundation for
final predictions.

(8) Comparative experiments conducted on four TKG datasets demonstrate that the SR-
RTR model consistently surpasses baseline methods. By extracting a wider range of
relevant reasoning paths, it yields richer supporting evidence for prediction, thereby
confirming the effectiveness of the relaxed temporal constraint paradigm and the
proposed model architecture.

The remainder of this paper is organized as follows. Section 2 reviews related work on
reasoning over Temporal Knowledge Graphs. Section 3 introduces the preliminaries, while
Section 4 elaborates on the proposed model. Section 5 presents the experimental results,
and Section 6 concludes the paper with discussions on future research directions.

2. Related Work

Early research on TKG reasoning primarily focused on integrating temporal repre-
sentations into existing static knowledge graph reasoning frameworks. Jiang et al. [7] first
introduced temporal constraints to the static TransE model [11], proposing the t-TransE
model to encode temporal knowledge. Building upon TransH [12], Dasgupta et al. [13]
developed HyTE, which projects entities and relations onto temporal hyperplanes to better
exploit temporal information. Subsequent models such as Know-Evolve [14], ATiSE [15],
and TiRGN [16] further enhanced temporal modeling by incorporating sequential encoding,
temporal feature classification, and multi-encoder fusion, respectively. In these approaches,
the validity of quadruples is evaluated by computing semantic similarity between entity
and relation embeddings. However, these methods tend to depend heavily on the implicit
correlations within embedding vectors, resulting in limited interpretability and the absence
of explicit evidence to support predictions.

To enhance interpretability, later studies reformulated the reasoning process within
a probabilistic framework. Jin et al. [17] proposed RE-Net, which models TKG reasoning
as the conditional probability computation P(G; | G;—y+—1), capturing temporal evolution
patterns through probabilistic distributions. Building on RE-Net, GyGNet [18] and RE-
GCN [19] further strengthened the exploitation of historical information. Despite offering
a degree of interpretability, these approaches generally exhibit high computational com-
plexity due to their reliance on intricate graph convolutional embedding operations. To
address efficiency concerns, Liu et al. [20] introduced FS-Net, which achieves lightweight
reasoning through dynamic frequency statistics, thereby reducing computational costs at
the expense of semantic interpretability. Sun et al. [21] proposed CEGRL-TKGR, which
integrates causal reasoning into probabilistic modeling to enhance interpretability; never-
theless, its causal mechanism depends heavily on complete event sequences, resulting in
strong data dependency and constrained generalizability.

To further improve the interpretability of reasoning, subsequent studies have explored
structure-based reasoning approaches. Han et al. [9] proposed XERTE, which constructs
reasoning subgraphs through iterative sampling and leverages these subgraphs as the
explanatory foundation for predictions. Liu et al. [10] introduced TLogic, which extracts
temporal logical rules via temporal random walks and employs these rules as the basis for
inference. Mu et al. [22] developed TIAR, which integrates time-aware relation representa-
tions with an attention-based aggregation mechanism and incorporates a path constraint
module to enhance the semantic alignment between queries and subgraphs—thereby
strengthening the explanatory capacity of subgraphs in prediction tasks. These approaches
center on the structural properties of knowledge graphs, enabling reasoning by mining path
features formed through entity—relation interactions. Structure-based reasoning not only
enriches the semantic context beyond entity and relation embeddings, thereby enhancing
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inference performance, but also provides traceable and interpretable evidence through the
generated reasoning paths and subgraphs. This framework effectively balances predictive
accuracy and interpretability. Nonetheless, most existing structure-based TKG reasoning
methods still enforce strict temporal order constraints, which overrestrict reasoning paths
and hinder the effective utilization of valid historical information—ultimately constraining
their inferential potential.

3. Preliminary
3.1. Temporal Knowledge Graph

A TKG, denoted as G, is a collection of fact-based quadruples that incorporate temporal
information and can be formally expressed as G C £ x R x €& x T. Here, £ represents a
finite set of entities with cardinality | £ |; R denotes a finite set of relations with cardinality
| R |; and T indicates a finite set of timestamps with cardinality |7 |. Each fact quadruple
in G can be expressed as s = (es, 7, €,, ), where the subject entity e; and the object entity
e, are connected via a relation 7. The timestamp t denotes the time when the triple event
(es, 7, €0, t) occurs, and ¢ can be specified in units of hours, days or years. For any ¢, t, € T,
t] <ty signifies that the event at time #; occurs earlier than that at time f;.

3.2. Temporal Knowledge Graph Forecasting

This study addresses the entity prediction task. Let / denote the set of all ground-truth
quadruples, and (es, 7, €, t) € F represent the target quadruple. For a query event (es, 7, ?, t5),
the objective is to predict the missing object entity at time t;, where the set of preceding
events before t; is denoted as O = { (e;, 7, ¢, t;) € F|t; < t;}. During prediction, all
entities in £ are treated as candidates; for each candidate entity, the probability of forming a
true quadruple is computed based on historical information, and the entity with the highest
probability is selected as the final prediction.

Each quadruple contains two entities: a subject entity and an object entity. For mod-
eling convenience, an inverse event is introduced for every factual quadruple (e, 7, e, t),
expressed as (e,, r~1, es, t), where r~! denotes the inverse relation of r. For example, if r
corresponds to “visit,” then ! represents “be visited by.” Without loss of generality, the
present study focuses on the entity prediction task for query events of the form (es, 7, ?, t5).

3.3. Inference Subgraph and Relaxed Temporal Neighborhood

Reasoning is conducted by constructing a query-specific inference subgraph, denoted
as Ginf. Nodes in the inference subgraph Ginf are entity-timestamp pairs, denoted as
v=1(e,t), where e € £ and t € 7. The core of inference subgraph construction lies in
identifying the temporal neighborhood of each node.

In the xERTE model, the inference subgraph Ginf is a directed graph in which edges
strictly follow temporal order—specifically, edges are directed from nodes with later times-
tamps to those with earlier timestamps. The neighbors identified under this rule are termed
strict temporal neighbors. For a node v = (¢, t) € Ginf, its one-hop strict prior neighbors
and one-hop strict posterior neighbors are defined as follows:

N;zl(it”t) = { (ej, t’)](ei, Tk, €, t/) e F AN (tl < i’)} (@)
Moo =1 )|(ejrent) € FA(H > 1)} )

——pstrict

In Equations (1) and (2), N;t:“(ff y and Ni—(e,t) can be abbreviated as N and

N, respectively.
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However, the strict temporal neighbor constraint neglects an essential aspect of human
cognitive reasoning—when the temporal gap between two historical events falls within
a certain threshold, their chronological order can be disregarded without significantly
affecting inference. To accommodate this characteristic, a temporal relaxation factor &
is introduced to moderately relax the rigid temporal order constraint, thereby yielding
relaxed temporal neighbor nodes. For a node v = (¢, t) € Ginf, its one-hop relaxed prior
neighborhood and one-hop relaxed posterior neighborhood are defined as follows:

Nrela;(eg {(ej/ t/)|(€i/7’k/e]" t’) e FA (t/ < t+5) A (t/ < tq)} 3

relaxed . { 8], | ej, 11 €, t’) cFA (tl >t — 5) A (t/ < tq)} 4)

relaxed

In Equations (3) and (4), NV. relaX_Ed and NV,Z(, ) can be abbreviated as N and N,

respectively. When the relaxation factor 6=0,N3 = N}and N, 0= N, - After incorporating
the temporal relaxation factor J, edges in the inference subgraph Ginf are permitted to
extend from nodes with slightly earlier timestamps to those with slightly later ones. This
adjustment preserves the associative information among events whose temporal intervals
fall near the threshold, thereby improving the completeness of information captured in
the inference subgraph. It is worth noting that J is a data-dependent hyperparameter,
and its optimal value is directly correlated with the characteristics of the dataset—as a
temporal interval threshold, its optimal value undergoes significant changes with the
temporal granularity of the dataset (e.g., year, day). When ¢ > 0, the model can capture
richer inference path information, yet it inevitably introduces noise; thus, the optimal
selection of ¢ is essentially a trade-off between noise interference and the performance
gains derived from expanding the sampling scope.

Figure 2 illustrates a partial segment of the inference subgraph Ginf corresponding to
the query (e;, 4, ?, t;) under relaxed temporal relations. In the figure, each ground-truth
quadruple is represented by the entity at the tail of an arrow, the relation labeled on the
arrow, and the entity—timestamp pair at the arrowhead. The corresponding quadruples
are (eq, 70, €0, t4), (60, r1, ez, t1), (eg, 11, €1, t2), (60, 1, €1, t3), and (eg, 3, €2, i’3), respectively.
Among these timestamps, t1, t, t3 and t4 are posterior to t; t; + 6, t, + 6 and t3 + J are
posterior to t4.

Figure 2. Partial view of the inference subgraph Ginf for the query (e, 74, ?, t;) under relaxed temporal
relations. In the figure, the blue node represents the initial node (e;, ¢7) obtained from the query; the
orange nodes denote the one-hop strict prior neighbor node (e, t4) of the initial node; and the yellow
nodes represent the one-hop relaxed prior neighbor nodes of node (e, t4).

4. Proposed Method
4.1. Framework

This section presents the Subgraph Reasoning Model based on Relaxed Temporal
Relations (SR-RTR). Starting from the subject entity e, in the query q = (eg, 4, ?, t;), the
model incrementally constructs an inference subgraph Ginf by sampling relaxed prior
neighbors and ultimately predicts the missing object entity. The reasoning mechanism of
SR-RTR comprises two primary modules: subgraph expansion and subgraph pruning. The
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expansion module samples relaxed prior neighbors to grow the subgraph, whereas the
pruning module applies an attention-based neighbor feature aggregation mechanism to
compute attention scores for nodes and edges, thereby filtering key information. Figure 3
illustrates the overall reasoning workflow.
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Figure 3. Demonstration of the Subgraph Inference Process. In the figure, the blue node represents
the initial node v, obtained from the query; the yellow nodes denote the one-hop strict prior neighbor
candidate nodes of the initial node v,; the gray nodes represent the nodes pruned due to low
contribution scores; and the green nodes represent the one-hop relaxed prior neighbor candidate
nodes of node v; retained after pruning; O and O denote unsampled nodes; ocfr. represents the
attention score of the edge between node v; and its relaxed prior neighbor v; during the I-th step of
inference; af denotes the attention score of node vi during the I-th step of inference. All edge arrows
in Ginf point from the source node to its prior relaxed neighbor node.

Initialization: The inference subgraph is first initialized by extracting the subject entity
eq and query timestamp t, from the query 4. The entity—timestamp pair (e,, t;) is designated
as the initial node of Ginf, serving as the starting point for subsequent subgraph expansion.

Subgraph Expansion: Based on the initial node v; = (e;, t5), all quadruples that satisfy
the relaxed temporal constraints within the TKG are sampled according to time-dependent
exponential weighting. From each sampled quadruple, the object entity ¢; and its timestamp
tj are extracted to form a new node v; = (¢, t;), which is then added to Ginf. An edge labeled
w1th relation 7y is created from v to v;.

Attention-Based Pruning: To regulate the growth of Ginf, node and relation embed-
dings within the subgraph are used to compute attention scores for both nodes and edges
through an attention-based feature aggregation mechanism. Edges with lower scores are
pruned to remove redundant or less informative connections, while edges with higher
scores are retained to preserve critical reasoning paths.

Re-Expansion and Iteration: The retained nodes in the pruned subgraph are treated as
new starting points for further relaxed prior neighbor sampling and subsequent pruning.
This alternating process of expansion and pruning is repeated iteratively.
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Final Prediction: After L iterative rounds of expansion and pruning, the entity as-
sociated with the highest attention score is selected as the predicted object entity for the
query. The resulting inference subgraph Ginf provides a transparent and interpretable
explanation for the model’s reasoning outcome. The algorithm framework of SR-RTR is as
shown in Algorithm 1.

Algorithm 1: SR-RTR Framework

Input: Temporal Knowledge Graph G, query g, total number of inference iteration steps
L, temporal relaxation factor J, number of edges to keep per step K, number of sampled
neighbors for each node S
Output: The predicted object entity epreq

. Initialize inference subgraph Ginf with only the query node v, = (eg, t;)

. Initialize node attention scores: Ay, =1, and a9 = 0 for all other nodes

. Initialize embeddings hg for all nodes v (using Equations (7) and (8))

. Initialize embeddings rg for all relations ry

.forl=1to L do:
G exp = Subgraph Expansion (Ginf, G, 6, S)
(Ginf, al, al,, b, x}) = Subgraph_Prune (¢ exp, ¢, b, ', 1!, ab 1, 6, K)

. // Final Prediction
10. for entity ¢; in £ do:

1
2
3
4
5. // Iterative Reasoning
6
7
8
9

11. ae;(q) =0

12. // Aggregate attention scores for this entity across all timestamps
13. for node v = (¢;, ) in Ginf do:

14. ae,(q) = sum(ay(q) | v(e) = e;) // Equation (15)

15. epreq = ArgMaxAttentionScore(e;)
16. return ep,req

4.2. Inference Subgraph Expansion

The expansion of the inference subgraph is accomplished by sampling the one-hop re-
laxed prior neighbor nodes of the initial node v,. For a given query g, the entity—timestamp
pair v, = (e, t;) serves as the initial node of the inference subgraph Ginf. Since the out-
come of an event is influenced by all preceding events, the timestamps ¢’ of sampled prior
neighbors must satisfy the constraint ¢’ < t,.

During the initialization phase of Ginf, only the initial node v, is present. According
to the definition of one-hop relaxed prior neighbors in Equation (3), the timestamp of v is
t, and the timestamps of its neighbors satisfy (t'< t; + &) A (t'< t;) = t’ < tq. Consequently,
the one-hop strict prior neighbor coincides with its one-hop relaxed prior neighbor set, i.e.,
N oy = N, o, At the first inference step (I = 1), the candidate sampling nodes correspond
exclusively to the one-hop strict prior neighbors of v;. When I > 1, Ginf has undergone [ — 1
rounds of expansion; aside from the initial node v, all other nodes v = (g;, t) in the subgraph
possess timestamps ¢; earlier than f;. Sampling their one-hop relaxed prior neighbors as
candidate nodes allows the inclusion of additional events occurring close to ¢, thereby
enriching the temporal context for reasoning.

Let the set S, comprise all quadruples connecting node v in Ginf to its one-hop relaxed
prior neighbor set V. Denote the cardinality of S, as |S,|, and an arbitrary quadruple
Sy € Sy can be expressed as:

So(et) = L(Ci i t) EFA(E <t+8)A(H < tg)} (5)
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Because |S,| is typically large, sampling is applied to reduce computational overhead
during each expansion step. Only a subset of S is retained to update Ginf. The sampled
one-hop relaxed prior and posterior neighbor sets of node v are denoted as N and f/’;,
respectively. Considering that events temporally closer to the current timestamp t exert
a stronger influence on prediction, a time-dependent exponential weighting strategy is
adopted for sampling, as defined in Equation (6):

exp(—|t; —t|)
P(s,— (e t) = = (ey e ]'t])) - ) e‘xi:)(|’tm —t]) ©

(eirrl o tm ) €Sy

where At = |t — t| measures the temporal interval between the candidate node’s timestamp
t” and the current node’s timestamp ¢, allowing for the sampling of events that occur slightly
later than ¢. Equation (6) ensures that the probability distribution over the candidate set S,
satisfies the normalization property. Furthermore, as the temporal interval At—o00,P(s,)—0,
thereby enabling the model to prioritize the sampling of temporally proximate events.
Through this strategy, the sampled relaxed prior neighbor nodes are incorporated into the
relaxed prior neighbor set N7

The xERTE samples nodes from the one-hop strict prior neighborhood N, where
the occurrence time of events corresponding to the sampled nodes satisfies ¢’ < t; SR-RTR
samples nodes from the one-hop relaxed prior neighborhood N}, where the occurrence
time of events corresponding to the sampled nodes satisfies ¢’ < t + 6. When the temporal
relaxation factor § = 0, ¢’ < t + 0 is completely equivalent to ¢’ < t, so SR-RTR and xERTE
have exactly the same sampling neighborhood during the inference subgraph expansion
phase. The subgraph expansion workflow of SR-RTR is illustrated in Algorithm 2.

Algorithm 2: Subgraph_Expansion

Input: Current inference subgraph Ginf, temporal Knowledge Graph G, temporal
relaxation factor 6, number of sampled neighbors for each node S

Output: Expanded subgraph G exp

1. Gexp = Ginf// Copy current subgraph

2. for each node v = (e, t) in Ginf do:

3. // Find all one- hop relaxed prior neighbors of v

4. N;e_lazfef = { (ej,t | (ei, rxr ej,t') € FA( <t+06)A(t' <tg)} // Equation (3)
5. // Compute sampling probability

6. Su(est) = L€iTioejt) € FA(Y <t408) A(H < tg)} // Equation (5)
7. P(sy—(e,r) = (i 1€, tj)) = | ):;exi(s!;{p(tjt,,,—ﬂ) // Equation (6)

8. // Sample a subset Svisampledlflrom Sy

9. Sv_sampled = Sample(Sy, P, S)

10. for each quadruple (e, 7%, ¢j, tj) in Sy_sampled doO:

11. u= ((i‘j, f])

12. if u not in G exp then

13. Add node u to G exp

14. Add edge (v, 1y, u) to G exp

15. return G exp

4.3. Inference Subgraph Pruning

To regulate the expansion scale of the inference subgraph Ginf, attention scores for
nodes and edges are computed after each expansion step based on the embedding repre-
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sentations of the sampled nodes and relations. This computation is performed through
attention-based neighbor feature aggregation, whereby edges with lower scores are pruned
and those with higher scores are retained. This selective filtering both controls the size of
the subgraph and ensures that the most informative connections are preserved.

4.3.1. Embedding of Entities and Relations

Because quadruples in TKGs encapsulate dynamic temporal information, it is es-
sential to integrate temporal features into the embedding representations. The SR-RTR
model employs a temporal encoding strategy [19] to encode temporal information, defined
in Equation (7):

F(t) = \/1/dr[cos(wit + P1),...,cos(wat + ¢y, )] (7)

where F(t) denotes the temporal embedding of timestamp ¢ with dimension dr; w = (wx, ..., W, )
and ® = (¢y,...,¢,,) represent learnable frequency and phase parameters, respectively.
Given that the semantic characteristics of entities vary over time, the embedding represen-
tation of an entity ¢; € £ is decomposed into two components: a static embedding and a
temporal embedding, as shown in Equation (8):

e;(t) = [& 1 1F(t)]" € Ristdr (8)

where €; € R% represents the static embedding with dimension ds Since relation semantics
are generally stable over time, the embedding representation of a relation 7, € R is modeled
solely through a static embedding, denoted as ry.

4.3.2. Attention Based Relaxed Neighborhood Aggregation

To more effectively identify key reasoning chains associated with the query g within
the inference subgraph Ginf, this study extends the Temporal Relational Graph Attention
(TRGA) layer of the XERTE model and introduces the Relaxed Temporal Relational Graph
Attention (RTRGA) layer. The improvement primarily enables information propagation
from relaxed prior neighbors to their corresponding relaxed posterior neighbors, aligning
with the relaxed temporal constraints of the inference subgraph. The RTRGA layer takes as
input the embedding representations of entities and relations within the inference subgraph,
aggregates local neighborhood information through an attention mechanism, and outputs
the updated hidden-layer embeddings of entities and relations. In addition, it computes
the attention score of each edge (v, r¢, 1), which reflects its importance in the reasoning
process conditioned on the query 4.

Let u denote a sampled one-hop relaxed prior neighbor of node v, i.e., u € Nf. Since
u and v may be connected through multiple relations i, and the importance of different
relational edges varies, the attention score of edge (v, 1y, u) with respect to query g is defined
as shown in Equation (9):

1 1 1-1]].0—
evu(q/rk) = Ws<hv Hrk l‘ q

-1 1—1 ) -1 1—1
[ wh ([

bl [ ) ©)

where 1; denotes the static embedding of relation ry, and r, represents the static embedding
of the query relation ry; h!, ! is the hidden-layer embedding of node v at the (I — 1)-th
inference step. When [ =1, h) = Wye;(t) + by, and W, and b, are the initial weight
matrix and initial bias matrix for node v, respectively; W. and W/, are used to capture the
feature dependency between query g and nodes. The attention scores of all edges (v, ry, 1)
connected to node v are normalized using the softmax function, as shown in Equation (10):

exp(eb, (q,7¢)) (10)

1
(G, 7k) =
o Zwe/(/g Yr.eRow exp(ehy, (9,72))
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where N/} is the set of sampled one-hop relaxed prior neighbors of node v, and Ry is the
set of relations connecting node v and node w.

As illustrated in Figure 4, the aggregated neighbor representation ﬂ;(q) of node v
at step [ is obtained by the weighted summation of the embedding representations of
the sampled prior relaxed neighbors uy at step [ — 1, with the weights corresponding
to the normalized attention scores of the associated edges. This process is described

in Equation (11):

h()= Y Y b (¢r0hh(q) (11)

ur €N kE€Rvu

Figure 4. Schematic diagram of node aggregating embedding representations of prior relaxed
neighbor nodes. Dég)’ui represents the attention score of the edge between node v and its relaxed prior
neighbor 1; during the I-th step of inference. The blue node in the figure represents the current node
v, and the orange nodes denote the one-hop relaxed prior nodes u; corresponding to node v.

After fusing the node embedding from the previous step with the aggregated neighbor
representation, the resulting fused vector is passed through a fully connected layer with
LeakyReLU activation, yielding the inferential embedding representation of node v at step I.

b (g) = o (Wi (vh () + (1 = 7)o 9) ) +} ) (12)

Among the parameters, 7y is a hyperparameter, while Wfq and bL are learnable parameters.
Concurrently, the embedding representation of relation ry is updated as follows:

r.(q) = Wit ' (q) + b, (13)

The computed edge attention scores &), (g, 7 ), node embedding representations hl, (),
and relation embedding representations rfc (9) are used for subsequent attention propagation
and subgraph pruning. When the RTRGA layer calculates the attention scores of nodes
and edges in the inference subgraph, the prior and posterior nodes of node v in the graph
are directly determined by the sampling results of the inference subgraph expansion phase.
When the relaxation factor ¢ = 0, the sampling neighborhoods of SR-RTR and xERTE are

completely consistent, and SR-RTR degenerates into XERTE.

4.3.3. Attention Propagation and Pruning

Once the edge attention scores are obtained, the attention score of node v with respect
to query g at step [ is further computed. As shown in Figure 5, this score is derived by
aggregating the attention scores from the previous step of the one-hop relaxed posterior
nodes u; of node v, where the aggregation coefficients are the attention scores of the
corresponding edges. The specific calculation is detailed in Equation (14):

ai] (Q) = Zuieﬁ; ZV{GRuv lxiliv (q/ rl)ailjl (‘7) (14)
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Figure 5. Schematic diagram of propagation of posterior neighbor attention scores to node v. The
orange node in the figure represents the current node v, and the blue nodes denote the one-hop
relaxed posterior nodes u; corresponding to node v.

Since the same entity may correspond to multiple nodes with different timestamps,
the final attention score for entity e; is obtained by summing the attention scores of all nodes
in the inference subgraph Ginf whose entity component is ¢;, as specified in Equation (15):

g, (9) = sum(ay(q) [v(e) = ;) (15)

To regulate the scale of the inference subgraph, the contribution score of each edge
within the subgraph is calculated. The higher the contribution score, the more it contributes
to the prediction task. The contribution score of each edge (v, 7¢, 1) in the inference subgraph
is defined as follows:

Coulq, 1) = by (9,71 (q) (16)

After each inference step, the top-K edges with the highest contribution scores are
retained, while edges with lower scores are discarded, allowing for subgraph expansion in
the next inference step.

After L iterations of subgraph expansion and pruning, the attention score for each
entity ¢; in the G is determined. If ¢; appears in the inference subgraph Ginf, its attention
score is computed according to Equation (15); otherwise, its attention score is set to 0.

The quadruples of the G are partitioned into training, validation, and test sets, with
the temporal constraint that the timestamps of the training set are earlier than those of the
validation set, and the validation set timestamps precede those of the test set. For training,
the binary cross-entropy loss function is employed. To avoid overfitting and parameter
redundancy, L2 regularization is adopted in this work to impose constraints on all learnable
parameters. Ultimately, the model predicts the entity with the highest attention score as the
predicted object entity for the query g. The subgraph expansion workflow of SR-RTR is
illustrated in Algorithm 3.

4.4. Computational Complexity Analysis

This section analyzes the computational complexity of the SR-RTR model. The SR-
RTR model consists of L rounds of inference iterations, and each iteration comprises two
core modules: subgraph expansion and subgraph pruning. We define K as the number
of edges retained in the inference subgraph after each pruning step, S as the sampling
size of relaxed prior neighbors during each subgraph expansion, and d as the feature
embedding dimension.

In the subgraph expansion phase, the model samples S relaxed prior neighbors from
the nodes corresponding to K edges, with a computational complexity of O(K:S) for this
phase. The subgraph pruning phase is centered on the Relaxed Temporal Relational Graph
Attention (RTRGA) layer: the computational complexity of calculating attention scores for
edges and nodes is O(K-S-d) (where d is a constant-level feature embedding dimension), the
complexity of normalization and feature aggregation operations is O(K-S), and the final step
of filtering and pruning the top-K edges has a computational complexity of O((K-S)-logK).
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Therefore, for a given number of inference iterations L, the total complexity of the model
can be simplified to O(L-K-S-logK). Since L, K, and S are all fixed hyperparameters, the
model complexity exhibits constant-order growth.

Algorithm 3: Subgraph_Prune

Input: Expanded subgraph G exp, query g, node hidden representation at the (I—1)-th
step hl!, relation hidden representation at the (I—1)-th step ré:l, node attention score at
the (I—1)-th step a}~!, temporal relaxation factor &, number of edges to keep per step K
Output: Pruned subgraph Ginf, node attention score at the I-th step 4!, edge attention
score &, node hidden representation at the I-th step hl, relation hidden representation
at the [-th step rf{

1. // Compute edge attention and aggregate neighbor representations

2. for each node v in G exp do:

3. for each one-hop relaxed prior neighbor u of v via relations ry in Rou do:
4. // Compute unnormalized edge attention
11| 1|l =1]] J— 11| | =1l =1 ]| -
5. ehu(9,r) = WL || B | )W i | ) /7
Equation (9)
! _ exp(ety (9,7%)) ;
> o (q, rk) - Zw6N5 LreRow exp(eérw(qrrz)) // Equatlon (10)

7. // Update node embedding

~1 _ .
8. By(9) =T, _gr Drera, thu (9, 70y (9) // Equation (1)

9. hl(q) = U(Wﬁl (’yhi,*l(q) +(1- 'y)f\;(q)) + bﬁ,) // Equation (12)

10. / /Update relation embeddings

11. th(q) = Wilr]l(_l(q) —|—b£l // Equation (13)

12. // Propagate node attention via posterior neighbors

13. for each node v in G exp do:

14. for each one-hop relaxed posterior neighbor u of v via relations r in Rou do:
15 ay(9) =X, 5 TrieRy ¥uo(9, 1) (q) // Equation (14)

16. // Prune to Top-K edges by contribution score

17. cou(q,1%) = &b, (q,7¢)al () // Compute edge contribution Equation (16)

18. Select Top-K edges with highest values ¢y (g, 7¢), build Ginf with these edges and
their nodes

]

19. return Ginf, a}, al , h!, rg(

It is important to note that the inference subgraph of the SR-RTR model only samples
query-related nodes from the temporal knowledge graph G, and the maximum number of
nodes contained in the subgraph is much smaller than the total number of entities | £ | in
the TKG. Built upon the xERTE framework and its extension of the TRGA layer, the SR-RTR
model has nearly the same computational complexity as xERTE. Although the introduction
of the temporal relaxation factor J expands the scope of candidate sampling nodes, it only
adds a constant-time relaxation check. In contrast, baseline models such as RE-Net and
RE-GCN often need to process all entities in the TKG, with a computational complexity of
O(1 £ 1-d) that increases significantly as the TKG scale grows.

5. Experiments

This section presents experiments conducted to validate the effectiveness of the pro-
posed SR-RTR model.
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5.1. Datasets

The experiments are performed on benchmark datasets for TKGs, specifically the
YAGO dataset [23] and the Integrated Crisis Early Warning System (ICEWS) dataset [24].
The YAGO dataset is a temporal knowledge base that integrates data from Wikipedia
and the English WordNet dataset [25]. For the purpose of this study, a subset of YAGO
is used, retaining only year-level temporal granularity while discarding month and day
information, consistent with the experimental setup of XERTE. The ICEWS dataset draws
from over 100 data sources, covering more than 250 international and regional news events.
It includes dynamic data across various domains such as politics, economics, and society,
and has become a key benchmark for TKG research. To assess model performance, three
subsets of ICEWS are selected: ICEWS14, ICEWS18, and ICEWS05-15, covering events
from 2014, 2018, and the period from 2005 to 2015, respectively. Each dataset is split into
training, validation, and test sets, adhering to the temporal constraint that the timestamps
of the training set precede those of the validation set, and the timestamps of the validation
set precede those of the test set. Detailed statistical information for each dataset is provided
in Table 1.

Table 1. Statistics of YAGO, ICEWS14, ICEWS18 and ICEWS05-15 datasets.

Dataset 1€ IR I Nirain Noatid Niest Ntimestamp ~ Time Granularity
YAGO 10,038 10 51,205 10,973 10,973 194 year
ICEWS14 7128 230 63,685 13,823 13,222 365 day
ICEWS18 23,033 256 373,018 45,995 49,545 304 day
ICEWS05-15 10,488 251 322,958 69,224 69,147 4017 day

5.2. Baseline

The model proposed in this paper is compared with both static and TKG rea-
soning models. For static knowledge graph reasoning, the comparison baselines in-
clude TransE [11], DistMul [26], and ComplEx [27]; for TKG reasoning, the baselines
include TTransE [28], TA-DistMult/TA-TransE [29], DE-SimplE [30], TNTComplEx [31],
CyGNet [18], RE-Net [17], and xERTE [9].

5.3. Evaluation Criteria and Experimental Setting

The evaluation metrics used in this experiment are hits@k and Mean Reciprocal Rank
(MRR). Specifically, for each quadruple (es, 7, e,, t) in the test set Gtest, two queries are
constructed: (2, 7, e,, t) and (es, ¥~ 1, 2, t), where ! denotes the reciprocal relation of r.
For each query, the model ranks all entities in the final inference subgraph based on their
attention scores. If the correct entity does not appear in the final inference subgraph, its
rank is set to | £ | (i.e., the total number of entities in the dataset). Here, rank(es)represents
the predicted rank of the correct entity e, in the query (?, r, ey, t), and rank(e,) represents
the predicted rank of the correct entity e, in the query (e, r~1,2,t). The calculation formula
for MRR is given in Equation (17).

1 1 1
MRR = 2|Grest| qugtm (rzmk(es) + rank(eo)) 17

All experiments are conducted in a hardware environment consisting of an Intel
Xeon® Gold 5218 CPU @ 2.30GHz (64 cores) (Intel Corporation, Santa Clara, CA, USA),
NVIDIA GeForce 3090 GPU (24 GB memory) and 256 GiB RAM (NVIDIA Corporation,
Santa Clara, CA, USA). Experiments based on the SR-RTR model are run five times, with
each run trained for 10 epochs. The Adam optimizer is used for parameter training, and
the learning rate is set to 0.0002. For experiments on the four datasets (YAGO, ICEWS14,
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ICEWS0515, and ICEWS18), the maximum number of retained edges is set to 60, 40, 40,
and 60, respectively.

5.4. Experimental Results

The optimal values of the inference iteration step L and the temporal relaxation factor
b are determined through experimental validation. Table 2 presents the entity prediction
results for the YAGO dataset and the three ICEWS subsets.

Table 2. Prediction results on datasets.

Dataset YAGO-Filtered ICEWS14-Filtered ICEWS18-Filtered ICEWSO0515-Filtered
Model MRR  hits@1 hits@3 hits@10 MRR  hits@1 hits@3 hits@10 MRR  hits@1 hits@3 hits@10 MRR  hits@l hits@3 hits@10
TransE [11] 11.69 1037 1196 1383 2248 1336 2563 4123 12.24 5.84 12.81 25.10 22.55 13.05 25.61 42.05
DisMult [26] 1198 1020 1231 1493 2767 1816 31.15 46.96 10.17 4.52 10.33 21.25 28.73 19.33 32.19 47.54
ComplEx [27] 1207 1042 1236 1482 30.84 2151 3448 4958 21.01 11.87 23.47 39.87 31.69 21.44 35.74 52.04
TTransE [28] 5.68 1.42 9.04 1121 1343 3.11 1732 3455 8.31 1.92 8.56 21.89 15.71 5.00 19.72 38.02
TA—][D;;%\/[ult 11.50 1021 1190 13.88 2647 17.09 3022 4541 16.75 8.61 18.41 33.59 24.31 14.58 27.92 44.21
TA-TransE [29] 6.74 2.13 11.01 1228 1741 0.00 29.19 4741 12.59 0.01 17.92 37.38 19.37 1.81 31.34 50.33
DE-SimplE [30]  11.73 1070 1210 1351 3267 2443 35.69 49.11 19.30 11.53 21.86 34.80 35.02 2591 38.99 52.75
TNT%;’EPIEX 12,00 11.12 1213 1357 3212 2335 36.03 49.13 21.23 13.28 24.02 36.91 27.54 19.52 30.80 42.86
GyGNet [18] 1248 11.00 1266 1482 3273 23.69 36.31 50.67 2493 15.90 28.28 42.61 3497 25.67 39.09 52.94
RE-Net [17] 54.87 4751 57.84 65.81 3828 28.68 4134 54.52 28.81 19.05 32.44 47.51 4297 31.26 46.85 63.47
XERTE [9] 53.62 48.53 5842 60.53 40.79 3270 45.67 57.30 29.31 21.03 33.51 46.48 46.62 37.84 52.31 63.92
SR-RTR 53.66 48.18 58.77 61.37 41.85 33.74 4690  58.08 29.75 21.53 34.30 47.02 47.26 38.55 52.94 64.42

aZ

The best results are shown in bold, and the second-best results are shown with an underline

Specifically, all evaluation criteria of SR-RTR are reported as the final results as the
average of three independent experiments, whereas the results of all evaluation criteria for
the other baseline models are retrieved from their published papers. All results are obtained
using a time-dependent filtering scheme, where only the real triples that exist at the time of
the query are considered. Experimental results show that the reasoning mechanism with
the temporal relaxation factor proposed in this paper outperforms other models overall:
compared to the baseline models, it achieves improvements across all evaluation metrics,
with its prediction results reaching optimal or near-optimal levels.

The datasets used in this experiment differ in temporal granularity: the YAGO dataset
has a temporal granularity of “year,” while the three ICEWS subsets (ICEWS14, ICEWS1S,
and ICEWS0515) have a temporal granularity of “day.” Considering that the optimal values
of the temporal relaxation factor § correspond to different time granularities, we focus on
discussing é with shorter spans on the YAGO dataset, while we focus on J with longer
spans in the three subsets of the ICEWS dataset. Consequently, separate experiments are
conducted for these two categories of datasets to identify the optimal temporal relaxation
factor and inference iteration step, followed by result analysis.

5.4.1. Result Analysis on the YAGO Dataset

For the YAGO dataset, the impact of selecting inference steps L on the experimental
results is first analyzed. Figure 6a shows that there is no significant difference in time
cost between 6 = 0 and J = 1; however, both increase substantially as the reasoning step L
increases. Figure 6b demonstrates that the MRR values for § = 0 and § = 1 first increase and
then decrease with the increase in L, reaching their optimal values when L = 3. Furthermore,
the MRR value for 6 = 1 consistently outperforms that for § = 0. When L =4, the MRR values
for both J settings decrease, but the reduction is significantly smaller for § = 1 than for 6 = 0.
The degradation trend persists as L further increases to 5. These results suggest that as L
increases, more prior neighbor nodes introduce new information into the reasoning process,
enhancing the MRR value. However, this information also introduces noise, and further
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increases in L reduce reasoning accuracy due to the noise. Introducing an appropriate
temporal relaxation factor helps significantly mitigate the impact of noise.
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Figure 6. Influence of inference step L values on training time and MRR. (a) Comparison of time
cost across different inference step L values in one epoch; (b) Comparison of MRR across different
inference step L values.

The experiment further explores the impact of the temporal relaxation factor 6 on the
experimental results. With the inference steps fixed at L =1, L = 2, and L = 3, the results
for each reasoning evaluation metric at ¢ values of 0, 1, 2, and 3 are shown in Figure 7.
Figure 7a demonstrates that for L = 1 and L = 2, the MRR values for § =1, 2, and 3 are
all superior to those for § = 0. However, when L = 3, the MRR value for § = 1 remains
better than for 6§ = 0, while the MRR values for § = 2 and § = 3 are significantly lower. This
suggests that as the number of reasoning steps increases, a further increase in J results in
the negative impact of mixed noise outweighing the benefits of expanding the sampling
candidate range. As shown in Figure 7b, when L = 3, the hits@1 values for § = 1, 2, and
3 are lower than for 6 = 0. However, when L = 2, the hits@1 value for é = 1 (48.58%) and
6 = 3 (48.53%) are both equal to or greater than the hits@1 value for § =0 at L = 3 (48.53%).
This indicates that introducing the temporal relaxation factor can reduce the number of
reasoning steps, improving the search efficiency of the hits@1 metric. Figure 7c,d show that
for hits@3 and hits@10 metrics, the advantage of the temporal relaxation factor is more
pronounced, consistently outperforming the corresponding J = 0 metrics across different
inference steps L.

To determine the optimal combination of the inference step L and temporal relaxation
factor 5 on the YAGO dataset, we fixed L at 1, 2, and 3 and analyzed the impact of their
interaction on model performance by combining Pearson correlation coefficients. When
L =1 or 2, 6 exerts a weak influence on all metrics, with Pearson correlation coefficients all
satisfying |r| < 0.3—which indicates that the subgraph scale is limited under low inference
steps, and the relaxation of temporal constraints brought by § cannot significantly alter
model performance. When L = 3, the influence of  on the metrics increases significantly
with differentiated directions: it exhibits a strong negative correlation with MRR (r = —0.82)
and hits@1 (r = —0.88), which implies that an excessively large 6 will introduce redun-
dant noise and offset the gains from expanding the candidate sampling pool; it shows a
moderate negative correlation with hits@3 (r = —0.45), as hits@3 has higher fault tolerance
for candidate entities and is less affected by noise; and it presents a moderate positive
correlation with hits@10 (r = 0.68), because the paths obtained through the temporal con-
straint relaxation introduced by é can cover more potential correct entities, and hits@10 has
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stronger noise tolerance. A comprehensive analysis of the four evaluation metrics reveals
that the optimal reasoning performance occurs when § = 1 and L = 3. This combination
not only captures valid reasoning paths through moderate temporal relaxation but also
avoids performance degradation caused by an excessively large 6, with specific results

shown in Table 2.
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Figure 7. The impact of temporal relaxation factor & values on MRR and hits@k (k = 1,3,10) on
the YAGO dataset. The black and red vertical lines in the figure represent the standard devi-
ation. (a) Comparison of MRR across different J values; (b) Comparison of hits@1 across dif-
ferent ¢ values; (c¢) Comparison of hits@3 across different ¢ values; (d) Comparison of hits@10

across different ¢ values.

5.4.2. Result Analysis on the ICEWS14, ICEWS18, and ICEWS0515 Datasets

Since the ICEWS14 dataset shares a similar source with the ICEWS18 and ICEWS0515
datasets but is smaller in scale, this study focuses on examining the impact of different
temporal relaxation factors 6 on various evaluation metrics in more detail using this dataset.
Existing research has already established conclusions regarding the value of inference
step L for the xXERTE model, so the experiment limits the comparison to scenarios where
L < 3. Given the finer temporal granularity of the ICEWS14 dataset, the experiment selects
é values of 0, 2, 3,7, 15, and 30 to explore their effects on the four evaluation metrics, with

results presented in Figure 8.



Mathematics 2025, 13, 3688

17 of 23

425 345
4
2 34r
415
335
41
=
I oy
L405 e 33
¥ ®
x 40 2
= F 325
395
32r
39r
38.5 315
38
31
2 3 1 2 3
Inference Step L Inference Step L
(@) (b)
475
47
46.5
46 o=
g | g
é 455 o
2 g
T 45 T

2 3
Inference Step L Inference Step L

(© (d)

Figure 8. The impact of temporal relaxation factor & values on MRR and hits@k (k = 1,3,10) on
the ICEWS14 dataset. The black and red vertical lines in the figure represent the standard devia-
tion. (a) Comparison of MRR across different § values; (b) Comparison of hits@1 across different
6 values; (c¢) Comparison of hits@3 across different J values; (d) Comparison of hits@10 across
different ¢ values.

Experimental findings show that, except for the hits@1 metric—where the value at
L =3 slightly decreases compared to L = 2 for ¢ = 2, 7, and 30—all other metrics exhibit an
upward trend as L increases. In fact, for § > 0, the metrics MRR, hits@1, and hits@3 at L = 2
surpass their corresponding values at L = 3 when ¢ = 0. This suggests that, similar to the
pattern observed in the YAGO dataset, introducing a temporal relaxation factor into the
reasoning model for ICEWS14 not only improves reasoning accuracy but also enhances
reasoning efficiency.

When the inference step L = 3, the results of the four evaluation metrics for different
relaxation factors J are shown in Table 3. Experimental results indicate that the hits@10
metric is slightly lower than that at § = 0 only for 6 = 2 and ¢ = 30; for all other ¢ values,
all metrics outperform those at 6 = 0. The variation patterns of different metrics with 6
differ: hits@3 and hits@10 first increase and then decrease as § increases, while hits@1
and MRR show a fluctuating upward trend, with a decrease observed only at § = 7. This
behavior suggests that increasing 6 within an appropriate range can expand the candidate
set of sampled nodes, thereby improving the multi-hit rate. However, excessively large &
introduces more noise. Thus, selecting an optimal ¢ is crucial to balance noise interference
and the benefits of an expanded sampling range.
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Table 3. Prediction results with different temporal relaxation factors J for the model on

ICEWS14 (L = 3).

é MRR hits@1 hits@3 hits@10

0 40.93 £ 0.17 32.84 +0.24 45.86 + 0.18 57.32 £ 0.15
2 41.09 + 0.02 33.16 £ 0.08 46.05 £ 0.11 57.09 £ 0.25
3 41.67 £ 0.12 33.72 £0.11 46.54 = 0.11 57.57 £0.12
7 41.31 £ 0.03 33.03 = 0.08 46.55 + 0.05 57.84 £+ 0.08
15 41.85 £ 0.10 33.74 £ 0.11 46.90 £ 0.09 58.08 + 0.04
30 41.17 £ 0.04 33.00 £ 0.05 46.33 £ 0.04 57.25 £ 0.08

The best results are shown in bold.

To determine the optimal combination of the number of inference steps L and the
temporal relaxation factor § on the ICEWS14 dataset, we analyze the impact of their
interaction on model performance using Pearson correlation coefficients. When L =1, §
shows a strong positive correlation with MRR (r = 0.78), hits@3 (r = 0.83), and hits@10
(r = 0.92), and a moderate positive correlation with hits@1 (r = 0.65), due to the small
subgraph scale and low noise. When L = 2, § still maintains a strong positive correlation
with hits@10 (r = 0.75), shifts to a moderate positive correlation with MRR (r = 0.45) and
hits@3 (r = 0.61), and decreases to a weak correlation with hits@1 (r = 0.28), indicating that
the increase in subgraph depth makes the performance gain of 4 more inclined to metrics
with higher fault tolerance. When L = 3, 6 exhibits a moderate positive correlation with
all metrics (r = 0.35-0.58), all metrics achieve optimal values at § = 15; when 6 increases to
30, all evaluation metrics experience a significant decline. This suggests that the subgraph
depth is sufficient at this point, and excessive relaxation of temporal constraints is prone to
introducing redundant noise, so J = 15 is needed to balance the expansion of sampling paths
and noise suppression. Based on the comprehensive analysis above, compared with the
YAGO dataset, the ICEWS14 dataset has a higher graph density, so moderately increasing 4
can more fully capture valid inference paths. The model achieves the optimal performance
when L = 3 and b = 15. Based on these findings, the parameter combination of L = 3 and
0 =15 is chosen for the experiments conducted on the ICEWS18 and ICEWS0515 datasets,
with the specific results shown in Table 2.

5.5. Statistical Significance Test

To verify whether the performance of the proposed SR-RTR model exhibits a statisti-
cally significant improvement, we employed a two-tailed t-test with a significance level of
o = 0.05 to examine the significance of differences in four evaluation metrics between the
SR-RTR model and the baseline model xERTE. The results of xERTE on the four datasets are
the mean values =+ standard deviations of three independent runs, obtained by re-running
its publicly available code. These results are slightly different from those reported in the
original XERTE paper (see Table 2). The specific results are shown in Table 4 (* indicates a
statistically significant improvement): with the exception of no significant differences in the
MRR, hits@1, and hits@3 metrics on the YAGO dataset, the hits@10 metric on the YAGO
dataset and all metrics on the three subsets of the ICEWS dataset are significantly superior
to the corresponding metrics of XERTE. The results of the significance test demonstrate
that the SR-RTR model is more effective for the three subsets of the ICEWS dataset. It is
hypothesized that this is because the graph density of the three ICEWS subsets is greater
than that of the YAGO dataset, and the introduction of the relaxation factor can more fully
capture events with a closer time interval to the current time, thereby leading to a more
significant improvement in model performance.



Mathematics 2025, 13, 3688

19 of 23

Table 4. Two-tailed t-test results (significance level « = 0.05) of SR-RTR and XERTE models (YAGO-
filtered: L = 3, § = 1; ICEWS14-filtered, ICEWS18-filtered, ICEWS0515-filtered: L = 3, 5 = 15).

Dataset Model MRR hits@1 hits@3 hits@10
YAGO-filtered XxERTE 53.55 + 0.08 48.51 +0.10 58.42 + 0.10 60.20 + 0.22
-filtere SR-RTR 53.66 + 0.06 48.18 + 0.13 58.77 + 0.04 61.37 & 0.02 *
ICEWS14- XxERTE 40.93 +0.17 32.84 + 0.24 45.86 + 0.18 57.32 + 0.15
filtered SR-RTR 41.85 +0.10 * 33.74 +0.11*% 46.90 + 0.09 * 58.08 4+ 0.04 *
ICEWS18- xERTE 29.19 + 0.10 20.91 +0.10 33.40 + 0.10 46.33 +0.13
filtered SR-RTR 29.75 4+ 0.10 * 21.53 + 0.09 * 34.30 + 0.04 * 47.02 + 0.06 *
ICEWS0515- XxERTE 46.54 + 0.09 37.79 + 0.09 52.18 & 0.13 63.83 £ 0.15
filtered SR-RTR 47.26 + 0.05 * 38.55 + 0.12 * 52.94 + 0.08 * 64.42 + 0.05 *

Symbol * indicates a statistically significant improvement.

5.6. Case Analysis

After L rounds of expansion and pruning iterations, the inference subgraph Ginf is
obtained. Both the nodes and edges of this subgraph are assigned corresponding attention
scores, enabling the tracing of key factual bases for the model’s predictions and providing
clear explanatory support for its reasoning. This study selects a query case “(John Kerry,
Make a visit, ?, 2014-11-11)” from the ICEWS14 test dataset and visualizes the prediction
result by presenting the inference subgraph Ginf, as shown in Figure 9. Figure 9 displays
a partial view of the inference subgraph, highlighting the top 6 entities with the highest
attention scores: the wider the edge, the greater its contribution; the larger and darker the
node, the higher its attention score. The largest and darkest node represents the prediction
result. The final prediction for this query is Oman, with the primary supporting basis being
“(John Kerry, express intent to meet or negotiate, Oman, 2014-11-09)”.
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Figure 9. Reasoning subgraph for query (John Kerry, Make a visit, ?, 2014-11-11). The biggest red
node represents the object predicted by SR-RTR. The blue node with the entity John Kerry and the
timestamp 2014-11-11 represents the given query subject and the query timestamp. The node size
and color indicate the value of the node attention score; the larger and darker the node, the higher its
attention score. The edges” width indicates the contribution score of the edge; the wider the edge,
the greater its contribution. The entity at an arrow’s tail, the relation on the arrow, the entity and the
timestamp at the arrow’s head build a true quadruple.

Host a visit

Inference comparisons were conducted using the SR-RTR model with temporal relax-
ation factors 6 = 0 and 6 = 15, respectively, both yielding correct prediction results. When
5 = 0, the attention score for the entity Oman was 0.4064; when 6 = 15, the attention score for
Oman increased to 0.6585. Table 5 presents the edges related to the predicted entity Oman
in the final inference subgraph Ginf: at § = 0, 7 edges were associated with Oman, while
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at § = 15, the number of associated edges increased to 10. The identification of additional
relevant clues effectively enhanced the confidence in the prediction results.

Table 5. Relevant edges of the entity Oman in the inference subgraph Ginf for the query “(John Kerry,
make a visit, ?, 2014-11-11)".

) The Relevant Edges Related to Entity Oman in Ginf

(John Kerry, Express intent to meet or negotiate, Oman, 2014-11-10)
(Iran, Make statement, Oman, 2014-11-09)

(Oman, Host a visit, Iran, 2014-11-09)

(Iran, Make a visit, Oman, 2014-11-09)

(Catherine Ashton, Make a visit, Oman, 2014-11-10)

(Mohammad Javad Zarif, Express intent to meet or negotiate, Oman,
2011-11-08)

(Oman, Host a visit, Catherine Ashton, 2014-11-10)

(John Kerry, Express intent to meet or negotiate, Oman, 2014-11-09)

(John Kerry, Express intent to meet or negotiate, Oman, 2014-11-10)
(Oman, Host a visit, John Kerry, 2014-11-09)

(Catherine Ashton, Make a visit, Oman, 2014-11-10)

(Oman, Host a visit, Iran, 2014-11-09)

(Mohammad Javad Zarif, Make a visit, Oman, 2011-11-09)

(Catherine Ashton, Make a visit, Oman, 2014-11-09)

(Catherine Ashton, Express intent to meet or negotiate, Oman, 2014-10-31)
(Catherine Ashton, Express intent to meet or negotiate, Oman, 2014-11-03)
(Oman, Host a visit, Mohammad Javad Zarif, 2014-11-09)

15

6. Conclusions

This study introduces a TKG subgraph reasoning method based on relaxed temporal
relations. The method’s core involves extracting a query-related inference subgraph from a
given TKG, comprising two main phases: subgraph expansion and subgraph pruning. In
the expansion phase, a relaxed temporal factor is applied to loosen the order constraint on
the occurrence times of past events. A time-dependent exponential weight strategy is then
used to sample one-hop relaxed prior neighbor nodes, allowing the method to handle past
events in a manner that better reflects real-world scenarios. During the pruning phase, an
attention propagation mechanism computes attention scores for the nodes and edges in
the subgraph, determining the pruning objects based on these scores. Through iterative
rounds of subgraph expansion and pruning, the predicted entity is ultimately obtained. The
introduction of the temporal relaxation factor enhances the model’s reasoning paths and
increases its flexibility. Moreover, the computation of attention scores provides insight into
the key influences of nodes and edges on the reasoning process, making it more intuitive
and interpretable. Experimental results on four benchmark datasets demonstrate that the
proposed SR-RTR method captures more relevant reasoning paths, thus improving the
accuracy and efficiency of the model’s reasoning.

It is worth noting that the temporal relaxation strategy proposed in this paper still
has certain limitations in its applicable scenarios: in scenarios such as political and social
news where events are often clustered and strict chronological order within these clusters
is less important than their collective occurrence, the effectiveness of this strategy has been
verified by the experimental results in our study; however, in domains such as biological
process modeling and financial transaction records where there are strict fine-grained
causal dependencies and the order of events plays a decisive role, this method may be
counterproductive. In future work, there remain several challenging research directions:
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(1) In this study, the temporal relaxation factor 4 is set as a global hyperparameter, and
its optimal value is determined through experimental tuning on different datasets.
However, this setting implicitly assumes that the occurrence time of events follows
a uniform distribution. In real-world scenarios, the event density across entities or
time periods within a temporal knowledge graph is often not uniform. Therefore,
designing an adaptive method to determine the optimal value of § based on the local
characteristics of nodes remains a challenging research direction.

(2) Current research is still limited to qualitative analysis of the interpretability of model
prediction results with the help of inference subgraphs. In the future, we may consider
introducing standardized quantitative indicators such as faithfulness, combined with
experimental designs like counterfactual reasoning, to systematically verify the causal
correlation between inference subgraphs and prediction results, thereby enhancing
the credibility of quantitative evaluation of interpretability and its reference value for
practical applications.

(3) This paper assumes that relation semantics are generally stable over time and models
relations using the static embedding ry; nevertheless, this assumption has certain
limitations when applied to domains with semantic drift. Therefore, integrating
time-aware relation embedding representations and exploring the interaction between
temporal structural relaxation and semantic-temporal dynamics will be a highly
valuable extension direction.

(4) Although we have verified the effectiveness of the SR-RTR model on four of the most
widely used standard benchmark datasets, conducting comparative experiments on
more large-scale datasets from other domains (e.g., GDELT or WIKIDATA) can further
verify the model’s generalization performance and clarify its applicable boundaries.
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