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A B S T R A C T A R T I C L E   I N F O 
To tackle the pronounced temporal dynamics and intricate interdependencies 
within process manufacturing knowledge, this paper introduces an innovative 
framework: the Adaptive Multi-Scale Temporal Path Fusion Network 
(AMTPFNet). The method constructs short-term (high-frequency) and long-
term (low-frequency) historical subgraphs to generate multi-scale temporal 
representations. It also employs a self-attention mechanism for query-aware 
temporal path modeling, enabling adaptive weight allocation based on varying 
time spans. Extensive experiments are conducted on benchmark datasets, in-
cluding ICEWS18, GDELT, WIKI, and YAGO. Additionally, an application analy-
sis is presented using electromechanical fault data. The results demonstrate 
that AMTPFNet exhibits remarkable effectiveness and robustness in temporal 
knowledge graph reasoning tasks, achieving MRR scores of 0.914 on YAGO and 
0.838 on WIKI. It achieves high efficiency in predicting future production facts 
and assessing process quality in industrial workflows. Root causes of failures 
(e.g., insulation, friction) for motor components (stators, rotors) are accurately 
predicted, demonstrating the framework’s transferability to real-world manu-
facturing scenarios. Although electromechanical fault data are used as a case 
study, the framework generalizes to manufacturing quality prediction and is 
readily transferable to finance, healthcare, and social media analytics. 
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1. Introduction
With the rapid advancement of Industrial Internet technologies, process manufacturing enter-
prises have amassed substantial volumes of historical data through intelligent monitoring termi-
nals and data acquisition systems. These data capture equipment operating conditions, failure 
events, and associated process operations, encompassing dynamic information such as the failure 
types of critical equipment, temporal patterns of occurrence, and their scope of impact. Moreover, 
these data exhibit complex temporal coupling with process parameters and product quality out-
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comes. Over time, enterprises have also accumulated extensive domain knowledge and experien-
tial rules, including operational guidelines, fault response strategies, and maintenance protocols. 
The deep integration of equipment failure data with domain knowledge provides a robust foun-
dation for intelligent diagnostics. This enables quality prediction in process manufacturing based 
on anomalous equipment behaviors. 

Currently, most studies have focused on quality prediction using mathematical modeling or 
machine learning techniques. While these approaches have yielded performance improvements 
to some extent, they are hindered by two significant limitations. First, they lack the capability to 
structurally represent and integrate domain knowledge, such as operational standards and expe-
riential insights, particularly in situations of time constraints or crises [1]. Second, they fail to ef-
fectively capture the pronounced temporal characteristics and interdependent coupling among 
variables inherent in process data [2]. Although machine learning techniques have been applied 
for fault prediction in manufacturing, they may not adequately capture the temporal dynamics 
and interdependencies within process data [3, 4]. Consequently, a critical challenge in intelligent 
process manufacturing is to develop a quality prediction model that effectively integrates process 
data with domain knowledge. This model must also be both temporally aware and capable of 
causal reasoning. 

Knowledge Graph (KG), as a structured representation method for entities and their relation-
ships, has been widely applied in various fields such as Natural Language Processing, Recom-
mender Systems, and Intelligent Question Answering. Xie et al. [5] demonstrates the potential of 
knowledge graphs in managing the complex relationships and dependencies in supply chains. 
However, knowledge in the real world is not static; it exhibits significant temporal dynamics. For 
instance, the evolution of international events, the changes in social network relationships, and 
the fluctuations in financial transactions all evolve over time. To more accurately model such dy-
namic knowledge, Temporal Knowledge Graphs (TKG) have emerged. By incorporating temporal 
dimension information into traditional knowledge graphs, TKGs empower reasoning models with 
the ability to understand and predict the evolution of relationships between entities over time, 
thereby demonstrating substantial value in tasks such as event prediction, anomaly detection, and 
knowledge completion. 

Knowledge Graph Embedding (KGE) aims to map entities and relations into continuous vector 
spaces, thereby enhancing computational efficiency and model generalization while preserving 
the structural information of the graph. KGE has been widely applied in knowledge graph reason-
ing tasks. Early embedding methods primarily include translation-based models and semantic 
matching models [6]. Translation-based models, such as that proposed by Bordes et al. [7], assume 
that a relation is represented as a translation vector from the head entity to the tail entity. While 
Wang et al. [8] and Lin et al. [9] capture more complex relationships by projecting into a specific 
relationship or entity space. Semantic matching models, including those by Trouillon et al. [10], 
model the interactions between entities and relations through tensor decomposition and other 
related techniques. Furthermore, deep neural network-based models, such as those proposed by 
Dettmers et al. [11] and Schlichtkrull et al. [12], leverage convolutional neural networks and graph 
neural networks to further enhance the expressiveness of embeddings. 

However, these methods are primarily designed for static knowledge graphs and are unable to 
effectively handle dynamic information that evolves over time. Knowledge graphs in the real 
world are subject to dynamic changes; for example, the attributes of entities may change over 
time, and relationships between entities can emerge, disappear, or evolve [13]. Therefore, effec-
tively handling temporal information has become a key focus in the research of knowledge graph 
embedding. To capture the temporal characteristics of facts in knowledge graphs, researchers 
have introduced the concept of Temporal Knowledge Graphs (TKG) and developed various tem-
poral reasoning methods. Dasgupta et al. [14] capture temporal information by projecting entities 
and relations onto hyperplanes associated with specific timestamps. Goel et al. [15] define a func-
tion that takes entities and timestamps as inputs to generate time-specific representations. In ad-
dition, Liu et al. [16] defined the joint probability distribution of all events using an autoregressive 
approach to perform temporal reasoning. Zhu et al. [17] propose a copy-generation mechanism 
to predict future events based on historical vocabulary. Li et al. [18] introduce a model that incor-
porates a Historical Information Completion Strategy (HICS) and a Pretrained Language Model 



Zong, Shuai 
 

382 Advances in Production Engineering & Management 20(3) 2025 
 

(PLM) to perform interpretable inductive reasoning over temporal knowledge graphs. Further-
more, Liu et al. [19] enhance the accuracy and interpretability of temporal prediction by propos-
ing an adaptive framework for temporal knowledge graph reasoning with dynamic event-driven 
dependencies. Some studies have also begun to explore the integration of knowledge graphs with 
Large Language Models (LLMs) to enhance the capability of LLMs in complex reasoning and 
knowledge-intensive tasks [20]. In addition, Transformer models have been revisited and applied 
to knowledge graph reasoning to address the limitations of message passing neural networks [21]. 

However, these methods typically rely on fixed-length time windows. This makes it difficult to 
simultaneously capture both short-term high-frequency dynamics and long-term low-frequency 
trends. In addition, many methods use simple weighting or multiplication operations in edge 
weight modeling, failing to adequately consider the varying importance of different historical facts 
for querying relationships, which affects the reasoning capability of the model. 

To address the aforementioned issues, this paper proposes an Adaptive Multi-scale Temporal 
Path Fusion Network (AMTPFNet). The key innovations of this method are as follows: 

Multi-scale Historical Information Modeling: By constructing short-term (high-frequency) and 
long-term (low-frequency) historical subgraphs, the recent dynamic changes and long-term evo-
lution trends are captured respectively, enabling the model to leverage more comprehensive tem-
poral information for reasoning. 

Query-aware Temporal Path Modeling: Utilizing a self-attention mechanism, query-based path 
representation is constructed in the multi-scale historical graph, so that the path information of 
different time spans can adaptively adjust the weight, thereby enhancing the reasoning accuracy. 

Adaptive Edge Weight Assignment: During the temporal information passing process, the 
weight of the edge is dynamically allocated through the attention mechanism, enabling the model 
to more accurately model the impact of different historical facts on the current query. 

Through these innovations, experimental results on multiple public datasets (such as 
ICEWS18, GDELT, WIKI, and YAGO) demonstrate that AMTPFNet excels in key metrics such as 
MRR, Hits@1, Hits@3, and Hits@10, validating its effectiveness and robustness in temporal 
knowledge graph reasoning tasks. 

2. Methodology 
2.1 Problem statement 

Temporal Knowledge Graph is an extended form of a Knowledge Graph, where each triple (𝑠𝑠, 𝑟𝑟, 𝑜𝑜) 
(representing the relationship between subject  𝑠𝑠, relation  𝑟𝑟, and object  𝑜𝑜 ) is associated with a 
specific timestamp 𝑡𝑡 , forming a quadruple (𝑠𝑠, 𝑟𝑟, 𝑜𝑜, 𝑡𝑡). Since TKGs aim to capture the dynamic char-
acteristics of entities and relationships evolving over time, their reasoning tasks are primarily di-
vided into two categories [22]: 

Interpolation reasoning: Predicting missing triples in the case of missing facts at certain 
timestamps [15, 23]. For example, completing events that are missing at some time points. 

Extrapolation reasoning: Predicting future possible facts based on historical events [17, 24, 25], 
such as forecasting the event (𝑠𝑠, 𝑟𝑟, ? , 𝑡𝑡 + 1) at a future time 𝑡𝑡 + 1. 

This study investigates extrapolative reasoning through a temporal knowledge graph con-
structed from fault information and causal relationships in electromechanical equipment, specif-
ically motors and their components (e.g., stators, rotors, drive-end bearings, non-drive-end bear-
ings), with associated timestamps of fault occurrences. Formally, the knowledge graph is repre-
sented as a set of temporal quadruples 𝐺𝐺 = (𝑠𝑠, 𝑟𝑟, 𝑜𝑜, 𝑡𝑡). Given a historical time window 𝐺𝐺𝜏𝜏 and a 
query (𝑠𝑠, 𝑟𝑟, ? , 𝑡𝑡 + 1), the task is to infer the most likely object entity 𝑜𝑜, representing the root cause 
of the failure. This approach aims to enhance the timeliness and effectiveness of fault prediction, 
thereby improving the accuracy and reliability of intelligent diagnostic systems in industrial en-
vironments. 
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2.2 Model formulation 
To address the limitations of existing methods in capturing multi-scale temporal information, this 
paper proposes an Adaptive Multi-Scale Temporal Path Fusion Network (AMTPFNet). By model-
ing both short-term (high-frequency) and long-term (low-frequency) historical information, and 
incorporating a self-attention mechanism for query-aware path modeling, the proposed method 
enhances the accuracy and robustness of TKG reasoning tasks. 

Basic mathematical notations 

Detailed information on the basic mathematical notations and the corresponding description of 
AMTPFNet are shown in Table 1. 

Table 1 Applicable mathematical notation list 
Notation Description 

𝑠𝑠 subject entity of the query 
𝑟𝑟 relation of the query 
𝑜𝑜 candidate object entities；𝑜𝑜+ denotes the positive sample, and 𝑜𝑜𝑗𝑗− denotes the 𝑗𝑗-th negative sample 
𝑡𝑡 current timestamp; with the query timestamp set to 𝑡𝑡 + 1 
𝜏𝜏 timestamp 
𝐺𝐺𝜏𝜏 historical subgraph at timestamp τ 
𝑟𝑟𝜏𝜏 composite relation representation, which combines the relation r with the timestamp τ 

𝑘𝑘short the number of continuous timestamps at a short-term scale 
𝑚𝑚total the temporal duration within a long-term historical interval 
Δ sampling interval at the long-term scale 

𝐺𝐺short short-term historical graph, containing facts for τ ∈ [𝑡𝑡 − 𝑘𝑘short + 1, 𝑡𝑡] 
𝐺𝐺long long-term historical graph, containing facts for τ ∈ {t −𝑚𝑚total + 1, t −𝑚𝑚total + 1 + Δ, … , t − 𝑘𝑘short} 
𝑝𝑝s→o

(i)
 the set of all paths from s to o at scale 𝑖𝑖 

𝑝𝑝 a path consisting of several edges 
𝑓𝑓(𝑝𝑝) mapping function of path 𝑝𝑝 
𝜙𝜙(𝑒𝑒𝑖𝑖) encoded representation of edge 𝑒𝑒𝑖𝑖  
⨁ aggregation operation on path representations (e.g., summation, averaging) 
⨂ continuous fusion operation along the path (element-wise product) 

ℎ𝑘𝑘
(𝑖𝑖)(𝑠𝑠, 𝑟𝑟, 𝑜𝑜) node representation at layer k at scale 𝑖𝑖 
𝛹𝛹(𝑟𝑟) ∈ 𝑅𝑅𝑑𝑑  static initial representation of query relation 𝑟𝑟 
𝑁𝑁(𝑖𝑖)(𝑜𝑜) the set of neighboring nodes of node 𝑜𝑜 at scale 𝑖𝑖 
𝛥𝛥𝛥𝛥(𝑜𝑜′, 𝑜𝑜) the relative temporal difference of the edge (𝑜𝑜′, 𝑟𝑟, 𝑜𝑜), defined as (𝑡𝑡 + 1) − 𝜏𝜏 
𝑤𝑤(𝑟𝑟,𝛥𝛥𝛥𝛥) edge weight vector computed based on relation 𝑟𝑟 and the relative temporal difference Δτ 
𝑓𝑓edge(⋅) feedforward network for computing edge weights 

TimeEmb(𝛥𝛥𝛥𝛥) temporal embedding based on Δτ 
𝑎𝑎 self-attention vector 
⊙ Hadamard product (element-wise product) 
| vector concatenation operation 
K number of message passing layers 

𝑧𝑧𝑠𝑠→𝑜𝑜
(𝑖𝑖)  final query-aware representation after 𝐾𝐾 layers of updates at scale 𝑖𝑖 
𝑧𝑧𝑠𝑠→𝑜𝑜 final representation after multi-scale fusion 
Φ(⋅) multi-scale information fusion function implemented using MLP 
χ(𝑟𝑟) projected representation of query relation r 
F(⋅) scoring function (feedforward network) 
σ(⋅) Sigmoid activation function 
𝐿𝐿cls binary cross-entropy loss 
R relation embedding matrix 
I identity matrix 

| ⋅ |𝐹𝐹  Frobenius norm 
𝐿𝐿reg orthogonal regularization term for relation embeddings 
𝐿𝐿attn attention regularization term, encourage attention distribution is close to uniform. 
λ1, λ2 regularization hyperparameter 
𝐿𝐿total total loss 
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Multi-scale historical temporal graph construction 

For a given query (𝑠𝑠, 𝑟𝑟,  ? ,  𝑡𝑡 + 1), where s is the query subject, r represents the query relation, and 
1 is a time step. We construct historical subgraphs at different scales 𝑖𝑖. For scale 𝑖𝑖 (e.g., short-term, 
long-term), the time interval 𝑡𝑡 in the four-dimensional sequence (𝑠𝑠, 𝑟𝑟, 𝑜𝑜, 𝑡𝑡) is used to determine 
the scale, and the short-term and long-term ranges are specified either heuristically or through 
grid search. 

 
Fig. 1 Example of historical temporal subgraph construction 

 

Let the corresponding historical length be 𝑚𝑚𝑖𝑖, and define the multi-scale historical temporal 
graph as 𝐺𝐺(𝑖𝑖) = (s, 𝑟𝑟τ, 𝑜𝑜)|(s, r, o) ∈ 𝐺𝐺τ, τ ∈ [t −𝑚𝑚𝑖𝑖 + 1, t], where 𝑟𝑟𝜏𝜏 represents the composite repre-
sentation of relation r and the time label τ. 𝐺𝐺(𝑖𝑖) denotes the historical temporal subgraph at scale 
𝑖𝑖. Therefore, we construct short-term and long-term historical graphs, as shown in Fig. 1. 

As shown in Fig. 1, let the most recent continuous 𝑘𝑘𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜 timestamps be τ ∈ [𝑡𝑡 − 𝑘𝑘𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜 + 1,  𝑡𝑡], 
and the corresponding short-term historical graph is denoted as 𝐺𝐺short = (s, 𝑟𝑟τ, o)|(s, r, o) ∈ 𝐺𝐺τ, τ ∈
[t − 𝑘𝑘𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜 + 1, t] . Let the long-term historical interval be τ ∈ [𝑡𝑡 − 𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 1,  𝑡𝑡 − 𝑘𝑘𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜] , and 
sampled at intervals of Δ , then the long-term historical graph is denoted as 𝐺𝐺long =
(s, 𝑟𝑟τ, o)|(s, r, o) ∈ 𝐺𝐺τ, τ ∈ {t−𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 1, t −𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 1 + Δ, … , t − 𝑘𝑘𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜} . This design ensures 
that the short-term scale uses continuous time information, while the long-term scale captures 
historical trends at different frequencies through sparse sampling. 

 

τ ∈ {𝑡𝑡 − 𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 1,  𝑡𝑡 − 𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 1 + Δ,  … ,  𝑡𝑡 − 𝑘𝑘𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜} 

Temporal path definition and abstraction 

For a given query (𝑠𝑠, 𝑟𝑟, ? , 𝑡𝑡 + 1)  and candidate entity o ∈ 𝒱𝒱 , within any historical graph 𝐺𝐺 
(whether 𝐺𝐺short or 𝐺𝐺long), the set of all paths from the query s to candidate o at scale 𝑖𝑖 is denoted 
as 𝑝𝑝s→o

(i) . The representation of a single path 𝑝𝑝  (composed of 𝑘𝑘  edges) is defined as 𝑓𝑓(𝑝𝑝) =
⨂ ϕ�𝑒𝑒𝑗𝑗�𝑘𝑘
𝑖𝑖=1 , where 𝜙𝜙(𝑒𝑒𝑖𝑖) represents the encoding of each edge 𝑒𝑒𝑖𝑖, which can be obtained through 

a subsequent edge encoding module, and ⨂ denotes the continuous fusion operation along the 
path (element-wise multiplication). The aggregated path representation is then obtained as: 

𝐳𝐳𝑠𝑠→𝑜𝑜
(𝑖𝑖) = ⨁

𝑝𝑝∈ 𝑝𝑝s→o
(i)
𝑓𝑓(𝑝𝑝), 𝑖𝑖 ∈ {𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜, 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙}, (1) 

where 𝑓𝑓(𝑝𝑝) is the mapping function of path 𝑝𝑝 (for example, after applying linear or nonlinear 
transformations to the edges along the path, followed by aggregation), and ⨁ denotes the aggre-
gation operation. 
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Query-aware temporal path processing 

At each scale 𝑖𝑖, 𝑘𝑘 layers of message passing are used to update the path representations. The rep-
resentation at the k-th layer is denoted as ℎ𝑘𝑘(𝑖𝑖)(𝑠𝑠, 𝑟𝑟, 𝑜𝑜), with the initial layer defined as: 

𝒉𝒉0
(𝑖𝑖)(𝑠𝑠, 𝑟𝑟, 𝑜𝑜) = {𝛹𝛹(𝑟𝑟), 𝑜𝑜 ⇔ 𝑠𝑠,

𝟎𝟎, 𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒, (2) 

where Ψ(𝑟𝑟) ∈ 𝑅𝑅𝑑𝑑 is the initial static representation of the query relation 𝑟𝑟, with 𝑑𝑑 being the em-
bedding dimension. 

For the k-th layer, the update of the target node 𝑜𝑜  is based on its neighbors 𝑜𝑜′  (satisfying 
(𝑜𝑜′, 𝑟𝑟, 𝑜𝑜) ∈ 𝐺𝐺𝑖𝑖): 

𝐡𝐡𝑘𝑘(𝑖𝑖)(s, r, o) = � α𝑜𝑜′,𝑜𝑜
(𝑖𝑖) �𝐡𝐡𝑘𝑘−1

(𝑖𝑖) (s, r, 𝑜𝑜′) ⊙𝑤𝑤�r,Δτ(𝑜𝑜′, o)��
𝑜𝑜′∈𝒩𝒩(𝒾𝒾)(𝑜𝑜)

 (3) 

where 𝒩𝒩(𝑖𝑖)(𝑜𝑜) denotes the set of neighbors connected to node 𝑜𝑜  at scale 𝑖𝑖 ; ⊙ represents the 
Hadamard product (element-wise multiplication) operator; Δτ(𝑜𝑜′,𝑜𝑜) denotes the relative tem-
poral distance of the edge 𝑒𝑒 = (𝑜𝑜′, 𝑟𝑟, 𝑜𝑜), i.e., Δ𝜏𝜏(𝑜𝑜′, 𝑜𝑜) = (𝑡𝑡 + 1) − 𝜏𝜏, where τ is the timestamp of 
the edge; 𝑤𝑤�𝑟𝑟,Δτ(𝑜𝑜′, 𝑜𝑜)� represents the edge weight vector computed based on relation r and the 
relative temporal difference. The weight vector is calculated as: 𝑤𝑤(𝑟𝑟,Δ𝜏𝜏) =
𝑓𝑓𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒([Ψ(𝑟𝑟); TimeEmb (Δ𝜏𝜏(𝑜𝑜′, 𝑜𝑜)]), where 𝑓𝑓edge(⋅) is a feed-forward network, Ψ(𝑟𝑟) is the static rep-
resentation of the query relation 𝑟𝑟, and TimeEmb�Δτ(𝑜𝑜′, o)� is the time embedding based on the 
relative time Δτ, allowing the edge representation to capture both relational and temporal infor-
mation. α𝑜𝑜′,𝑜𝑜

(𝑖𝑖)  is the self-attention weight, and its computation is as follows: 

𝛼𝛼𝑜𝑜′,𝑜𝑜
(𝑖𝑖) =

exp (LeakyReLU(𝐚𝐚𝑇𝑇[𝐡𝐡𝑘𝑘−1
(𝑖𝑖) (𝑠𝑠, 𝑟𝑟, 𝑜𝑜′)‖𝑤𝑤(𝑟𝑟,Δ𝜏𝜏(𝑜𝑜′,𝑜𝑜))]))

� exp (LeakyReLU(𝐚𝐚𝑇𝑇[𝐡𝐡𝑘𝑘−1
(𝑖𝑖) (𝑠𝑠, 𝑟𝑟, 𝑜𝑜″)‖𝑤𝑤(𝑟𝑟,Δ𝜏𝜏(𝑜𝑜″,𝑜𝑜))]))

𝑜𝑜″∈𝒩𝒩𝑖𝑖(𝑜𝑜)

 (4) 

where 𝑎𝑎 is the learnable attention vector, and ‖ denotes the vector concatenation operator. The 
symbol ‖ represents concatenating two (or more) vectors along their dimensions, that is, arrang-
ing them sequentially in an "end-to-end" manner to form a new vector, whose new dimension is 
the sum of the individual vector dimensions. 

By introducing the self-attention mechanism, the information of each edge can receive an adap-
tive weight based on its relevance to the query during message passing, thereby enhancing the 
effectiveness of multi-resolution information aggregation. After 𝐾𝐾 layers, the final query-aware 
representation for each scale is obtained as: 

𝑧𝑧𝑠𝑠→𝑜𝑜
(𝑖𝑖) = ℎ(𝑖𝑖)𝐾𝐾(𝑠𝑠, 𝑟𝑟, 𝑜𝑜),  𝑖𝑖 ∈ {𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜, 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙} (5) 

Multi-scale information fusion and score function formulation 

The representations of the two scales are fused to obtain the final representation: 

𝐳𝐳𝑠𝑠→𝑜𝑜 = Φ(𝐳𝐳𝑠𝑠→𝑜𝑜
(𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜), 𝐳𝐳𝑠𝑠→𝑜𝑜

(𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙)) = MLP(𝐳𝐳𝑠𝑠→𝑜𝑜
(𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜)‖𝐳𝐳𝑠𝑠→𝑜𝑜

(𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙)) (6) 

where Φ(⋅) is the fusion function, implemented here using an MLP, and ‖ denotes the concatena-
tion operation, which connects the vectors of the two scales into a new vector. By fusing the rep-
resentations of the short-term and long-term scales through the MLP, both recent high-frequency 
changes and long-term low-frequency trends can be captured simultaneously. 

Next, the fused representation is concatenated with the projection 𝜒𝜒(𝑟𝑟) of the query relation 
and passed through a feed-forward network ℱ(⋅) to obtain the score: 

Score(𝑠𝑠, 𝑟𝑟, 𝑜𝑜) = ℱ(𝐳𝐳𝑠𝑠→𝑜𝑜‖𝜒𝜒(𝑟𝑟)) (7) 
The final predicted probability formula is as follows: 

𝑝𝑝(𝑜𝑜 ∣ 𝑠𝑠, 𝑟𝑟) = 𝜎𝜎(Score(𝑠𝑠, 𝑟𝑟, 𝑜𝑜)) (8) 
where σ(⋅) is the sigmoid function, which maps the output of the Score(𝑠𝑠, 𝑟𝑟, 𝑜𝑜) to the interval (0,1), 
serving as the predicted probability. 
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Loss function and parameter learning 

For each query, positive samples (𝑠𝑠, 𝑟𝑟, 𝑜𝑜+) and a set of negative samples {�𝑠𝑠, 𝑟𝑟, 𝑜𝑜𝑗𝑗−�}𝑗𝑗=1𝑁𝑁  are con-
structed, and the binary cross-entropy loss is employed: 

𝐿𝐿cls = −lo g𝜎𝜎 �Score(𝑠𝑠, 𝑟𝑟, 𝑜𝑜+)� −� lo g �1− 𝜎𝜎 �Score�𝑠𝑠, 𝑟𝑟, 𝑜𝑜𝑗𝑗−���
𝑁𝑁

𝑗𝑗=1

. (9) 

Additionally, an orthogonal regularization term for the relation embeddings is added: 
𝐿𝐿reg = 𝜆𝜆1‖𝑅𝑅⊤𝑅𝑅 − 𝐼𝐼‖𝐹𝐹2 , (10) 

Furthermore, an attention regularization term is introduced to encourage each layer's atten-
tion distribution to be close to uniform: 

𝐿𝐿attn = 𝜆𝜆2 � � �𝛼𝛼𝑜𝑜′,𝑜𝑜
(𝑖𝑖) −

1
|𝒩𝒩𝑖𝑖(𝑜𝑜)|�

2

𝑜𝑜′∈𝒩𝒩𝑖𝑖(𝑜𝑜)𝑖𝑖∈𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜,𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

 (11) 

where |𝒩𝒩𝒾𝒾(𝑜𝑜)| denotes the number of neighbors of 𝑜𝑜 at scale 𝑖𝑖. The final total loss is: 
𝐿𝐿total = 𝐿𝐿cls + 𝐿𝐿reg + 𝐿𝐿attn. (12) 

3. Algorithmic time complexity analysis 
Time complexity: AMTPFNet divides historical information into short-term and long-term scales, 
handling 𝑘𝑘short consecutive timestamps (with a history length of 𝑚𝑚short) and a long-term history 
sampled at an interval Δ (with a history length of 𝑚𝑚long). At the short-term scale, the algorithm 
performs ω layers of query-aware temporal path aggregation on the historical subgraph edge set 
|ℰshort|, with a complexity of 𝑂𝑂(𝜔𝜔(𝑚𝑚short ⋅ |ℰ𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜| + |𝒱𝒱|)); at the long-term scale, the processing 
complexity of the edge set |ℰlong| is 𝑂𝑂(𝜔𝜔(𝑚𝑚long ⋅ |ℰlong| + |𝒱𝒱|)). Subsequently, the two-scale repre-
sentations are fused through an MLP, with a complexity of 𝑂𝑂(|𝒱𝒱|). Therefore, the overall time 
complexity is 𝑂𝑂(𝜔𝜔(𝑚𝑚short ⋅ |ℰshort| + 𝑚𝑚long ⋅ |ℰlong| + 2|𝒱𝒱|)). This multi-scale processing improves 
the reasoning capability by separating short-term dynamics and long-term trends while maintain-
ing computational efficiency. 

Space complexity: The space complexity of AMTPFNet mainly comes from the storage of rela-
tion embeddings and temporal path representations. The learnable embeddings of the relation 
types set 𝑹𝑹 ∈ 𝑅𝑅|ℝ|×𝑑𝑑  occupy 𝑂𝑂(|ℛ| ⋅ 𝑑𝑑) space. The temporal path representations for the short-
term and long-term scales, 𝐇𝐇short and 𝐇𝐇long ∈ ℝ|𝒱𝒱|×𝑑𝑑 , collectively occupy 𝑂𝑂(2|𝒱𝒱| ⋅ 𝑑𝑑) space. In ad-
dition, model parameters (such as the weights and biases of linear transformations) occupy 𝑂𝑂(𝑑𝑑2) 
space. Therefore, the total space complexity is 𝑂𝑂(|ℛ| ⋅ 𝑑𝑑 + 2|𝒱𝒱| ⋅ 𝑑𝑑 + 𝑑𝑑2). Compared to single-
scale methods, the multi-scale design only adds an additional |𝒱𝒱| ⋅ 𝑑𝑑 space overhead, which still 
remains linear in nature, making it suitable for large-scale datasets. 

4. Experiments 
The experimental datasets, including ICEWS18, GDELT, WIKI, YAGO, are introduced, and the per-
formance of AMTPFNet on these datasets is evaluated. A comparison is made between AMTPFNet 
and existing methods, such as TiPNN, DaeMon, TransE, and TTransE. 

4.1 Datasets 

This study uses four temporal knowledge graph datasets: ICEWS18, GDELT, WIKI, and YAGO. 
ICEWS18 is derived from the Integrated Crisis Early Warning System (ICEWS), which records 
global political events in 2018. GDELT (Global Database of Events, Language, and Tone) covers 
global news events. WIKI and YAGO are subsets of the historical data from Wikipedia and YAGO3, 
respectively, containing temporally annotated knowledge. In the data preprocessing step, each 
dataset is divided into training (80 %), validation (10 %), and test (10 %) sets in chronological 
order, ensuring that the timestamps of the training set are earlier than those of the validation set, 
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and the timestamps of the validation set are earlier than those of the test set [23]. Table 2 provides 
an overview of the temporal knowledge graph datasets. 

Table 2 Overview of temporal knowledge graph datasets 

Dataset 
Statistical number 

Time interval 
Entities Relation types Training samples Validation samples Testing samples 

YAGO 10623 10 161540 19523 20026 1 year 
WIKI 12554 24 539286 67538 63110 1 year 

ICEWS18 23033 256 373018 45995 49545 1 year 
GDELT 7691 240 1734399 238765 305241 15 mins 

4.2 Evaluation metrics 

In this experiment, the link prediction task is used to evaluate the model's performance. The ob-
jective of this task is to measure the ranking of the true entity among all candidate entities. Mean 
Reciprocal Rank (MRR), along with Hits@1, Hits@3, and Hits@10, is employed as evaluation met-
rics. These metrics provide a comprehensive assessment of the model's ranking performance and 
prediction accuracy in knowledge graph completion tasks. The formula for calculating MRR is as 
follows: 

𝑀𝑀𝑀𝑀𝑀𝑀 =
1

|𝑄𝑄|�
1

𝑟𝑟𝑟𝑟𝑟𝑟𝑘𝑘𝑖𝑖

|𝑄𝑄|

𝑖𝑖=1

 (13) 

where |𝑄𝑄| represents the number of queries, and 𝑟𝑟𝑟𝑟𝑟𝑟𝑘𝑘𝑖𝑖 denotes the rank of the target entity in the 
𝑖𝑖-th query. 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻@𝐾𝐾 measures the proportion of correct answers ranked within the top 𝐾𝐾, and its formula 
is as follows: 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻@𝐾𝐾 =
1

|𝑄𝑄|�𝐼𝐼
|𝑄𝑄|

𝑖𝑖=1

(𝑟𝑟𝑟𝑟𝑟𝑟𝑘𝑘𝑖𝑖 ≤ 𝐾𝐾) (14) 

where 𝐼𝐼(⋅) is the indicator function, which takes the value of 1 when 𝑟𝑟𝑟𝑟𝑟𝑟𝑘𝑘𝑖𝑖 ≤ 𝐾𝐾, and 0 otherwise. 
To ensure a fair comparison, the filtered setting, which is consistent with other baseline meth-

ods, is adopted. In this setting, all possible incorrect entities are removed during evaluation to 
ensure the validity of the model's predictions. 
4.3 Experimental result 
In the experimental evaluation, the proposed AMTPFNet method was compared with multiple static 
and temporal knowledge graph embedding methods, including classical models (such as TransE, 
TTransE, DistMult, ComplEx, HolE) as well as recently proposed temporal reasoning methods (such 
as CyGNet, RE-GCN, Timetraveler, and TIP). Experiments were conducted on four widely used tem-
poral knowledge graph datasets: YAGO, WIKI, ICEWS18, and GDELT. The results of the experimental 
comparison of knowledge graph embedding methods are shown in Table 3. The results demonstrate 
that AMTPFNet achieves superior performance across most evaluation metrics. 

Table 3 Experimental comparison of knowledge graph embedding methods 

Method 
YAGO WIKI GDELT ICEWS18 

MRR H@1 H@3 H@10 MRR H@1 H@3 H@10 MRR H@1 H@3 H@10 MRR H@1 H@3 H@10 

TransE 0.373  0.191  0.531  0.622  0.374  0.289  0.443  0.508  0.089  0.000  0.117  0.253  0.117  0.008  0.154  0.344  

DistMult 0.466  0.368  0.536  0.627  0.387  0.305  0.457  0.508  0.084  0.033  0.080  0.179  0.216  0.132  0.244  0.379  

ComplEx 0.489  0.390  0.563  0.651  0.394  0.311  0.464  0.513  0.080  0.029  0.076  0.175  0.207  0.123  0.234  0.374  

HolE 0.379  0.286  0.437  0.531  0.343  0.254  0.411  0.487  0.076  0.028  0.071  0.165  0.107  0.047  0.110  0.232  

TTransE 0.318  0.162  0.443  0.538  0.271  0.182  0.325  0.429  0.081  0.000  0.101  0.228  0.115  0.005  0.152  0.342  

CyGNet 0.548  0.435  0.613  0.778  0.375  0.284  0.426  0.539  0.187  0.114  0.199  0.328  0.250  0.155  0.286  0.189  

RE-GCN 0.821  0.785  0.844  0.885  0.782  0.741  0.812  0.846  0.201  0.141  0.219  0.310  0.325  0.223  0.367  0.527  

Timetraveler 0.875  0.852  0.897  0.901  0.746  0.723  0.762  0.777  0.197  0.125  0.209  0.339  0.293  0.213  0.328  0.442  

TIP 0.905  0.879  0.930  0.936  0.832  0.791  0.865  0.887  0.211  0.140  0.230  0.347  0.317  0.221  0.359  0.505  

AMTPFNet 0.914  0.895  0.932  0.935  0.838  0.805  0.865  0.884  0.219  0.142  0.240  0.370  0.296  0.200  0.337  0.485  

mailto:H@1
mailto:Hits@1
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Overall, AMTPFNet exhibits particularly strong performance on the YAGO and WIKI datasets. 
It outperforms all comparison models in key metrics such as MRR and Hits@1, achieving 0.91397 
and 0.89489 (YAGO), and 0.83751 and 0.80518 (WIKI), respectively. This demonstrates its strong 
modeling capability on datasets with rich static structures. On the GDELT dataset, AMTPFNet also 
outperforms all comparison models, particularly by achieving 0.3701 on the Hits@10 metric, fur-
ther proving its superiority on event-driven and more dynamic datasets. On the ICEWS18 dataset, 
AMTPFNet performs slightly below some of the best methods, but still achieves 0.4848 on the 
Hits@10 metric, showing its strong capability in predicting future facts. 

The AMTPFNet model enables the prediction of fault information within the temporal knowledge 
graph of electromechanical equipment. Table 4 provides a sample comparison between actual ob-
ject entities and predicted results for the fault data used in constructing the temporal knowledge 
graph. By utilizing fault information, causal relationships, and timestamps of fault occurrences as-
sociated with motor components—such as stators, rotors, drive-end bearings, and non-drive-end 
bearings—a temporal knowledge graph is established. This facilitates more timely and effective 
fault prediction, enhancing the accuracy and reliability of predictive outcomes. 

The advantages of AMTPFNet mainly lie in its ability to model multi-scale temporal information 
and in the query-based adaptive edge weighting mechanism. This allows the model to capture short-
term high-frequency dynamics while also perceiving long-term evolutionary trends, enabling it to 
make reasonable judgments across different time spans. Additionally, the introduction of the self-
attention mechanism enables the model to flexibly adjust the importance of each edge in the path 
according to the query context, enhancing the specificity and accuracy of the reasoning. 

Table 4 Comparison of actual object entities and predicted results 
Time 𝑡𝑡 Equipment 𝑠𝑠 Fault information 𝑟𝑟 Actual fault cause 𝑜𝑜 Predicted fault cause 𝑜𝑜′ 
2020.9.5 Side bearing None None None 
2020.9.6 Side bearing Overheating Insulation Insulation 
2020.9.6 Side bearing Overheating Insulation Insulation 
... ... ... ... ... 
2020.10.10 Side bearing Abnormal noise Friction Friction 
2020.10.11 Stator None Wear None 
2020.10.12 Rotor Overheating Insulation Wear 

5. Conclusion 
This paper presents an innovative temporal knowledge graph reasoning method, AMTPFNet, which 
significantly improves the accuracy and robustness of reasoning tasks through techniques such as 
multi-scale historical graph construction, query-aware temporal path processing, and multi-resolu-
tion fusion. The implementation process of AMTPFNet includes the following key steps: 

• Multi-scale Historical Graph Construction: The short-term historical graph 𝐺𝐺short  is con-
structed using continuous sampling, while the long-term historical graph 𝐺𝐺long  is con-
structed by sampling at intervals Δ. 

• Temporal Path Definition and Abstraction: For each scale, a set of paths is extracted under 
the query (𝑠𝑠, 𝑟𝑟, ? , 𝑡𝑡 + 1). The representations 𝒛𝒛𝒔𝒔→𝒐𝒐

(𝒊𝒊)  are then obtained through an aggrega-
tion function. 

• Query-aware Temporal Path Processing: Multi-layer self-attention message passing is used 
to update the paths. The update rules are defined in Eqs. 3 and 4, and the final representa-
tion is obtained in Eq. 5. 

• Multi-resolution Fusion and Scoring Function: The representations of the two scales are 
fused (Eq. 6), then concatenated with the projection of the query relation and passed 
through a feed-forward network to compute the score (Eq. 7), which is mapped to a predic-
tion probability (Eq. 8). 

• Loss Function Design: The loss function consists of binary cross-entropy loss (Eq. 9), along 
with relationship orthogonality regularization (Eq. 10) and attention regularization (Eq. 
11), resulting in the total loss (Eq. 12). 
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Experimental results show that AMTPFNet significantly outperforms existing baseline models 
on the YAGO, WIKI, and GDELT datasets, indicating its strong modeling capability on data with 
rich static structures and its superiority on event-driven, more dynamic datasets. At the same 
time, it is noted that there is still room for improvement on more dynamic datasets such as 
ICEWS18. Future work could focus on finer-grained temporal modeling, such as introducing adap-
tive time windows or continuous time representations, as well as more efficient structure-aware 
mechanisms. For instance, exploring online learning or incremental update mechanisms would 
allow the model to dynamically adapt to rapidly changing temporal data, further optimizing its 
performance. Finally, by using electromechanical equipment fault data as a case study, this work 
demonstrates that the proposed model can effectively predict future production outcomes and 
the quality of process manufacturing operations.  

Beyond architectural innovation, AMTPFNet offers significant practical value for industrial work-
flows by achieving high efficiency in predicting future production facts and assessing process qual-
ity. Specifically, the model can infer root causes of failures (e.g., insulation, friction) for motor com-
ponents, making it well-suited for predictive maintenance strategies. This utility is supported by 
quantitative evidence: AMTPFNet achieves superior performance on TKG benchmarks, including 
MRR scores of 0.914 on YAGO and 0.838 on WIKI, and a Hits@10 score of 0.370 on GDELT. Further-
more, the framework’s computational efficiency, requiring only a few hours for training and seconds 
to minutes for inference, demonstrates its feasibility for industrial deployment. However, a key lim-
itation is that its current empirical validation is restricted to electromechanical fault data. Real-
world deployment in factories will face major challenges such as heterogeneous data quality, strict 
real-time requirements, and the necessity for robust incremental update mechanisms. 
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