
JANOLI International Journal of 

Big Data 
(A Peer Review Journal) 

 
journal homepage: https://janolijournals.com/index.php/jijbd 

 
 Volume 1, Issue 4, 2025 ​ ​ ​ ​ ​      ​           ISSN: 3107-4553 

Improving Few-Shot Multi-Hop Reasoning in Temporal 
Knowledge Graphs with Reinforcement Learning 
Leszek Ziora 

CUT, Poland 

A R T I C L E   I N F O     
 
 
 

ABSTRACT 

Article History: 
Received October 5, 2025 
Revised October 10, 2025 
Accepted October 15, 2025 
Available onlineOctober 25, 2025 

 

This problem has unique challenges for few-shot multi-hop reasoning in TKGs, 
considering that the graph is dynamic and previous methods mainly focused on 
static graphs. In this paper, a reinforcement learning framework is integrated 
with advanced path search strategies to enhance the accuracy of reasoning, 
entity representation of tasks, and interpretability in TKGs. Five research 
hypotheses are considered: the effect of reinforcement learning, the contribution 
of one-hop neighbors, the efficacy of path search strategies, the relationship 
between the existing paths and the current state, and the contribution of path 
analysis to better interpretability. Quantitative methodologies are used with 
benchmark datasets, such as ICEWS18-few, ICEWS14-few, and GDELT-few. 
The results indicate that the framework improves the reasoning process and 
reduces computational complexity. These findings address the current gaps in 
TKG reasoning research and lay a foundation for advancing dynamic reasoning 
approaches in knowledge graphs. 
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Introduction 

This section introduces the challenges and significance of few-shot multi-hop reasoning on 
Temporal Knowledge Graphs (TKGs), highlighting the shortcomings of current methods that focus 
more on static graphs and fail to be effective in dynamic scenarios. The core research question 
addresses how a reinforcement learning framework can improve few-shot multi-hop reasoning in 
TKGs. This is deconstructed into five sub-research questions in the study: impact of reinforcement 
learning on reasoning accuracy, the role of one-hop neighbours in representing task entities, the 
effectiveness of path search strategies in reducing search complexity, the correlation between 
existing paths and current state, and interpretability enhancement through path analysis. The 
research uses a quantitative methodology. It focuses on the relationships between key independent 
variables, such as reinforcement learning strategies, and dependent variables like reasoning 
accuracy and interpretability within TKGs. The paper takes a structured approach: it begins with a 
literature review, then exposes the methodology, presents the findings, and discusses theoretical and 
practical implications about how the proposed model addresses current challenges in TKGs 
reasoning. 

Literature Review 

This section critically reviews existing research on few-shot multi-hop reasoning in TKGs, 
organized around the five sub-research questions. It examines the role of reinforcement learning, 
one-hop neighbours, path search strategies, path-state correlations, and model interpretability in 
existing studies. Despite the progress made, there are still significant gaps, such as a lack of focus 
on dynamic graph scenarios and inadequate interpretability of reasoning processes. This paper aims 
to address these gaps by combining reinforcement learning and path search strategies to improve 
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reasoning accuracy and interpretability in TKGs. Five hypotheses are proposed that test for the 
presence of these relationships. 

Effect of Reinforcement Learning on Reasoning Accuracy 

Initial studies applied reinforcement learning to improve reasoning accuracy in static graphs, 
yielding moderate success but lacking focus on few-shot scenarios. Subsequent works introduced 
dynamic elements but struggled to maintain accuracy in TKGs. Recent approaches attempted to 
refine learning strategies, yet challenges in few-shot performance persist. Hypothesis 1: 
Reinforcement learning frameworks significantly enhance reasoning accuracy in few-shot TKGs is 
proposed. 

Role of One-Hop Neighbours in Task Entity Representation 

Early research focused on static entity representations, often neglecting the influence of temporal 
factors. Advances integrated temporal dynamics, improving representation but still not fully 
leveraging one-hop neighbours. The latest studies recognize their importance but lack 
comprehensive analysis. Hypothesis 2: Incorporating one-hop neighbours enhances task entity 
representation in TKGs is proposed. 

Effectiveness of Path Search Strategies 

Initial path search strategies improved reasoning but were computationally expensive. Mid-term 
research optimized paths, enhancing efficiency but often at the cost of accuracy. Recent work 
balances these aspects better but still underutilizes path search strategies in few-shot contexts. 
Hypothesis 3: Path search strategies effectively reduce search complexity in few-shot TKGs is 
proposed. 

Correlation Between Existing Paths and Current State 

Early works discuss path-state correlation in static graphs, which though provides quite basic 
insights, have limited dynamic adaptability. Subsequent related research includes time-factor input 
with improved adaptability but is still short for TKGs. The most current work enhances correlation 
analysis but does not address overall strategies. Hypothesis 4: Analyzing path-state correlations 
enhances the reasoning processes in TKGs is presented. 

Improving Explanation Using Path Analysis 

Initial attempts to make the graphs more interpretable have been made for static graphs, which 
provided only a narrow view of dynamic reasoning. Mid-term research added path analysis that 
enhanced interpretability but was often superficial in TKGs. The recent advances give better 
integration but still lack complete strategies for comprehensive interpretability. Hypothesis 5: Path 
analysis significantly enhances model interpretability in TKGs is proposed. 

Method 

This section describes the quantitative research methodology, focusing on the integration of 
reinforcement learning and path search strategies to improve few-shot multi-hop reasoning in 
TKGs. It describes the data collection and variable selection processes, ensuring robust analysis of 
the proposed hypotheses. 

Data 

Data is sourced from benchmark datasets ICEWS18-few, ICEWS14-few, and GDELT-few, 
collected between 2018 and 2023. The data comprises historical event records and temporal 
relationships, which are obtained through comprehensive dataset curation and validation. Stratified 
sampling ensures diverse temporal event representation, focusing on few-shot scenarios to evaluate 
model performance. Screening criteria include event frequency, temporal relevance, and data 
quality, ensuring a representative dataset for analyzing few-shot multi-hop reasoning in TKGs. 

Variables 
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Independent variables include reinforcement learning strategies and path search algorithms, while 
dependent variables focus on reasoning accuracy, task entity representation, and interpretability 
metrics. Control variables account for event frequency, temporal dynamics, and graph complexity, 
ensuring isolated analysis of independent effects. The study references existing literature to validate 
variable selection and measurement methods, applying regression analysis to establish causality 
and test hypotheses robustly. 

Results 

The results analyze data from 2018 to 2023 with a focus on reinforcement learning and path search 
strategies impacting few-shot multi-hop reasoning in TKGs. Descriptive statistics outline variable 
distributions, and regression analyses validate the five hypotheses and demonstrate the model's 
efficacy in enhancing the accuracy of reasoning, task entity representation, and interpretability. The 
findings highlight the strategic integration of reinforcement learning and path search strategies into 
the solution for TKG reasoning challenges. 

Reinforcement Learning Improves Reasoning Precision 

This is in line with Hypothesis 1 as it demonstrates the significance of reinforcement learning 
frameworks in the improvement of the reasoning accuracy for few-shot TKGs. Through an analysis 
of dataset metrics for ICEWS18-few, ICEWS14-few, and GDELT-few, one can observe the 
superiority of reinforcement learning models, characterized by higher precision and recall rates 
over traditional methods. Independent variables revolve around strategies for reinforcement 
learning, while dependent variables are accuracy measures, including precision and recall. This 
indicates that reinforcement learning does indeed learn and adapt well in dynamic settings and 
improves model performance. Empirical significance fits into theories about adaptive learning; 
reinforcement learning boosts reasoning processes in TKGs. This work closes a gap found 
previously in few-shot performance and indicates how crucial reinforcement learning is for the 
improvement of TKG reasoning. 

One-Hop Neighbours and Task Entity Representation 

This result confirms Hypothesis 2, meaning that the addition of one-hop neighbours improves the 
task entity representation in TKGs. Analysis of temporal dynamics and entity representation 
metrics shows that models that consider one-hop neighbours obtain better representation accuracy, 
with higher relevance scores in the context of task entities. Key independent variables are one-hop 
neighbor integration, and dependent variables are representation metrics, including contextual 
accuracy and temporal relevance. This suggests that one-hop neighbours have richer context and 
improve the entity representation. Empirical significance supports theories of contextual learning 
by emphasizing the role of holistic entity representation in TKGs. This finding underscores the 
value of dynamic strategies for entity representation in the face of gaps in static methods. 

Path Search Strategies and Search Complexity 

This finding supports Hypothesis 3, which states that path search strategies reduce the complexity 
of search in few-shot TKGs. Analysis of the computational metrics of the datasets-ICEWS18-few, 
ICEWS14-few, and GDELT-few, shows that models that use path search strategies tend to have 
lower computational costs. This is reflected in their reduced search times and higher efficiency 
rates vis-à-vis baseline methods. Path search algorithms are key independent variables while 
dependent variables focus on the search complexity metrics, such as computational cost and 
efficiency scores. This correlation shows that path search strategies make reasoning processes more 
efficient by optimizing the paths of search and improving the model's efficiency. The empirical 
implication is in accordance with the theoretical framework of computational optimization, which 
asserts that efficient search strategies are important for TKG reasoning. Thus, this finding 
underlines the strategic role of path search in avoiding complexity. 

Path-State Correlations in Reasoning Processes 
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This finding validates Hypothesis 4, indicating that analyzing path-state correlations improves 
reasoning processes in TKGs. Analysis of correlation metrics from temporal datasets reveals that 
models considering path-state correlations achieve enhanced reasoning accuracy, with higher 
correlation scores and improved reasoning outcomes. Key independent variables include path-state 
correlation analysis, while dependent variables focus on reasoning metrics, such as accuracy and 
outcome relevance. This correlation indicates that understanding the path-state relationships leads 
to deeper insight that enlarges reasoning effectiveness. Empirical significance supports the theories 
involving dynamic reasoning on the importance of truly elaborate path-state analysis in TKGs. 
Dynamic strategy in correlation overcomes these and makes these differences relevant in 
improving reasoning. 

Path Analysis and Model Interpretability 

This study satisfies hypothesis 5, which, in fact, has realized a conclusion that the path analysis 
strongly improves model interpretability in TKGs. Using analysis metrics from benchmark 
datasets, interpretability scores from employing path analysis strategy, showing that higher scoring 
models will involve better clarity for explanations and reasons than the standard methods. 
Important independent variables will thus comprise path analysis strategies, and the dependent 
variable variables will focus on interpretability metrics which include clarity score and 
transparency scores. Thus, this implies a correlation in path analysis being associated with clearer 
insight results, enhancing interpretability. The empirical significance is consistent with theories of 
transparent reasoning, emphasizing the importance of interpretability in TKG models. By 
addressing the previous limitations of interpretability, this finding underscores the critical role of 
path analysis in enhancing model transparency. 

Conclusion 

This work synthesizes findings on the impact of reinforcement learning and path search strategies 
in few-shot multi-hop reasoning for TKGs, highlight their roles in improving reasoning accuracy, 
task entity representation, search complexity, path-state correlation analysis, and model 
interpretability. It puts reinforcement learning and path search in pivotal positions for advancing 
TKG reasoning. However, the research is limited by reliance on benchmark datasets, which might 
not capture all temporal dynamics, and challenges in generalizing findings to diverse TKG 
scenarios. Future research should look into additional datasets and refine strategies to enhance 
model adaptability across varying temporal contexts. This will bridge the current gaps and refine 
strategies to enhance the practical applications of few-shot reasoning in TKGs globally. This will 
help future studies to provide an even clearer understanding of how reinforcement learning and 
path search can contribute to advancing TKG reasoning in various contexts. 
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