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Abstract

Urban agencies need event analytics that are accurate and explainable. We present
Knowledge-based Event Detection (KED), which models events as temporal knowl-
edge graphs to preserve participants, actions, places, and times. The specificity of
KED is that it integrates LLM-assisted extraction of entities and relations, temporal
knowledge graph construction with geocoded toponyms and proximity edges. In
addition it incorporates semantic/contextual links allowing parametric community
detection and adjustable event granularity. On Event2012 benchmarks, KED is
competitive on long-tailed corpora and outperforms strong text baselines in bal-
anced, lower-data regimes (a setting common for city-specific monitoring) while
delivering auditable, graph-structured outputs that facilitate downstream situational
awareness and decision support. By aligning geo-temporal structure with semantic
context, KED advances explainable, transferable event detection for smart-city
applications such as incident monitoring, mobility disruptions, and environmental
alerts.

1 Introduction

The task of Event detection (ED) from semi-structured and unstructured text sets of messages is
well-known and typical in the management of modern cities, where citizens’ appeals are one of the
sources of data on the state of the urban environment [1]]. However, the intensity of such requests
and the specifics of the topics require the use of special algorithms for their processing to reduce
the burden on city services [2 3]. One of the typical tasks is event extraction, which involves the
detection of hidden, most often negative, events in the urban environment (accidents, emergencies,
public order violations), which lead to multiple intensive or regular appeals from citizens [[1]. The
ability to identify such situations determines the effectiveness of eliminating the causes of an urban
problem and determines the effectiveness of city management.

1.1 Problem Statement

Existing approaches to event detection do not allow us to consider the time dilation of some types of
events [4] and the association of time-separated messages with a single "hidden" event. At the same
time, large language models (LLM) address this problem being effective in extracting information,
but they may overlook correlations between events. On the other hand semantic clustering methods
such as BERTopic and LDA, despite their strengths, tend to hide objects related to a specific event
(actors, locations, objects) and can create distortions related to object binding [5H7]]. For example,
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when using BERTopic HDBSCAN to embed or cluster documents, priority is given to contextual
similarity rather than preserving explicit entity relationships [8]].

2 Methodology

2.1 Proposed approach

To address the limitations highlighted in section [I.1] especially for urban monitoring where actors,
infrastructure, places, and times are central for decision-making, we propose KED-method. It
detects events using temporal knowledge graphs (TKG) and performs community detection over
multimodal (semantic and geographic) edges of TKGs. In our approach we use the combination of
methods, which allow us to extract the additional textual characteristics. We refer to our approach as
Knowledge-based Event Detection (KED). Figure [T]illustrates the overall pipeline of the method,
which integrates three phases:
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Figure 1: Text-to-event KED pipeline.

Phase I: LLM-assisted Knowledge Graph (KG) construction

Construct the initial knowledge graph (KG): Extract entities and relations from input texts using a
custom system prompt and the LLM model (DeepSeek-32B).

Construct TKG: Build Temporal Knowledge Graph (TKG), where edges (u, v) are timestamped
(u,v,t) edges from KG using metadata from source texts.

Phase II: Multimodal knowledge graph normalization and enrichment

Normalize Nodes: Apply lowercase conversion and remove hashtags. Use a union-find algorithm to
merge redundant nodes, resulting in a simplified graph G'(V’, E’).

Slice into Time Windows: Partition the TKG into subgraphs G; = (V;, E}), each covering a specific
time window [t, t + At].

Add Semantic Edges: For entities of specified types (c1, ¢2), create edges if their embedding similarity
s(vp, vq) exceeds a threshold 6.1 .o. Weight is assigned as w = A¢1 2 - $(Vp, vg).

Add Geospatial Edges: Connect location nodes if their great-circle distance d(v,,v,) is below a

maximum d,, ... Weight is assigned as w = (1 — M) parameter values are given below.

Construct Meta-Nodes V); from nodes V' of TKGs: Group entity nodes in TKG that co-occur in the
same source text into higher-level meta-nodes, forming an aggregated meta-KG G* = (Vis, Eny).
Add Contextual Semantic Edges: Create edges between meta-nodes (texts) across different temporal
subgraphs based on semantic similarity.

Phase III: Parametric Community Detection for Event Detection

Perform Clustering: Apply a community detection algorithm (e.g., Louvain, Leiden methods) to each
TKG with meta-nodes to identify densely connected groups of text nodes.

Analyze Communities: Evaluate communities based on metrics like density and cohesion. The
resulting partitions C} j, represent detected events.

We tune key hyperparameters (e.g., resolution, similarity thresholds) to probe robustness under
distributional shift and class imbalance, a known challenge in ED [9]]. The design is also compatible



with KG embeddings for multi-modal fusion, enabling richer edge construction when appropriate

[10].

3 Data Description

We chose Event2012 dataset [[T1] since it provides established benchmarks for fair comparison,
allows testing imbalance handling, as well as the generalisation. The dataset was accessed using
the SocialED library [12]. To study the proposed approach, standard datasets for event extraction
algorithms were used. Evaluation utilized two Event2012 corpus derivatives: Dataset 1 (20K
chronologically sampled messages, highly imbalanced) and Dataset 2 (4, 833 balanced messages,
< 10 per event). Benchmarks included BERTopic, EventX for real-time clustering, GNN-
based methods (KPGNN [14]], ETGNN [13]), and privacy-preserving models (ADPSEMEvent) [16].
Datasets are available via the SocialED repository

4 Results

In Figure 2| we compare the evaluation metrics for our method and the baseline algorithms sum-
marising the metrics averaged over temporal slices in the comparison with other baseline methods.
Performance of the method was quantified via Adjusted Rand Index (ARI), Normalized Mutual Infor-
mation (NMI), and Adjusted Mutual Information (AMI), with hyperparameters optimized through
two-phase grid search.
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Figure 2: Comparison of average metrics between the proposed KED methods and other ED methods.

We re-evaluated the main methods on our reduced Event2012 dataset; the metrics for KPGNN
[14]], FinEvent [17]], QSGNN [18], and HISEvent [19] are taken from the respective research papers
that considered the same dataset. The final hyper-parameters for KED-Louvain are as follows:
the temporal knowledge graph is segmented into disjoint weekly windows; the Louvain resolution
parameter is set to 0.8; geospatial edges are included with a maximum distance threshold of 300 km
and a weight 3 of 0.5; semantic edges between nodes are created when the semantic similarity 6.; 2
exceeded 0.8; contextual edges are added with a simyy, of 0.5 and an a-weight of 0.6.

4.1 Key Findings

KED-Louvain achieved close to state-of-the-art results on imbalanced data (Dataset 1), attaining NMI
0.78, AMI 0.76 and ARI 0.68. Weekly disjoint windows outperformed daily slices (A NMI=+0.12)
by mitigating sparse connectivity. On balanced data (Dataset 2), KED matched SBERT’s [20]
NMI (0.9) but exhibited superior structural coherence (AARI=+0.04). Both our method and the
SBERT-based baseline exceed the 0.9 threshold on the balanced dataset, yet KED attains slightly
higher scores on the other two evaluation metrics. The highest scores were obtained not for disjoint
daily windows, but for disjoint weekly windows or for sliding windows 7-10 days wide with a 3-day



stride. This dichotomy reflects Dataset 1’s need for broader context to connect sparse event mentions,
whereas Dataset 2 benefits from finer temporal resolution.

4.2 Ablation studies

The ablation framework systematically assessed changes in NMI under two scenarios: disabling one
or several edge families; and removing individual node types when generating intra- and cross-type
semantic edges. The key ablation findings are summarised in Table [I] Ablation studies revealed
the importance of contextual edges (text-text similarity): their exclusion reduced NMI by 0.137 (for
KED-Louvain) and 0.133 (for KED-Leiden). Geospatial edges provided secondary gains (ANMI
~ +0.026), with pronounced impact in localized events. Notably, toponyms and infrastructure nodes
contributed more significantly to accuracy rather than actors or organizations.

Table 1: Key ablation results.

Ablation Variant ANMI (Louvain) ANMI (Leiden)
Contextual edges —0.137 —0.133
Contextual and intra-type semantic edges —0.112 —0.133
Contextual and geospatial edges —0.106 —0.094
Contextual, geospatial and intra-type semantic edges —0.096 —0.096
Semantic edges between Toponym type nodes —0.028 —0.053
Geospatial edges —0.026 —0.010
Semantic edges between Object type nodes —0.020 —0.018
Semantic edges between Infrastructure type nodes —0.019 —0.024

4.3 Case Studies

Week 1’s even message distribution enabled near-perfect detection (NMI> 0.9), with clusters cleanly
separating events. In contrast, Week 2’s dominant Obama-Romney debate (40% of messages) caused
semantic overlap, reducing NMI to 0.65. Here, KED identified Romney- and Obama-centric sub-
events through centrality analysis, demonstrating its capacity to reveal nested event structures despite
data being skewed. Visualizations for Week 1, Week 2 and Event § with Obama-Romney debates are
presented in Figure[3] Figure @] and Figure [5|respectively, Appendix A.

5 Discussion and Future Work

KED’s TKG backbone delivers critical interpretability by explicitly modeling event con-
stituents—resolving the "who, where, when" ambiguity present in embedding-based methods. The
enrichment pipeline further enables knowledge augmentation through external sources. Applying
the KED-algorithm to the unbalanced Dataset 1 we see that the majority topics dominate the graph
structure. This is related to the Louvain method to merge with the minority topics into larger clusters,
hence lowering the accuracy of the KED method in comparison with smaller balanced Dataset 2
which we presented in case study. Comparisons between ED methods are often based not only on
absolute accuracy, but also on how performance depends on the amount of labeled data available [21]].
While BERTopic/SBERT cluster texts by overall semantic similarity, KED’s TKG structure explicitly
preserves minority event entities. This prevents rare events from being drowned out by dominant
topics.

At the same time there are three limitations in this method, first, LLM extraction demands significant
computational resources. Second, global datasets dilute the impact of geospatial edges. Third,
prominent entities (e.g., "Obama") can disproportionately influence graph topology, which we plan to
address in the future work. Further directions include integrating Wikidata and OpenStreetMap to
enhance relation extraction, optimizing graph construction for real-time streaming, and evaluating
performance on domain-specific corpora like urban incident reports. The framework’s modular design
permits such extensions without the need to redeisgn the method itself.



6 Conclusion

KED method pioneers a structured paradigm for event detection by unifying temporal knowledge
graphs with LLMs. KED framework demonstrates distinct advantages over three major classes
of the event detection methods on imbalanced data while providing explainable, adaptable event
representations. Its dynamic scaling and knowledge-augmentation capabilities establish a foundation
for downstream tasks like causal inference and trend forecasting. Code implementation details are
fully described for reproducibility (source code is demonstrated at https://github.com/Sandrro/KED-
LLM).
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Figure 3: The illustration of the KGs constructed using KED event detection method applied to
Dataset 1, Week 1 (left) and the ground-truth data labels (right). Various events are marked in different
colors, yet each event is not associated with specific color.
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Figure 4: The illustration of the application of KED event detection method applied to the KG
constructed from Dataset 1, Week 2.

Figure 5: The illustration of the missclassification results by the KED method: some texts, such as
Event 8 from Dataset 1, are attributed by KED to several events as the graph is split into several
communities, hence lowering KED performance in comparison to SBERT method, Figure[2]
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