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Abstract
The vast, complex, and dynamic nature of social message
data has posed challenges to social event detection (SED).
Despite considerable effort, these challenges persist, often re-
sulting in inadequately expressive message representations
(ineffective) and prolonged learning durations (inefficient).
In response to the challenges, this work introduces an unsu-
pervised framework, HyperSED (Hyperbolic SED). Specif-
ically, the proposed framework first models social messages
into semantic-based message anchors, and then leverages the
structure of the anchor graph and the expressiveness of the
hyperbolic space to acquire structure- and geometry-aware
anchor representations. Finally, HyperSED builds the parti-
tioning tree of the anchor message graph by incorporating
differentiable structural information as the reflection of the
detected events. Extensive experiments on public datasets
demonstrate HyperSED’s competitive performance, along
with a substantial improvement in efficiency compared to the
current state-of-the-art unsupervised paradigm. Statistically,
HyperSED boosts incremental SED by an average of 2%, 2%,
and 25% in NMI, AMI, and ARI, respectively; enhancing ef-
ficiency by up to 37.41 times and at least 12.10 times, illus-
trating the advancement of the proposed framework.

Implements — github.com/XiaoyanWork/HyperSED
Extended version— arxiv.org/abs/2412.10712

Introduction
Social Event Detection (SED), a task aimed at identify note-
worthy occurrences on social media (Cordeiro and Gama
2016), remains challenging due to its large scale, complex
interrelations, and high dynamism (Fedoryszak et al. 2019).
The SED task is pivotal for various downstream applica-
tions, such as crisis management (Pohl, Bouchachia, and
Hellwagner 2012), public opinion monitoring (Karamouzas,
Mademlis, and Pitas 2022), etc. Current attempts frame SED
as a problem of learning representations of social messages
and clustering them into events (Cao et al. 2021; Ren et al.
2022).

*Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Recent advancements in modeling social messages into
graphs have yielded promising results across supervised
(Cao et al. 2021), self-supervised (Ren et al. 2022), and un-
supervised (Cao et al. 2024; Yang et al. 2024) paradigms.
These methods typically construct the social message graph
based on message attributes (Peng et al. 2021) and em-
ploy graph neural networks (GNNs), optimized through con-
trastive learning (Cao et al. 2021), reinforcement learning
(Peng et al. 2022), and pseudo-label generation (Ren et al.
2022) to learn clustering-friendly message representations.
Notably, Cao et al. (2024) introduced an unsupervised algo-
rithm based on structural entropy (Li and Pan 2016) min-
imization, achieving state-of-the-art performance without
any supervision signal.
However, existing works have neglected some or all of

the potential challenges posed by the characteristics of so-
cial message data. Firstly, the large scale of social mes-
sages leads to resource-intensive learning. Social mes-
sages are often short texts that users post in response to spe-
cific events. Among messages describing the same event,
certain messages may exhibit high content similarity, even
nearly identical semantics. When handling such data, cur-
rent methods (Ren et al. 2022; Cao et al. 2021) consider
all messages for learning, leading to resource wastage. Sec-
ondly, the complex interrelations between messages re-
quire a stereoscopic representation. To uncover the relation-
ships among messages, current methods (Cao et al. 2024;
Ren et al. 2023) learn message representations within the
Euclidean space. However, in real-world scenarios, mes-
sages often exhibit nested and hierarchical patterns (Wang
et al. 2024). When confronted with such data patterns, the
Euclidean space lacks the expressiveness required to un-
cover profound interrelations among them. Thirdly, the dy-
namic nature of novel events continuously emerging neces-
sitates SED systems to react efficiently. New events occur
continuously, regularly introducing new topics, trends, and
relationships, making it costly and laborious to obtain mes-
sage labels or total event count. Efficiently detecting new
events from a large-scale message pool without supervision
is crucial for SED systems.
To address the aforementioned challenges, this work in-
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troduces a novel unsupervised SED framework, HyperSED
(Hyperbolic SED). Given the vast amount of social mes-
sages, we establish the notion of the Semantic-based Anchor
Message Graph (SAMG), where semantically related mes-
sages are seen as a singular node within the anchor graph.
To uncover the complex interrelations among messages, we
represent the anchor and model the graph structure within
the hyperbolic space to derive structure- and geometry-
aware anchor representations. Finally, we harness the power
of differentiable structural information to construct the par-
titioning tree of the SAMG bottom-up, which formulates the
detected events efficiently and effectively. Extensive experi-
ments on two publicly available datasets demonstrate Hyper-
SED’s efficiency and effectiveness for SED. Further evalu-
ation and analyses highlight HyperSED’s advancement and
applicability as a solid framework. In summary, our contri-
butions are as follows:
• We introduce HyperSED, an effective and efficient un-

supervised framework for social event detection, which ex-
ploits the benefits of graph learning in the hyperbolic space
and structural information to achieve event detection.
• We propose a semantic-based anchor message graph,

simplifying the vast amount of social messages from a se-
mantic viewpoint and uncovering the complex interrelations
among messages within the hyperbolic space.
• Extensive experiments on public datasets demonstrate

HyperSED’s competitive performance in unsupervised on-
line and offline SED scenarios, marked by significant en-
hancements in efficiency.

Related Work
This section includes the overview of literatures related to
Social Event Detection (SED) and Structural Entropy (SE).

Social Event Detection Social Event Detection (SED) is
a long-standing and challenging task (Atefeh and Khreich
2015). The vast amount of social messages, covering a wide
range of topics (Ren et al. 2023), poses significant diffi-
culties in learning message representations and categoriz-
ing events. Earlier SED methods fall in incremental clus-
tering (Zhao, Mitra, and Chen 2007; Feng et al. 2015), topic
modeling (Xing et al. 2016; Wang et al. 2016), and commu-
nity detection (Fedoryszak et al. 2019; Liu et al. 2020b,a).
Recent SED methods utilize GNNs’ capabilities to model
social messages and their relationships (Cao et al. 2021;
Ren et al. 2022; Peng et al. 2022, 2021; Yu et al. 2024)
by extracting key attributes. They employ contrastive learn-
ing to pull related messages closer and push unrelated mes-
sages apart, optimizing supervised (Cao et al. 2021) or self-
supervised (Ren et al. 2022) SED. However, these meth-
ods require supervision signals like a predefined number of
events. HISEvent, proposed by Cao et al. (2024), is an unsu-
pervised SED algorithm that hierarchically minimizes two-
dimensional structural entropy, requiring no supervision sig-
nals. Our work retains the merits of prior approaches and
addresses their limitations, achieving effective and efficient
unsupervised event detection.

Structural Entropy Information entropy (Shannon 1948)
measures the amount of information in unstructured data but

cannot capture information in graph structures. Li and Pan
(2016) proposed structural entropy to consider the structural
information of graphs. This theory has been applied in vari-
ous fields, such as graph pooling (Wu et al. 2022), adversar-
ial attacks (Liu et al. 2019), contrastive learning (Wu et al.
2023), and graph structural learning (Zou et al. 2023). In
the context of SED, Cao et al. (2024) proposed minimizing
two-dimensional structural entropy to achieve unsupervised
event detection. However, these methods utilize the discrete
algorithms of this theory and cannot be combined with train-
able networks. This limitation was overcome when Sun et al.
(2024b) reformulated the structural entropy into differen-
tiable structural information for deep graph clustering. This
has allowed optimizing the partitioning tree proposed by Li
and Pan (2016).

Preliminaries
This section outlines the essential concepts and definitions,
including Differentiable Structural Information and Hyper-
bolic Space, and then presents the problem formulation.

Differentiable Structural Information
Differentiable Structural Information (DSI, (Sun et al.
2024b)) is an equivalent reformulation of structural informa-
tion (Li and Pan 2016). This reformulation employs a layer-
wise assignment approach, enabling the partitioning tree to
be differentiable and thus optimizable.

Definition 1 (Partitioning Tree (Li and Pan 2016; Cao et al.
2024)). Given a weighted graph G = (V, E) with weight
function ω, its partitioning tree T satisfies the following:
1. For the root node ε, Tω = V . For every node ϑ → T ,

a subset Tε ↑ V is associated with it. Each leaf node ϖ is
associated with a single node in G, Tϑ = {v}, v → V .

2. The height of tree T is h(T ) = H , h(ε) = H , h(ϖ) =
0, and h(ϑ→) = h(ϑ)+1, where ϑ→ denote the parent of ϑ.

3. For each node ϑ → T , denote its children as ϱ1,ϱ2, . . .;
thus, (Tϖ1 , Tϖ2 , . . .) is a partition of Tε.

Definition 2 (H-Dimensional Structural Information (Li and
Pan 2016; Sun et al. 2024b)). For a partitioning tree T with
height H , the formula of structural information of G at the
h-th layer of T is defined as:

H
T (G;h) =↓

1

vol(G)

Nh∑

k=1

(volh(Tk)↓
∑

(i,j)↑E

Sh

ik
Sh

jk
ωij)

· log2
volh(Tk)

volh→1(Tk→)
,

(1)
where vol(·) calculate the volume of corresponding node set
and ωij is the weight between node i and j. For the k-th node
in height h, Sh

ik
= I(i → Tk). Finally, the H-dimensional

structural information of G is:

H
T (G) =

∑H

h=1
HT (G;h). (2)
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Figure 1: The overall framework of HyperSED.

Hyperbolic Space
The hyperbolic space, unlike the ‘flat’ Euclidean space, is
a curved space with negative curvature ς, which quantifies
the extent to which the manifold deviates from flatness. We
apply the Poincaré ball model (Ungar 2001) of the hyper-
bolic space, which excels in social network analysis due
to its efficient and compact representation of hierarchical
and nested structures (Wang et al. 2024; Papadopoulos, Pso-
mas, and Krioukov 2014). We opt for the gyrovector formal-
ism following Sun et al. (2022, 2024d,c,a). Concretely, the
d-dimensional Poincaré ball model with constant negative
curvature ς < 0 is defined as (Ungar 2022) Bd

ϱ
= {x →

Rd : ↔x↔2 = ↓
1
ϱ
}, where ↔·↔ denotes Euclidean norm. The

origin of the Poincaré ball is o = (0, . . . , 0) → Rd. The
distance function (Ungar 2022) is given by dBω(x,y) =

2↓
→ϱ

tanh→1(↔u↔), where u = (↓x) ↗ϱ y and ↗ϱ is the
Möbius addition (Ungar 2001), given in the Appendix. The
exponential and logarithmic maps of Poincaré ball model are
defined as (Petersen 2006):

expϱx(v) = x↗ϱ (
v

↘
↓ς↔v↔

tanh(

↘
↓ςεϱ

x↔v↔

2
)), (3)

logϱx(y) =
2

↘
↓ςεϱ

x

tanh→1(
↘
↓ς↔u↔)

u

↔u↔
. (4)

We detail the operations and expressions of hyperbolic space
in the Appendix.

Problem Formulation
We technically approach the task of Social Event Detection
(SED) as a graph learning and clustering problem and out-
line the formulation as follows: The task input is a sequence
of social messagesm1,m2, ..., and mN , whereN represents
the total number of messages. The task output isK clusters,

each corresponding to a detected event. The objective is to
construct social message graphs and uncover the correlation
between messages to derive an optimal partitioning tree T

without a predetermined number of event clusters. The ob-
tained partitioning tree reflects the detected events.

Methodology
The proposed framework, HyperSED, as shown in Figure
1, comprises two stages: anchor message graph construction
and event detection.

Anchor Message Graph Construction
We begin by constructing social message graphs from indi-
vidual messages. Subsequently, an anchor message graph is
formulated based on the semantic content of the messages
while retaining message interrelations.

Message Graph Construction. In the message graph
G = (V, Ea ≃ Es), we treat all messages as nodes V =
{m1, ...,mN}, and consider two types of edges: attribute
edges Ea and semantic edges Es. Attribute edges convey
the co-occurrence of attributes among social messages, such
as user u, hashtag h, and entity e (Ren et al. 2022). Se-
mantic edges serve to compensate for potential correlations
that may be overlooked due to the absence of co-occurring
attributes. For each message mi, we extract its attributes
ai = {ui, hi, ei}. An attribute edge is added in G be-
tween mi and mj if they share a common attribute, i.e.,
Ea = {(mi,mj) | ai ⇐ aj ⇒= ⇑}, as shown in Figure
1A.1. For semantic edges, Cao et al. (2024) identify k stable
neighbors for each node via minimizing the one-dimensional
structural entropy (1DSE). However, this practice incurs sig-
nificant computational costs and may not always yield re-
sults. Therefore, we design an efficient algorithm that de-
termines an optimal similarity threshold φ , preserving edges
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with weights surpassing it, as shown in Figure 1A.2. First,
all message nodes are interconnected by edge weights corre-
sponding to their similarity. The similarity is calculated with
cosine similarity between their initial message embeddings
(in this work obtained with SBERT (Reimers and Gurevych
2019)). Then, the algorithm computes the 1DSE of graphs
across varying thresholds through:

H
(1)(G) = ↓

|V |∑

i=1

di
vol(G)

log
di

vol(G)
. (5)

The optimal threshold is determined by searches for a rela-
tively stable graph structure and preserving more edges as:

φ = argmin
ς↑!

∣∣∣∣∣H
(1)(Gς)↓

1

|!|

∑

ς↑!

H
(1)(Gς)

∣∣∣∣∣ , (6)

where ! is the search space of thresholds and H
(1)(Gς) is

the 1DSE of G under the threshold ↼. The semantic edges
are defined as Es = {(mi,mj)| sim(mi,mj) ⇓ φ}. So far,
all edges have been established, resulting in the creation of
the message graph G = (V, Ea ≃ Es) = (X,A), whereX is
the embedding matrix and A denotes the adjacency matrix
with Aij = max(sim(xi,xj), 0), s.t.(mi,mj) → Ea ≃ Es.

Anchor Message Graph Construction. With a substan-
tial size of social messages covering diverse topics, many ex-
hibit semantic similarities or near-identical content. Current
methods for SED generally consider all messages within the
message graph (Cao et al. 2024; Ren et al. 2023), which
makes the graph structure complex and the learning process
resource-intensive. This work addresses this by constructing
a Semantic-based Anchor Message Graph (SAMG), which
regards semantically similar messages as a single anchor
node while preserving their relationships through edges. The
essence of constructing the anchor graph is to reduce the
size of the message graph while preserving the integrity
of the information conveyed by the original messages. To
achieve this goal, we derive M anchor nodes, denoted as
{a1, . . . , aM}, based on the semantic similarities between
message embeddings X. Each anchor comprises a set of se-
mantically related messages, illustrated in Figure 1A.3. The
embedding xa

u
of the anchor node au is computed as the

arithmetic mean of the message representations within the
anchor, given by xa

u
= 1

|au|
∑

{xi|mi → au}. The adja-
cency matrix Aa of the anchor graph is defined as Aa =
(C)↔AC, where C → RN↗M and Ciu = I(mi → au).
It signifies that the edge weight in the anchor graph pre-
serves the connections between messages not assigned to
the same anchor while accounting for the interrelations of
messages from an anchor perspective. Thus, the SAMG
Ga = (Xa,Aa) is obtained, with each node serving as a
representative of a group of semantically related messages
and edges as the correlations between the messages of dif-
ferent anchors.
Remark. SBERT effectively captures message semantics.
By applying clustering techniques to these representations,
the resulting anchors are believed to group semantically
similar messages effectively.

Event Detection within the Hyperbolic Space
Given the SAMG, we take a three-step effort to achieve un-
supervised social event detection, as shown in Figure 1B.
The primary objective is to capture intricate relationships
among anchors and obtain the optimal partitioning tree of
the graph.
Step 1: Learning the SAMG with graph autoencoder

in the hyperbolic space (HGAE). This step aims to ac-
quire structure- and geometry-aware anchor representations
by learning the anchor graph in the hyperbolic space. The
structure-aware representation captures the relational depen-
dencies and patterns among anchors. The geometry-aware
representation reflects the spatial and topological correla-
tions among anchors within the hyperbolic space, indicat-
ing their stereoscopic distances. To achieve this, we first de-
fine the hyperbolic graph autoencoder (HGAE). Inspired by
prior works (Kipf andWelling 2016; Chami et al. 2019; Park
et al. 2021; Sun et al. 2024b), we first map the Euclidean an-
chor (ai) embedding xa

i
→ Rd into the hyperbolic space by

hi = expϱ
o
(xa

i
) → Bd

ϱ
(Equation 3), where d is the em-

bedding’s dimension. The graph encoder in the hyperbolic
space, which is basically a hyperbolic convolutional layer
(Chami et al. 2019), is defined as:

zi = PConv(hi) = expϱ
o




N∑

j=1

ωij (W logϱ
o
(hi) + b)



 ,

(7)
where zi is the latent representation of the anchor ai and
ωij is derived from the attention mechanism (Vaswani et al.
2017):

ωij =

exp

(
↓

1↘
|M |

d2B(hi,hj)

)

∑
M

j=1 exp

(
↓

1↘
|M |

d2B(hi,hj)

) . (8)

The decoder, which reconstructs the adjacency matrix, de-
fines the reconstruction in the hyperbolic space using the
Fermi-Dirac distribution (Krioukov et al. 2010; Park et al.
2021):

Âij = ↽

(
exp(

d2B(zi, zj)↓ q

t
) + 1

)→1

, (9)

where Â is the reconstructed anchor adjacency matrix, ↽
is the activation function, and q and t are hyperparameters.
Finally, the reconstruction loss of the affinity matrix is (Kipf
and Welling 2016):

LHGAE = Eq(Z|H,Aa)[log p(Â
a
| Z)]. (10)

Step 2: Bottom-up Learning of Tree Node Embeddings.
This step seeks to build a partitioning tree of the SAMG.
Following Definition 1, where each graph node corresponds
to a leaf node in the partitioning tree, the partitioning tree
can be built by iteratively assigning parent nodes layer-by-
layer, starting from the leaf nodes (Sun et al. 2024b). DSI
designs an assignment scheme that assigns the i-th node on
the h-th layer to the j-th node on the (h↓ 1)-th layer by:

Ch = Softmax
(
Ah↽

(
PConv(Zh

a
)
))

→ RNh↗Nh→1 ,
(11)
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whereNh andNh→1 are the number of nodes on the h-th and
the (h↓1)-th layer, respectively. Softmax is for row normal-
ization. Upon establishing correspondence, the embedding
and adjacency matrix of the (h ↓ 1)-th layer is required, as
the construction of the (h ↓ 2)-th layer relies on this infor-
mation (as implied by Equation 11). Similar to building the
anchor graph, the embedding of the nodes on the (h↓ 1)-th
layer is defined with the arithmetic mean of all the embed-
dings of nodes assigned to it. Only in this case, in the hyper-
bolic space, the arithmetic mean can be seen as finding the
point in the hyperbolic space that is the closest to all nodes.
This process can be formalized as the Fréchet mean (Lou
et al. 2020):

zh→1
j

= argmin
zh→1
j

∑N
h

i=1
cijd

2
B(z

h→1
j

, zh

i
). (12)

The adjacency matrix of nodes on the (h ↓ 1)-th layer
can be derived from it on the h-th layer, that is Ah→1 =

(Ch)↔ÂhCh. We recursively utilize Equation 11 and Equa-
tion 12 to build the partitioning tree from leaf nodes to the
root node in hyperbolic space.
Step 3: Optimization of the partitioning tree. In essence,

the optimization objective encompasses two primary as-
pects: first, find the proper position to put the root node of
the partitioning tree, and second, minimize the structural en-
tropy of the SAMG. For the first aspect, a straightforward
approach is to position the root node at the origin o of the
Poincaré ball. This choice is significant as the origin serves
as a reference point for mapping from Euclidean to hyper-
bolic space, where all other points exhibit symmetric posi-
tions relative to it. Regarding the second aspect, which in-
volves minimizing the H-dimensional structural entropy cor-
responding to Equation 2. The loss function is given by:

LSE = dB(o, z
0) +

∑H

h=1
HT (G;h), (13)

where z0 is the embedding of the root node. The total loss
of the training is L = LHGAE + LSE.
Remark. The overall methodology can be seen as starting
from individual messages as leaf nodes, layer-by-layer, to
the top of the partitioning tree. Only the immediate parent
layer of messages is chosen based on their semantic relat-
edness rather than the layer-wise assignment and the value
of structural entropy. This strategy maintains the benefits of
SE while notably enhancing efficiency through learning with
anchors.

Experiments
We conduct experiments and analyses to evaluate the effec-
tiveness and efficiency of the proposed framework. Addi-
tionally, we present ablation studies and parameter analyses
to demonstrate the advancement of the proposed framework.

Experimental Setups
Datasets. We conduct experiments on two publicly avail-
able datasets: the English Twitter dataset (McMinn, Mosh-
feghi, and Jose 2013) and the French Twitter dataset (Ma-

Datasets English Twitter French Twitter
Metrics NMI AMI ARI NMI AMI ARI
BERT* 0.42 0.11 0.01 0.26 0.10 0.01
SBERT* 0.83 0.73 0.17 0.66 0.59 0.10
EventX 0.72 0.19 0.05 0.56 0.16 0.03
KPGNN* 0.79 0.52 0.22 0.56 0.44 0.15
QSGNN* 0.72 0.53 0.22 0.58 0.44 0.16
HISEvent 0.47 0.42 0.17 0.48 0.41 0.30
HyperSED 0.84 0.77 0.44 0.68 0.62 0.62
promotion ⇔ 0.01 ⇔ 0.04 ⇔ 0.22 ⇔ 0.02 ⇔ 0.03 ⇔ 0.32

Table 1: Offline results. The best result is marked in bold,
the runner-up is marked in italic, ‘*’ marks results acquired
with the ground truth event numbers, the proposed method
is marked in orange background.

zoyer et al. 2020). Data splitting for offline and online eval-
uation consistent with prior studiy (Cao et al. 2024). Specif-
ically, for offline evaluation, the data is divided into training,
validation, and test sets with a ratio of 7:1:2; for online eval-
uation, the data is segmented into message blocks based on
time intervals: the first block encompassed messages from
the first seven days (weekly), followed by daily blocks.

Baselines. We compare HyperSED with two types of SED
baselines. (1) Non-Graph-based methods: BERT (Devlin
et al. 2019) and SBERT (Reimers and Gurevych 2019),
which are Transformer-based pre-trained language mod-
els (PLMs) known for their strong text representation ca-
pabilities; EventX (Liu et al. 2020a) leverages commu-
nity detection for SED. (2) Graph-based methods: KPGNN
(Cao et al. 2021) construct homogeneous graphs and uti-
lize Graph Attention Networks (GATs) for supervised SED.
QSGNN (Ren et al. 2022) employs pseudo-labels and ac-
tive learning for self-supervised SED. HISEvent (Cao et al.
2024) achieves unsupervised partitioning through hierarchi-
cal minimization of two-dimensional structural entropy. We
set the hyperparameter n to 200 to mitigate occasional dead-
lock issues. All baselines, except EventX and HISEvent, re-
quire predefined event numbers. For implementation details,
please refer to the Appendix.

Evaluation Metrics. In line with previous SED studies
(Cao et al. 2024; Ren et al. 2022), we assess the performance
of all methods using three common clustering metrics: Nor-
malized Mutual Information (NMI) (Estévez et al. 2009),
Adjusted Mutual Information (AMI) (Vinh, Epps, and Bai-
ley 2009), and Adjusted Rand Index (ARI) (Vinh, Epps, and
Bailey 2009). These metrics measure the similarity between
the detected clusters and the ground truth.

Online & Offline SED Results
Offline: The results for the offline SED are presented in Ta-
ble 1, demonstrating that the proposed method, HyperSED,
achieves superior performance on both datasets, surpassing
existing methods by an average of 0.02, 0.04, and 0.27 in
NMI, AMI, and ARI, respectively. The relatively poor per-
formance of HISEvent compared to its online results can be
attributed to the larger scale of messages and more diverse
events in the offline setting. These factors impede HISEvent
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Blocks M1 M2 M3 M4 M5 M6 M7

Metrics NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI
BERT* 0.14 0.11 0.01 0.38 0.32 0.43 0.22 0.15 0.05 0.26 0.18 0.03 0.28 0.23 0.08 0.32 0.20 0.08 0.20 0.14 0.01
SBERT* 0.40 0.38 0.03 0.85 0.84 0.70 0.89 0.88 0.67 0.80 0.78 0.36 0.87 0.87 0.79 0.86 0.83 0.56 0.63 0.60 0.09
EventX 0.36 0.06 0.01 0.68 0.29 0.45 0.63 0.18 0.09 0.63 0.19 0.07 0.59 0.14 0.04 0.70 0.27 0.14 0.51 0.13 0.02
KPGNN* 0.39 0.37 0.07 0.79 0.78 0.76 0.76 0.74 0.58 0.67 0.64 0.29 0.73 0.71 0.47 0.82 0.79 0.72 0.55 0.51 0.12
QSGNN* 0.43 0.41 0.07 0.81 0.80 0.77 0.78 0.76 0.59 0.71 0.68 0.29 0.75 0.73 0.48 0.83 0.80 0.73 0.57 0.54 0.12
HISEvent 0.38 0.37 0.09 0.90 0.89 0.88 0.90 0.89 0.79 0.77 0.76 0.52 0.83 0.82 0.63 0.89 0.88 0.84 0.64 0.63 0.36
HyperSED 0.84 0.84 0.96 0.84 0.83 0.77 0.85 0.84 0.81 0.77 0.75 0.60 0.84 0.82 0.71 0.86 0.83 0.76 0.85 0.85 0.89
promotion ↘ 0.41 ↘ 0.43 ↘ 0.87 ≃ 0.06 ≃ 0.06 ≃ 0.11 ≃ 0.05 ≃ 0.05 ↘ 0.02 ≃ 0.03 ≃ 0.03 ↘ 0.08 ≃ 0.03 ≃ 0.05 ≃ 0.08 ≃ 0.03 ≃ 0.05 ≃ 0.08 ↘ 0.21 ↘ 0.22 ↘ 0.53
Blocks M8 M9 M10 M11 M12 M13 M14

Metrics NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI
BERT* 0.29 0.15 0.04 0.30 0.20 0.09 0.30 0.20 0.07 0.29 0.20 0.06 0.20 0.15 0.04 0.25 0.18 0.04 0.22 0.16 0.05
SBERT* 0.87 0.85 0.62 0.86 0.84 0.47 0.88 0.86 0.61 0.81 0.79 0.37 0.84 0.83 0.60 0.72 0.69 0.21 0.77 0.75 0.36
EventX 0.71 0.21 0.09 0.67 0.19 0.07 0.68 0.24 0.13 0.65 0.24 0.16 0.61 0.16 0.07 0.58 0.16 0.04 0.57 0.14 0.10
KPGNN* 0.80 0.76 0.60 0.74 0.71 0.46 0.80 0.78 0.70 0.74 0.71 0.49 0.68 0.66 0.48 0.69 0.67 0.29 0.69 0.65 0.42
QSGNN* 0.79 0.75 0.59 0.77 0.75 0.47 0.82 0.80 0.71 0.75 0.72 0.49 0.70 0.68 0.49 0.68 0.66 0.29 0.68 0.66 0.41
HISEvent 0.82 0.81 0.68 0.89 0.88 0.65 0.91 0.90 0.87 0.85 0.84 0.66 0.87 0.87 0.82 0.75 0.74 0.39 0.83 0.82 0.71
HyperSED 0.87 0.85 0.69 0.86 0.84 0.81 0.86 0.85 0.74 0.86 0.84 0.91 0.78 0.76 0.62 0.82 0.81 0.93 0.84 0.83 0.80
promotion 0.00 0.00 ↘ 0.01 ≃ 0.03 ≃ 0.04 ↘ 0.16 ≃ 0.05 ≃ 0.05 ≃ 0.13 ↘ 0.01 0.00 ↘ 0.25 ≃ 0.09 ≃ 0.11 ≃ 0.20 ↘ 0.07 ↘ 0.07 ↘ 0.54 ↘ 0.01 ↘ 0.01 ↘ 0.09
Blocks M15 M16 M17 M18 M19 M20 M21

Metrics NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI
BERT* 0.24 0.17 0.03 0.28 0.19 0.07 0.22 0.16 0.04 0.20 0.14 0.04 0.28 0.22 0.08 0.32 0.19 0.07 0.20 0.15 0.03
SBERT* 0.71 0.68 0.17 0.80 0.77 0.50 0.79 0.78 0.42 0.81 0.80 0.52 0.86 0.85 0.56 0.84 0.80 0.54 0.72 0.70 0.26
EventX 0.49 0.07 0.01 0.62 0.19 0.08 0.58 0.18 0.12 0.59 0.16 0.08 0.60 0.16 0.07 0.67 0.18 0.11 0.53 0.10 0.01
KPGNN* 0.58 0.54 0.17 0.79 0.77 0.66 0.70 0.68 0.43 0.68 0.66 0.47 0.73 0.71 0.51 0.72 0.68 0.51 0.60 0.57 0.20
QSGNN* 0.59 0.55 0.17 0.78 0.76 0.65 0.71 0.69 0.44 0.70 0.68 0.48 0.73 0.70 0.50 0.73 0.69 0.51 0.61 0.58 0.21
HISEvent 0.69 0.67 0.27 0.87 0.86 0.83 0.77 0.76 0.56 0.74 0.73 0.64 0.85 0.84 0.60 0.82 0.80 0.67 0.73 0.73 0.46
HyperSED 0.81 0.80 0.93 0.90 0.89 0.88 0.83 0.82 0.89 0.80 0.79 0.71 0.86 0.85 0.84 0.83 0.80 0.66 0.80 0.78 0.86
promotion ↘ 0.10 ↘ 0.12 ↘ 0.66 ↘ 0.03 ↘ 0.03 ↘ 0.05 ↘ 0.04 ↘ 0.04 ↘ 0.33 ≃ 0.01 ≃ 0.01 ↘ 0.07 0.00 0.00 ↘ 0.24 ≃ 0.01 0.00 ≃ 0.01 ↘ 0.07 ↘ 0.05 ↘ 0.40

Table 2: Online results of Twitter English. The best result is marked in bold, the runner-up is marked in italic, ‘*’ marks results
acquired with the ground truth event numbers, the proposed method is marked in orange background.

Blocks M1 M2 M3 M4 M5 M6 M7 M8

Metrics NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI
BERT* 0.13 0.11 0.04 0.11 0.09 0.04 0.07 0.05 0.01 0.07 0.05 0.01 0.12 0.08 0.02 0.09 0.06 0.01 0.14 0.12 0.05 0.14 0.10 0.04
SBERT* 0.59 0.58 0.21 0.64 0.63 0.32 0.64 0.64 0.32 0.58 0.57 0.21 0.74 0.73 0.41 0.70 0.69 0.36 0.67 0.66 0.29 0.76 0.75 0.48
EventX 0.34 0.11 0.02 0.37 0.12 0.02 0.39 0.01 0.11 0.39 0.14 0.06 0.53 0.24 0.13 0.44 0.15 0.08 0.41 0.12 0.02 0.54 0.21 0.09
KPGNN* 0.54 0.54 0.17 0.56 0.55 0.18 0.55 0.15 0.55 0.55 0.55 0.17 0.58 0.57 0.21 0.59 0.57 0.21 0.63 0.61 0.30 0.58 0.57 0.20
QSGNN* 0.57 0.56 0.18 0.58 0.57 0.19 0.58 0.17 0.56 0.58 0.57 0.18 0.61 0.59 0.23 0.60 0.59 0.21 0.64 0.63 0.30 0.57 0.55 0.19
HISEvent 0.74 0.74 0.58 0.73 0.73 0.60 0.72 0.72 0.52 0.67 0.66 0.48 0.74 0.73 0.56 0.80 0.79 0.66 0.79 0.78 0.59 0.82 0.82 0.75
HyperSED 0.77 0.77 0.89 0.75 0.75 0.77 0.71 0.71 0.81 0.70 0.70 0.59 0.68 0.65 0.57 0.78 0.77 0.86 0.67 0.66 0.75 0.79 0.78 0.64
promotion ↘ 0.03 ↘ 0.03 ↘ 0.31 ↘ 0.02 ↘ 0.02 ↘ 0.17 ≃ 0.01 ≃ 0.01 ↘ 0.25 ↘ 0.03 ↘ 0.04 ↘ 0.11 ≃ 0.06 ≃ 0.08 ↘ 0.01 ≃ 0.02 ≃ 0.02 ↘ 0.20 ≃ 0.12 ≃ 0.12 ↘ 0.16 ≃ 0.03 ≃ 0.04 ≃ 0.11
Blocks M9 M10 M11 M12 M13 M14 M15 M16

Metrics NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI
BERT* 0.10 0.07 0.01 0.15 0.10 0.04 0.13 0.09 0.03 0.14 0.11 0.05 0.10 0.08 0.02 0.15 0.12 0.05 0.10 0.06 0.02 0.11 0.07 0.05
SBERT* 0.63 0.62 0.22 0.72 0.70 0.36 0.72 0.70 0.31 0.76 0.75 0.53 0.63 0.62 0.32 0.70 0.69 0.43 0.70 0.69 0.36 0.63 0.61 0.25
EventX 0.45 0.16 0.07 0.52 0.19 0.07 0.48 0.18 0.06 0.51 0.20 0.09 0.44 0.15 0.06 0.52 0.22 0.11 0.49 0.22 0.11 0.39 0.10 0.01
KPGNN* 0.48 0.46 0.10 0.57 0.56 0.18 0.54 0.53 0.16 0.55 0.56 0.17 0.60 0.60 0.28 0.66 0.65 0.43 0.60 0.58 0.25 0.52 0.50 0.13
QSGNN* 0.52 0.46 0.13 0.60 0.58 0.19 0.60 0.59 0.20 0.61 0.59 0.20 0.59 0.58 0.27 0.68 0.67 0.44 0.63 0.61 0.27 0.51 0.50 0.13
HISEvent 0.65 0.64 0.42 0.77 0.76 0.66 0.72 0.71 0.44 0.84 0.83 0.80 0.78 0.78 0.86 0.83 0.82 0.75 0.76 0.75 0.61 0.70 0.69 0.38
HyperSED 0.64 0.62 0.42 0.73 0.71 0.64 0.76 0.75 0.77 0.83 0.81 0.72 0.82 0.81 0.79 0.79 0.76 0.77 0.76 0.75 0.74 0.79 0.78 0.88
promotion ≃ 0.01 ≃ 0.02 0.00 ≃ 0.04 ≃ 0.05 ≃ 0.02 ↘ 0.04 ↘ 0.04 ↘ 0.33 ≃ 0.01 ≃ 0.02 ≃ 0.08 ↘ 0.04 ↘ 0.03 ≃ 0.07 ≃ 0.04 ≃ 0.06 ↘ 0.02 0.00 0.00 ↘ 0.13 ↘ 0.09 ↘ 0.09 ↘ 0.50

Table 3: Online results of Twitter French. The best result is marked in bold, the runner-up is marked in italic, ‘*’ marks results
acquired with the ground truth event numbers, the proposed method is marked in orange background.

from hierarchically determining the minimum structural en-
tropy. Our approach, on the other hand, is theoretically im-
mune to the influence of data scale and demonstrates great
performance in handling diverse events, as indicated by the
higher ARI score in comparison to other baselines.
Online: The online results for English and French Twitter
are shown in Table 2 and Table 3. The results reveal that Hy-
perSED demonstrates competitive performance across the
majority of message blocks, with a marginal decrease in
some blocks. Notably, within English Twitter, significant
improvements are observed in message blocks M1, M7,
and M15. From the statistical information, we can tell that
these blocks contain larger message scales and more diverse
events. For the marginal decreases observed, we hypothe-

size that may be caused by the accumulation of errors dur-
ing the construction of SAMG, where semantically similar
messages are incorrectly clustered together under a single
anchor. This marginal decrease can be seen as a trade-off be-
tween effectiveness and efficiency, considering the improve-
ments (as further evidenced), is deemed worthwhile.
Key Insights: It is observed that HyperSED excels when
confronted with larger message sizes and diverse events. We
attribute this success to the proposed SAMG, where core se-
mantics and interrelations are preserved.

Efficiency Analysis of Unsupervised SED
Table 4 presents the graph construction time, running time,
and total time of the unsupervised SED baseline HISEvent
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Blocks Offline M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M11 M12 M13 M14 M15 M16

Statistics # Messages 12,902 5,356 3,186 2,644 3,179 2,662 4,200 3,454 2,257 3,669 2,385 2,802 2,927 4,884 3,065 2,411 1,107
# Events 241 22 19 15 19 27 26 23 25 31 32 31 29 28 26 25 14

Construction HISEvent 1,250 533 299 243 323 258 437 334 214 371 229 281 281 506 298 241 95
Time (s) HyperSED 896 171 60 40 61 44 108 68 30 78 33 46 52 139 59 38 7
Running HISEvent 25,372 6,800 1,129 897 1,727 556 2,358 1,713 422 1,444 492 1,130 628 3,144 1,001 662 218
Time (s) HyperSED 65 25 58 11 12 17 17 16 17 21 16 24 17 25 64 11 6
Overall HISEvent 26,622 7,333 1,428 1,140 2,050 814 2,795 2,047 636 1,815 721 1,411 909 3,650 1,299 903 313
Time (s) HyperSED 961 196 118 51 73 61 125 84 47 99 49 70 69 164 123 49 13
Speed-up (times ↖) 27.70 37.41 12.10 22.35 28.08 13.34 22.36 24.37 13.53 18.33 14.71 20.16 13.17 22.26 10.56 18.43 24.08

Table 4: Graph construction time, running time, and overall time of unsupervised SED methods on French Twitter.

!! !"

Figure 2: Ablation results for English and French Twitter. Online results are the average results across all blocks.

and the proposed HyperSED on the French Twitter dataset.
HyperSED: HyperSED exhibits remarkably short running
times, even with the largest amount of messages (offline
setting), which takes up only 65 seconds, whereas HISEv-
ent takes 25,372 seconds. Compared to its running time, its
graph construction time is longer, especially in the offline
setting; however, consider the data scale, is all reasonable.
Comparison: In contrast, both the graph construction time
and running time of HISEvent significantly lag behind Hy-
perSED across all blocks. Overall, HyperSED demonstrates
an average speedup (online setting) of 21.04 times in total
time over HISEvent, with a maximum improvement of 37.41
times. Efficiency is paramount for SED systems as they must
promptly respond to new messages and events. In this con-
text, the proposed HyperSED outperforms existing unsuper-
vised SED methods to a significant extent.

Ablation Study
The results of the ablation study are presented in Figure 2.
With the absence of DSI, the method requires the total event
number as the supervision signal.
Maximum Influence: The largest performance drop is ob-
served in the absence of SAMG. This is because, in sce-
narios of large-scale messages, the model without SAMG
needs to learn all messages and their relationships, which is
susceptible to noise interference. SAMG not only reduces
the node size but also simplifies their relationships, which
mitigates the influences caused by noise to a great extent.
Minimum Influences: The least performance drop is ob-
served when any graph edge Ea or Es is absent. This is due
to SAMG solely preserving edges between messages not be-
longing to the same anchor. In most cases, messages sharing
high similarity or attribute co-occurrence are housed within
the same anchor, thereby limiting its impact. Nonetheless,
the construction of these edges remains indispensable to the
overall performance of HyperSED.

Parameter Sensitivity Analysis

Figure 3: Parameter sensitivity analysis results for English
Twitter. Online results are averaged across all blocks.

We analyze the parameter sensitivity concerning the di-
mension of structural entropy (height of the partitioning
tree) H = {2, 3, 4} and the number of anchor nodes M =
N/⇀, ⇀ = {10, 20, 30}. The results on the English Twitter
dataset are shown in Figure 3. The different parameters show
minor fluctuations, all of which demonstrate reasonable per-
formance without significant deviations.

Conclusion
This work proposes HyperSED, an unsupervised SED
framework that models social messages as anchors and
learns their interrelations within the hyperbolic space. Hy-
perSED learned semantically representative anchor nodes
and simplified the relations among messages by incorpo-
rating SAMG. A substantial reduction in the detection run-
time is achieved through the collaboration of SAMG and
learning in the hyperbolic space. Experiments on public
datasets demonstrate the effectiveness and efficiency of Hy-
perSED, achieving competitive performance and enhancing
efficiency significantly.
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