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Abstract
Open-domain event detection aims to iden-
tify known event types while discovering pre-
viously unseen ones from unstructured docu-
ments. In practice, event detection systems
often operate with an evolving event set rather
than a complete type inventory. Under this set-
ting, existing zero-shot event detection meth-
ods can fail in two ways when the event type
is absent from the predefined set: the model
may either miss the event or assign it to a
plausible but wrong known type, hiding the
need for discovery. To address this prob-
lem, we propose OGED, an Ontology-Guided
open-domain Event Detection framework for
grounding–discovery resolution, i.e., deciding
whether an event mention should be assigned
to an existing type or should induce a new type.
OGED organizes the available event types into
a hierarchical search structure, uses cluster-
level scheduler and adaptive planning to keep
known-type assignment and new-type discov-
ery jointly active, and applies retrieval-gated
verification together with conflict selection
to resolve competing assignments before out-
put. Experiments on a unified benchmark with
564 event types show that OGED outperforms
strong baselines on both known-type detection
and unknown-type discovery. Code is available
at https://github.com/chenzhouli/OGED.

1 Introduction

Open-domain event detection is a core task in open-
domain information extraction. It aims to extract
event mentions, including both event triggers and
event types, from unstructured documents, and sup-
ports a wide range of downstream applications in-
cluding knowledge graph construction (Yao et al.,
2023), information retrieval (Zhang et al., 2024),
knowledge-intensive question answering (Liu et al.,
2025), and domain-specific extraction over med-
ical (Ma et al., 2023a) and scientific (Lu et al.,
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Gold Event Mentions：
Event Trigger: phishing attacks;  Event Type: Phishing

Detector Output：
Event Trigger: None; Event Type: None

Document: ...Other attacks allowed hackers to perform in-app 
phishing attacks against Santander and ...

Zero-shot Detector Resolution failure I: Fails to discover!

Resolution failure II: Over-grounded to known type!

Gold Event Mentions：
Event Trigger: phishing campaign;  Event Type: Phishing

Detector Output：
Event Trigger: phishing campaign; 
Event Type: Databreach

Document: ... A phishing campaign is targeting customers of 
every major UK bank, with cybercriminals....

Zero-shot Detector

Case 1:

Case 2:

Figure 1: When the event type is absent from the pre-
defined set, zero-shot detectors either miss the event or
ground it to a plausible but wrong known type. Both re-
flect failures of grounding–discovery resolution, where
the model must decide whether to assign the mention to
an existing type or induce a new one.

2026) text. In practice, real systems usually oper-
ate with an evolving set of event types. This set-
ting is common in dynamic domains such as cyber
threat analysis, where resources such as MITRE
ATT&CK (The MITRE Corporation, 2026) orga-
nize adversary behavior into tactics, techniques,
and sub-techniques, yet incident reports still intro-
duce emerging behaviors that are not covered by
the current ontology of adversary behaviors.

Despite the need, most existing LLM-based
event detection methods formulate the task as zero-
shot extraction over a predefined set of event type
definitions (Srivastava et al., 2025; Wang et al.,
2023; Sainz et al., 2024). This formulation is lim-
ited when the event types are evolving. In such
cases, the model may exhibit two failures. As
shown in Figure 1-Case 1, the zero-shot detector
fails to discover the new type “Phishing” from the
trigger “phishing attacks”. More subtly, it may as-
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sign the trigger to a plausible but wrong known
type, as in Figure 1-Case 2, where “phishing cam-
paign” is mapped to “Databreach” although the
correct type is “Phishing”. Besides, existing LLM-
based fully open-domain methods extract free-form
event types (Lu et al., 2025), which are not aligned
with predefined event types that downstream ap-
plications rely on, and thus serve offline label con-
struction. The key challenge is therefore to use the
predefined event types as useful prior knowledge
without grounding every event mention into the ex-
isting type set. This motivates a unified framework
in which known-type grounding and new-type dis-
covery remain jointly active until the final output
is resolved.

In light of these challenges, we study open-
domain event detection with an incomplete type set
and propose OGED, an Ontology-Guided open-
domain Event Detection framework for grounding–
discovery resolution. Rather than treating known-
type assignment and new-type discovery as sepa-
rate stages, OGED maintains both as competing
explanations and resolves them before final out-
put. For efficiency, OGED organizes the predefined
event type set into a hierarchical search structure
built from event definitions, allowing the model to
focus on a relevant semantic cluster instead of the
entire type set at once.

OGED explicitly addresses the two failure
modes. For missing new events, a cluster-based
semantic scheduler prioritizes clusters that are rel-
evant to the document but remain insufficiently
resolved, and a hybrid reasoning planner decides
whether the evidence in the selected cluster should
favor known-type assignment or new-type discov-
ery. For over-grounding, a retrieval-gated verifier
judges whether a proposed new type is genuinely
novel or should instead be mapped back to a pre-
defined type. Finally, a conflict selection module
resolves competing known-type and new-type as-
signments, allowing a newly induced type to re-
place a plausible but incorrect known-type label
when supported by the document evidence.

In summary, we make three contributions. (1)
We formulate a practical open-domain event de-
tection setting in which the available event type
set is incomplete and evolving, so the system
must determine whether each event mention should
be assigned to an existing type or should trig-
ger the induction of a new one. (2) We pro-
pose OGED, an ontology-guided framework for
grounding–discovery resolution. By structuring

the predefined event type set into a hierarchical on-
tology, OGED keeps known-type grounding and
new-type discovery jointly active within a unified
inference process. (3) We conduct experiments on
a unified benchmark with 564 event types, showing
that OGED improves both known-type detection
and unknown-type discovery over zero-shot base-
lines.

2 Related Work

2.1 Event Detection

Early event detection research explored data-
efficient learning strategies such as contrastive
learning, prototype learning, and trigger-aware
prompting (Zhang et al., 2022; Ma et al., 2023b;
Yue et al., 2023). With LLMs, recent work has
shifted towards zero-shot and instruction-based in-
ference (Gao et al., 2023), improving extraction
through multi-turn QA, retrieval, debate, code gen-
eration, or adaptation with definitions, guidelines,
and synthetic supervision (Wei et al., 2023; Yao
et al., 2023; Wang and Huang, 2024; Guo et al.,
2026; Cai et al., 2024; Sainz et al., 2024; Fuente
et al., 2025). Multi-agent and multi-stage meth-
ods such as SNaRe (Parekh et al., 2025a) and Di-
CoRe (Parekh et al., 2025b) further reduce errors
in direct LLM inference. These methods improve
detection under a predefined event inventory, while
OGED targets inference-time grounding–discovery
resolution under an incomplete and evolving type
set.

For open-domain event extraction, prior work
has explored event type discovery and ontology
expansion from collections of event instances (Li
et al., 2022; Cao et al., 2023), distant supervi-
sion with external resources (Araki and Mitamura,
2018), and scalable semantic evaluation as in
SEOE (Lu et al., 2025). Existing type-discovery
methods typically assume candidate or gold event
mentions and focus on inducing types from a collec-
tion of event instances. In contrast, OGED operates
directly on documents and jointly performs known-
type grounding and new-type discovery under a
partial seed ontology.

2.2 Schema-guided LLM reasoning

Recent work shows that explicit schemas or ontolo-
gies can guide LLM inference by constraining the
search space and organizing intermediate reason-
ing. Examples include schema-activated in-context
learning (Chen et al., 2025), ontology-guided re-
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verse thinking for knowledge graph question an-
swering (Liu et al., 2025), and structure-guided
prompting for table question answering and task-
oriented dialogue (Wang et al., 2025; Zhang et al.,
2023). OGED adopts this general idea for open-
domain event detection, and uses the event ontol-
ogy to guide search to minimize the semantic gap.

3 Problem Definition

Event Detection. Given an input document
D = [w1, . . . , wL] as a token sequence of length L,
trigger-based event detection aims to extract a set of
event mentions E = {(mi, ti)}Ni=1. Each mention
mi = (si, fi) is a token span (1 ≤ si ≤ fi ≤ L)
that denotes an event trigger where si and fi de-
note the start and end indices of the event trigger,
respectively, and ti is the assigned event type. We
focus on trigger identification and do not model
event arguments in this work.
Types and Definitions. We assume access to a set
of event types equipped with textual definitions:

O = {(ti, di)}Ni=1,

where ti is an event type name and di is its defini-
tion. An example of event definition is “The event
refers to a ransomware attack targeting systems and
data”.
Two Standard Paradigms. Existing LLM-based
approaches can be broadly categorized by whether
the output type space is constrained by a given
event type set.

(i) Zero-Shot Event Detection (ZSED). ZSED
extracts mentions by mapping them to a provided
type set:

E = ΦLLM(D,Oin),

s.t. ∀(mi, ti) ∈ E , (ti, di) ∈ Oin.

In this setting, out-of-set events are typically missed
or forced-mapped to the closest in-set type, limiting
adaptability in dynamic domains.

(ii) Open-Domain Event Detection (ODED).
ODED removes the predefined type constraint and
allows the model to generate types from an open
vocabulary:

(mi, ti, di) = ΦLLM(D), ti ∈ V∗.

where V∗ is the model vocabulary. In practice,
LLMs often generate free-form type names and
descriptions. While flexible, unconstrained type
generation commonly yields non-canonical labels,

redundant categories, and weak semantic consis-
tency.
Task Setting: Open-Domain Event Detection
with Evolving Event Types. We define open-
domain event detection with a seed type set as
follows. The model is provided with a seed type-
definition set Oseed as a semantic reference, rather
than a closed label space. The model must output
(i) event mentions grounded to existing types when
appropriate, and (ii) a set of induced novel types
with definitions:

(E ,Onew) = ΦLLM(D,Oseed),

whereOnew = {(tnew
j , dnew

j )}Mj=1. Accordingly, the
final type-definition set is expanded as:

Ofinal = Oseed ∪ Onew,

where tnew and dnew represent the new event type
and its corresponding definition given by the LLM.
For each mention (mi, ti) ∈ E , if (ti, di) ∈ Oseed
the system performs closed-world grounding; oth-
erwise, it generates a new type with its definition
(tnew, dnew).
Rationale. Real-world applications require both
semantic consistency and adaptability. A fixed type
set provides stable semantics for downstream rea-
soning, yet cannot capture emerging events. On
the other hand, unconstrained generation offers
flexibility but risks contaminating the label space
with noise. For example, in “cybersecurity” do-
mains, a seed set may contain standard types such
as “Phishing” and “DDoS”. When the document
describes file encryption and ransom demands, a
purely seed-bounded model may miss the critical
“Ransomware” event, whereas a fully open-domain
model may produce vague labels, e.g., “Hacking”
or overly specific ones, e.g., “File Encryption”,
causing category fragmentation. We argue that a
practical framework should thus treat the seed set
as a semantic anchor while allowing principled
expansion when the text provides unsupported evi-
dence.

4 Methodology

4.1 Overview
To enable efficient reasoning under a limited bud-
get, we begin by organizing the seed event type
set Oseed into a hierarchical tree structure Hseed,
as illustrated in Fig. 2, where internal nodes rep-
resent coarse-grained semantic domains and leaf
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nodes correspond to fine-grained event types, each
associated with a textual definition. This hierar-
chical tree supports guided exploration, in which
the model, rather than matching every mention
against all available types, focuses on a few rel-
evant branches and, when necessary, adds new leaf
types to the most compatible branch to obtain an
expanded treeHfinal(Hfinal ⊇ Hseed).

Event Types Set (Oseed)

Hierarchical 

Ontology Tree (Hseed)

Cyberattack Sports

Network 

Security

DDoS

Social 

Engineering

Scam

Games

Score Goal

Phishing Scam Score Goal DDoS

Phishing

Figure 2: Hierarchical Ontology Tree Construction

The overall framework is shown in Fig. 3.
OGED treats open-domain event detection as
grounding–discovery resolution. Given a docu-
ment and an incomplete seed ontology tree, the
system must resolve whether each candidate event
mention should be grounded to an existing leaf
type or should induce a new leaf type. To opera-
tionalize this resolution, OGED proceeds in three
stages. First, it localizes the grounding space by
constructing a document-specific ontology subtree
and prioritizing unresolved clusters. Second, it
generates competing grounding and discovery can-
didates through an adaptive planner and cluster-
conditioned detector. Third, it verifies proposed
new types and resolves conflicts among competing
event mentions before committing to the final out-
put. These stages are implemented by five modules
as follows.

4.2 Cluster-based Semantic Scheduler
To support grounding–discovery resolution under a
limited inference budget, we first restrict reasoning
to a compact ontology region. Starting from the
initial ontology tree Hseed, we retrieve the top-p
relevant leaf types for the document and merge
their ancestor paths into a document-specific
dynamic search tree. The parent nodes of the
leaves define a set of candidate semantic clus-
ters C. As an example shown in Fig. 2, C =
{Social Engineering,Network Security,Games}.
Each cluster is associated with a local subtreeH(c)
that serves as an atomic search unit.

For each cluster c, we compute an initial rele-

vance score

P0(c) = Reranker(D, c), P0(c) ∈ [0, 1],

which measures how well the document matches
that semantic region. We then maintain a posterior
score Vk(c) at step k that summarizes how well the
cluster has already explained the document through
accepted candidates:

Vk(c) = max
(
Vk−1(c), max

e∈Ecand
k (c)

s(e)
)
,

where Vk(c) ∈ [0, 1], s(e) is the candidate con-
fidence defined in Sec. 4.5. Based on these two
quantities, we define the semantic gap of cluster c
as

Gk(c) = P0(c) · (1− Vk−1(c)).

A high semantic gap indicates that the cluster is rel-
evant to the document but insufficiently explained
by current predictions, suggesting that new-type
discovery may be needed.

At each iteration, the scheduler selects the next
cluster by balancing semantic gap and exploration:

c∗k = argmax
c∈C

[
Gk(c) + λ

√
ln(1 + k)

1 + n(c)

]
,

where n(c) is the visit count of cluster c and λ
controls the exploration strength. The semantic-gap
term favors potential ontology regions, while the
exploration term prevents the scheduler from early
committing to a narrow set of regions and making
the framework more robust to a noisy ontology
tree.

4.3 Hybrid Reasoning Planner
Given the selected cluster c∗k, the planner decides
whether the current evidence should favor known-
type grounding or new-type discovery. The de-
tection strategy grounds triggers to existing event
types within the current ontology, whereas the dis-
covery strategy is invoked when the selected cluster
remains unresolved. To achieve this goal, we adopt
the cluster semantic gap as the strategy selection
rule:

πk =

{
πdis if nk−1(c

∗
k) ≥ 1 and Gk(c∗k) > τ,

πdet otherwise,

where τ controls when the framework moves from
grounding to discovery. In the open-domain set-
ting, each cluster can be visited at most twice: the
first visit attempts known-type grounding, and the
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{ 
Trigger: “ransom”
Type: Ransomware

}

(c) Detection with Retrieval-Gated Verifier

Similarity  
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Existing  
Ontology

...hackers encrypted
files and demanded
ransom...

Input Document 𝑫

Auto Prompt Optimization

(b) Hybrid Reasoning Planner

Strategy Selection
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Trigger: “ransom”
Type: Ransomware
Definition: It refers to ...
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Retriever
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(a) Cluster-based Semantic Scheduler
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type...
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(d) Global State Update

Ontology Tree	ℋ&'()* Posterior Score	𝒔(𝒆)
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Trigger
(e) Conflict Selection

Output Event Mention 𝜺𝒇𝒊𝒏𝒂𝒍
Select candidates
between clusters

Retrieve the 
top-p type Cluster 𝑐

Ransomware

...
After 𝒌𝒎𝒂𝒙
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Figure 3: OGED performs ontology-guided grounding–discovery resolution in five phases. (a) A cluster-based
scheduler prioritizes target clusters based on semantic gaps. (b) A planner selects between Detection and Discovery
and generates context-aware instructions. (c) A detector extracts event candidates, while a retrieval-gated verifier
judges new event type proposals. (d) A global state update strategy maintains the ontology tree, history log, and
posterior score. (e) A conflict selection mechanism reviews aggregated candidates and selects the most plausible
final mentions.

second is allowed only if the semantic gap remains
high after grounding. Thus, discovery is focused
on clusters that cannot be sufficiently explained by
existing types, while potential conflicts between
known-type and new-type candidates are deferred
to the conflict selection module in Sec. 4.6.

To improve robustness across iterations, we use
an LLM planner to generate step-specific guidance
conditioned on the document D, the selected sub-
treeH(c∗k), and the history log H of previous deci-
sions:

Ik = LLMplanner
(
P(D,H(c∗k), H)

)
.

Here P is a structured prompt template. Notably,
our planner is inspired by recent advances in auto-
matic prompt optimization (Wang et al., 2024). The
resulting instruction Ik encourages the detector to
focus on unresolved evidence in the selected clus-
ter, thereby reducing repeated errors and making
the transition between assignment and discovery
more controlled.

4.4 Detection with Retrieval-Gated Verifier
After obtaining the selected strategy πk and the
generated instruction Ik, we perform generative
event detection and discovery within the current
cluster c∗k. When the detector proposes a new event
type tnew, we apply a retrieval-gated verifier to

check whether the proposal is supported by the
document and sufficiently distinct from existing
types, thereby maintaining controlled ontology ex-
pansion.
Generative Detection. The generative detector
LLM first performs detection or discovery over the
current semantic cluster subtreeH(c∗k). Guided by
the strategy πk and contextual instruction Ik, the
detector analyzes the document D to identify event
triggers and map them to the cluster-specific events
Ecand
k :

Ecand
k = LLMdetector(D,H(c∗k), πk, Ik),

where each candidate event e ∈ Ecand
k has a gener-

ated event type te and definition de. For the remain-
ing candidate events whose types already exist in
Ofinal, i.e., (te, de) ∈ Ofinal, we keep the original
event definitions and event types.
Retrieval-Gated Verification. For the generated
(te, de), we embed definitions de into a shared
space via an embedding model ϕ(·) and compute
the maximum vector similarity:

simmax(de) = max
(ti,di)∈Oseed

cos(ϕ(de), ϕ(di)).

If the simmax(de) is lower than a predefined hyper-
parameter threshold σ, i.e., simmax(de) < σ, we
accept the generated event type te as it is distinctly
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far from existing types. Otherwise, we retrieve the
top pv = 5 nearest neighbors Nk(de):

Nk(de) = Top-pv
(ti,di)∈Oseed

(cos(ϕ(de), ϕ(di))).

Then we use a judge LLM for verification:

δ = LLMjudge(D, te, de,Nk(de)),

where the action δ ∈ {MAPTOEXISTING(tmap),
ACCEPTNEW}. The judge LLM reads the docu-
ment D as evidence and decides whether the pro-
posed definition is genuinely new; if not, it returns
an existing type from predefined event types for
remapping. Finally, to update the existing ontol-
ogy for the next iteration, we merge the current
event set Ofinal with the newly induced candidate
event set, and treat the merged set as the evolved
ontologyHfinal.

4.5 Global State Update

At the end of k-th iteration of event detection, we
perform global framework state update, including
the ontology, history, and posterior confidence up-
date. For the ontology update, if a new event type
onew is accepted, it is attached to the current target
cluster c∗k as a new leaf node. Formally, we update
the dynamic tree as:

H(c∗k)← H(c∗k) ∪ {onew
parent−−−→ c∗k},

and synchronize the update to the global ontology
treeHfinal.

For the history update, we append structured his-
tory text logs to H . For the posterior score update,
each event candidate e ∈ Ecandk receives a posterior
score:

s(e) = 0.5Spos(e) + 0.3Ssem(e) + 0.2P0(c
∗
k).

Here, Spos(e) measures trigger-span novelty by pe-
nalizing overlap with previously extracted spans:

Spos(e) = 1.0− 0.3 · |{e′ ∈ Ek : me ∩me′ ̸= ∅}|,

clipped to [0, 1]. Ssem(e) = Reranker(me, dte)
measures the relevance between the trigger span
me and the definition dte of its assigned event type,
and P0(c

∗
k) is the prior relevance of the selected

cluster. After scoring candidates, we update the
visit count n(c∗k) for subsequent scheduling.

4.6 Conflict Selection
Different clusters may propose competing candi-
dates for the same or overlapping trigger spans
because they focus on different semantic regions.
These candidates may correspond to either existing
event types or newly induced types, making con-
flict selection the final step of grounding–discovery
resolution. We first group candidates whose trig-
ger spans overlap, i.e., IoU(mi,mj) ≥ 0.2, into
conflict groups.

For each conflict group G, an arbitration LLM
uses the full document, trigger spans, candidate
event types, and posterior scores as evidence to
select a compact candidate subset:

Ĝ = LLMarb(D,G),

where G = {(m, t, s(e))} denotes the competing
candidates and Ĝ is the selected subset for the over-
lapping span region. In practice, the arbitration
model keeps a single event mention unless the over-
lapping span expresses multiple distinct events. We
retain candidates in Ĝ and discard the remaining
candidates in G. The final output Efinal contains
event mentions assigned to either existing event
types or newly induced types.

5 Experiment

5.1 Experiment Settings
We use Qwen3-30B-A3B-Instruct-2507 (hereafter
referred to as Qwen3-30B-A3B) as the main LLM
backbone and Qwen3-8B for model-size gener-
alization (Qwen Team, 2025). We use Qwen3-
Reranker-8B as retriever and reranker, and Qwen3-
Embedding-4B as the embedding model for encod-
ing event definitions (Zhang et al., 2025). For each
document, we retrieve the top p = 15 relevant
event types to build the dynamic search tree. All
reported results are averaged over three runs. Full
hyperparameter settings and sensitivity analyses
are provided in Appendix A.

5.1.1 Datasets.
We evaluate OGED on five datasets from the SEOE
benchmark (Lu et al., 2025): MAVEN (Wang et al.,
2020), CASIE (Satyapanich et al., 2020), Few-
Event (Deng et al., 2020), MLEE (Pyysalo et al.,
2012), and WikiEvents (Li et al., 2021). SEOE
unifies these datasets and adds latent-event anno-
tations, so evaluation covers both original labels
and supplemented cross-dataset events. In total,
the benchmark contains 564 event types. Detailed
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Table 1: Main results on the open-domain event detection benchmark. We report F1 scores (%) for Trigger
Identification (TI), Trigger Classification (TC), and Event Identification (EI). All methods use the same Qwen3-
30B-A3B backbone and the same top-p retrieval module for fair comparison.

Setting Method (p=15) MAVEN CASIE FEWEVENT MLEE WIKIEVENTS AVERAGE

TI TC EI TI TC EI TI TC EI TI TC EI TI TC EI TI TC EI

Unknown
Baselines 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
MD-Open 0.53 0.53 7.11 0 0 0 0 0 0 0.33 0.33 0.33 0 0 0 0.17 0.17 1.49
OGED 14.90 14.90 26.98 13.90 13.90 45.99 13.27 13.27 31.22 22.88 22.88 50.45 2.59 2.59 10.95 13.51 13.51 33.12

Known

GEE 48.94 21.30 27.22 20.41 7.55 19.59 38.6 13.55 19.74 30.36 17.31 19.96 52.09 6.83 11.38 38.08 13.31 19.58
DiCoRe 9.93 4.07 5.17 4.15 0.10 0.30 43.84 3.04 4.27 14.16 10.11 15.09 10.21 1.94 3.67 16.46 3.85 5.70
MS 29.64 14.85 18.20 11.85 7.60 12.16 27.08 16.78 23.53 14.70 15.82 20.51 11.39 6.94 10.59 18.93 12.40 17.00
ChatIE 49.98 20.84 25.07 31.10 15.12 28.07 47.17 25.48 34.85 33.57 25.18 38.81 35.28 13.17 17.82 39.42 19.96 28.92
MD 52.32 23.93 28.47 30.88 14.35 23.71 44.70 20.45 26.12 19.99 25.07 27.83 27.58 10.99 15.60 35.09 18.96 24.35
MD-Open 44.25 15.59 18.99 24.86 14.26 19.74 43.22 20.01 23.53 18.70 25.38 28.13 26.36 9.20 12.94 31.48 16.89 20.67
OGED 55.94 28.88 32.57 30.27 13.65 22.55 52.50 20.50 26.67 23.93 25.50 34.03 40.05 15.35 20.01 40.54 20.78 27.17

dataset statistics are given in Table 2. The construc-
tion of ontology tree is illustrated in Appendix B.

Table 2: Detailed statistics of the SEOE benchmark.
The benchmark covers a total of 564 unique event types
across multiple domains.

# Event Types Mentions

Dataset Domain Size Orig. Supp. Total Avg.

MAVEN General 1163 168 384 394 5.42
CASIE Cybersecurity 33 5 92 92 13.94
FewEvent General 981 100 379 381 2.82
MLEE Biomedical 84 29 68 69 31.11
WikiEvents Wikipedia 188 50 286 292 18.94

5.1.2 Evaluation Metrics.
Following established protocols (Parekh et al.,
2025a,b), we report F1 scores for three standard
metrics: (1) Trigger Identification (TI), measur-
ing the correct detection of event trigger spans;
(2) Event Identification (EI), evaluating the cor-
rect classification of event types; and (3) Trigger
Classification (TC), requiring both accurate iden-
tification of the trigger span and its corresponding
event type. Detailed matching criteria for known
and new events are provided in Appendix C.

5.1.3 Baselines for Comparison.
We compare OGED against five state-of-the-art
zero-shot event detection methods: GuidelineEE
(GEE) (Srivastava et al., 2025), Multi-event Staged
(MS) (Parekh et al., 2025a), DiCoRe (Parekh et al.,
2025b), ChatIE (Wei et al., 2023), and Multi-event
Direct (MD) (Gao et al., 2023). To experiment
whether a simple prompt method can support our
task, we additionally introduce MD-Open, which
augments MD with an instruction to generate new
event types when no predefined type matches the
trigger. To ensure a fair comparison, all baselines
use the same top-p relevant event type definitions
as context for inference. Detailed descriptions of
each baseline are provided in Appendix D.

5.2 Performance in Open-domain Setting

Event Masking Strategy. To simulate an evolving
environment, we keep 30% of the event types as
unknown types and construct the seed ontology
from the remaining 70% of event types. Results
are summarized in Table 1.
Unknown Event Discovery. Closed-set baselines
obtain zero F1 on unknown events. MD-Open,
which adds open-generation to a single-pass de-
tector, still yields only marginal recovery. OGED
improves by +13.34 Unknown TI and +31.63 Un-
known EI on average compared to MD-Open. The
larger gain in Unknown EI indicates that OGED is
effective in discovering new events and proposing
semantically appropriate new types. The lower un-
known TI on WIKIEVENTS is mainly due to the
high semantic overlap between its masked types
and retained MAVEN types, reflecting benchmark
characteristics rather than a framework limitation.
However, successful type discovery does not nec-
essarily imply accurate event-mention extraction,
where Unknown TI/TC scores remain lower than
Unknown EI, showing that precise trigger local-
ization is still challenging. A key reason is that
unknown types have no type-specific trigger-span
supervision at discovery time, while trigger bound-
aries are sensitive to dataset-specific annotation
conventions.
Known Event Detection. OGED also remains
competitive on known events. Compared with
MD-Open, it improves average Known TI, TC
and EI by +9.06, +3.89 and +6.50 F1, respectively,
showing that unconstrained open generation can
weaken known-event detection. Compared with
the strongest closed-set baseline ChatIE, OGED
improves average Known TI and TC by +1.12 and
+0.82 F1, while lowering by 1.75 F1 on EI. Over-
all, OGED achieves the best average Known TI
and TC while retaining substantial capability for
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Table 3: Performance comparison on zero-shot event detection with the Qwen3-30B-A3B backbone. We report
F1 scores (%) for Trigger Identification (TI), Trigger Classification (TC), and Event Identification (EI) across
five datasets. All methods use the same backbone and the same top-p retrieval module for fair comparison. The
AVERAGE columns report macro-averages over the five datasets.

Method (p = 15) MAVEN CASIE FEWEVENT MLEE WIKIEVENTS AVERAGE

TI TC EI TI TC EI TI TC EI TI TC EI TI TC EI TI TC EI

GEE 55.50 22.40 28.73 26.33 7.55 23.47 45.64 15.72 22.07 33.50 12.90 23.85 21.06 5.59 15.53 36.41 12.83 22.73
DiCoRe 8.50 3.12 3.83 30.66 5.35 12.14 7.36 2.43 3.59 32.10 8.78 15.03 22.23 2.93 1.99 20.17 4.52 7.32
MS 35.27 16.88 20.11 15.82 10.10 16.16 34.42 19.20 26.55 13.33 18.78 23.14 7.07 3.77 5.38 21.18 13.75 18.27
ChatIE 51.77 19.82 23.81 34.59 16.85 29.93 52.43 24.39 33.18 33.35 19.61 31.53 35.88 10.61 13.72 41.60 18.26 26.43
MD 47.95 21.30 25.38 32.79 12.47 20.33 56.14 26.10 34.78 30.13 22.61 28.82 27.24 10.14 13.89 38.85 18.52 24.64
MD-Open 37.97 16.51 20.18 25.26 12.33 18.95 49.66 24.64 34.51 18.67 21.15 24.01 25.72 9.24 13.41 31.46 16.77 22.21
OGED 63.50 25.42 30.15 38.15 12.02 25.20 58.97 21.41 27.25 40.93 23.53 32.39 47.97 12.07 21.02 49.90 18.89 27.20

unknown-event discovery.

5.3 Performance in Zero-shot Setting
We evaluate OGED in the standard zero-shot set-
ting, where all event types are available. The dis-
covery mode is disabled. Table 3 shows that OGED
achieves the best average results, outperforming
ChatIE by +8.30 TI and +0.77 EI. Its gains are
most evident on broad-inventory datasets such as
MAVEN and WIKIEVENTS, where cluster-wise
navigation better supports trigger coverage than flat
retrieved-type prompting.

The main exceptions are CASIE and FEW-
EVENT. ChatIE obtains the best TC/EI on CASIE,
where multi-turn type filtering is effective over a
compact retrieved type set. MD obtains the best
TC/EI on FEWEVENT, which has the lowest event
density at 2.82 mentions per document, as shown
in Table 2. In such sparse documents, a strong
single-pass detector can already cover most candi-
dates, leaving less room for iterative cluster-wise
search. Overall, OGED is most useful when the
type inventory is broad or the document provides
event evidence for structured navigation.

5.4 Ablation Study
We conduct ablation studies to evaluate the contri-
bution of the Scheduler, Planner Instructions, Con-
flict Selection, and Retrieval-Gated Judge under
the open-domain setting, as shown in Table 4. For
efficiency, we use a random 200-sample subset of
MAVEN and full CASIE, which allows us to exam-
ine both a broad-domain dataset and a specialized-
domain dataset. The corresponding zero-shot abla-
tion results are reported in Appendix G.

Removing the Scheduler or Planner Instruc-
tions reduces unknown-event performance, con-
firming their role in cluster prioritization and dis-
covery guidance. Conflict Selection mainly pro-
tects known-event performance by resolving over-

Table 4: Ablation study of key OGED components un-
der the open-domain setting. We report F1 scores (%)
for TI, TC, and EI on both Known and Unknown events.
“w/o” denotes removing the corresponding module.

Dataset Model Variant Known Events Unknown Events

TI TC EI TI TC EI

MAVEN

OGED 57.3 26.51 30.54 10.09 10.09 24.28

w/o Scheduler 57.27 26.38 31.08 9.35 9.35 21.53
w/o Planner Instructions 54.14 26.22 31.34 8.37 8.37 19.69
w/o Conflict Selection 45.98 21.77 26.44 11.50 11.50 23.55
w/o Retrieval-Gated Judge 57.08 25.42 30.03 12.69 12.69 27.94

Baseline (MD) 52.32 23.93 28.47 0 0 0

CASIE

OGED 35.86 13.09 26.44 7.02 7.02 31.58

w/o Scheduler 33.73 16.33 25.97 0.00 0.00 16.33
w/o Planner Instructions 36.03 14.04 25.17 4.00 4.00 28.00
w/o Conflict Selection 31.21 16.00 24.52 3.45 3.45 31.30
w/o Retrieval-Gated Judge 31.75 13.65 25.91 11.76 11.76 39.22

Baseline (MD) 30.88 14.35 23.71 0 0 0

lapping candidates. The Retrieval-Gated Judge
trades recall for precision. Removing it accepts
more generated types but risks weaker known-type
grounding. Together, these components balance
discovery and grounding.

5.5 Computational Cost–Performance
Analysis

Table 5 compares OGED with ChatIE with increas-
ing ontology incompleteness. Overall F1 is com-
puted over the union of known-event and unknown-
event predictions, so it reflects the joint ability to
preserve known-type detection and discover new
event types. The TC improvement is +5.55 F1
(from 18.45 to 24.00), +7.04 F1 (from 18.76 to
25.80), and +19.49 F1 (from 13.81 to 33.30) under
30%, 50%, and 70% masking, respectively. This
shows that OGED becomes more beneficial as the
initial ontology becomes increasingly incomplete.

OGED introduces additional LLM calls com-
pared with ChatIE, but these calls support ontology-
guided grounding–discovery resolution rather than
generic repeated extraction. Thus, OGED is in-
tended for settings where ontology incompleteness
is substantial and accurate recovery of both known
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Table 5: Inference cost and overall performance on
MAVEN under frequency-aware ontology masking. We
mask 30%, 50%, and 70% of leaf event types and com-
pare OGED with ChatIE. Overall F1 is the combination
metric of known and unknown events, using a semantic
threshold of 0.2 for unknown-type matching. “Call-
s/Doc” denotes average LLM calls per document; “+”
values beside OGED scores denote absolute F1 gains
over ChatIE.

Mask Method Calls/Doc Overall F1

TI TC EI

30%
ChatIE 4.76 44.25 18.45 22.20
OGED 13.2 50.10 (+5.85) 24.00 (+5.55) 29.50 (+7.30)

50%
ChatIE 4.37 31.61 18.76 23.62
OGED 15.0 35.70 (+4.09) 25.80 (+7.04) 40.40 (+16.78)

70%
ChatIE 3.79 22.08 13.81 17.10
OGED 16.3 37.60 (+15.52) 33.30 (+19.49) 47.40 (+30.30)

Table 6: LLM-call breakdown of OGED on MAVEN
under increasing ontology incompleteness. Rows cor-
respond to LLM roles used by OGED: Detector for
event detection within selected clusters, Planner for
strategy and instruction generation, Judge for retrieval-
gated verification, and Conflict Selection for final arbi-
tration. Each cell reports Calls/Doc (Percent), where
Calls/Doc is the average number of LLM calls per docu-
ment and Percent is its share of total OGED calls under
the same mask ratio.

LLM Role 30% Mask
Calls/Doc (Percent)

50% Mask
Calls/Doc (Percent)

70% Mask
Calls/Doc (Percent)

Detector 9.02 (68.4%) 8.68 (57.7%) 8.39 (51.6%)
Planner 2.70 (20.5%) 2.87 (19.1%) 3.49 (21.5%)
Judge 0.54 (4.1%) 2.77 (18.4%) 3.71 (22.8%)
Conflict Selector 0.93 (7.0%) 0.71 (4.7%) 0.67 (4.1%)

Total 13.19 15.03 16.26

and unknown events outweighs minimizing single-
document latency.

Table 6 breaks down the average LLM calls per
document across LLM roles. As the masking ratio
increases from 30% to 70%, the total calls increase
moderately from 13.19 to 16.26, with most addi-
tional calls concentrated in discovery-related roles.
The detector remains the largest component, but
its share drops from 68.4% to 51.6%, while the
judge increases from 0.54 to 3.71 calls per doc-
ument. This reflects the greater need to verify
new-type proposals as more leaf types are removed.
Planner calls also increase slightly, whereas con-
flict selection remains relatively stable. Overall,
OGED spends additional computation on verifica-
tion and planning instead of increasing calls uni-
formly across modules. We further analyze the
impact of the iteration budget kmax in Appendix H.

Case 1
Document:
“. . . Other attacks allowed hackers to perform in-app phishing at-
tacks[Attack:Phishing*] against Santander and Allied Irish bank users, allow-
ing attackers to take over part of the screen while the app was running. . . ”
*Note: Purple indicates unknown (masked) types.
Prediction Comparison:

Trigger Gold Type Baseline (ChatIE) Ours

phishing attacks Atk:Phishing ✗ None ✓ NEW: In-App Phishing

Case 2
Document:
“. . . The attackers favour using URL shortening services to disguise the true
links they are sending in spear phishing emails. . . Another method favoured
by the attackers was the setting up[Attack:Phishing*] of fake news sites. . . ”
*Note: Purple indicates unknown (masked) types.
Prediction Comparison:
Trigger Gold Type Baseline (ChatIE) Ours

the setting up Atk:Phishing ✗ Using ✓ NEW: Fake News Site Setup

Figure 4: Case studies on CASIE. Both triggers corre-
spond to unseen event types. OGED creates new labels
(In-App Phishing, Fake News Site Setup), while the base-
line either fails to detect the event or misroutes it to a
known type (Using).

5.6 Case Study

Fig. 4 illustrates two failure modes of flat zero-
shot detection under incomplete event type sets
in CASIE. In Case 1, ChatIE misses the unseen
trigger phishing attacks, while OGED identifies it
as a new event type and induces the label In-App
Phishing. In Case 2, ChatIE detects the trigger
span but routes it to a plausible known type, Using,
whereas OGED resolves it as a discovery case and
induces Fake News Site Setup. These examples
show that our method can help address these two
failure modes.

6 Conclusion

In this paper, we study open-domain event detec-
tion under an evolving event set, where the system
must both ground mentions to known event types
and create new ones when the current ontology
is insufficient. We propose OGED, an ontology-
guided framework for grounding–discovery res-
olution that keeps known-type assignment and
new-type discovery jointly active during inference
through cluster-level scheduling, adaptive plan-
ning, retrieval-gated verification, and conflict selec-
tion. Experiments on SEOE benchmark show that
OGED improves both known-type detection and
unknown-type discovery over strong baselines.
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Limitations

While OGED achieves better performance on the
SEOE benchmark, several limitations remain. First,
our experiments evaluate OGED at the document
level, where the framework decides whether each
mention should be assigned to an existing type or
should trigger a new one. We do not yet study long-
horizon ontology evolution as newly induced types
accumulate across many documents. Future work
should develop mechanisms for controlled ontol-
ogy growth, including redundancy control, near-
duplicate type merging, and structure maintenance
during continual detection and discovery. Second,
most OGED modules run with temperature 0.0,
while only the planner instruction generator uses
temperature 0.3 to encourage exploration of possi-
ble new event types. In practice, this stochasticity
is confined to the discovery-hint stage, while the
remaining modules are executed deterministically.
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A Implementation Details

We list the implementation details used in our ex-
periments. For the scheduler, we set the exploration
coefficient to λ = 1.0. For the planner threshold τ ,
we use a domain-level rule rather than per-dataset
tuning. Specialized domains use a more permis-
sive threshold (τ = 10−4), while broad-domain
datasets use a stricter threshold (τ = 0.4). The
domain category is determined from the dataset
description only, without using test labels. The
implications of this threshold are analyzed in Ap-
pendix I.1. For retrieval-gated verification, we set
the similarity gate to σ = 0.3. For posterior con-
fidence scoring, we use a fixed linear combina-
tion of trigger-span novelty, reranker relevance,
and cluster prior, as described in Sec. 4.5. The
combination weights are selected in a small pilot
analysis on MAVEN based on the performance of
Qwen3-Reranker-8B, and then kept unchanged for
all datasets, models, and masking settings. Open-
source models are run locally using up to four
NVIDIA H20 GPUs.

B Ontology Tree Construction

To support efficient navigation and expansion, we
convert the flat SEOE event type inventory into
a hierarchical ontology tree. Because SEOE pre-
serves source-specific labels, the inventory contains
near-duplicate labels from different datasets. Two
domain experts normalize these cases by merging
only semantically equivalent variants caused by
punctuation, suffixes, or source-ontology naming
conventions, while keeping distinct event seman-
tics separate. This reduces the original 564 fine-
grained labels to 463 normalized event types, with
101 labels merged into 36 groups and 427 labels un-
changed. Normalized inventory is used consistently
for ontology construction, masking, prediction nor-
malization, and evaluation.

The ontology tree is then constructed through
a semi-automatic process that integrates semantic
clustering with expert verification. We first encode
event type definitions using Qwen3-Embedding-4B
and apply two-stage K-Means (MacQueen, 1967):
a fixed k = 14 for high-level clusters and adaptive
k = 2–8 within each coarse cluster for family-level
grouping. This initial clustering produces 14 coarse
categories and 95 family clusters.

Two domain experts review the clusters and
make three types of refinements: (1) splitting an
over-aggregated generic-event cluster, mainly from

MAVEN, into semantically distinct sub-categories;
(2) merging a Contact cluster split across two
coarse groups into a unified Communication cat-
egory; (3) moving singleton family clusters, such
as Attack:Ransom, into appropriate parent groups.
These refinements reduce the family count from 95
to 61, resulting in a reference ontology tree with
a root node, 14 coarse categories, 61 family cate-
gories and fine-grained leaf event types.

C Evaluation Metric Details

To rigorously assess the alignment between pre-
dicted and gold results, we apply different match-
ing criteria for known and new events. For ground-
ing predicted triggers in the input text, we use a
span-overlap criterion, considering a predicted trig-
ger correct if its Intersection over Union (IoU)
with the gold span exceeds τiou = 0.2. Evalua-
tion is performed at the mention level, where re-
peated occurrences of the same trigger string in a
document are not collapsed, and each occurrence
contributes separately to micro-averaged TP, FP,
and FN counts, following standard event extrac-
tion evaluation based on trigger offsets and event
types (Li et al., 2013; Yang and Mitchell, 2016).

For new event types generated in the open-world
setting, we assess semantic alignment by comput-
ing embedding similarity, regarding a generated
new event type as correct if its cosine similarity
with the gold latent event type exceeds a seman-
tic threshold τsim. In practice, we set τsim = 0.2
because generated event types are often expressed
as semantically rich descriptions rather than short
canonical labels; their embedding similarities to
gold latent types are therefore more dispersed, even
when the underlying event semantics are aligned.
We use the same thresholds for all methods and all
masking settings.

D Baseline Methods

We provide detailed descriptions of the six base-
lines used in our experiments.
GuidelineEE (GEE) (Srivastava et al., 2025) for-
mulates event detection as a code generation task
by mapping event schemas to Python classes.
Multi-event Staged (MS) (Parekh et al., 2025a)
adopts a two-stage pipeline, first identifying po-
tential event types and then extracting their corre-
sponding triggers.
DiCoRe (Parekh et al., 2025b) is a baseline that
employs a divergent-convergent reasoning frame-

42661



Table 7: Performance comparison on zero-shot event detection with the Qwen3-8B backbone. We report micro
F1 scores (%) for Trigger Identification (TI), Trigger Classification (TC), and Event Identification (EI) across five
datasets.

Method (p=15) MAVEN CASIE FEWEVENT MLEE WIKIEVENTS AVERAGE

TI TC EI TI TC EI TI TC EI TI TC EI TI TC EI TI TC EI

GEE 48.18 16.83 19.59 14.29 6.80 13.95 62.80 18.92 23.72 11.38 10.46 13.15 11.29 2.25 3.91 29.59 11.05 14.86
DiCoRe 6.33 2.23 2.65 7.10 0.37 1.12 4.96 1.79 2.90 8.05 6.92 10.18 39.75 0.87 2.24 13.24 2.44 3.82
MS 36.31 16.30 19.28 13.12 5.62 8.30 36.75 19.43 27.27 12.95 16.48 21.28 7.79 3.14 5.85 21.38 12.19 16.40
ChatIE 56.17 21.20 24.25 52.54 9.49 20.79 47.77 21.95 27.32 44.34 16.22 24.88 49.59 5.93 8.42 50.08 14.96 21.13
MD 40.73 18.53 21.17 22.46 13.05 23.98 52.70 27.71 35.09 17.18 19.07 22.89 25.98 7.70 11.99 31.81 17.21 23.02
MD-Open 37.92 16.23 20.10 23.56 12.62 26.09 49.66 24.64 34.51 17.12 18.17 22.76 21.47 6.78 12.76 29.95 15.69 23.24
OGED 62.44 23.16 27.32 37.53 11.53 20.13 57.58 20.75 26.46 37.35 20.01 25.61 42.63 10.86 19.11 47.51 17.26 23.73

work, using a dreamer LLM and a Grounder LLM
to fully exploit the intrinsic knowledge and reason-
ing capabilities of LLMs.
ChatIE (Wei et al., 2023) decomposes the detec-
tion process into a multi-turn conversation with
the LLM, sequentially identifying event types and
relevant triggers.
Multi-event Direct (MD) (Gao et al., 2023)
prompts the LLM to extract all events and triggers
in a single inference pass. In practice, we employ
the exact same prompt as our proposed method to
ensure a fair comparison.
MD-Open extends MD with an additional instruc-
tion that asks the LLM to also generate novel event
types when no predefined type matches the trigger,
while otherwise reusing MD’s single-pass prompt.

To further compare OGED with training-based
zero-shot information extraction methods, we eval-
uate GoLLIE-7B (Sainz et al., 2024) on the
MAVEN and CASIE open-domain setting and com-
pare it with OGED on Qwen3-8B. This comparison
is intended to test whether a guideline-tuned extrac-
tor can handle the open-domain setting.

Table 8: Open-domain comparison between OGED with
Qwen3-8B and GoLLIE-7B on MAVEN and CASIE.
We report F1 (%) for known, unknown, and overall
evaluation.

Dataset Setting GoLLIE-7B OGED

TI TC EI TI TC EI

MAVEN
Known 35.59 12.63 17.70 54.12 22.34 27.53
Unknown 0.00 0.00 0.00 9.07 9.07 19.20
Overall 30.17 10.70 15.00 47.51 20.40 26.31

CASIE
Known 76.53 0.73 2.47 33.92 11.47 21.95
Unknown 0.00 0.00 0.00 7.27 7.27 21.82
Overall 76.04 0.73 2.45 32.21 11.20 21.94

E Generalization to Smaller Backbones

Table 7 evaluates OGED with the smaller Qwen3-
8B backbone for model-scale generalization.
OGED achieves the best average TC and EI scores,

Table 9: Ablation study of key OGED components un-
der the zero-shot event detection setting. We report F1
scores (%) for TI, TC, and EI. “w/o” denotes removing
the corresponding module.

Dataset Model Variant TI TC EI

MAVEN

OGED 68.76 35.98 38.97

w/o Scheduler 68.29 35.81 39.13
w/o Planner Instructions 66.25 34.7 37.76
w/o Conflict Selection 49.85 27.12 31.14

Baseline (MD) 52.61 22.3 25.29

CASIE

OGED 38.15 12.02 25.2

w/o Scheduler 38.27 11.44 21.24
w/o Planner Instructions 36.76 9.19 21.08
w/o Conflict Selection 32.17 11.13 22.61

Baseline (MD) 32.79 12.47 20.33

with 17.26 TC and 23.73 EI, but ranks second in
average TI behind ChatIE. This suggests that struc-
tured grounding and conflict resolution remain use-
ful after candidate triggers are found, while trigger
recall is more sensitive to the smaller model’s abil-
ity to follow cluster-conditioned extraction instruc-
tions.

F Comparison with Fine-tuned Method

As shown in Table 8, OGED shows stronger
type grounding and unknown-event discovery
than GoLLIE-7B. On MAVEN, OGED improves
known-event TI, TC, and EI by +18.53, +9.71 and
+9.83 F1 points, respectively, and increases over-
all EI from 15.00% to 26.31%. GoLLIE-7B ob-
tains zero F1 on unknown events, whereas OGED
achieves non-zero unknown-event discovery. On
CASIE, GoLLIE-7B achieves high TI but very low
TC/EI, while OGED raises overall EI from 2.45%
to 21.94% and reaches 21.82% EI on unknown
events. This suggests that GoLLIE-7B can detect
spans in some cases, but fails at open-domain type
grounding and discovery.

Table 9 presents the ablation results under the
zero-shot event detection setting, complementing
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Figure 5: Budget-performance trade-off of OGED on
MAVEN with 30% incompleteness. Known TC and
Unknown EI are reported at varying iteration budgets.
Dashed lines indicate baseline Known TC for reference.
At iter=10 ( 13 calls/doc), OGED surpasses all baselines
on Known TC while maintaining stable unknown event
discovery.

the open-domain ablation in the main paper.

G Zero-shot Ablation Study

In the zero-shot setting, Conflict Selection is the
most important component. Removing it reduces
MAVEN TI by 18.91 F1 and CASIE TI by 5.98,
showing that cluster-wise detection requires global
arbitration to remove overlapping or redundant can-
didates. Planner Instructions also improve extrac-
tion quality, with their removal lowering TC by
1.28 F1 on MAVEN and 2.83 F1 on CASIE. The
Scheduler is less influential in the zero-shot set-
ting than in the open-domain setting, since its main
role is to prioritize relevant but unresolved ontol-
ogy regions for potential discovery. When the task
is limited to known-type detection, this discovery-
oriented scheduling signal becomes less central.

H Impact of the iteration budget

We examine the impact of the iteration budget kmax

on cost and performance. Unless otherwise speci-
fied, experiments and call-breakdown analyzes use
kmax = 10. As shown in Fig. 5, OGED achieves
most of its gains within the first 10 iterations. In-
creasing the budget from 5 to 10 improves both
known-type detection and unknown-type discov-
ery, while further increasing the budget yields only
marginal additional gains.
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Figure 6: Impact of discovery threshold τ on TI perfor-
mance. Optimal τ correlates with data entropy. Special-
ized domains (low entropy) favor lower thresholds for
discovery, while diverse domains (high entropy) require
higher thresholds for stability.

I Parameter Analysis

I.1 Implication of Strategy Selection
Threshold τ

In our framework, the threshold τ governs the trade-
off between detection and discovery. We argue
that its optimal value correlates with the Label
Distribution Entropy (LDE), denoted as Hdist,
which quantifies the semantic dispersion of event
types:

Hdist(Dataset) = −
∑

c∈C
p(c) log p(c)

where p(c) is the proportion of events falling un-
der semantic cluster c. A high Hdist indicates a
scattered semantic space, while a lowHdist implies
concentration in specific subtrees.

Fig. 6 analyzes how the planner threshold τ
relates to dataset-level semantic concentration.
Lower-entropy datasets concentrate event men-
tions within fewer ontology regions, so a smaller
threshold leaves more room for discovering miss-
ing types that are close to existing ones. This ex-
plains why MLEE (Hdist = 1.52) benefits from
τ = 10−4, while τ = 0.4 suppresses many dis-
covery cases. Higher-entropy datasets spread event
mentions across more diverse ontology regions,
so a larger threshold is needed to avoid opening
discovery for weakly supported clusters. MAVEN
follows this pattern, withHdist = 2.92 and stronger
performance at τ = 0.4. Thus, the analysis sup-
ports our domain-level choice of a smaller τ for spe-
cialized domains and a larger τ for broad-domain
datasets. It is worth noting that LDE is used only
as an explanatory diagnostic.
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I.2 Impact of Retrieval Number p

We investigate the model’s sensitivity to the num-
ber of retrieved event types p. As shown in Fig. 7,
OGED outperforms the baseline MD across all p
values on MAVEN, which demonstrates the robust-
ness of our framework. Regarding the impact of p,
increasing p from 10 to 15 improves TI on MAVEN.
However, a further increase in p to 20 introduces
a slight performance decline. Consequently, we
adopt p = 15 as the optimal setting to balance
candidate coverage and noise control.

10 15 20
Number of retrieved event types (p)

20

30

40

50

60

70

80

F1
 s

co
re

 (%
)

Optimal balance

Gain

Dataset: MAVEN

10 15 20
Number of retrieved event types (p)

5

10

15

20

25

30

35

40

45 Optimal balance

Gain

Dataset: CASIE

MD  TI
Ours  TI

MD  TC
Ours  TC

MD  EI
Ours  EI

Figure 7: Sensitivity analysis of the number of retrieved
event types (p) on the MAVEN and CASIE.

J Robustness Analysis

Table 10 evaluates robustness to additional ontol-
ogy noise beyond the original ontology. The per-
turbation has two dimensions, where ρ controls the
fraction of selected leaf nodes moved to incorrect
clusters, while distance controls how semantically
distant the target clusters are from the original ones.
Thus, near perturbations move leaves to relatively
similar clusters, whereas far perturbations move
them to semantically distant clusters. We addition-
ally report NameQ to measure the semantic quality
of induced unknown type descriptions. Given the
matched unknown true-positive pairs Munk

TP , we
define

NameQ =
1

|Munk
TP |

∑

(t̂,t)∈Munk
TP

sim(t̂, t),

where sim(t̂, t) is the embedding cosine similar-
ity between the predicted and gold type name-
definition texts. If no unknown true-positive pair
is matched, NameQ is set to 0. Light perturbations
cause only moderate changes. Under heavy pertur-
bation, OGED maintains stable known-event per-
formance, and Unknown EI changes from 9.18%
to 17.22% (+8.04 F1). However, NameQ drops
from 0.440 to 0.371 (-0.069), suggesting that rewrit-
ten cluster names and definitions mainly affect the

Table 10: Robustness under additional ontology noise.
The unperturbed setting uses the original constructed
ontology without extra perturbation. Light perturba-
tion moves selected leaf nodes to incorrect clusters,
where ρ is the leaf-misplacement rate and distance in-
dicates whether the target cluster is semantically near
or far from the original one. Heavy perturbation further
rewrites cluster names and definitions. Results are re-
ported on the same randomly selected 200-document
MAVEN subset. NameQ denotes the average em-
bedding similarity between predicted and gold type
names/definitions over matched unknown true-positive
pairs.

Mode Setting Known F1 Unknown F1 / Quality

TI TC EI TI TC EI NameQ

Light Base ontology 66.75 35.71 39.53 7.92 7.92 13.86 0.470
Light ρ = 0.20, far 65.78 35.26 38.84 4.17 4.17 10.42 0.481
Light ρ = 0.20, near 67.22 35.02 38.43 5.10 5.10 10.20 0.438
Light ρ = 0.40, far 65.12 35.98 40.28 5.10 5.10 9.18 0.480

Heavy Base ontology 66.07 37.43 40.23 5.10 5.10 9.18 0.440
Heavy 30-swap + rewrite 65.76 38.24 41.09 6.70 6.70 17.22 0.371

semantic alignment of induced type descriptions
rather than event recovery itself.

A case in Fig. 8 illustrates why OGED can re-
main robust under heavy ontology noise. The per-
turbation moves the gold type Social_event into
an incorrect financial cluster and rewrites the af-
fected cluster names and definitions, which sup-
presses the cluster-level prior of F19. However,
the leaf-level event definition of Social_event is
still preserved. In the execution trace, F19 is se-
lected at step 4 because its exploration bonus raises
the scheduler score to 2.000 despite a near-zero
prior. Its semantic gap remains below τ = 0.4,
so the planner chooses detection rather than dis-
covery. Once F19 is visited, the detector recovers
Social_event from the trigger “festival” using the
preserved leaf-level semantics. This case shows
that noisy cluster organization can delay a relevant
type, but exploration can still expose it to the detec-
tor.

K Representative Prompt Templates

We provide representative prompt templates for the
components that directly determine event outputs:
the Detector, Retrieval-Gated Judge, Conflict Se-
lection, and the MD-Open baseline. The Planner
prompt is omitted for brevity because it only gener-
ates intermediate strategy instructions rather than
final event predictions; its inputs and outputs are
described in Sec. 4.3. The complete prompts are
included in the code.
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(a) Original ontology

ROOT

F6
Social Other

F19
Business Transaction

(others) Social_event Sponsorship (others)

(b) Perturbed ontology

ROOT

F6
Formal Recognition

F19
Financial Transaction

(others) Sponsorship (others) Social_event

(c) Execution trace under perturbation: Scheduler selects a cluster, Planner chooses detection vs. discovery from the
semantic gap, then Detector extracts an event.

Scheduler Planner Detector

Step Cluster P0 V Exp. Score Gap Mode Predicted event / trigger

0 F5 Generic Action 0.003 0 1.000 1.003 0.003 DET. Hold; trigger=‘held’
1 F6 Formal Recognition 0.0008 0 1.000 1.001 0.001 DET. Create_artwork_1; trigger=‘music and

arts festival’
2 F36 Movement General 0.0006 0 1.414 1.415 0.001 DET. Departing_1; trigger=‘held’
3 F28 Movement of People 0.0003 0 1.732 1.732 0.000 DET. Temporary_stay_1; trigger=‘held’
4 F19 Financial Transaction 0.0000 0 2.000 2.000 0.000 DET. Social_event; trigger=‘festival’
5 F1 Business Organization 0.0000 0 2.236 2.236 0.000 DET. —; no event

Document (MAVEN): “unk was a small, three-day music and arts festival , last held at unk house, unk, bedfordshire
during the august bank holiday weekend of 2010.”
Gold: Social_event (‘festival’), Hold (‘held’).

Figure 8: Case study under heavy ontology noise. (a) The original ontology places the gold leaf Social_event
under cluster F6 and an unrelated leaf Sponsorship under cluster F19. (b) The perturbation swaps the two leaves
and rewrites the affected cluster names and definitions. (c) The execution trace records scheduler, planner, and
detector decisions. Here, P0 is the cluster prior, V is the explained score, Exp. is the exploration term, Score is
the scheduler score, Gap is the planner semantic gap, and Mode denotes the planner strategy, where DET. means
detection. Despite the near-zero prior of the perturbed F19 cluster, exploration eventually selects it, and the detector
recovers Social_event from “festival” using preserved leaf-level semantics.

K.1 Detector Prompts

The Detector runs with two prompt variants cor-
responding to the planner’s strategy. Under DE-
TECTION in Fig. 9, the prompt presents enumer-
ated candidate event types and the document; the
planner-generated hint is injected when available.
Under DISCOVERY in Fig. 10, the detector operates
as an ontology designer, where it scans the entire
document for action verbs, event-denoting nouns,
and state-change indicators, filters them against the
target domain, and proposes new event types with
generalizable one-sentence definitions.

Detector — DETECTION Mode

System
You are an expert Event Extraction Agent.

# Event Type Candidates
{event_types_section}

# Document Text
{document_text}

# Task Instructions
Goal: Extract events that match the Candidate
definitions.

{hint_section}

Rules

1)Trigger Selection: Trigger words MUST come
directly from the document text. Select the
minimal span, prefer SHORT triggers of 1–3
words, and avoid long phrases.

2)Semantic Matching: Extract events that
align with the Candidate definitions.

3)Context: Use document context to determine
event semantics.

4)Format: Output valid JSON. If no event
matches, return an empty list.

Output Format
{
“events”: [{“event_type_name”: ...,
“trigger_text”: ...}, ...]
}

Figure 9: Detector prompt under the DETECTION
mode. The placeholders are instantiated with candidate
event types, the current document text, and the planner-
generated hint.
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Detector — DISCOVERY Mode

System
You are an expert event extraction specialist
and ontology designer.

# Task
Discover and define new event types by analyzing
a document within the {cluster_name} domain.

# Document Text
{document_text}

# Domain Context
Target Domain: {cluster_name}
Domain Definition: {cluster_definition}

# Planner Hint
{hint_section}

Instructions

1)Comprehensive Scan: Systematically scan
the ENTIRE document for action verbs,
event-denoting nouns, and state-change
indicators appearing verbatim.

2)Domain Filtering: Select triggers that
semantically align with the {cluster_name}
domain.

3)Novelty: Exclude already-extracted tokens
and triggers already covered by existing
event types.

4)Generalizability: Each proposed event
type must generalize beyond this specific
document.

5)Definition Generation: For each novel,
domain-relevant trigger, produce a brief
and generalizable event type definition.

Constraints
Extract ONLY triggers (prefer 1-3 words) that
exist verbatim in the document text. No
abstract conceptual terms not grounded in
document lexicon. Exclude tokens already marked
with asterisk prefix. Event definitions must
be generalizable, not document-specific

Output Format
{
“new_events”: [{“event_type_id”: “NEW:
<TypeName>”, “trigger_text”: ...,
“new_type_definition”: ..., “reason”: ...},
...]
}

Figure 10: Detector prompt under the DISCOVERY
mode. The detector identifies novel domain-relevant
triggers and proposes a generalizable event type defini-
tion for each discovered event type.

K.2 Retrieval-Gated Judge Prompt

The retrieval-gated verifier is used for each pro-
posed new event type that passes the similarity
threshold. The Judge receives the proposal along-
side its top-5 nearest existing types and decides
whether to accept the new type or map the trig-
ger to an existing one. Fig. 11 shows the prompt
template.

Judge — RETRIEVAL-GATED VERIFIER

System
You are an expert in event ontology design and
semantic analysis. Your task is to determine
whether a proposed new event type can be
adequately represented by any existing event
type in the ontology, or if it requires a
genuinely new category.

# Task
Given a trigger word in a document, determine
if any of the Existing Candidate Event Types
can adequately express this event, or if we
need to create the Proposed New Event Type.

# Document Context
{context}

# Proposed New Event Type
Name: {new_type_name}
Definition: {new_type_definition}

# Existing Candidate Event Types
{candidates}

Instructions

1)Decision Criteria:
-EXISTING TYPE CAN EXPRESS: Choose this if any
candidate can adequately label this event
instance.
*The trigger clearly fits an existing type’s
definition.
*Using the existing type would not lose
critical semantic information.

-NEW TYPE NEEDED: Choose this if none of the
candidates adequately capture the event.
*The event represents a fundamentally
different concept.
*Key semantic nuances would be lost by using
existing types.

2)Output Requirements:
-If an existing type can express this
event, set “is_same” to true, provide
“matched_candidate_id” as a number from 1
to {N}, and explain why.
-If a new type is needed, set “is_same” to
false and explain what is missing from the
existing types.

Output Format
{
“is_same”: true or false,
“matched_candidate_id”: <number 1-{N} or null>,
“reasoning”: “Detailed explanation of the
decision (2–4 sentences)”
}

Figure 11: Judge prompt used by the gatekeeper to
determine whether a proposed new event type can be
adequately represented by existing candidate event types
or should be retained as a genuinely new type.

K.3 Conflict Selection Prompt

The Conflict Selection prompt is used after can-
didate generation to resolve overlapping trigger
assignments proposed by different clusters. Given
the full document and a conflict group, the prompt
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asks the model to select a compact final subset of
candidates, as shown in Fig. 12.

Conflict Selection

System
You are an expert event detection adjudicator.
Given a document and candidate event types
for the same trigger region, select the best
matching event type(s) based on the trigger’s
meaning in context.

# Document
{document_text}

# Candidate Groups
Each group contains candidates whose trigger
spans have IoU ≥ 0.2, corresponding to the same
trigger region.

# Task
CRITICAL: You MUST provide a selection result
for EVERY SINGLE group listed below.
For EACH of the {N_groups} groups, select 1–2
candidates:
-Select ONE by default, namely the single
best event type for the trigger in context.
-Select TWO ONLY if the document context
strongly supports that both event types
are genuinely appropriate for the same
trigger region, meaning two independently
defensible interpretations or events, and
you cannot reasonably disambiguate in favor
of one.
-Do NOT select two just because both are
somewhat plausible or similar.

IMPORTANT: Your response MUST include exactly
{N_groups} entries in the “selected” array, one
for each group_id: {expected_group_ids}.

Output Format
{
“selected”: [
{example_selections},
...
],
“reasoning”: “2–3 sentences overall”
}
Return JSON only. No extra text.

# Groups
{blocks}

Figure 12: Conflict selector prompt. Given groups of
event candidates with overlapping trigger spans, the se-
lector chooses the best matching candidate event type
for each group, or retains two candidates only when the
document context supports two independently defensi-
ble types.

K.4 MD-Open Baseline Prompt

MD-Open uses a single-pass prompt, as shown in
Fig. 13, which asks the model to ground existing
event types and generate a new event type when no
existing type is appropriate. This baseline directly
tests whether open-domain event detection can be
solved by simply allowing free-form new labels in

a flat prompt.

MD-Open Detector

System
You are an expert Event Extraction Agent.

# Event Type Candidates
{event_types_section}

# Document Text
{visualized_text}

# Task Instructions
Goal: Extract events that match the Candidate
definitions.

Rules

1)Trigger Selection: Trigger words MUST come
directly from the document text. Select the
minimal span, prefer SHORT triggers of 1–3
words, and avoid long phrases.

2)Semantic Matching: Extract events that align
with the Candidate definitions.

3)Context: Use document context to determine
event semantics.

4)Format: Output valid JSON. If no event
matches, return an empty list.

5)Propose New Types: If a clear event is
present in the text but none of the Candidate
definitions fit, you MAY propose a new event
type instead of forcing a bad match.
-Use “event_type_name” formatted as “NEW:
<TypeName>”.
-Provide a brief, generalizable
“new_type_definition”, not one specific to
this document.
-The new type must be semantically distinct
from every Candidate above, not a synonym
or sub-case.
-Prefer reusing a Candidate when there is any
reasonable fit; only propose a new type when
truly needed.

Output Format
Return a JSON object with an “events” array.
Each element should follow: {
“events”: [
{
“event_type_name”: “EventTypeName OR NEW:
NewTypeName”,
“trigger_text”: “exact text from document”,
“new_type_definition”: Brief generalizable
definition. Omit or set to empty string for
existing types.”,
“reasoning”: “Why this fits the definition, or
why none of the candidates fit and a new type
is warranted”
}
]
}

Final Constraint
If no events match and no new type is warranted,
return { “events”: [] }.

Figure 13: Baseline detector prompt, which allows the
detector to either assign an existing candidate event type
or directly propose a new event type within the same
generation step.

42667


