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Abstract

Coding, the method of labeling and organiz-001
ing qualitative data, is commonly used in so-002
cial science studies. For example, to provide003
an understanding of political violence around004
the world, an international non-profit group,005
ACLED (Armed Conflict Location and Event006
Data), has been collecting and coding reports007
of protests and conflicts for over a decade. Us-008
ing this high-quality manually collected data,009
we create ACLED-DS, a dataset of 45,426010
armed conflict events spanning 22 languages011
and 172 countries, with extensive coverage of012
region-specific entities.013

Building on this real-world dataset, we mo-014
tivate a modification to the traditional event015
extraction task. We propose the task of abstrac-016
tive event extraction (AEE) and entity linking:017
events are extracted by a holistic understanding018
of the entire document, and all event arguments019
are normalized. This formulation simplifies020
applications such as aggregating information021
from diverse sources in different languages to022
understand global trends and patterns.023

We introduce a novel zero-shot AEE system024
ZEST based on large language models. On025
ACLED-DS, ZEST achieves 77.6% and 82.9%026
F1 on event detection and abstractive event ar-027
gument extraction respectively. ZEST outper-028
forms GoLLIE, a state-of-the-art information029
extraction model, even when tested on English030
data and after GoLLIE is fine-tuned on 12,000031
examples. For the event linking subtask, ZEST032
achieves 40.8% compared to 11.0% of OneNet,033
a strong LLM-based baseline. While these re-034
sults establish ZEST as a strong baseline for035
this new dataset, they also highlight important036
challenges in entity linking within this global037
and highly specialized context. 1038

1A subset of the dataset is submitted as supplementary
material. The full dataset and code will be released upon
publication.

1 Introduction 039

Event Extraction (EE) is a task that extracts struc- 040

tured information about events and their arguments 041

from unstructured text, such as news articles. EE 042

systems serve as important tools for studying vari- 043

ous real-world phenomena, including disease out- 044

breaks (Parekh et al., 2024; Consoli et al., 2024; 045

Min et al., 2021), cybersecurity threats (Satya- 046

panich et al., 2020), political conflicts (Hu et al., 047

2022), protests (Radford, 2020; Zhukov et al., 048

2019; Hürriyetoğlu et al., 2022a; Zavarella et al., 049

2022), and crime (Mostafazadeh Davani et al., 050

2019). 051

The goal of this paper is to understand the re- 052

quirements of effective EE for studying global real- 053

world phenomena, and to refine the EE task ac- 054

cordingly. We analyze data collected by the Armed 055

Conflict Location & Event Data (ACLED) orga- 056

nization as a case study. ACLED is a non-profit 057

organization that has been collecting and coding 058

data on violent conflict and protest events around 059

the globe for over a decade (Raleigh et al., 2010). 060

Its data have been used by organizations like the 061

United Nations’ International Organization for Mi- 062

gration, the International Rescue Committee and 063

the European Commission for tracking and predict- 064

ing forced displacements and evaluating humani- 065

tarian efforts (ACLED, 2023). 066

Based on our analysis, we contribute a cleaned 067

and partially reannotated ACLED data set (which 068

we call ACLED-DS) to the NLP research com- 069

munity. We evaluate state-of-the-art EE models 070

and large language models (LLMs) on this dataset, 071

providing insights into the current capabilities and 072

limitations of these systems for real-world event 073

extraction tasks. 074

Monitoring global socio-political developments 075

is a widely studied yet challenging application of 076

EE (Hürriyetoğlu, 2021; Hürriyetoğlu et al., 2022b, 077

2023, 2024). ACLED-DS differs from existing 078
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event datasets in the following important ways:079

Multilinguality and Geographic Diversity. To080

provide a global view, the analysis of outbreaks and081

conflicts extends beyond the global north to include082

the global south and international settings (Braha,083

2012). While most existing EE datasets focus084

solely on English or Chinese, ACLED-DS, on085

the other hand, contains events from 172 countries086

reported in 22 languages.087

Aggregation of Extracted Events. One of the088

main uses of event data is trend discovery and ag-089

gregate reporting (Li et al., 2019, 2020b, 2021a;090

Reddy et al., 2023). To simplify data aggregation,091

all event arguments in the gold labels of ACLED-092

DS are normalized, regardless of their form in093

the input document or the document’s language.094

Unlike previous datasets that annotate at the sen-095

tence or span level, our annotations require compre-096

hensive abstractive document understanding and097

inference-making. Figure 1 shows an example high-098

lighting this difference.099

Tail Entities. Entity linking enables the aggre-100

gation of event participants. Although commonly101

used entity databases like Wikidata (Wen et al.,102

2021) and Wikipedia (Li et al., 2019, 2020a) pro-103

vide broad coverage, they lack the depth required104

for specialized domains. ACLED-DS contains105

a database of 9,777 entities, each with a single-106

paragraph expert-written description. These en-107

tities include Generic terms like “Students”, but108

also entities that do not have a Wikipedia arti-109

cle: Specialized political entities (e.g., “Liwa’110

Al Hashemiyoun” - a political militia in Syria111

since 2023), Regional organizations (e.g., “NNO:112

Nagorik Nari Oikya” - the women’s wing of Na-113

garik Oikya in Bangladesh), Institutional subdivi-114

sions (e.g., “Police Forces of Italy - Road Police”115

and “Police Forces of Italy - Guardia di Finanza”).116

These tail specialized entities make ACLED-DS117

particularly challenging for entity linking systems.118

This is especially important given that most LLMs119

are pretrained on Wikipedia entities and memorize120

a large portion of them.2121

Expert Annotations. High-quality annotations122

are crucial for EE systems used in high-impact pol-123

icy decisions, such as international peacemaking124

2This issue goes beyond event datasets. For example, Cao
et al. (2022) introduced a knowledge base question answering
dataset on Wikidata where models without an entity linking
module achieve 90% accuracy.

efforts (Andrea Ruggeri and Dorussen, 2011), as 125

poor annotation quality can lead to biased infer- 126

ences. Raleigh et al. (2010); Caselli and Huang 127

(2012) argue that domain expert annotations are 128

essential for this reason. In contrast, most existing 129

document-level EE datasets rely on crowdsourc- 130

ing (Ebner et al., 2020; Liu et al., 2024a; Ren et al., 131

2024; Wang et al., 2020), students (Li et al., 2021b), 132

or weakly supervised methods (Li et al., 2023). 133

ACLED data is annotated by approximately 200 134

regional experts, with multiple review rounds (See 135

Section 4.1 for more information on the annotation 136

process). 137

1.1 Contributions 138

This paper addresses the requirements of event ex- 139

traction in real-world applications through the fol- 140

lowing contributions: 141

The Abstractive Event Extraction (AEE) Task. 142

We propose a new AEE task that extracts events 143

from whole documents according to a code book, 144

where all event arguments must be normalized to 145

either a numerical or categorical value, or a subset 146

of the known entities in a given database. The 147

formal definition of the task is in Section 3. 148

The ACLED-DS Dataset. We present ACLED- 149

DS, a new document-level dataset for the multilin- 150

gual AEE task. ACLED-DS distinguishes itself 151

from other document-level EE datasets through its 152

size, language coverage, and geographic diversity. 153

See Table 4 for a comparison with several other 154

datasets. 155

Models for the Multilingual AEE Task We 156

evaluate several models from the literature on 157

ACLED-DS. In addition, our ZEST, a novel zero- 158

shot system for multilingual AEE which includes a 159

novel zero-shot entity-linking component, achieves 160

77.6 and 82.9 F1 on the event detection and event 161

argument extraction subtasks of AEE, significantly 162

outperforming all baselines. 163

We also show that ZEST outperforms the state- 164

of-the-art combination of a zero-shot information 165

extraction system GoLLIE (Sainz et al., 2024) and 166

entity linker OneNet (Liu et al., 2024b) by 29.8% 167

on entity linking on this dataset. 168

2 Related Work 169

Much of today’s EE research follows the ACE05 170

project’s (Walker et al., 2006) task formulation, 171

which divides the work into sentence-level subtasks 172
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Former Member of Government of India: It refers to the previous administrations or representatives of India's central ...                      
Rioters: Loosely assembled groups or mobs that engage in spontaneous or organized acts of violence ...                                                 
Civilians: Civilians are unarmed and vulnerable individuals or groups who can be victims of violent acts ...                                           
Member of Government of India:  The Government of India is the central authority responsible for the governance ...                           
Women: Women are individuals identified as female who may be involved in various types of events ...                                                    

Event Extraction (EE) Output

Entity
Database

MobViolence(
    perpetrators=[
        'Former Member of Government of India',
        'Rioters'
    ],
    victims=[
        'Civilians',
        'Member of Government of India',
    ],
    mob_size=None,
    fatalities=0,
    targets_civilians=True,
    targets_local_administrators=True,
    targets_women=True
    women_targeted=[WomenTargetedCategory.GOVERNMENT_OFFICIALS]
...
)

Abstractive Event Extraction (AEE) Output

Lady sarpanch, husband 'attacked' by ex-sarpanch in Odisha's Jajpur
Bhubaneswar, Jan. 19 -- A lady sarpanch and her husband have been 
critically injured after they were allegedly attacked by a former sarpanch 
and supporters in Chaskhand panchayat in Jajpur district. 
The lady sarpanch, Pratibha Mallick, and her husband were thrashed by 
the ex-sarpanch's husband and her family members following a dispute 
over laying of pipeline under the Basudha scheme.
... 

Text Input

MobViolence(
    mention="attacked",
    perpetrators=[
        'ex-sarpanch',
        'ex-sarpanch's husband and her family members'
    ]
    victims=[
        'husband',
        'The lady sarpanch, Pratibha Mallick',
    ],
...
)

Lady sarpanch, husband 'attacked' by ex-sarpanch in Odisha's Jajpur

Bhubaneswar, Jan. 19 -- A lady sarpanch and her husband have been 
critically injured after they were allegedly attacked by a former sarpanch 
and supporters in Chaskhand panchayat in Jajpur district. 
The lady sarpanch, Pratibha Mallick, and her husband were thrashed by 
the ex-sarpanch's husband and her family members following a dispute 
over laying of pipeline under the Basudha scheme.
... 

Text Input

Figure 1: An example from ACLED-DS with its abstractive event annotation. The input text and annotations are
summarized for this figure. A hypothetical extractive annotation for the same event is also provided for comparison.

using span-based intermediate annotations. Li et al.173

(2021b) extended EE to allow for arguments of an174

event to be from surrounding sentences, and intro-175

duced the concept of “most informative span” for176

arguments. Tong et al. (2022) introduced the Do-177

cEE dataset, where event arguments are on average178

scattered across 10 sentences in the document, fully179

realizing EE as a document-level task.180

While most EE datasets focus on English and181

Chinese (Zhu et al., 2024; Ren et al., 2024; Walker182

et al., 2006), several datasets have been developed183

for other languages. These datasets, which widely184

vary in annotation quality, often focus solely on185

the simpler event detection subtask. Notable exam-186

ples include: BKEE (Nguyen et al., 2024) for Viet-187

namese, InDEE-2019 (Maheshwari et al., 2019) for188

5 Indic languages, MEE (Pouran Ben Veyseh et al.,189

2022) for Portuguese, Spanish, Polish, Turkish,190

Hindi, Japanese and Korean, Zavarella et al. (2014)191

for Bulgarian, Romanian and Turkish, Balali et al.192

(2022) for Farsi, Li et al. (2019) for Russian and193

Ukranian, Prabhu et al. (2019) for English, Spanish,194

Italian and French, Saetia et al. (2024) for Thai and195

Colruyt et al. (2023) for Dutch.196

2.1 Entity Detection and Linking197

Entity Linking (EL) is the task to link an en-198

tity mention in the document to a given entity199

database (Milne and Witten, 2008). EL typically200

follows the subtask of entity mention detection,201

where spans that denote an entity are marked. In202

our work, however, abstract EL (AEL) directly203

goes from the input text to a list of linked entities. 204

In this work, we primarily focus on zero-shot 205

EL, which enables linking to a new entity database 206

with no direct supervision. Logeswaran et al. 207

(2019a) demonstrated the effectiveness of pre- 208

trained models in zero-shot EL and introduced 209

the ZESHEL dataset, which has become a popular 210

benchmark for subsequent research. More recently, 211

Xu et al. (2023) proposed a read-and-select frame- 212

work for key stages of entity disambiguation and 213

fine-tunes a RoBERTa-base model for this purpose. 214

OneNet (Liu et al., 2024b) advanced the state of 215

the art by introducing a three-module pipeline im- 216

plemented by prompting LLMs. 217

3 The Abstractive EE (AEE) Task 218

The distinguishing factor in AEE is that it moves 219

away from the surface form of the text and primar- 220

ily focuses on grounding events in a predefined 221

ontology like an entity database, and categorical, 222

numerical, or string event arguments. The term ab- 223

stractive has been used in other NLP tasks like Ope- 224

nIE (Pei et al., 2023) and summarization (Radev 225

et al., 2002) to refer to the concept of moving away 226

from the surface form. Although AEE is, by def- 227

inition, a generalization of EE that allows event 228

arguments to be spans as well, this paper focuses 229

specifically on cases where event arguments are not 230

spans to highlight the key distinctions. 231

In AEE, we remove both the limitation that argu- 232

ments must be spans and the requirement that they 233
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be explicitly mentioned in the text. Formally, we234

define the AEE task as follows:235

Definition 3.1. We define event extraction code-236

book C = (T,D, S) where237

• T is the set of possible event types,238

• Each D ∈ D is a domain such as integers,239

strings, or a set of known entities,240

• S = [(t1, a1,1, . . . , a1,n1), ...,241

(tm, am,1, . . . , am,nm)] is a list of m event sig-242

natures, where ni is the number of arguments243

for event type ti, and ai,j is an argument with244

domain Di,j ∈ D.245

Definition 3.2. The Abstractive Event Extraction246

(AEE) task is: given codebook C = (T,D, S) and247

writing w ∈ W , extract abstractive event(s) of the248

form (ti, v1, ..., vni) from w, where ti is the ith249

event type in T , vj ∈ Di,j and ni is the number of250

arguments for event type ti .251

Figure 1 shows an example of AEE annota-252

tions from ACLED-DS on the left side, and253

how it would have been annotated under tradi-254

tional EE formulation. In the AEE annotation,255

ti = MobViolence ∈ T , the first two argu-256

ments, perpetrators and victims represent the257

two sides in the violence, with Di,1, Di,2 being the258

set of all subsets of possible entities from the event259

database, and the domain of targets_women, Di,7260

is {True,False}. In this example, the AEE annota-261

tion of the event captures the following information:262

1) Women were specifically targeted 2) The tar-263

geted women were government officials 3) No fatal-264

ities occurred in the incident 4) The size of the mob265

was not specified in the article (mob_size=None).266

These event arguments are not present as text spans267

in the article and must be inferred and captured268

using using boolean, enum and numerical fields,269

representing examples of abstract event arguments.270

This significantly simplifies aggregation of event271

information, for instance to study the extent and272

types of violence against women around the globe.273

This definition unifies several traditionally sepa-274

rate subtasks. Traditional document-level EE (the275

annotation on the right side of the figure) typically276

involves the following sequential steps (Huang277

et al., 2024):278

1. Event Detection (ED): Identifying trigger279

spans and their corresponding event types (e.g.,280

MobViolence event) 2. Event Argument Extraction281

(EAE): For each event, identifying argument spans282

and their roles 3. Entity Linking (EL): Resolving 283

entity coreferences and linking event arguments to 284

their corresponding entries in an entity database. 285

AEE eliminates the need for intermediate anno- 286

tations such as event triggers and entity mentions. 287

It also forgoes annotating multiple spans for the 288

same event argument, as is common practice in 289

traditional EE. Instead, AEE datasets directly an- 290

notate events and linked entities, allowing AEE 291

systems to generate and be evaluated against these 292

annotations. This reduces the annotation work for 293

AEE datasets, leading to less noise in labels. It 294

also enables easier evaluation using a simple ex- 295

act match metric, mitigating the shortcomings of 296

automatic metrics for EE (Lu et al., 2024). 297

This streamlined approach focuses instead on 298

these three modified subtasks: 299

• Event Detection (ED): given the writing w, 300

find the event type of the event(s) mentioned. 301

ED(w,C) = t 302

• Abstract Event Argument Extraction 303

(AEAE): find the event arguments for 304

non-entity arguments, given the event type. 305

AEAE(w,C, t) = [v1, . . .] for non-entity 306

arguments. 307

• Abstract Entity Linking (AEL): given the writ- 308

ing w and a gold event type t, find a subset 309

of the entity database involved in that event 310

and assign them to the correct event argu- 311

ment. AEL(w,C, t) = [v1, . . .] for entity ar- 312

guments. 313

ED is similar to how it is defined in prior work, 314

AEAE is to identify normalized values for non- 315

entity arguments, given the event type. AEL is 316

the same, but for entity arguments. An end-to-end 317

AEE system needs to tackle the task of ED first, 318

then use the predicted event type(s) (instead of 319

the gold event type) to tackle AEAE and AEL in 320

parallel. 321

4 ACLED-DS, a Multilingual 322

Expert-Annotated AEE Dataset 323

Originally published in 2010, Armed Conflict Lo- 324

cation and Event Data (ACLED) (Raleigh et al., 325

2010) focused on civil war, subnational and transna- 326

tional violent events in 50 unstable countries. It 327

has since expanded to track more types of political 328

violence event, as well as civil unrest events, in 243 329

countries and territories in 100 languages in near 330

real-time (Sam Jones, 2022; ACLED, 2023). 331
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ACLED-DS, a new dataset for AEE, is a subset332

of ACLED, partially reannotated and processed to333

be viable as an NLP task dataset. Each writing is a334

news article, whose main event is annotated. Our335

setting is similar to document-level single-event336

setting of DocEE (Tong et al., 2022; Liu et al.,337

2024a) where only the main event is annotated, ex-338

cluding background or historical events that are339

typically mentioned in writings to provide more340

context. Each annotation contains the event type,341

and a list of entity arguments and non-entity argu-342

ments associated with the main event and their role.343

There are 25 event types in ACLED-DS all in the344

domain of socio-political developments, covering345

a wide range from peaceful protests to the use of346

chemical weapons. See Appendix H for the full list347

of event types and their arguments.348

ACLED-DS covers 22 languages: English, Ara-349

bic, Spanish, Portuguese, Turkish, Burmese, Ko-350

rean, French, German, Indonesian, Italian, Persian,351

Ukrainian, Russian, Somali, Nepali, Hebrew, Chi-352

nese, Polish, Dutch, Hindi, and Japanese. These353

languages are typologically diverse (Clark et al.,354

2020), and span several high and low resource lan-355

guages. To the best of our knowledge, this is the356

first event extraction dataset for Burmese, Indone-357

sian, Hebrew, Somali and Nepali, and covers the358

most number of languages than any other event359

dataset. ACLED-DS contains events from 172360

countries. For these reasons, it can be used to eval-361

uate how models perform when processing cultural362

or region-specific information and entities.363

Table 4 shows a summary of differences be-364

tween ACLED-DS and several other document-365

level event datasets.366

4.1 Construction of ACLED-DS367

ACLED Annotation and Review Process. We368

start from the publicly available expert annotations369

of ACLED. ACLED annotations are done by a370

group of around 200 experts and is updated on a371

weekly basis. It sources documents from news me-372

dia, international organizations, NGO and security373

reports, and local partner organizations and select374

social media channels.375

These writings go through a multi-step review376

and quality assurance process (ACLED, 2020). The377

annotation of events is done at a regional level378

(e.g. the Middle East, Africa etc.) by experts of379

those regions. These experts have local language380

skills and knowledge about regional conflicts, and381

sometimes live within the country they cover. The382

annotations are then merged by a research manager 383

who reviews these data for inter-coder reliability 384

across the region. Researchers use an annotation 385

tool that provides them with the up-to-date list of 386

entities and locations, and communicate with each 387

other to clarify difficult annotation decisions. After 388

merging regional data, another round of manual 389

reviewing is performed by another expert. 390

ACLED data is annotated at the event level, with 391

each event potentially spanning multiple news arti- 392

cles. The annotations are done by consulting multi- 393

ple sources, including maps and images to pinpoint 394

the event’s location, and involved entities. The 395

main challenge in creating ACLED-DS therefore, 396

is to ensure document-level annotations only con- 397

tain information that can be extracted or inferred 398

from the text of one document. Here we briefly 399

describe the steps taken. For a more detailed expla- 400

nation, see Appendix A. 401

• We start from the ACLED data from the first 402

11 months of 2024. Overall, this includes 403

285,777 events, each paired with one or more 404

URLs pointing to documents about that event, 405

and one event annotation. 406

• Data filtering and cleaning: We remove arti- 407

cles whose text does not contain enough in- 408

formation related to the event, for instance, 409

social media posts that contain images. We 410

prompt GPT-4o to detect the language of each 411

document. We obtain the full text of writings 412

from the provided URLs, and clean them by 413

removing advertisements etc. using an LLM 414

prompt. 415

• Simplifying location: We reannotate the loca- 416

tion event arguments to match this definition: 417

“The location argument is the most specific 418

place that is supported by the writing”. 419

• Schematization: We clean the event schema 420

for the dataset, and convert annotation to 421

Python code, following Wang et al. (2023). 422

Entity Database ACLED annotates entities in- 423

volved in each event. There are in total 9,777 424

unique entities. Note that this database is a super- 425

set of the 5,087 entities in ACLED-DS and 3,658 426

in the dev and test splits of it. This means entity 427

linking systems evaluated on this dataset, need to 428

be good at differentiating distracting entities. 429

To make domain knowledge available to models 430

in a realistic way, we also provide a one-paragraph 431

description for each entity. These descriptions are 432

meant to provide entity linking models with enough 433
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context and domain knowledge to understand do-434

main entities, especially the long tail (Mallen et al.,435

2023). This closely follows the formulation of436

Zeshel entity linking dataset (Logeswaran et al.,437

2019b). Entity linking systems are expected to use438

these entity descriptions to find the ones that are re-439

lated to the input document. Appendix D includes440

a sample of the entities and their description.441

Data splits We provide validation and test sets442

in 22 languages, and a large training set in En-443

glish. The data split is across time, meaning that444

the events in the training set are from the first 6445

months of 2024, and the events in validation and446

tests sets are from July to November 2024. This447

mimics the real-world setting where the distribu-448

tion of events and entities might change over time.449

Because of this split, 75.3% of entities in the vali-450

dation and test sets are not seen in the training set.451

The split between validation and test sets is random.452

Appendix C contains the language, event type and453

geographical distribution of ACLED-DS.454

5 Systems for AEE455

In section 7, we use ACLED-DS’s large training456

set to establish strong baselines in the supervised457

setting. However, as manual annotation in ACLED458

is a major undertaking, we also wish to understand459

if it is possible to handle new domains without460

training data. Here, the zero-shot models assume461

no access to training data in any language, and use462

only information about the schema and the domain463

provided in the form of an event codebook and an464

entity database.465

5.1 Our Models466

We propose ZEST, a zero-shot AEE system, consist-467

ing an in-context learning ED module, an AEAE468

module adapted from Code4Struct (Wang et al.,469

2023), and a novel AEL module.470

In-context learning for ED For an in-context471

learning ED model, we prompt an LLM with in-472

structions and in-context examples to select the473

most suitable event type from the ontology. Given474

that the list of event types (T ) is relatively small475

(25 in the case of ACLED-DS), event detection476

can be done as a zero-shot in-context learning task.477

The prompt (Table 12) includes the input writing478

w and a list of event types and their descriptions.479

The task is to return the most likely event type t.480

We use chain-of-thought (Wei et al., 2023) for this481

prompt.482

AEAE using Code4Struct We modify the in- 483

structions of Code4Struct (Wang et al., 2023) 484

to adapt it to the document-level AEAE setting. 485

Specifically, we instruct the LLM to directly output 486

the event arguments and their role given the input 487

article, instead of sentence-level and span extrac- 488

tion which is the setting of the original paper. This 489

is done using a prompt (Table 16) that given w and 490

the event type signature for t, outputs all non-entity 491

argument values. 492

A Novel Abstractive Entity Linker For AEL, 493

ZEST does not extract entity spans, but attempts to 494

directly link entities from the given input document. 495

Given an event type, event database, and the input 496

document, the AEL task is to find a subset of the 497

entity database that are involved in the event. Naive 498

in-context learning cannot handle the large num- 499

ber of entities (9,777 in the case of ACLED-DS). 500

Therefore, ZEST tackles this in multiple stages: it 501

first narrows down the number of candidates, and 502

in the second stage more closely filters down the 503

set. Finally, the third stage assigns each entity to 504

the correct event argument, for example assigns 505

“Member of Government of India” to victims in 506

Figure 1. 507

Stage 1, entity retrieval: We first create a vec- 508

tor database by embedding all entities and their 509

descriptions using an embedding model. Then, 510

given the input document, ZEST generates multiple 511

queries to search in the entity database. Each query 512

returns N entities. The set of all returned entities 513

is given to the next stage. 514

Stage 2, entity filtering: For each candidate en- 515

tity from stage 1, and their description, this stage 516

uses another prompt (Table 14) to find evidence 517

of each entity’s involvement in the event. We then 518

remove the ones for which we cannot find any evi- 519

dence. 520

The last step is to match each entity with its 521

correct event argument. For this, we use another 522

prompt (Table 15) that given a list of entities and 523

event argument roles, outputs a mapping between 524

the two. 525

5.2 Comparison with Prior Works 526

GoLLIE (Sainz et al., 2024) For the ED and 527

AEAE subtasks, we compare with GoLLIE (Sainz 528

et al., 2024), a model specifically instruction-tuned 529

for information extraction tasks. GoLLIE achieved 530

state-of-the-art zero-shot generalization results on 531

several event extraction datasets, including (Li 532

6



et al., 2021b). We note that GoLLIE has been533

trained on RAMS (Ebner et al., 2020) and ACE05534

document-level event datasets as well. Addition-535

ally, we fine-tune GoLLIE on ACLED-DS in the536

supervised setting. Therefore, GoLLIE is a strong537

candidate to test on ED and AEAE subtasks in the538

zero-shot setting.539

OneNet (Liu et al., 2024b) For AEL, we choose540

OneNet, a state-of-the-art few-shot entity linking541

model. OneNet uses retrieval and entity descrip-542

tions to find the best match, given an entity mention.543

We use GoLLIE event argument spans as entity544

mentions.545

6 Experiments and Results546

6.1 Experiment Setup547

We use greedy decoding for all models. For all548

experiments involving GPT-4o, we use the ver-549

sion gpt-4o-2024-08-06. We also experiment550

with the 70B-parameter instruction-tuned LLaMA551

3.1 (Dubey et al., 2024), since it has shown strong552

results in multilingual benchmarks.553

6.2 Metrics554

To evaluate a predicted event against a gold event555

from ACLED-DS, we first normalize the location556

arguments using a lookup in the OpenStreetMap557

geographic database. We then use simple string558

equality to calculate precision, recall and micro-559

averaged F1 (Manning et al., 2008).560

For ED, we compare the predicted event type561

against the gold event type, and report the micro562

averaged ED F1. For AEAE, we force the gold563

event type as the first part of the model output,564

and have it generate event arguments and their val-565

ues {(a′1, v′1), ...}. We then consider this set as the566

returned result, and calculate its precision, recall567

and F1 against the gold {(a1, v1), ...} and report568

AEAE F1. In other words, two arguments are con-569

sidered equal if their argument and values match.570

For entities, we report AEL F1, which is the re-571

sult of comparing the entity IDs between prediction572

and gold, calculated similar to AEAE F1 but only573

on entity arguments.574

7 Results575

7.1 ED576

Table 1 shows the F1 metric for each system and577

language. In the zero-shot setting, ZEST (GPT-578

4o), ZEST (LLaMA-3.1-70B) and GoLLIE achieve579

77.6%, 53.4% and 25.0% on average across all 580

languages. ZEST with GPT-4o significantly out- 581

performs GoLLIE in all language, including En- 582

glish which GoLLIE has been trained with. ZEST 583

with the weaker LLaMA-3.1-70B also outperforms 584

GoLLIE in Enlish and all other languages, except 585

for German (de) and Chinese (zh). 586

Interestingly, fine-tuning GoLLIE on the English 587

ACLED-DS training set improves its performance 588

on 17 out of 22 languages, for an average of 19.5%. 589

Burmese (my), Arabic (ar), Somali (so), Nepali 590

(ne), Hebrew (he), Hindi (he) and Japanese (ja) are 591

among the weakest languages for GoLLIE, some 592

of which imporve after fine-tuning. However, Ara- 593

bic, Burmese, Somali and Hebrew do not improve 594

much. This can be attributed to the fact that CodeL- 595

LaMA has not been pretrained on these scripts, and 596

its tokenizer is especially weak for them. For in- 597

stance, due to its inefficient tokenizer, the number 598

of tokens in the English codebook plus the input 599

text in Somali is longer than the model’s context 600

window for almost all examples. 601

7.2 AEAE 602

Table 2 shows the results for AEAE. In the zero- 603

shot setting, ZEST (GPT-4o), ZEST (LLaMA-3.1- 604

70B) and GoLLIE achieve 82.9%, 74.2% and 605

26.0% on average across all languages. Here we 606

observe similar trends to ED in terms of relative 607

performance of our four systems. For AEAE, given 608

that different languages have different distributions 609

of event types, and therefore event arguments, this 610

introduces some additional variance across lan- 611

guages. 612

Here, the improvement resulting from fine- 613

tuning GoLLIE for Burmese and Somali is slightly 614

more than ED. Overall, Hebrew, Burmese, Arabic 615

and Somali are the languages where the best system 616

struggles with, compared to other languages. 617

7.3 AEL 618

Table 3 shows the results for AEL. ZEST (GPT-4o) 619

by far performs the best, with 49.1%, and OneNet 620

(GPT-4o) achieves only 13.1%. Both systems use 621

the same underlying entity embeddings and LLM. 622

Therefore, we conclude that the big gap between 623

the two in English is due to the fact that OneNet re- 624

lies on entity spans extracted by GoLLIE. Note that 625

GoLLIE has been instruction-tuned using several 626

named entity recognition datasets, and achieves 627

state-of-the-art results on those (Sainz et al., 2024). 628

The gap indicates that ACLED-DS cannot be tack- 629
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Model en ar es pt tr my ko fr de id it fa uk ru so ne he zh pl nl hi ja Avg

Zero-shot
ZEST (GPT-4o) 66.3 65.0 74.0 77.1 80.5 58.8 78.7 69.8 92.1 80.0 91.4 86.3 64.3 69.9 69.9 76.8 68.9 83.7 91.5 91.1 83.7 87.3 77.6
ZEST (L-70B) 47.3 54.7 57.1 68.7 52.9 45.0 27.7 53.7 76.7 48.3 61.3 71.5 57.7 45.3 54.7 25.2 56.3 30.6 65.3 65.0 40.7 68.3 53.4
GoLLIE-7B 29.1 10.3 20.0 43.4 18.0 0.9 4.1 29.3 77.0 14.0 53.5 15.2 33.6 26.1 0.0 0.0 3.2 54.0 57.1 44.4 7.8 9.2 25.0

Full-shot
GoLLIE-7B 66.6 8.5 57.0 25.0 61.6 4.0 87.0 49.8 61.8 73.1 58.0 37.4 16.0 29.7 2.9 34.4 7.5 46.2 62.3 70.8 51.6 66.7 44.5

Table 1: ED F1 results on ACLED-DS test set.

Model en ar es pt tr my ko fr de id it fa uk ru so ne he zh pl nl hi ja Avg

Zero-shot
ZEST (GPT-4o) 80.2 69.8 87.7 92.2 85.8 74.5 92.3 82.8 88.1 91.8 94.1 77.1 66.5 76.9 68.8 88.6 59.8 88.5 81.3 93.2 91.5 93.1 82.9
ZEST (L-70B) 73.2 59.9 83.3 86.2 73.5 64.2 81.3 74.9 80.3 86.2 81.9 68.5 54.1 57.0 63.1 80.4 57.1 80.5 71.6 81.6 84.8 87.9 74.2
GoLLIE-7B 45.2 14.4 32.1 42.7 8.1 2.0 6.4 48.0 52.9 27.4 46.4 22.2 27.5 34.5 0.5 0.9 5.3 61.9 47.0 32.7 4.9 9.9 26.0

Full-shot
GoLLIE-7B 69.3 11.7 63.2 36.0 61.5 26.5 47.9 58.5 70.3 78.5 70.1 32.1 18.1 42.8 16.5 44.7 18.4 55.0 59.8 76.8 61.9 62.7 49.2

Table 2: AEAE F1 results on ACLED-DS test set. ZEST is using Abstract Code4Struct.

Model en ar es pt tr my ko fr de id it fa uk ru so ne he zh pl nl hi ja Avg

GoLLIE
+ OneNet
(GPT-4o)

14.2 4.6 5.1 11.8 7.1 0.8 4.8 12.4 28.5 4.2 22.7 13.1 25.9 8.9 0.0 0.0 3.8 4.2 36.7 19.9 11.2 3.0 11.0

ZEST (GPT-
4o)

37.5 39.3 48.5 43.9 36.6 46.7 38.3 45.0 32.0 33.6 45.6 49.1 30.3 30.9 51.4 44.0 34.8 47.8 50.3 46.1 37.9 27.5 40.8

Table 3: AEL F1 results on ACLED-DS test set. All methods are zero-shot.

led using entity spans due to the existence of ab-630

stract entities.631

8 Conclusions632

This paper introduces the task of abstractive event633

extraction (AEE), which more closely matches the634

requirements of event extraction for real-world ap-635

plications. We have derived a large high-quality636

dataset for the AEE task, in 22 languages, from the637

expert-annotated data created by ACLED.638

We introduced ZEST, a novel zero-shot AEE639

system, that establishes a strong baselines for this640

new dataset, outperforming strong baselines like641

GoLLIE from the literature. We hope that including642

this dataset in future instruction-tuned models like643

GoLLIE, will help expand their capabilities.644

Limitations645

This paper focuses on document-level event extrac-646

tion. As such, it does not include event coreference647

resolution across multiple documents (Eirew et al.,648

2022), which is another necessary component for649

aggregate analysis of events. Existing event corefer-650

ence models like Gao et al. (2024) can be adapted651

to AEE, and we leave that to future work.652

ACLED-DS also excludes other common forms 653

of information extraction, like relation extraction, 654

and only contains annotations for event and entity 655

extraction. 656

Domain of ACLED-DS is violent conflict and 657

protest events and focuses on differentiating rel- 658

atively minor differences between different event 659

types (for instance, a Peaceful Protest that has or 660

has not been met with excessive force are sepa- 661

rate event types in ACLED-DS). Datasets like 662

GLEN (Li et al., 2023) instead, focus on broad cov- 663

erage of many types of events, from conflict events 664

to sports and more. 665

Ethics Statement 666

No human subjects were involved in this study. We 667

will release ACLED-DS in accordance with the 668

ACLED Terms of Use. ACLED data do not contain 669

personally identifiable information (e.g. names of 670

individuals or mobile device IDs), and cannot be 671

used to track individuals. No crowdsourcing was 672

performed as part of this paper. 673
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A Details of Creation of ACLED-DS1155

In this section, we describe the steps we took in1156

creating ACLED-DS, including cleaning and re-1157

annotation of certain event arguments. The general1158

process involved a combination of spot-checks con-1159

ducted by domain experts, and several rounds of1160

improvements from two authors of this paper and1161

help from prompting a strong large language model1162

(GPT-4o) for simple but cumbersome steps.1163

Data Filtering and Cleaning We obtain all1164

events from the first 11 months of 2024. Over-1165

all, this includes 285,777 events, each paired with1166

one or more URLs pointing to documents about1167

that event, and an annotated event. After analyz-1168

ing the data, we realized that many social media1169

posts in the data are accompanied by an image (e.g.1170

protest fliers), and the text alone is not enough to1171

annotate the event. Therefore, we exclude social1172

media posts. We also remove the 1% longest and1173

shortest writings, because very short ones (often1174

from local partner organizations’ reports) do not in-1175

clude enough context for annotating the event, and1176

very long texts are often concatenation of multiple1177

articles, included by error. We prompt GPT-4o to1178

detect the language of each document. We obtain1179

the full text of writings from the provided URLs,1180

and clean them by removing advertisements etc.1181

using an LLM prompt.1182

Balancing the Dataset Given the ACLED data1183

attempts to mirror the real world, in each language,1184

the number of events with each event type is heav-1185

ily influenced by the political stability of countries1186

with that language. For example, most events in1187

English and Korean are Peaceful Protest events,1188

while most Burmese events (from Myanmar) are1189

Armed Clash. This imbalance can affect the perfor-1190

mance of AI systems, therefore, we downsample1191

the most frequent events in each language. This1192

results in 114,743 events. We further limit the data1193

to languages that have at least 500 events, to be1194

able to have enough events for each language for1195

model evaluations.1196

Converting ACLED to a document-level dataset1197

As mentioned above, each event in ACLED data1198

is paired with one or more documents. To facili-1199

tate document-level EE research, we convert this1200

to one event per document by pairing each docu-1201

ment with the event it is associated with. However,1202

it is possible that the document only contains par-1203

tial information from the event, for example, only1204

the “attacker” in a Mob Violence event, while the 1205

“victim” is mentioned in a different document. 1206

We process each event-document pair inde- 1207

pendently in the following steps, ensuring each 1208

event annotation only contains information from its 1209

paired document. In the end, we deduplicate these 1210

pairs by only keeping the most complete event and 1211

its paired document. 1212

Location For reannotation, we use the original 1213

ACLED location annotations to consult the Open- 1214

StreetMap geographic database (OpenStreetMap 1215

contributors, 2017) to find the full hierarchy of lo- 1216

cation above the neighborhood level for each event. 1217

We then start from the lowest location level and 1218

remove the items that are not supported by the writ- 1219

ing, until we reach one that is. We then keep that 1220

location and all levels above that. A carefully de- 1221

signed LLM prompt was used for this last stage. 1222

The final location arguments were spot-checked by 1223

the authors, and 97% of them were correct accord- 1224

ing to the above definition. 1225

Schematization ACLED uses the same event ar- 1226

gument roles for all event types, resulting in some 1227

argument roles being always empty for some event 1228

types or the argument names being too generic. We 1229

define separate event argument roles for each event 1230

type. For example, we remove “fatalities” argu- 1231

ment from “Peaceful Protest” and rename “actor 1232

1” to “Abductor” for the “Abduction or forced dis- 1233

appearance” event type. We also provide a short 1234

description for each event type, and expert descrip- 1235

tions for each event argument, to facilitate the de- 1236

velopment of zero-shot models. 1237

Following the recent trend in event extraction, 1238

we use Python code to represent annotations. This 1239

has been shown to improve the performance of 1240

various supervised (Sainz et al., 2024) and few- 1241

shot (Wang et al., 2023) models because it makes 1242

the labels closer to the code data many language 1243

models have been pre-trained on. Furthermore, 1244

this enables the use of constrained decoding (Ra- 1245

binovich et al., 2017; Willard and Louf, 2023) 1246

algorithms to eliminate malformed outputs. Ap- 1247

pendix H presents the full schema for ACLED- 1248

DS. 1249
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ACE05 DocEE ACLED-DS WikiEvents RAMS Maven-Arg
Languages English, Chi-

nese, Arabic
English,
Chinese∗

22 Languages English English English

Event Argu-
ment Types

string string string, numeri-
cal, categorical,
boolean

string string string

Entity
Database

Wikipedia∗ - Domain Expert
Curated

- - -

Avg. Doc len 2,410 2052.1 4,477 3,919 591 1,589
Annotators LDC Annota-

tion Group
Crowdworkers ACLED Do-

main Experts
Graduate Stu-
dents

Crowdworkers Crowdworkers

Num. Docs 1,635 64,214∗ 45,426 246 9,124 4,480
Num. Events 8,878 64,214∗ 45,426 3,951 9,124 98,591
Source News Wikipedia News Wikipedia News Wikipedia

Table 4: Comparison of ACLED-DS with several other document-level event extraction datasets. ACLED-DS
covers the most languages, and has the longest documents on average. Because it is an AEE dataset, it also covers
more types of event arguments. ‘-’ means the dataset does not have an entity linking subtask.
*: Includes aggregate statistic of multiple datasets. Entity linking was added to ACE05 by Bentivogli et al. (2010).
Liu et al. (2024a) created another dataset with the same ontology as DocEE in Chinese.

B Comparison of ACLED-DS and1250

Several Other Document-Level EE1251

Datasets1252

C ACLED-DS Statistics1253

Table 5 shows the number of events per language1254

in each split of ACLED-DS.1255

Tables 6 and Figure 2 show the distribution of1256

event types and country-level locations of events in1257

ACLED-DS respectively.1258

We show another example from ACLED-DS1259

with abstractive event annotation in Figure 31260

D Entity description examples1261

Tables 7, 8, 9, 10 and 11 contain several examples1262

of ACLED-DS entities and their description.1263

E Prompts use in the experiments1264

Here we provide the prompts used in various base-1265

lines, including ZEST. The syntax used is the1266

Jinja2 template language, which supports Python-1267

like loops ({% for %}{% endfor %}), conditions1268

({% if %}{% endif %}), variables ({{ var }})1269

and comments (#).1270

After variables are substituted in the prompt, the1271

string under # instruction and # input are sent1272

to the LLM as the system prompt and user message1273

respectively.1274

F Hyperparameters1275

All fine-tuned models were fine-tuned with batch1276

size 64 for 3 epochs. The final model check-1277

point was selected for evaluation. Learning rate1278

of 2 × 10−5, cosine learning rate scheduler and 1279

AdamW (Loshchilov and Hutter, 2017) optimizer 1280

are used. 1281

Training is done on a machine with 4 NVIDIA 1282

A100 GPU with 80GB, using DeepSpeed (Rasley 1283

et al., 2020) and the Transformers (Wolf et al., 1284

2019) library. In total, fine-tuning took around 1285

3 hours. 1286

For access to GPT-4o model, we used the Ope- 1287

nAI API. We report the aggregate usage of this API, 1288

which costed around $2,000. We access LLaMA- 1289

3.1-70B-instruct model via Azure’s serverless host- 1290

ing. The total cost for querying this model was 1291

about $1500 for all experiments. 1292

For access to OpenStreetMap, we used the 1293

publicly hosted version via Nominatim https: 1294

//nominatim.openstreetmap.org/ 1295

G Baseline Details 1296

We use GoLLIE-7B model which is based on 1297

CodeLLaMA (Rozière et al., 2023). For zero- 1298

shot experiments, we provide it with event descrip- 1299

tions in the same format of the data it has been 1300

instruction-tuned with, a Python class definition 1301

for each event type where the type’s description is 1302

provided in the docstring and typical trigger words 1303

are included in the class comments. For the su- 1304

pervised experiments, we fine-tune it to given the 1305

input text, directly output event type, arguments 1306

and entities in one go. 1307

OneNet is based on the 7B-parameter 1308

Zephyr (Tunstall et al., 2023) which is an 1309

instruction-tuned version of Mistral (Jiang et al., 1310

2023). In our preliminary experiments, OneNet 1311
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Language (language code) Train Dev Test
English (en) 12000 1000 1000
Arabic (ar) - 1000 1000
Spanish (es) - 1000 1000
Portuguese (pt) - 1000 1000
Burmese (my) - 1000 1000
Korean (ko) - 1000 1000
French (fr) - 1000 1000
Turkish (tr) - 1000 1000
German (de) - 1000 1000
Indonesian (id) - 1000 1000
Italian (it) - 1000 1000
Persian/Farsi (fa) - 956 956
Ukrainian (uk) - 717 717
Nepali (ne) - 585 585
Chinese (zh) - 563 563
Somali (so) - 555 555
Hebrew (he) - 518 518
Russian (ru) - 455 455
Dutch (nl) - 380 380
Polish (pl) - 342 342
Japanese (ja) - 330 330
Hindi (hi) - 312 312
Total 12000 16713 16713

Table 5: ACLED-DS statistics per language. Language names and the abbreviation used throughout the paper is
also specified.
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(a) Train set (b) Validation set (c) Test set

Figure 2: Distribution of event locations in ACLED-DS. Note that the dataset includes more specific locations, but
here we only plot the country level. In addition to being linguistically diverse, ACLED-DS is also geographically
diverse. The distribution of the train set is skewed towards India, because it only contains English events.

Table 6: The number of event types in all splits of
ACLED-DS. While imbalanced, the distribution of
event types tracks that of the real world. For exam-
ple, by far the most common among these events are
peaceful protests.

Event Type Count
GovernmentRegainsTerritory 48
NonStateActorOvertakesTerritory 142
ArmedClash 4068
ExcessiveForceAgainstProtestors 68
ProtestWithIntervention 1480
PeacefulProtest 21035
ViolentDemonstration 1560
MobViolence 2336
AirOrDroneStrike 1873
SuicideBomb 15
ShellingOrArtilleryOrMissileAttack 2073
RemoteExplosiveOrLandmineOrIED 872
Grenade 197
SexualViolence 120
Attack 3713
AbductionOrForcedDisappearance 788
Agreement 120
Arrest 964
ChangeToArmedGroup 648
DisruptedWeaponsUse 977
BaseEstablished 15
LootingOrPropertyDestruction 1369
NonViolentTransferOfTerritory 70
OtherStrategicDevelopment 875
Total 45426

performed poorly on ACLED-DS, therefore, we 1312

replace Zephyr with a stronger LLM, and call the 1313

resulting entity linking model OneNet (GPT-4o). 1314

Since OneNet expects entity spans as input, we 1315

first conduct EAE using GoLLIE to obtain entity 1316

argument spans. Following the OneNet setting, we 1317

retrieve 64 entities for each entity span, and run 1318

them through OneNet. We use GPT-4o instead of 1319

Zephyr, due to its higher performance. 1320

Both OneNet and ZEST have an entity retrieval 1321

component. We use gte-multilingual-base model 1322

from Zhang et al. (2024) to create dense embed- 1323

dings for entities from their name and description. 1324

For ED, GoLLIE predicts both the event type 1325

and its trigger, which we discard. For EAE, GoL- 1326

LIE expands its prediction to include the event 1327

type, trigger, and associated arguments. We im- 1328

plement a two-stage Event Detection approach us- 1329

ing GoLLIE. Initially, we predict from six gen- 1330

eral event categories: Battle, Protest, Riot, Explo- 1331

sionOrRemoteViolence, ViolenceAgainstCivilians, 1332

and StrategicDevelopment. After predicting the 1333

general event type, we further use GoLLIE to pre- 1334

dict the corresponding subtype. The Event Argu- 1335

ment Extraction (EAE) is subsequently performed 1336

based on this predicted subtype. 1337

To adapt our data to GoLLIE’s format, we pro- 1338

vide detailed descriptions for each event type, sev- 1339

eral typical trigger words, and short descriptions 1340

for each argument type. 1341

Following (Logeswaran et al., 2019a), we per- 1342

form an initial entity reduction by identifying the 1343

top 64 most relevant entities for a given argument 1344

mention. We then employ LLM to evaluate whether 1345

each mention matches one of 64 entities in a point- 1346

wise manner given the contextual information. The 1347

process yields a refined and filtered set of poten- 1348

tial entities. In the dual-perspective entity linking 1349

stage, we leverage the LLM to perform entity link- 1350

ing through two complementary approaches: con- 1351
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Entity Name Entity Description
Women Women are adult human females who can play diverse roles in

society, ranging from caregivers and economic participants to po-
litical and social activists. They may be involved in a variety of
social, economic, and political events, sometimes facing unique
challenges such as discrimination or violence. Women’s roles
and their societal impact can be profound, as seen in their in-
volvement in protests, advocacy for rights, and even in conflict
situations where they may be victims or participants. Globally,
women continue to strive for gender equality and empowerment,
often organizing and mobilizing to address issues affecting their
communities and themselves.

Men Men are adult human males who may be involved in a variety of
societal roles and activities. As an entity, men can be participants
in diverse events ranging from everyday community interactions to
more extreme scenarios such as protests, violence against civilians,
and riots. Men, as a group, can be both perpetrators and victims of
violence, including sexual violence, as evidenced in various global
incidents. Their involvement in these events can be influenced
by cultural, social, and political contexts. This entity operates
globally across all countries and societies.

Police Forces of the United
States

The Police Forces of the United States are a collective entity com-
posed of various local, state, and federal law enforcement agencies
tasked with maintaining public order, enforcing laws, and ensuring
public safety across the nation. These forces include municipal po-
lice departments, sheriff’s offices, and specialized agencies such as
the Federal Bureau of Investigation. They are recognized for their
involvement in a wide range of activities, from managing public
protests and investigating crimes to ensuring security during emer-
gencies. While they play a crucial role in law enforcement, they
have also faced scrutiny and legal challenges related to incidents
of misconduct and use of force. Their operations are governed by
state and federal laws, and they are accountable to governmental
oversight bodies. They have been active since at least 1993 and
continue to operate across the United States.

Military Forces of Russia The Military Forces of Russia are the armed forces of the Russian
Federation, responsible for national defense and military opera-
tions both within and outside Russia. Established in 2000, they
operate under the command of the President of Russia, who is the
supreme commander-in-chief. These forces are composed of vari-
ous branches, including the Ground Forces, Navy, and Air Force,
along with strategic missile troops and airborne troops. They
have been involved in international military operations, peacekeep-
ing missions, and domestic security tasks. The Russian military
is recognized for its significant involvement in various conflicts,
including actions in Ukraine, Syria, and other regions, often col-
laborating with or opposing other nations’ forces. The Military
Forces of Russia are known for their extensive use of armored
vehicles, aerial support, and advanced military technology.

Table 7: 20 entities in ACLED-DS entity database – Part 1
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Entity Name Entity Description
Protestors Protestors are individuals or groups who actively participate in

demonstrations to express opposition or demand action on spe-
cific issues. They can be found globally and may engage in
peaceful protests or civil disobedience to draw attention to their
causes. Protestors often advocate for political, social, or economic
changes and can be associated with various movements, including
anti-corruption, electoral fairness, and human rights. While they
primarily aim for peaceful expression, their activities can some-
times lead to confrontations with authorities or opposing groups.
Protestors play a crucial role in civil society by challenging per-
ceived injustices and influencing public discourse and policy.

Civilians Civilians are unarmed, non-combatant individuals who are often
vulnerable to violence and conflict, particularly in areas of political
or social unrest. They can be affected by or involved in a wide
range of events, including riots, protests, and violence, as seen
in various global contexts. Civilians may participate in social
movements, such as protests at educational institutions, or be
subject to violence and negotiation processes in conflict zones,
like settlements in Syria or mass violence in Colombia. Their
involvement can manifest in active participation in civic actions
or as victims of political and criminal violence, highlighting their
diverse roles and the threats they face in unstable environments.

Rioters Rioters are loosely assembled groups or mobs that engage in
violent and disruptive behavior during demonstrations or sponta-
neously, often in response to perceived injustices or grievances.
They may be civilians acting without inherent organization, and
their actions typically involve confrontations with law enforcement
or other entities. Rioters can be motivated by various social, politi-
cal, or economic factors and are known to participate in actions
such as vandalism, clashes, and other forms of violence. Their
activities can occur in any country and are often part of broader
social movements or tensions.

Students Students are individuals enrolled in educational institutions, rang-
ing from primary schools to universities, and are often involved in
various social and political activities. They can be a diverse and
dynamic group that participates in protests, movements against
discrimination, and other forms of activism, sometimes leading
to confrontations with law enforcement or political opposition.
Students can also be impacted by external conflicts, such as gang
violence, which may directly affect their safety and educational
environment. While they are typically associated with learning
and academic pursuits, students have historically played signifi-
cant roles in advocating for change and challenging established
systems, sometimes at the risk of becoming involved in violent or
controversial situations.

Table 8: 20 entities in ACLED-DS entity database – Part 2
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Entity Name Entity Description
Farmers Farmers are individuals or communities engaged in agriculture,

responsible for cultivating crops and raising livestock. They op-
erate globally and can be involved in various socio-political and
economic events such as land disputes, protests, and negotiations
affecting their livelihoods. Farmers often face challenges like
resource competition, violence from armed groups, and policy
changes impacting their work conditions and income. Their role is
crucial in food production and sustainability, and they frequently
interact with governments, organizations, and other agricultural
stakeholders to address issues like land rights, security, and agri-
cultural policies.

Labor Group A “Labor Group" is a collective of workers united to advocate
for their rights and interests in various sectors of the economy.
These groups often engage in activities such as protests, strikes,
and negotiations to address issues related to working conditions,
wages, and employment security. They may also become involved
in larger civil unrest, participating in events like riots or demon-
strations to exert pressure on employers or authorities. While
not typically associated with violent activities, labor groups can
sometimes be connected to broader social movements that may
encounter conflicts with law enforcement or political entities. La-
bor groups operate globally, often organized at local, national, or
industry levels, and play a crucial role in labor relations and policy
advocacy.

Guatemalan Group The “Guatemalan Group" refers to a collective of Guatemalan im-
migrants and workers who engage in activism, particularly around
labor rights, in countries like the United States and Australia. This
group is involved in protests and rallies advocating for fair labor
conditions and justice for immigrant workers. Their activism is
exemplified through participation in events such as May Day ral-
lies, where representatives like Eder Juarez highlight issues such
as wage theft and lack of employee rights, making them a voice
for immigrant labor struggles.

JI: Jamiat-e-Islami Jamiat-e-Islami (JI) is a significant political and military organiza-
tion in Afghanistan, primarily composed of ethnic Tajiks. Estab-
lished in the 1970s, it played a crucial role in the resistance against
the Soviet invasion and later in the Afghan civil war. Historically
aligned with prominent leaders such as Ahmad Shah Masoud, JI
has maintained influence in Afghan politics, often representing
non-Pashtun interests. Despite the Taliban’s dominance, JI contin-
ues to be active, reflecting ongoing ethnic and political tensions
within the country. Its members, including prominent diplomats
and officials, have been involved in key governmental roles and
resistance efforts against various regimes.

Table 9: 20 entities in ACLED-DS entity database – Part 3
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Entity Name Entity Description
Chang Tribal Group The Chang Tribal Group is an indigenous community in India,

primarily located in the state of Nagaland. Represented by the
Chang Wedoshi Setshang (CWS), the group is known for advocat-
ing for their rights and addressing local grievances, particularly
in the educational sector. They have been involved in protests to
demand better resources and support from the government, as seen
in their actions to secure transportation for Sao Chang College.
The group’s activities underscore their active role in seeking im-
proved living and educational conditions for their community.

SD: Solidarity Party The SD: Solidarity Party, also known as Solidariedade, is a politi-
cal organization based in Brazil that is categorized as a political
militia. It is known for its involvement in violent actions against
civilians, often linked to political motives. The party has been
associated with political figures in vulnerable positions, such as
José Erlânio Firmiano, a city councilor who was assassinated in
Alagoas. The Solidarity Party remains active in Brazilian politics,
highlighting ongoing challenges related to political violence in the
region.

Los Motonetos Gang The Los Motonetos Gang is a political militia group operating
primarily in Mexico, known for using violence to further their
political aims. The gang gained notoriety for its involvement in
riots and for the use of high-caliber weapons, which has resulted
in significant unrest and necessitated interventions by local and
national security forces, including the Municipal Police, State Pre-
ventive Police, and the Mexican Army. The group’s influence and
operational capacity were highlighted following the assassination
of their presumed leader, Juan Hernández López, also known as
El Fayo, which led to armed protests and heightened security mea-
sures in the region of San Cristóbal de las Casas, Chiapas.

Mebri Tribal Group The Mebri Tribal Group is an indigenous community in Indone-
sia, specifically located in Papua. They are actively involved in
advocating for the recognition and protection of their ancestral
land rights. The group is known for organizing protests to demand
fair compensation for the use of their land by government projects,
such as healthcare infrastructure. They emphasize negotiation and
dialogue with government authorities to resolve land disputes, as
exemplified by their demands directed at the Indonesian Ministry
of Health regarding land claims in areas under development.

Table 10: 20 entities in ACLED-DS entity database – Part 4
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Entity Name Entity Description
Ara Communal Group The Ara Communal Group is a communal entity based in the town

of Ara, located in the western countryside of As-Suwayda, Syria.
Formed in 2024, the group is involved in regional socio-political
activism and has participated in significant anti-Hayat Tahrir al-
Sham protests across Idlib and Aleppo. These protests have called
for political changes including the resignation of the group’s leader
“al-Jolani," the release of detainees, and the dismantling of the
General Security Apparatus. The group has also been linked to
incidents of remote violence, such as assassination attempts using
explosive devices, amidst a backdrop of security instability and
weak law enforcement in areas controlled by regime forces. The
Ara Communal Group remains active and continues to influence
political dynamics in the region.

Back the Blue “Back the Blue" is a slogan and movement within the United States
that expresses support for law enforcement officers. It is often used
by individuals and groups, including political supporters, during
protests and public demonstrations to show solidarity with police
forces. The phrase is commonly associated with conservative and
pro-law enforcement sentiments, frequently appearing in contexts
where participants oppose policies perceived as critical of the
police or supportive of police reform. B̈ack the Bluec̈an also
signify a broader political stance that emphasizes law and order.

Nalia Communal Group The Nalia Communal Group is a factional community group based
in Nalia village, located in the Lohagara Upazila of Narail, India. It
is characterized by internal conflict, with power struggles between
different factions, notably those led by Shaukat Khan and Ravi
Khan. The group has been involved in violent clashes, often
requiring police intervention to restore order. These conflicts are
primarily driven by issues of dominance within the community,
and the group remains active in its region.

ZPR: For Justice and Order ZPR: For Justice and Order, also known as Za Pravdu i Red, is a
political militia operating in Bosnia and Herzegovina since 2020.
It is involved in political activities and protests, aiming to address
issues of governance and electoral integrity. The group is led
by Nebojša Vukanović and has been active in organizing demon-
strations against political corruption and foreign exploitation of
natural resources. ZPR is also linked to political candidates in
regional elections, such as Slaviša Pavlović, whose affiliation with
the group highlights its engagement in local politics.

Table 11: 20 entities in ACLED-DS entity database – Part 5
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# instruction
You are tasked with determining the best matching Event types for a given news article. You will be

provided with annotation guidelines and a news article to analyze. Your goal is to identify
the most relevant event types and rank them in order of their match to the article content.

# input
Here is the news article you need to analyze:
{{ article }}

Now, carefully review the annotation guidelines for various event types:

{% for ed in event_definitions.items() %}
[{{ loop.index }}] "{{ ed[0] }}": {{ ed[1] }}

{% endfor %}

1. For each event type, determine how well it matches the article content. Consider the following
factors:

- How closely the event description aligns with the main focus of the article
- The presence of key actors or entities mentioned in the event type description
- The occurrence of specific actions or outcomes associated with the event type

2. Rank the event types based on their relevance to the article content. Only include event types
that have a meaningful connection to the article.

3. Output your results using the following format:
- List the relevant event types in descending order of match quality
- Use the ">" symbol to separate the event types

Your output should look like this:

[Explain your reasoning for the event types you decide to include, and their order]

event_type_1 > event_type_2 > ...

Provide only the ranked list of event types in your final answer.

Table 12: Prompt for event type detection (ED) using GPT-4o and LLaMA-3.1-70B.
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You will be given a news article about an event. Your task is to identify all potential Entities
who are directly or indirectly involved in the event. Then, write a very short Wikipedia
paragraph describing each entity in the general sense.

An Entity is defined as an individual, group, collective, or organization involved in an event.
This includes:

* Organized armed groups with political purposes (e.g. "Hezbollah", "ISIS")
* Organizations, governments, and political parties (e.g. "BJP: Bharatiya Janata Party", "

Government of India", "Democratic Party of U.S.")
* Ethnic, religious, social or occupational groups (e.g. "Jewish Group", "Muslim Group", "Women",

"Students", "Farmers", "Journalists", "Teachers", "Lawyers")
* General terms describing people involved (e.g., "Rioters", "Protestors", "Civilians", "Labor

Group")

When identifying Entities, follow these guidelines:

1. Be as thorough as possible. Think about what groups are implicitly or indirectly involved in the
event. Ask yourself:

- Can the identity group (religion, gender, occupation etc.) of the victims or perpetrators be
inferred? If so, you should create an entity for that group.

- Does the event involve workers or unions, or is it a labor issue? If so, you should add "Labor
Group" as an entity.

- Does the event in any way involve students, school or university? If so, you should add "
Students" as an entity.

- Does the event involve women in any way? If so, you should add "Women" as an entity.
- Does the event involve civilians? If so, you should add "Civilians" as an entity.
- Is the event a protest or a riot? If so, you should add "Protestors" or "Rioters" as an entity.
- Does the event involve an unknown or unspecified group? If so, you should add one of "

Unidentified Armed Group", "Unidentified Gang", "Unidentified Communal Group" etc. as an
entity.

- Given the country the event is taking place in, what are the major political parties, religious
groups, armed groups, or social movements that could be involved? Consider cultural context
of the region, like common religions, ethnicities etc.

- And the like.

2. Include alternative names or spellings of each entity if mentioned in the article

3. For individuals, infer their role, affiliation, or social group as explained above.

4. For each entity you identify, think about its affiliated, parent or member groups. For example,
if a politician is mentioned, think about their political party or any other group they are
associated with. If a union is mentioned, think about the workers or labor groups it
represents.

Use a scratchpad to think through your process:

<scratchpad>
[Your thought process here, including your answer to the above questions]
</scratchpad>

Then, present your output in the following JSON format. Output as many entities as you can possibly
think of.

<entity_list>
{

"entity 1": "Wikipedia paragraph 1",
"entity 2": "Wikipedia paragraph 2",
...

}
</entity_list>

# input
Article: {{ article }}

Table 13: Prompt for the first stage ZEST, to generate queries.
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You will be given a news article about an event and potential Entities who are directly or
indirectly involved in the event. Your task is to find supporting evidence for each of the
specified entities in the given article.

An Entity is defined as an individual, group, collective, or organization involved in an event.
This includes:

* Organized armed groups with political purposes (e.g. "Hezbollah", "ISIS")
* Organizations, governments, and political parties (e.g. "BJP: Bharatiya Janata Party", "

Government of India", "Democratic Party of U.S.")
* Ethnic, religious, social or occupational groups (e.g. "Jewish Group", "Muslim Group", "Women",

"Students", "Farmers", "Journalists", "Teachers", "Lawyers")
* General terms describing people involved (e.g., "Rioters", "Protestors", "Civilians", "Labor

Group")

Follow these steps carefully:

1. First, you will be provided with the full text of the news article. Read the article carefully
to understand the context of the event.

2. Next, you will be given a list of entities involved with the event.

3. Identify all supporting evidence of each given entity. Each evidence should be a short span from
the article that has one of the following:

- Contains the entity name, abbreviation or variations of its name
- Implies the entity indirectly. For example "Madrasa" could be an evidence for "Muslim Group".
- Mentions an affiliated group or organization of the entity.

4. If there are multiple evidence for the involvement of an entity, output one of them. If no
evidence is found for an entity, respond with a mostly empty `EntitySpan` and only fill the `
explanation` field.

5. For each evidence you find for an entity, provide your answer in the provided JSON format.
Include the original entity name in the `entity_name` field to denote which entities the
evidence is for.

6. If unsure, err on the side of including the span as evidence.

# input
<article>
Country of event: {{ country }}
{{ article }}
</article>

<entities>
{% for e in entities %}

- {{ e.name }}
{{ e.description }}

{% endfor %}
</entities>

Table 14: Prompt for the second stage of ZEST.
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You will be given a news article, and structured information about a {event_type} event.
A {event_type} {schema.event_name_to_description(event_type)}.

Given a list of Entities that are involved in the event, your task is to assign each entity to the
correct field.

An Entity is defined as an individual, group, collective, or organization involved in an event.
This includes:

* Organized armed groups with political purposes (e.g. "Hezbollah", "ISIS")
* Organizations, governments, and political parties (e.g. "BJP: Bharatiya Janata Party", "

Government of India", "Democratic Party of U.S.")
* Ethnic, religious, social or occupational groups (e.g. "Jewish Group", "Muslim Group", "Women", "

Students", "Farmers", "Journalists", "Teachers", "Lawyers")
* General terms describing people involved (e.g., "Rioters", "Protestors", "Civilians", "Labor

Group")

Possible fields are:
{possible_fields_string}

To complete this task, follow these steps:

1. Analyze the news article and the {event_type} event carefully.

2. For each entity in the provided list, determine their appropriate field based on the information
in the news article.

3. Assign each entity to the most appropriate field. Try to assign all entities, event if their
involvement in the event is very indirect. For example, "Government of India" is still an
actor if the Indian congress is involved in the event.

4. If a field doesn't have a corresponding entity, leave it as an empty list.

Output the assignment of entities to fields in the following JSON format. Note that you should
always include the full name of the entities without change.

{
"field_name 1" : ["entity 1", "entity 2", ...],
"field_name 2" : ["entity 3", "entity 4", ...],

}

# input
<news_article>

{{ article }}
</news_article>

<event>
{{ event_with_empty_entities }}

</event>

Here is the list of entities and their definitions.
<entities>

{% for e in linked_entities %}
- {{ e.name }}: {{ e.description }}

{% endfor %}
</entities>

Table 15: Prompt used in the third stage of ZEST for assigning entities to their correct event argument. A Pydantic
schema is also passed to the model to follow.
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Police Forces of Ethiopia - Addis Ababa City Police: The Police Forces of Ethiopia - Addis Ababa City Police are a state law ...          
Police Forces of Ethiopia - Federal Police: The Police Forces of Ethiopia - Federal Police is a state force responsible for ...                
Civilians: Civilians are unarmed and vulnerable individuals or groups who are often victims of violent acts ...                                        
Labor Group: A "Labor Group" is a collective entity composed of workers or trade unions that advocate for labor rights ...                   

Event Extraction (EE) Output

Domain
Entities

AbductionOrForcedDisappearance(
    targets_local_administrators=False,
    women_targeted=[], 
    abductor=[

'Police Forces of Ethiopia - Addis Ababa City Police',
'Police Forces of Ethiopia - Federal Police'

    ], 
    abductee=[

'Civilians',
'Labor Group'

    ],
...
)

Abstractive Event Extraction (AEE) Output

AbductionOrForcedDisappearance(
    mention="taken",
    abductor=[
        'security forces'
    ]
    abductee=[
        'One detainee',

'Another former detainee',
        'Mechemegeta Andualem',

'52 cases'
    ],
...
)

The Ethiopian Human Rights Commission
has called for urgent action to ensure accountability and justice 
after documenting 52 cases of enforced disappearances and arbitrary 
detentions between July 2023 and October 2024, with detentions 
occurring in military camps and undisclosed locations outside Addis Abeba.
...
The report detailed how individuals were taken from their homes or 
workplaces by security forces, often in unmarked vehicles 
and in the presence of witnesses.
...
“I was held in solitary confinement ...,” said Mechemegeta Andualem, 
who was released in March 2024 ...
Another former detainee, who requested anonymity, described ...
One detainee reported being moved through multiple sites, ...
...

Text Input
The Ethiopian Human Rights Commission
has called for urgent action to ensure accountability and justice 
after documenting 52 cases of enforced disappearances and arbitrary 
detentions between July 2023 and October 2024, with detentions 
occurring in military camps and undisclosed locations outside Addis Abeba.
...
The report detailed how individuals were taken from their homes or 
workplaces by security forces, often in unmarked vehicles 
and in the presence of witnesses.
...
“I was held in solitary confinement ...,” said Mechemegeta Andualem, 
who was released in March 2024 ...
Another former detainee, who requested anonymity, described ...
One detainee reported being moved through multiple sites, ...
...

Text Input

Figure 3: Another example from ACLED-DS with its abstractive event annotation. The input text and annotations
are summarized for this figure. A hypothetical extractive annotation for the same event is also provided for
comparison. The fact that the abductors are police forces of Ethiopia needs to be inferred from the event location
(Adis Ababa) and the context.

textual analysis and prior knowledge. For each1352

perspective, the LLM needs to select the most ap-1353

propriate entity from the previously filtered set. In1354

the contextual linking approach, the LLM is pro-1355

vided with both context and argument mention to1356

enable context-aware prediction. Conversely, for1357

the prior knowledge approach, the LLM receives1358

only the argument mention, allowing it to draw1359

upon its inherent understanding. The final merging1360

stage involves using the LLM to select the final1361

entity from the two candidates identified in the pre-1362

vious stage.1363

After EAE, we adopt a similar framework to1364

OneNet for linking arguments to entities in the1365

database. OneNet introduces an innovative ap-1366

proach using a fixed LLM to perform entity linking1367

through few-shot inputs. The original framework1368

comprises three distinct stages: entity reduction,1369

dual-perspective entity linking, and merging linked1370

entities. We closely follow this three-stage method1371

with some nuanced modifications. During the en-1372

tity reduction stage, we first generate summaries1373

for each entity description. 1374

H Full Schema of ACLED-DS 1375

The following is the full schema of ACLED- 1376

DS, after conversion to Python code, in Pydan- 1377

tic (Colvin et al., 2024) format. Abstract classes 1378

(denoted by ABC are only meant to group event 1379

types together and store common event argu- 1380

ments, are not counted as an event type, and 1381

are not used by ZEST. Docstrings are modi- 1382

fied from the ACLED codebook (ACLED, 2023). 1383

WomenTargetedCategory and Location are two 1384

event types. 1385

class Battle(ACLEDEvent, ABC): 1386
""" 1387
A "Battle" event is defined as a violent interaction 1388
between two organized armed groups at a particular 1389
time and location. "Battle" can occur between armed 1390
and organized state, non-state, and external groups, 1391
and in any combination therein. There is no fatality 1392
minimum necessary for inclusion. Civilians can be 1393
harmed in the course of larger "Battle" events if they 1394
are caught in the crossfire, for example, or affected 1395
by strikes on military targets, which is commonly 1396

referred to as "collateral damage" (for more, see 1397
Indirect Killing of Civilians). When civilians are 1398
harmed in a "Battle" event, they are not recorded as 1399
an "Actor", nor is a separate civilian-specific event 1400
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You are an AI assistant tasked with extracting event arguments from a given news article. You will
be provided with annotation guidelines for an event type and a news article to analyze.

Extract the arguments of the main event in the article, which is of type {event_type}.

{event_type}: {schema.event_name_to_description(event_type)}

When extracting event arguments, only pay attention to the main event in the article. Do not
include any background information or other previous events that may be mentioned in the
article.

# input
{{ article }}

Table 16: Prompt used for Abstract Code4Struct with GPT-4o and LLaMA-3.1-70B-instruct.

recorded. If any civilian fatalities are reported as1401
part of a battle, they are aggregated in the "1402
Fatalities" field for the "Battle" event.1403

The specific elements of the definition of a "Battle"1404
event are as follows:1405

Violent interaction: the exchange of armed force, or the1406
use of armed force at close distance, between armed1407

groups capable of inflicting harm upon the opposing1408
side.1409

Organized armed groups: collective actors assumed to be1410
operating cohesively around an agenda, identity, or1411
political purpose, using weapons to inflict harm.1412
These groups frequently have a designated name and1413
stated agenda.1414

The "Battle" event type may include: ground clashes1415
between different armed groups, ground clashes between1416
armed groups supported by artillery fire or1417

airstrikes, ambushes of on-duty soldiers or armed1418
militants, exchanges of artillery fire, ground attacks1419
against military or militant positions, air attacks1420

where ground forces are able to effectively fire on1421
the aircraft, and air-to-air combat.1422

Cases where territory is regained or overtaken without1423
resistance or armed interaction are not recorded as "1424
Battle" events. Instead, they are recorded as "1425
NonStateActorOvertakesTerritory" under the "1426
StrategicDevelopment" event type1427

"Battle" event type has the following subtypes:1428
- GovernmentRegainsTerritory: Government forces or their1429

affiliates regain control of a location from1430
competing state forces or non-state groups through1431
armed interaction.1432

- NonStateActorOvertakesTerritory: A non-state actor or1433
foreign state actor captures territory from an1434
opposing government or non-state actor through armed1435
interaction, establishing a monopoly of force within1436
that territory.1437

- ArmedClash: Armed, organized groups engage in a battle1438
without significant changes in territorial control.1439

1440
"""1441

1442
location: Location = Field(..., description="Location1443
where the event takes place")1444

fatalities: Optional[int] = Field(1445
...,1446
description="Total number of fatalities, if known",1447

)1448
1449
1450

class GovernmentRegainsTerritory(Battle):1451
"""1452
Is a type of "Battle" event. This event type is used1453
when government forces or their affiliates that are1454
fighting against competing state forces or against a1455
non-state group regain control of a location through1456
armed interaction. This event type is only recorded1457
for the re-establishment of government control and not1458
for cases where competing non-state actors exchange1459

control. Short-lived and/or small-scale territorial1460
exchanges that do not last for more than one day are1461
recorded as "ArmedClash".1462

"""1463
1464

# Possible "Interaction" codes include: 11, 12, 13, 14, 1465
and 18. 1466

1467
government_force: List[str] = Field( 1468

..., 1469
description="The government forces or their 1470

affiliates that regain control of the territory", 1471
is_entity_field=True, 1472

) 1473
adversary: List[str] = Field( 1474

..., 1475
description="The competing state forces or non-state 1476

group that lose control of the territory. Can be 1477
State Forces, Rebel Groups, Political Militias, 1478
Identity Militias or External Forces", 1479

is_entity_field=True, 1480
) 1481

1482
1483

class NonStateActorOvertakesTerritory(Battle): 1484
""" 1485
Is a type of "Battle" event. This event type is used 1486
when a non-state actor (excluding those operating 1487
directly on behalf of the government) or a foreign 1488
state actor, through armed interaction, captures 1489
territory from an opposing government or non-state 1490
actor; as a result, they are regarded as having a 1491
monopoly of force within that territory. Short-lived 1492
and/or small-scale territorial exchanges that do not 1493
last for more than one day are recorded as "ArmedClash 1494
" events. In cases where non-state forces fight with 1495
opposing actors in a location many times before 1496
gaining control, only the final territorial 1497
acquisition is recorded as "Non-state actor overtakes 1498
territory". All other battles in that location are 1499
recorded as "ArmedClash". 1500

""" 1501
1502

# Possible "Interaction" codes include: 12, 13, 14, 18, 1503
22, 23, 24, 28, 33, 34, 38, 44, 48, and 88. 1504

1505
non_state_actor: List[str] = Field( 1506

..., 1507
description="The non-state actor overtaking 1508

territory. Can be Rebel Groups, Political Militias, 1509
Identity Militias or External Forces", 1510

is_entity_field=True, 1511
) 1512
adversary: List[str] = Field( 1513

..., 1514
description="The opposing government or non-state 1515

actor from whom the territory was taken. Can be State 1516
Forces, Rebel Groups, Political Militias, Identity 1517
Militias or External Forces", 1518

is_entity_field=True, 1519
) 1520

1521
1522

class ArmedClash(Battle): 1523
""" 1524
Is a type of "Battle" event. This event type is used 1525
when two organized groups like State Forces, Rebel 1526
Groups, Political Militias, Identity Militias or 1527
External Forces engage in a battle, and no reports 1528
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indicate a significant change in territorial control.1529
`side_1` and `side_2` denote the two sides of the armed1530
clash.1531

Excludes demonstrations that turn violent, riots, and1532
other forms of violence that are not organized armed1533
clashes.1534

"""1535
1536

# Possible "Interaction" codes include: 11, 12, 13, 14,1537
18, 22, 23, 24, 28, 33, 34, 38, 44, 48, and 88.1538

1539
side_1: List[str] = Field(1540

...,1541
description="Groups involved in the clash. Can be1542

State Forces, Rebel Groups, Political Militias,1543
Identity Militias or External Forces",1544

is_entity_field=True,1545
)1546
side_2: List[str] = Field(1547

...,1548
description="Groups involved in the clash. Can be1549

State Forces, Rebel Groups, Political Militias,1550
Identity Militias or External Forces",1551

is_entity_field=True,1552
)1553
targets_local_administrators: bool = Field(1554

...,1555
description="Whether this violent event is affecting1556

current local government officials and administrators1557
- including governors, mayors, councilors, and other1558

civil servants.",1559
)1560
women_targeted: List[WomenTargetedCategory] = Field(1561

...,1562
description="The category of violence against women,1563

if any. If this violence is not targeting women, this1564
should be an empty list.",1565

)1566
1567
1568
1569

class Protest(ACLEDEvent, ABC):1570
"""1571
A "Protest" event is defined as an in-person public1572
demonstration of three or more participants in which1573
the participants do not engage in violence, though1574
violence may be used against them. Events include1575
individuals and groups who peacefully demonstrate1576
against a political entity, government institution,1577
policy, group, tradition, business, or other private1578
institution. The following are not recorded as "1579
Protest" events: symbolic public acts such as displays1580
of flags or public prayers (unless they are1581

accompanied by a demonstration); legislative protests,1582
such as parliamentary walkouts or members of1583

parliaments staying silent; strikes (unless they are1584
accompanied by a demonstration); and individual acts1585
such as self-harm actions like individual immolations1586
or hunger strikes.1587

Protestor are noted by generic actor name "Protestor".1588
If they are representing a group, the name of that1589
group is also recorded in the field.1590

"Protest" event type has the following subtypes:1591
- ExcessiveForceAgainstProtestors: Peaceful protestor1592
are targeted with lethal violence or violence1593
resulting in serious injuries by state or non-state1594
actors.1595

- ProtestWithIntervention: A peaceful protest is1596
physically dispersed or suppressed without serious1597
injuries, or protestor interact with armed groups or1598
rioters without serious harm, or protestors are1599
arrested.1600

- PeacefulProtest: Demonstrators gather for a protest1601
without engaging in violence or rioting and are not1602
met with force or intervention.1603

1604
"""1605

1606
location: Location = Field(..., description="Location1607
where the event takes place")1608

crowd_size: Optional[str] = Field(1609
...,1610
description="Estimated size of the crowd. It can be1611

an exact number, a range, or a qualitative description1612
like 'small'.",1613

)1614
protestors: List[str] = Field(1615

..., 1616
description="List of protestor groups or individuals 1617

involved in the protest", 1618
is_entity_field=True, 1619

) 1620
1621
1622

class ExcessiveForceAgainstProtestors(Protest): 1623
""" 1624
Is a type of "Protest" event (Protest events include 1625
individuals and groups who peacefully demonstrate 1626
against a political entity, government institution, 1627
policy, group, tradition, business, or other private 1628
institution.) This event type is used when individuals 1629
are engaged in a peaceful protest and are targeted 1630

with lethal violence or violence resulting in serious 1631
injuries (e.g. requiring hospitalization). This 1632
includes situations where remote explosives, such as 1633
improvised explosive devices, are used to target 1634
protestors, as well as situations where non-state 1635
actors, such as rebel groups, target protestors. 1636

""" 1637
1638

# Possible "Interaction" codes include: 16, 26, 36, 46, 1639
56, and 68. 1640

1641
perpetrators: List[str] = Field( 1642

..., 1643
description="Entities perpetrating the violence. Can 1644

be State Forces, Rebel Groups, Political Militias, 1645
Identity Militias, External Forces", 1646

is_entity_field=True, 1647
) 1648
targets_civilians: bool = Field( 1649

..., 1650
description="Indicates if the ' 1651

ExcessiveForceAgainstProtestors' event is mainly or 1652
only targeting civilians. E.g. state forces using 1653
lethal force to disperse peaceful protestors.", 1654

) 1655
1656

fatalities: Optional[int] = Field( 1657
..., 1658
description="Total number of fatalities, if known", 1659

) 1660
1661
1662

class ProtestWithIntervention(Protest): 1663
""" 1664
Is a type of "Protest" event. This event type is used 1665
when individuals are engaged in a peaceful protest 1666
during which there is a physically violent attempt to 1667
disperse or suppress the protest, which resulted in 1668
arrests, or minor injuries . If there is intervention, 1669
but not violent, the event is recorded as " 1670

PeacefulProtest" event type. 1671
""" 1672

1673
perpetrators: List[str] = Field( 1674

..., 1675
description="Group(s) or entities attempting to 1676

disperse or suppress the protest", 1677
is_entity_field=True, 1678

) 1679
fatalities: Optional[int] = Field( 1680

..., 1681
description="Total number of fatalities, if known", 1682

) 1683
1684
1685

class PeacefulProtest(Protest): 1686
""" 1687
Is a type of "Protest" event (Protest events include 1688
individuals and groups who peacefully demonstrate 1689
against a political entity, government institution, 1690
policy, group, tradition, business, or other private 1691
institution.) This event type is used when 1692
demonstrators gather for a protest and do not engage 1693
in violence or other forms of rioting activity, such 1694
as property destruction, and are not met with any sort 1695
of violent intervention. 1696

""" 1697
1698

# Possible "Interaction" codes include: 60, 66, and 67. 1699
1700

counter_protestors: List[str] = Field( 1701
..., 1702
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description="Groups or entities engaged in counter1703
protest, if any",1704

is_entity_field=True,1705
)1706

1707
1708
1709
1710

class Riot(ACLEDEvent, ABC):1711
"""1712
"Riot" are violent events where demonstrators or mobs of1713

three or more engage in violent or destructive acts,1714
including but not limited to physical fights, rock1715
throwing, property destruction, etc. They may engage1716
individuals, property, businesses, other rioting1717
groups, or armed actors. Rioters are noted by generic1718
actor name "Rioters". If rioters are affiliated with a1719
specific group - which may or may not be armed - or1720

identity group, that group is recorded in the1721
respective "Actor" field. Riots may begin as peaceful1722
protests, or a mob may have the intention to engage in1723
violence from the outset.1724

"Riot" event type has the following subtypes:1725
- ViolentDemonstration: Demonstrators engage in violence1726

or destructive activities, such as physical clashes,1727
vandalism, or road-blocking, regardless of who1728
initiated the violence.1729

- MobViolence: Rioters violently interact with other1730
rioters, civilians, property, or armed groups outside1731
of demonstration contexts, often involving disorderly1732
crowds with the intention to cause harm or disruption.1733

1734
"""1735

1736
location: Location = Field(..., description="Location1737
where the event takes place")1738

crowd_size: Optional[str] = Field(1739
...,1740
description="Estimated size of the crowd. It can be1741

an exact number, a range, or a qualitative description1742
like 'small'.",1743

)1744
fatalities: Optional[int] = Field(1745

...,1746
description="Total number of fatalities, if known",1747

)1748
targets_civilians: bool = Field(1749

...,1750
description="Indicates if the 'Riot' event is mainly1751

or only targeting civilians. E.g. a village mob1752
assaulting another villager over a land dispute.",1753

)1754
group_1: List[str] = Field(1755

...,1756
description="Group or individual involved in the1757

violence",1758
is_entity_field=True,1759

)1760
group_2: List[str] = Field(1761

...,1762
description="The other group or individual involved1763

in the violence, if any",1764
is_entity_field=True,1765

)1766
targets_local_administrators: bool = Field(1767

...,1768
description="Whether this violent event is affecting1769

current local government officials and administrators1770
- including governors, mayors, councilors, and other1771

civil servants.",1772
)1773
women_targeted: List[WomenTargetedCategory] = Field(1774

...,1775
description="The category of violence against women,1776

if any. If this violence is not targeting women, this1777
should be an empty list.",1778

)1779
1780
1781

class ViolentDemonstration(Riot):1782
"""1783
Is a type of "Riot" event. This event type is used when1784
demonstrators engage in violence and/or destructive1785
activity. Examples include physical clashes with other1786
demonstrators or government forces; vandalism; and1787

road-blocking using barricades, burning tires, or1788
other material. The coding of an event as a "Violent1789

demonstration" does not necessarily indicate that 1790
demonstrators initiated the violence and/or 1791
destructive actions. 1792

Excludes events where a weapon is drawn but not used, or 1793
when the situation is de-escalated before violence 1794

occurs. 1795
""" 1796

1797
1798

class MobViolence(Riot): 1799
""" 1800
Is a type of "Riot" event. A mob is considered a crowd 1801
of people that is disorderly and has the intention to 1802
cause harm or disruption through violence or property 1803
destruction. Note that this type of violence can also 1804
include spontaneous vigilante mobs clashing with other 1805
armed groups or attacking civilians. While a "Mob 1806

violence" event often involves unarmed or crudely 1807
armed rioters, on rare occasions, it can involve 1808
violence by people associated with organized groups 1809
and/or using more sophisticated weapons, such as 1810
firearms. 1811

""" 1812
1813
1814
1815
1816

class ExplosionOrRemoteViolence(ACLEDEvent, ABC): 1817
""" 1818
"ExplosionOrRemoteViolence" is defined as events as 1819
incidents in which one side uses weapon types that, by 1820
their nature, are at range and widely destructive. 1821

The weapons used in "ExplosionOrRemoteViolence" events 1822
are explosive devices, including but not limited to: 1823

bombs, grenades, improvised explosive devices (IEDs), 1824
artillery fire or shelling, missile attacks, air or 1825
drone strikes, and other widely destructive heavy 1826
weapons or chemical weapons. Suicide attacks using 1827
explosives also fall under this category. When an " 1828
ExplosionOrRemoteViolence" event is reported in the 1829
context of an ongoing battle, it is merged and 1830
recorded as a single "Battles" event. " 1831
ExplosionOrRemoteViolence" can be used against armed 1832
agents as well as civilians. 1833

"ExplosionOrRemoteViolence" event type has the following 1834
subtypes: 1835

- ChemicalWeapon: The use of chemical weapons in warfare 1836
without any other engagement. 1837

- AirOrDroneStrike: Air or drone strikes occurring 1838
without any other engagement, including attacks by 1839
helicopters. 1840

- SuicideBomb: A suicide bombing or suicide vehicle- 1841
borne improvised explosive device (SVBIED) attack 1842
without an armed clash. 1843

- ShellingOrArtilleryOrMissileAttack: The use of long- 1844
range artillery, missile systems, or other heavy 1845
weapons platforms without any other engagement. 1846

- RemoteExplosiveOrLandmineOrIED: Detonation of remotely- 1847
or victim-activated devices, including landmines and 1848

IEDs, without any other engagement. 1849
- Grenade: The use of a grenade or similar hand-thrown 1850
explosive without any other engagement. 1851

""" 1852
1853

location: Location = Field(..., description="Location 1854
where the event takes place") 1855

targets_civilians: bool = Field( 1856
..., 1857
description="Indicates if the ' 1858

ExplosionOrRemoteViolence' event is mainly or only 1859
targeting civilians. E.g. a landmine killing a farmer. 1860
", 1861

) 1862
fatalities: Optional[int] = Field( 1863

..., 1864
description="Total number of fatalities, if known", 1865

) 1866
attackers: List[str] = Field( 1867

..., 1868
description="Entities conducting the violence", 1869
is_entity_field=True, 1870

) 1871
targeted_entities: List[str] = Field( 1872

..., 1873
description="Entities or actors being targeted", 1874
is_entity_field=True, 1875

) 1876

30



targets_local_administrators: bool = Field(1877
...,1878
description="Whether this violent event is affecting1879

current local government officials and administrators1880
- including governors, mayors, councilors, and other1881

civil servants.",1882
)1883
women_targeted: List[WomenTargetedCategory] = Field(1884

...,1885
description="The category of violence against women,1886

if any. If this violence is not targeting women, this1887
should be an empty list.",1888

)1889
1890
1891

class ChemicalWeapon(ExplosionOrRemoteViolence):1892
"""1893
Is a type of "ExplosionOrRemoteViolence" event. This1894
event type captures the use of chemical weapons in1895
warfare in the absence of any other engagement. ACLED1896
considers chemical weapons as all substances listed as1897
Schedule 1 of the Chemical Weapons Convention,1898

including sarin gas, mustard gas, chlorine gas, and1899
anthrax. Napalm and white phosphorus, as well as less-1900
lethal crowd control substances - such as tear gas -1901
are not considered chemical weapons within this event1902
type.1903

"""1904
1905
1906

class AirOrDroneStrike(ExplosionOrRemoteViolence):1907
"""1908
Is a type of "ExplosionOrRemoteViolence" event. This1909
event type is used when air or drone strikes take1910
place in the absence of any other engagement. Please1911
note that any air-to-ground attacks fall under this1912
event type, including attacks by helicopters that do1913
not involve exchanges of fire with forces on the1914
ground.1915

"""1916
1917
1918

class SuicideBomb(ExplosionOrRemoteViolence):1919
"""1920
Is a type of "ExplosionOrRemoteViolence" event. This1921
event type is used when a suicide bombing occurs in1922
the absence of an armed clash, such as an exchange of1923
small arms fire with other armed groups. It also1924
includes suicide vehicle-borne improvised explosive1925
device (SVBIED) attacks. Note that the suicide bomber1926
is included in the total number of reported fatalities1927
coded for such events.1928

"""1929
1930
1931

class ShellingOrArtilleryOrMissileAttack(1932
ExplosionOrRemoteViolence):1933

"""1934
Is a type of "ExplosionOrRemoteViolence" event. This1935
event type captures the use of long-range artillery,1936
missile systems, or other heavy weapons platforms in1937
the absence of any other engagement. When two armed1938
groups exchange long-range fire, it is recorded as an1939
"ArmedClash". "ShellingOrArtilleryOrMissileAttack"1940
events include attacks described as shelling, the use1941
of artillery and cannons, mortars, guided missiles,1942
rockets, grenade launchers, and other heavy weapons1943
platforms. Crewed aircraft shot down by long-range1944
systems fall under this event type. Uncrewed armed1945
drones that are shot down, however, are recorded as1946
interceptions under "DisruptedWeaponsUse" because1947
people are not targeted (see below). Similarly, an1948
interception of a missile strike itself (such as by1949
the Iron Dome in Israel) is also recorded as "1950
DisruptedWeaponsUse".1951

"""1952
1953
1954

class RemoteExplosiveOrLandmineOrIED(1955
ExplosionOrRemoteViolence):1956

"""1957
Is a type of "ExplosionOrRemoteViolence" event. This1958
event type is used when remotely- or victim-activated1959
devices are detonated in the absence of any other1960
engagement. Examples include landmines, IEDs - whether1961
alone or attached to a vehicle, or any other sort of1962

remotely detonated or triggered explosive. Unexploded1963

ordnances (UXO) also fall under this category. 1964
SVBIEDs are recorded as "Suicide bomb" events, while the 1965

safe defusal of an explosive or its accidental 1966
detonation by the actor who planted it (with no other 1967
casualties reported) is recorded under " 1968
DisruptedWeaponsUse". 1969

""" 1970
1971
1972

class Grenade(ExplosionOrRemoteViolence): 1973
""" 1974
Is a type of "ExplosionOrRemoteViolence" event. This 1975
event type captures the use of a grenade or any other 1976
similarly hand-thrown explosive, such as an IED that 1977
is thrown, in the absence of any other engagement. 1978
Events involving so-called "crude bombs" (such as 1979
Molotov cocktails, firecrackers, cherry bombs, petrol 1980
bombs, etc.) as well as "stun grenades" are not 1981
recorded in this category, but are included under 1982
either "Riot" or "StrategicDevelopment" depending on 1983
the context in which they occurred. 1984

""" 1985
1986
1987
1988

class ViolenceAgainstCivilians(ACLEDEvent, ABC): 1989
""" 1990
ACLED defines "ViolenceAgainstCivilians" as violent 1991
events where an organized armed group inflicts 1992
violence upon unarmed non-combatants. By definition, 1993
civilians are unarmed and cannot engage in political 1994
violence. Therefore, the violence is understood to be 1995
asymmetric as the perpetrator is assumed to be the 1996
only actor capable of using violence in the event. The 1997
perpetrators of such acts include state forces and 1998

their affiliates, rebels, militias, and external/other 1999
forces. 2000

In cases where the identity and actions of the targets 2001
are in question (e.g. the target may be employed as a 2002
police officer), ACLED determines that if a person is 2003
harmed or killed while unarmed and unable to either 2004
act defensively or counter-attack, this is an act of " 2005
ViolenceAgainstCivilians". This includes extrajudicial 2006
killings of detained combatants or unarmed prisoners 2007

of war. 2008
"ViolenceAgainstCivilians" also includes attempts at 2009
inflicting harm (e.g. beating, shooting, torture, rape, 2010
mutilation, etc.) or forcibly disappearing (e.g. 2011

kidnapping and disappearances) civilian actors. Note 2012
that the "ViolenceAgainstCivilians" event type 2013
exclusively captures violence targeting civilians that 2014
does not occur concurrently with other forms of 2015

violence - such as rioting - that are coded higher in 2016
the ACLED event type hierarchy. To get a full list of 2017
events in the ACLED dataset where civilians were the 2018
main or only target of violence, users can filter on 2019
the "Civilian targeting" field. 2020

"ViolenceAgainstCivilians" event type has the following 2021
subtypes: 2022

- SexualViolence: Any event where an individual is 2023
targeted with sexual violence, including but not 2024
limited to rape, public stripping, and sexual torture, 2025
with the gender identities of victims recorded when 2026

reported. 2027
- Attack: An event where civilians are targeted with 2028
violence by an organized armed actor outside the 2029
context of other forms of violence, including severe 2030
government overreach by law enforcement. 2031

- AbductionOrForcedDisappearance: An event involving the 2032
abduction or forced disappearance of civilians 2033

without reports of further violence, including arrests 2034
by non-state groups and extrajudicial detentions by 2035

state forces, but excluding standard judicial arrests 2036
by state forces. 2037

""" 2038
2039

location: Location = Field(..., description="Location 2040
where the event takes place") 2041

targets_local_administrators: bool = Field( 2042
..., 2043
description="Whether this violent event is affecting 2044

current local government officials and administrators 2045
- including governors, mayors, councilors, and other 2046

civil servants.", 2047
) 2048
women_targeted: List[WomenTargetedCategory] = Field( 2049

..., 2050
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description="The category of violence against women,2051
if any. If this violence is not targeting women, this2052
should be an empty list.",2053

)2054
2055
2056

class SexualViolence(ViolenceAgainstCivilians):2057
"""2058
Is a type of "ViolenceAgainstCivilians" event. This2059
event type is used when any individual is targeted2060
with sexual violence. SexualViolence is defined2061
largely as an action that inflicts harm of a sexual2062
nature. This means that it is not limited to solely2063
penetrative rape, but also includes actions like2064
public stripping, sexual torture, etc. Given the2065
gendered nature of sexual violence, the gender2066
identities of the victims - i.e. "Women", "Men", and "2067
LGBTQ+", or a combination thereof - are recorded in2068
the "Associated Actor" field for these events when2069
reported. Note that it is possible for sexual violence2070
to occur within other event types such as "Battle"2071

and "Riot".2072
"""2073

2074
fatalities: Optional[int] = Field(2075

...,2076
description="Total number of fatalities, if known",2077

) # Is very very rare, only 7 events in English for2078
20242079

perpetrators: List[str] = Field(2080
...,2081
description="The attacker(s) entity or actor",2082
is_entity_field=True,2083

)2084
victims: List[str] = Field(2085

...,2086
description="The entity or actor(s) that is the2087

target or victim of the SexualViolence event",2088
is_entity_field=True,2089

)2090
2091
2092

class Attack(ViolenceAgainstCivilians):2093
"""2094
Is a type of "ViolenceAgainstCivilians" event. This2095
event type is used when civilians are targeted with2096
violence by an organized armed actor outside the2097
context of other forms of violence like ArmedClash,2098
Protests, Riots, or ExplosionOrRemoteViolence.2099
Violence by law enforcement that constitutes severe2100
government overreach is also recorded as an "Attack"2101
event.2102

Attacks of a sexual nature are recorded as2103
SexualViolence.2104

If only property is attacked and not people, the event2105
should be recorded as LootingOrPropertyDestruction2106
event type.2107

Excludes discovery of mass graves, which are recorded as2108
"OtherStrategicDevelopment" events.2109

"""2110
2111

fatalities: Optional[int] = Field(2112
...,2113
description="Total number of fatalities, if known",2114

)2115
attackers: List[str] = Field(2116

...,2117
description="The attacker entity or actor(s)",2118
is_entity_field=True,2119

)2120
targeted_entities: List[str] = Field(2121

...,2122
description="The entity or actor(s) that is the2123

target of the attack",2124
is_entity_field=True,2125

)2126
2127
2128

class AbductionOrForcedDisappearance(2129
ViolenceAgainstCivilians):2130

"""2131
Is a type of "ViolenceAgainstCivilians" event. This2132
event type is used when an actor engages in the2133
abduction or forced disappearance of civilians,2134
without reports of further violence. If fatalities or2135
serious injuries are reported during the abduction or2136
forced disappearance, the event is recorded as an "2137

Attack" event instead. If such violence is reported in 2138
later periods during captivity, this is recorded as 2139

an additional "Attack" event. Note that multiple 2140
people can be abducted in a single "Abduction/forced 2141
disappearance" event. 2142

Arrests by non-state groups and extrajudicial detentions 2143
by state forces are considered "Abduction/forced 2144

disappearance". Arrests conducted by state forces 2145
within the standard judicial process are, however, 2146
considered "Arrest". 2147

""" 2148
2149

abductor: List[str] = Field( 2150
..., 2151
description="The abductor person or group(s)", 2152
is_entity_field=True, 2153

) 2154
abductee: List[str] = Field( 2155

..., 2156
description="People or group(s) that were abducted 2157

or disappeared. Note that multiple people can be 2158
abducted in a single AbductionOrForcedDisappearance 2159
event", 2160

is_entity_field=True, 2161
) 2162

2163
2164
2165

class StrategicDevelopment(ACLEDEvent, ABC): 2166
""" 2167
This event type captures contextually important 2168
information regarding incidents and activities of 2169
groups that are not recorded as "Political violence" 2170
or "Demonstration" events, yet may trigger future 2171
events or contribute to political dynamics within and 2172
across states. The inclusion of such events is limited, 2173
as their purpose is to capture pivotal events within 2174

the broader political landscape. They typically 2175
include a disparate range of events, such as 2176
recruitment drives, looting, and incursions, as well 2177
as the location and date of peace talks and the 2178
arrests of high-ranking officials or large groups. 2179
While it is rare for fatalities to be reported as a 2180
result of such events, they can occur in certain cases 2181
- e.g. the suspicious death of a high-ranking 2182

official, the accidental detonation of a bomb 2183
resulting in the bomber being killed, etc. 2184

Due to their context-specific nature, " 2185
StrategicDevelopment" are not collected and recorded 2186
in the same cross-comparable fashion as "Political 2187
violence" and "Demonstration" events. As such, the " 2188
StrategicDevelopment" event type is primarily a tool 2189
for understanding particular contexts. 2190

"StrategicDevelopment" event type has the following 2191
subtypes: 2192

- Agreement: Records any agreement between different 2193
actors, such as peace talks, ceasefires, or prisoner 2194
exchanges. 2195

- Arrest: Used when state forces or controlling actors 2196
detain a significant individual or conduct politically 2197
important mass arrests. 2198

- ChangeToArmedGroup: Records significant changes in the 2199
activity or structure of armed groups, including 2200

creation, recruitment, movement, or absorption of 2201
forces. 2202

- DisruptedWeaponsUse: Captures instances where an 2203
explosion or remote violence event is prevented, or 2204
when significant weapons caches are seized. 2205

- BaseEstablished: Used when an organized armed group 2206
establishes a permanent or semi-permanent base or 2207
headquarters. 2208

- LootingOrPropertyDestruction: Records incidents of 2209
looting or seizing goods/property outside the context 2210
of other forms of violence or destruction. 2211

- NonViolentTransferOfTerritory: Used when actors 2212
acquire control of a location without engaging in 2213
violent interaction with another group. 2214

- OtherStrategicDevelopment: Covers significant 2215
developments that don't fall into other Strategic 2216
Development event types, such as coups or population 2217
displacements. 2218

""" 2219
2220

location: Location = Field(..., description="Location 2221
where the event takes place") 2222

2223
2224
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class Agreement(StrategicDevelopment):2225
"""2226
Is a type of "StrategicDevelopment" event. This event2227
type is used to record any sort of agreement between2228
different armed actors (such as governments and rebel2229
groups). Examples include peace agreements/talks,2230
ceasefires, evacuation deals, prisoner exchanges,2231
negotiated territorial transfers, prisoner releases,2232
surrenders, repatriations, etc.2233

Excludes agreements between political parties, trade2234
unions, or other non-armed actors like protestors.2235

"""2236
2237

group_1: List[str] = Field(2238
...,2239
description="Group or individual involved in the2240

agreement",2241
is_entity_field=True,2242

)2243
group_2: List[str] = Field(2244

...,2245
description="The other group or individual involved2246

in the agreement",2247
is_entity_field=True,2248

)2249
2250
2251

class Arrest(StrategicDevelopment):2252
"""2253
Is a type of "StrategicDevelopment" event. This event2254
type is used when state forces or other actors2255
exercising de facto control over a territory either2256
detain a particularly significant individual or engage2257
in politically significant mass arrests. This2258

excludes arrests of individuals for common crimes,2259
such as theft or assault, unless the individual is a2260
high-ranking official or the arrest is politically2261
significant.2262

"""2263
2264

detainers: List[str] = Field(2265
...,2266
description="The person or group(s) who detains or2267

jails the detainee(s)",2268
is_entity_field=True,2269

)2270
detainees: List[str] = Field(2271

...,2272
description="The person or group(s) being detained2273

or jailed",2274
is_entity_field=True,2275

)2276
2277
2278

class ChangeToArmedGroup(StrategicDevelopment):2279
"""2280
Is a type of "StrategicDevelopment" event. This event2281
type is used to record significant changes in the2282
activity or structure of armed groups. It can cover2283
anything from the creation of a new rebel group or a2284
paramilitary wing of the security forces, "voluntary"2285
recruitment drives, movement of forces, or any other2286
non-violent security measures enacted by armed actors.2287
This event type can also be used if one armed group2288

is absorbed into a different armed group or to track2289
large-scale defections.2290

"""2291
2292

armed_group: List[str] = Field(2293
...,2294
description="The name of armed group that underwent2295

change",2296
is_entity_field=True,2297

)2298
other_actors: List[str] = Field(2299

...,2300
description="Other actors or groups involved. E.g.2301

the government that ordered a change to its army.",2302
is_entity_field=True,2303

)2304
2305
2306

class DisruptedWeaponsUse(StrategicDevelopment):2307
"""2308
Is a type of "StrategicDevelopment" event. This event2309
type is used to capture all instances in which an2310
event of "ExplosionOrRemoteViolence" is prevented from2311

occurring, or when armed actors seize significant 2312
caches of weapons. It includes the safe defusal of an 2313
explosive, the accidental detonation of explosives by 2314
those allegedly responsible for planting it, the 2315
interception of explosives in the air, as well as the 2316
seizure of weapons or weapons platforms such as jets, 2317
helicopters, tanks, etc. Note that in cases where a 2318
group other than the one that planted an explosive is 2319
attempting to render an explosive harmless and it goes 2320
off, this is recorded under the " 2321

ExplosionOrRemoteViolence" event type, as the 2322
explosive has harmed an actor other than the one that 2323
planted it. 2324

""" 2325
2326

attackers: List[str] = Field( 2327
..., 2328
description="The entity or actor(s) responsible for 2329

the remote violence", 2330
is_entity_field=True, 2331

) 2332
disruptors: List[str] = Field( 2333

..., 2334
description="The entity or actor(s) disrupting the 2335

explosion or remote violence", 2336
is_entity_field=True, 2337

) 2338
targets_local_administrators: bool = Field( 2339

..., 2340
description="Whether this violent event is affecting 2341

current local government officials and administrators 2342
- including governors, mayors, councilors, and other 2343

civil servants.", 2344
) 2345
women_targeted: List[WomenTargetedCategory] = Field( 2346

..., 2347
description="The category of violence against women, 2348

if any. If this violence is not targeting women, this 2349
should be an empty list.", 2350

) 2351
2352
2353

class BaseEstablished(StrategicDevelopment): 2354
""" 2355
Is a type of "StrategicDevelopment" event. This event 2356
type is used when an organized armed group establishes 2357
a permanent or semi-permanent base or headquarters. 2358

There are few cases where opposition groups other than 2359
rebels can also establish a headquarters or base (e.g. 2360
AMISOM forces in Somalia). 2361

""" 2362
2363

group: List[str] = Field( 2364
..., 2365
description="Entity or group(s) establishing the 2366

base", 2367
is_entity_field=True, 2368

) 2369
2370
2371

class LootingOrPropertyDestruction(StrategicDevelopment): 2372
""" 2373
Is a type of "StrategicDevelopment" event. This event 2374
type is used when actors engage in looting or seizing 2375
goods or property outside the context of other forms 2376
of violence or destruction, such as rioting or armed 2377
clashes. This excludes the seizure or destruction of 2378
weapons or weapons systems, which are captured under 2379
the "DisruptedWeaponsUse" event type. This can occur 2380
during raiding or after the capture of villages or 2381
other populated places by armed groups that occur 2382
without reported violence. 2383

""" 2384
2385

perpetrators: List[str] = Field( 2386
..., 2387
description="The group or entity that does the 2388

looting or seizure", 2389
is_entity_field=True, 2390

) 2391
victims: List[str] = Field( 2392

..., 2393
description="The group or entity that was the target 2394

of looting or seizure", 2395
is_entity_field=True, 2396

) 2397
targets_local_administrators: bool = Field( 2398
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...,2399
description="Whether this violent event is affecting2400

current local government officials and administrators2401
- including governors, mayors, councilors, and other2402

civil servants.",2403
)2404
women_targeted: List[WomenTargetedCategory] = Field(2405

...,2406
description="The category of violence against women,2407

if any. If this violence is not targeting women, this2408
should be an empty list.",2409

)2410
2411
2412

class NonViolentTransferOfTerritory(StrategicDevelopment):2413
"""2414
Is a type of "StrategicDevelopment" event. This event2415
type is used in situations in which rebels,2416
governments, or their affiliates acquire control of a2417
location without engaging in a violent interaction2418
with another group. Rebels establishing control of a2419
location without any resistance is an example of this2420
event.2421

"""2422
2423

actors_taking_over: List[str] = Field(2424
...,2425
description="The entity or actor(s) establishing2426

control.",2427
is_entity_field=True,2428

)2429
actors_giving_up: List[str] = Field(2430

...,2431
description="The entity or actor(s) giving up2432

territory, if known.",2433
is_entity_field=True,2434

)2435
2436
2437

class OtherStrategicDevelopment(StrategicDevelopment):2438
"""2439
Is a type of "StrategicDevelopment" event. This event2440
type is used to cover any significant development that2441
does not fall into any of the other "2442

StrategicDevelopment" event types. Includes the2443
occurrence of a coup, the displacement of a civilian2444
population as a result of fighting, and the discovery2445
of mass graves.2446

"""2447
2448

group_1: List[str] = Field(2449
...,2450
description="Group or individual involved in the2451

StrategicDevelopment",2452
is_entity_field=True,2453

)2454
group_2: List[str] = Field(2455

...,2456
description="The other group or individual involved2457

in the violence, if any",2458
is_entity_field=True,2459

)2460
2461
2462
2463
2464

class WomenTargetedCategory(str, Enum):2465
CANDIDATES_FOR_OFFICE = "Women who are running in an2466
election to hold a publicly elected government2467
position"2468

POLITICIANS = "Women who currently serve in an elected2469
position in government"2470

POLITICAL_PARTY_SUPPORTERS = "political party supporters2471
"2472

VOTERS = "Women who are registering to vote or are2473
casting a ballot in an election"2474

GOVERNMENT_OFFICIALS = "Women who work for the local,2475
regional, or national government in a non-partisan2476
capacity"2477

ACTIVISTS_HRD_SOCIAL_LEADERS = (2478
"Women who are activists/human rights defenders/2479

social leaders"2480
)2481
RELATIVES_OF_TARGETED_GROUPS = "Women who are subject to2482

violence as a result of who they are married to, the2483
daughter of, related to, or are otherwise personally2484
connected to (e.g. candidates, politicians, social2485

leaders, armed actors, voters, party supporters, etc.) 2486
" 2487

ACCUSED_OF_WITCHCRAFT = "Women accused of witchcraft or 2488
sorcery, or other mystical or spiritual practices that 2489
are typically considered taboo or dangerous within 2490

some societies (excluding women who serve as religious 2491
leaders in religious structures that are typically 2492

not viewed as taboo or dangerous, such as nuns, female 2493
priests, or shamans)" 2494

GIRLS = "Girls who are under the age of 18; they may be 2495
specifically referred to by age or explicitly referred 2496
to as a child/girl" 2497

2498
2499
2500
2501

class Location(BaseModel): 2502
""" 2503
The most specific location for an event. Locations can 2504
be named populated places, geostrategic locations, 2505
natural locations, or neighborhoods of larger cities. 2506

In selected large cities with activity dispersed over 2507
many neighborhoods, locations are further specified to 2508
predefined subsections within a city. In such cases, 2509

City Name - District name (e.g. Mosul - Old City) is 2510
recorded in "specific_location". If information about 2511
the specific neighborhood/district is not known, the 2512
location is recorded at the city level (e.g. Mosul). 2513

""" 2514
2515

country: str = Field( 2516
..., 2517
description="Name of the country in English. Example: 2518

United States", 2519
) 2520
address: str = Field( 2521

..., 2522
description="Comma-separated address in order from 2523

neighborhood level to village/city, district, county, 2524
province, region, and country, if available. Excludes 2525
street names, buildings, and other specific landmarks. 2526
Example: Mosul, Old City, Nineveh, Nineveh, Iraq", 2527

) 2528
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