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Abstract
Event Detection (ED) is the task of identifying001
typed event mentions of interest from natural002
language text, which benefits domain-specific003
reasoning in biomedical, legal, and epidemi-004
ological domains. However, procuring super-005
vised data for thousands of events for various006
domains is a laborious and expensive task. To007
this end, existing works have explored synthetic008
data generation via forward (generating labels009
for unlabeled sentences) and inverse (generat-010
ing sentences from generated labels) genera-011
tions. However, forward generation often pro-012
duces noisy labels, while inverse generation013
struggles with domain drift and incomplete014
event annotations. To address these challenges,015
we introduce FIG, a hybrid approach that lever-016
ages inverse generation for high-quality data017
synthesis while anchoring it to domain-specific018
cues extracted via forward generation on un-019
labeled target data. FIG further enhances its020
synthetic data by adding missing annotations021
through forward generation-based refinement.022
Experimentation on three ED datasets from di-023
verse domains reveals that FIG outperforms the024
best baseline, achieving average gains of 3.3%025
F1 and 5.4% F1 in the zero-shot and few-shot026
settings, respectively. Analyzing the generated027
trigger hit rate and human evaluation substanti-028
ates FIG’s superior domain alignment and data029
quality compared to existing baselines.030

1 Introduction031

Event Detection (ED) (Sundheim, 1992; Dodding-032

ton et al., 2004) involves identifying and categoriz-033

ing significant events from natural language text034

based on a pre-defined ontology. It has applications035

in widespread domains like biomedicine (Pyysalo036

et al., 2012), epidemiology (Parekh et al., 2024b,c),037

law (Francesconi et al., 2010), etc. However,038

procuring annotations for each domain-specific on-039

tology to train models is expensive and impractical.040

Although recent works introduce zero-shot LLM-041

reasoning (Gao et al., 2023; Cai et al., 2024), their042

Figure 1: Comparing different data generation
paradigms. Owing to poor LLM ED reasoning skills,
forward generation (top) struggles with noisy labels.
Inverse generation (middle) suffers from domain drift
owing to lack of domain-specific cues. We introduce
FIG (bottom), a hybrid forward and inverse approach,
to overcome both issues to generate better quality data.

performance falls short of supervised approaches 043

(Huang et al., 2024). 044

To mitigate the need for extensive annotations to 045

train supervised models, prior work has explored 046

LLM-powered synthetic data generation to enhance 047

downstream model training. A widely used ap- 048

proach is a forward generation or weak supervision 049

(He et al., 2021; Chia et al., 2022), where labels are 050

assigned to existing unlabeled data (i.e., X → Y ′). 051

This generation is limited by LLM ED reasoning, 052

often leading to noisy labels. To address this, in- 053

verse generation has been proposed (Meng et al., 054

2022; Wang et al., 2023c), where sentences are gen- 055

erated based on sampled or generated labels (i.e 056

Y → X ′). However, inverse generation introduces 057

a domain drift between synthetic and target data 058
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owing to the lack of any domain-specific cues, as059

illustrated in Figure 1.060

In our work, we propose Forward-Inverse061

Generation (FIG), a hybrid approach that inte-062

grates forward and inverse generation to enhance063

synthetic data quality. Instead of generating064

event triggers from scratch — an inherently high-065

variance process — we first apply forward genera-066

tion to unlabeled data, extracting domain-specific067

triggers. Next, we utilize inverse generation to068

synthesize diverse sentences conditioned on the069

domain-specific triggers. Finally, a second forward070

generation annotates any missing events in the gen-071

erated data to ensure high data quality. This ap-072

proach produces cleaner synthetic data compared073

to forward generation while maintaining a closer074

domain alignment with target data than inverse gen-075

eration, as shown in Figure 1.076

We evaluate FIG on ED datasets from three dif-077

ferent domains: ACE (Doddington et al., 2004)078

(news), SPEED (Parekh et al., 2024c) (social me-079

dia), and GENIA2011 (Kim et al., 2011) (biomedi-080

cal). Our primary method of evaluation is testing081

ED performance of DEGREE (Hsu et al., 2022)082

trained on the generated data. In the zero-shot083

setting, FIG outperforms STAR (Ma et al., 2024)084

(inverse generation baseline) and weak supervi-085

sion (forward generation baseline) by an average086

of 16.8% and 3.5% Tri-C F1, respectively. Sim-087

ilarly, in the few-shot setting, FIG surpasses the088

strongest baseline by an average of 6.2% Tri-C F1.089

We study the generated trigger hit rate (relative to090

the gold trigger set) and demonstrate how FIG’s091

triggers have about 7.3% better hit rate compared092

to the best baseline, which contributes to its supe-093

rior performance. Finally, we also conduct human094

evaluation, which supports FIG’s superior domain095

relevance and data annotation quality.096

2 Problem Definition097

We focus on the task of Event Detection (ED)098

(Sundheim, 1992; Doddington et al., 2004) for this099

work. The task of ED aims to extract mentions of100

any events of interest from natural language text.101

Following ACE 2005 (Doddington et al., 2004), we102

define an event as something that happens or de-103

scribes a change of state and is labeled by a specific104

event type. The word/phrase that most distinctly105

highlights the occurrence of the event is defined as106

the event trigger, and the trigger-event type pair is107

referred to as the event mention. Event Detection,108

in particular, requires extracting the event triggers 109

from the sentence and classifying it into one of the 110

pre-defined event types. We provide an illustration 111

of this task below where arrested and campaigns 112

are the trigger words for the event types Justice: 113

Arrest-Jail and Conflict: Demonstrate respectively. 114

Some 3,000 people have been arrested since
the disobedience campaigns began last week.

115
Justice: Arrest-JailConflict: Demonstrate

116

In our work, we specifically focus on ED in 117

diverse and specialized domains (e.g., biomedical), 118

where procuring a training dataset DT of annotated 119

data points is expensive, whereas reasonable-sized 120

unlabeled data D′
T is available. We focus on two 121

realistic low-resource data setups - zero-shot (zero 122

labeled data) and few-shot (k labeled datapoints 123

per event type) settings. Different from domain 124

transfer, we do not consider any labeled data for 125

the source domain and directly optimize model 126

performance for the target domain. 127

3 Methodology 128

In this work, we focus on Large Language Model 129

(LLM)-powered synthetic data generation to allevi- 130

ate the need for domain-specific annotated training 131

data, as zero-shot LLM-based approaches usually 132

struggle in ED in specialized domains (Huang et al., 133

2024). By generating a large amount of data in- 134

stances Ds = {(X,Y )}, we can train downstream 135

supervised ED models. Here, we first briefly review 136

prior works on forward generation and backward 137

generation. Next, we introduce our proposed data 138

generation method FIG. 139

3.1 Background 140

We focus on two major paradigms for data genera- 141

tion in our work: forward generation and inverse 142

generation. We describe them briefly below and 143

provide illustrations in Figure 2. 144

Forward Generation: This is a more straightfor- 145

ward manner of data generation, wherein LLMs 146

are utilized to generate labels Y ′ on unlabeled 147

data X ∈ D′
T (i.e. X → Y ′). This generation 148

is analogous to weak/distant supervision (Weak 149

Sup) (Mintz et al., 2009; Wang et al., 2021; He 150

et al., 2021) where noisy/weak labels are assigned 151

to clean sentences and then utilized to train down- 152
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Figure 2: Model Architecture Diagram. Top left - illustration of forward generation. Bottom left - illustration of
inverse generation. Right - FIG and its four components. We first extract domain-specific triggers via forward
generation, then generate passages using inverse generation. Forward generation refines missing events, and we
sample N data points per event for downstream training.

stream models. Consequently, the label quality is153

dependent on the reasoning capability of the LLM.154

Inverse Generation: Inverse generation is a rela-155

tively new data generation paradigm (Kumar et al.,156

2020; Schick and Schütze, 2021). This paradigm157

first generates/samples potential labels Y based on158

the task definition and then generates plausible X ′159

conditioned on the label Y (i.e. Y → X ′). Re-160

cent works like SynthIE (Josifoski et al., 2023) and161

STAR (Ma et al., 2024) have explored the usage162

of LLM-guided inverse generation for information163

extraction and event extraction tasks. Inverse gen-164

eration provides control over data distribution via165

prompting, but the data quality is dependent on the166

LLM’s sentence generation capability.167

3.2 FIG168

LLM reasoning has been poor for ED (Li et al.,169

2023a; Huang et al., 2024), which makes forward170

generation vulnerable to noisy label quality. Since171

LLMs are pre-trained to generate natural sentences,172

their generation capabilities are stronger, which173

supports inverse generation. However, owing to the174

lack of any domain-specific information, inverse175

generation can synthesize highly diverse sentences,176

leading to a domain drift. Merely specifying the177

domain in the prompt is not sufficient (shown in178

§ D.1). Furthermore, inverse generation sentences179

can mention additional events which remain unan-180

notated introducing noise in the data.181

To this end, we propose Forward-Inverse182

Generation (FIG), a hybrid approach that infuses183

forward generation reasoning into the base pipeline184

of inverse generation to ensure closer alignment to185

the target domain while improving the quality of186

the annotated labels. To procure domain-specific 187

cues, we assume access to an unlabeled target do- 188

main data D′
T (similar to forward generation). We 189

provide our architectural diagram in Figure 2 and 190

explain each component of our pipeline below. 191

Target Structure Extraction: Similar to inverse 192

generation, we first create potential triggers (i.e. 193

labels) for each event type. However, generation 194

from scratch can lead to very divergent set of trig- 195

gers. For example, an “Attack" event can refer to a 196

war in the news, cyberattacks in the cybersecurity 197

domain, diseases in epidemiology, or criticism in 198

economics. Naturally, each scenario would assume 199

different triggers, which inverse generation strug- 200

gles to generate even when provided with clear 201

event definitions (actual examples in § 6.5). 202

Instead, we generate potential triggers per event 203

type by utilizing an LLM to extract triggers using 204

a forward generation over the unlabeled data D′
T . 205

To ensure highly precise extraction of triggers, we 206

develop a two-stage prompt setup. The first stage 207

is tasked to identify and filter possible event types 208

mentioned in the text based on the task instructions 209

and event definitions. The second stage aims to 210

find the most appropriate trigger word from the 211

unlabeled sentence for each filtered event type. We 212

illustrate this setup in § A. 213

After extraction, we aggregate and sort the trig- 214

gers for each event type at the corpus level and filter 215

out the top t triggers for each event type as the set 216

of clean triggers. This filtering helps remove many 217

noisy triggers introduced in the forward generation. 218

Finally, we create target structures Y by sampling 219

1-2 event types per instance and sampling triggers 220

from the clean trigger set for each sampled event 221
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Missed Event
Trigger:

“got”
Event: symptom

Generation Trigger:
“Positive” Event: infect

Ok, I just got a fever... Theres a

possibility Im COVID-19 Positive

Figure 3: Illustration of how inverse generation can
produce unannotated event mentions. Blue box = target
event mention, red box = unannotated event mention.

type. We ensure uniform sampling of event types222

and triggers to avoid unbalanced label distribution.223

Overall, such forward generation-based trigger ex-224

traction ensures the distillation of domain-specific225

knowledge in the target structures.226

Passage Generation: This component is the core227

of inverse generation and is tasked with generating228

passages corresponding to the constraints of the229

sampled target structure. Specifically, the LLM is230

prompted with the task instructions, the event defi-231

nitions, the sampled target structure Y , and asked232

to generate a passage X ′ which mentions the event233

types using the triggers in Y . We illustrate this234

prompt in Figure 8. The key to generating better235

target data aligned passages lies in the presence of236

the target data aligned target structure Y (shown237

via examples in § 6.5).238

Data Refinement and Sampling: While passage239

generation ensures the target structure events are240

mentioned in the passage, the passage could still241

have other unknown events which can lead to under-242

annotated (X ′, Y ) data instances. We provide an243

illustration in Figure 3 with the target trigger posi-244

tive, but the generated sentence also has a missing245

mention of symptom event triggered by got. To246

account for such missing annotations, we utilize247

forward generation to identify all possible event248

mentions in the generated passage. We remove du-249

plicates and add the new event mentions to create a250

more complete target structure Yf .251

To further improve data quality, we apply an au-252

tomated rule to remove passages that do not men-253

tion the target trigger. Additionally, we standardize254

trigger annotations by correcting variations in trig-255

ger word forms. Finally, we apply a greedy sam-256

pling algorithm to sample N instances (X ′, Yf ) per257

event type to create our final synthetic dataset Ds.258

Downstream Model Training: The final com-259

ponent utilizes the generated synthetic data Ds to260

train downstream ED models in a supervised man-261

ner. The trained ED models are then used for infer- 262

ring on the test set and for eventual evaluation. 263

4 Experimental Setup 264

Datasets: We consider three ED datasets from 265

diverse domains for our experiments: (1) ACE 266

(Doddington et al., 2004), in the news domain, (2) 267

SPEED (Parekh et al., 2024c), in the social media 268

domain, and (3) GENIA (Kim et al., 2011), in the 269

biomedical domain. We simplify GENIA by con- 270

verting the original document level annotations to 271

sentence-level annotations. For the few-shot set- 272

ting, we compile k data instances from the training 273

data as the few-shot examplers. 274

For our unlabeled data, we consider two sources: 275

(1) Train - annotation-free training splits (i.e. only 276

the text) of each dataset and (2) External - un- 277

labeled data from other external sources. For 278

ACE, we utilize News Category Dataset (Misra, 279

2022) comprising Huffpost news articles from 280

2012-2022 as the external data source. We filter ar- 281

ticles corresponding to political, financial, and busi- 282

ness articles. For SPEED, we utilize COVIDKB 283

(Zong et al., 2022) mining tweets from the Twit- 284

ter COVID-19 Endpoint released in April 2020 as 285

the external data source. Finally, we utilize GE- 286

NIA2013 dataset (Kim et al., 2013) as the external 287

data for GENIA. We provide statistics about these 288

datasets in Table 8. 289

Baseline methods: We consider three LLM- 290

based techniques for low-resource ED as the base- 291

lines for our work. (1) Inference (Gao et al., 2023): 292

LLMs are used to directly infer on the target test 293

data using their reasoning capability. (2) STAR 294

(Ma et al., 2024): This model is the state-of-the-art 295

inverse generation model for ED. It utilizes trigger 296

generation, passage generation, and data refine- 297

ment steps without using any unlabeled data, (3) 298

Weak Supervision (Weak Sup): This model acts 299

as the forward generation baseline. We utilize the 300

Inference model to provide labels for the unlabeled 301

data. For an upper bound reference, we also include 302

a human generation baseline (Human) wherein we 303

sample N data instances from the gold training 304

data of each dataset to train the downstream ED 305

model. 306

Base models: For our base LLMs, we consider 307

three instruction-tuned LLMs of varying sizes, 308

namely Llama3-8B-Instruct (8B model), Llama3- 309

70B-Instruct (70B model) (Dubey et al., 2024), 310
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Base LLM Method Unlabeled ACE SPEED GENIA Average
Data Source Eve-I Tri-C Eve-I Tri-C Eve-I Tri-C Eve-I Tri-C

Llama3-8B

Inference - 30.2 23.8 39.8 25.4 21.9 17.2 30.6 22.1
STAR - 44.9 35.0 21.0 10.1 25.9 19.0 30.6 21.4
Weak Sup train 41.7 37.8 45.6 31.5 26.9 21.4 38.1 30.2
FIG(ours) train 57.4 50.2 44.6 31.5 35.2 28.9 45.7 36.9
FIG (ours) external 57.7 52.6 47.8 32.9 33.6 24.6 46.4 36.7

Llama3-70B

Inference - 46.9 41.3 46.9 35.6 34.2 28.2 42.7 35.0
STAR - 50.0 42.3 18.3 13.8 23.3 16.9 30.5 24.3
Weak Sup train 53.2 48.0 52.8 39.6 36.2 29.1 47.4 38.9
FIG (ours) train 58.1 53.8 49.9 38.7 38.0 29.7 48.7 40.7
FIG (ours) external 59.7 55.6 50.1 39.2 39.2 31.5 49.7 42.1

GPT-3.5

Inference - 33.0 26.2 44.2 32.9 31.2 24.7 36.1 27.9
STAR - 45.0 36.6 21.3 14.6 21.8 14.3 29.4 21.8
Weak Sup train 49.7 44.6 50.7 37.5 37.7 30.1 46.1 37.4
FIG (ours) train 54.8 48.3 50.3 36.8 39.3 31.1 48.1 38.7
FIG (ours) external 54.0 48.5 50.1 36.1 38.7 29.4 47.6 38.0

- Gold Data - 64.6 61.6 64.0 53.5 51.3 44.0 60.0 53.0

Table 1: Zero-shot results comparing FIG with other baselines across three datasets and three base LLMs. Except
for Inference, all other evaluations are performances of downstream DEGREE (Hsu et al., 2022) model trained on
data generated by each technique. Eve-I: Event Identification F1, Tri-C: Trigger Classification F1.

and GPT-3.5 (175B model) (Brown et al., 2020).311

For our downstream ED model, we consider a spe-312

cialized low-resource model DEGREE (Hsu et al.,313

2022), a generative model prompted to fill event314

templates powered on a BART-large pre-trained315

language model (Lewis et al., 2020).316

Evaluation: Our primary evaluation metric is the317

synthesized data-trained model’s ED performance318

on the final test splits of each dataset. We consider319

two low-resource settings - zero-shot (no labeled320

data) and few-shot (k datapoints per event type are321

used). Note this is different cross-dataset works322

(Cai et al., 2024) which train and test on an exclu-323

sive set of event types. For Inference, the LLM is324

directly run on the test set to procure model pre-325

dictions. We report the F1 scores for two metrics326

(Ahn, 2006) for measuring model performance: (1)327

Event Identification (Eve-I) - correct identification328

of events, and (2) Trigger Classification (Tri-C) -329

correct identification of trigger-event pairs.330

Implementation Details: We follow STAR for331

the implementation of the baseline models and the332

majority of hyperparameter settings. For FIG’s pas-333

sage generation, we select the top t = 10 triggers334

(except t = 8 for GENIA) for passage generation.335

We generate N = 50 datapoints per event type336

for each generation strategy. All our experimental337

results are reported over an average of three runs.338

Additional implementation details are provided in339

Appendix C.340

5 Results 341

We present the results and insights for our zero-shot 342

and few-shot settings below. 343

5.1 Zero-shot Results 344

We present the main results comparing the various 345

methods across different LLMs and datasets in Ta- 346

ble 1. For FIG, we show results using both the 347

train data as well as the external data as the exter- 348

nal data source. We highlight some of our main 349

findings below. 350

Forward generation > Inverse generation: Al- 351

though STAR performs decently for ACE, its per- 352

formances for SPEED and GENIA are quite poor 353

(even below the Inference baseline). Since SPEED 354

(social media) and GENIA (biomedical) are more 355

domain-specific than ACE (news), we attribute this 356

poor performance to STAR’s inability to generate 357

domain-specific data instances (further validated 358

in § 6.3). On the other hand, Weak Sup outper- 359

forms STAR, providing average gains of 13% Tri- 360

C F1, thus establishing the superiority of forward 361

generation-based synthetic data. 362

FIG performs the best: Our hybrid approach 363

combines the benefits from both forward and in- 364

verse generation and provides the best performance. 365

On average, FIG beats STAR by 17.3% Eve-I F1 366

and 16.3% Tri-C F1 points - proving how domain- 367

specific cues from unlabeled data can help generate 368

better-aligned inverse generated data. Compared to 369
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Figure 4: Few-shot results comparing FIG with other baselines across three datasets using Llama3-8B-Instruct as
the base LLM. Except for Inference, all other evaluations are performances of downstream DEGREE (Hsu et al.,
2022) model trained on data generated by each technique. Tri-C: Trigger Classification F1, #: Number of.

forward generation Weak Sup baseline, FIG pro-370

vides average gains of 3.6% Eve-I F1 and 3.3% Tri-371

C F1 - suggesting how data diversity and cleaner372

label quality can help improve model performance.373

External data source is effective: Assuming ac-374

cess to the training data as the unlabeled data source375

can be a strong assumption and bias for FIG. To376

cross-validate this assumption’s impact, we also377

consider FIG with external data sources. Surpris-378

ingly, as seen from Table 1, FIG with external data379

provides similar gains of 4% Eve-I F1 and 3.4%380

Tri-C F1 over the best baseline. This demonstrates381

that instead of getting biased by external data, FIG382

utilizes the useful domain-specific signals (in the383

form of extracted triggers) from the external data384

and provides similar/better gains as with using the385

training data.386

Generation ability doesn’t scale up as reason-387

ing ability: Although FIG performs better across388

all LLMs, the gains are much higher for Llama3-389

8B model relative to the Llama3-70B or GPT3.5390

models. Comparing the improvements in model391

performance when scaling up from Llama3-8B to392

LLama3-70B, inverse generation-centric methods393

(STAR, FIG) improve by an average of 2.5% F1394

points while reasoning-centric methods (Inference,395

Weak Sup) improve considerably better by an av-396

erage of 10.8% F1 points. A similar disparity in397

performance improvements is observed for GPT3.5398

as well. This sheds light on how the generation399

capabilities of LLMs do not scale compared to400

reasoning capabilities. Simultaneously, it shows401

that FIG is particularly effective when used with402

smaller LLMs whose the reasoning capability are403

poor.404

5.2 Few-shot Results 405

We also study the various methods in the presence 406

of small annotated data as part of our few-shot 407

experiments. Specifically, we study the k = 2 408

and k = 5 few-shot settings, where k annotated 409

examples per event type are utilized. Majorly, we 410

utilize the k shots as in-context examples in the 411

LLM prompts where applicable and append these 412

few-shot examples to the synthesized training data 413

as well. Additionally, we consider another baseline 414

(Supervised) of downstream models trained only on 415

the k shot examples. We present the Tri-C results 416

for all the datasets for the Llama3-8B model in 417

Figure 4 and summarize our major findings below. 418

FIG consistently performs the best: Similar to 419

zero-shot results, we observe that FIG consistently 420

beats all other baseline models. On an average, 421

FIG outperforms STAR and Weak Sup by 5.4% 422

Tri-C F1 and 7% Tri-C F1 respectively. 423

Generation abilities improve significantly: 424

Contrary to our findings of small improvements 425

when scaling up LLM model size in § 5, we observe 426

that inverse generation-centric methods (STAR, 427

FIG) consistently improve as we increase the num- 428

ber of shots. Contrastingly, reasoning-centric mod- 429

els stagnate and don’t improve as much. This high- 430

lights how inverse generation becomes particularly 431

effective in the presence of few exemplars. 432

6 Analysis 433

In this section, we provide various analyses to study 434

FIG’s superior performance. Unless specified, we 435

utilize Llama3-8B-Instruct as the base LLM for the 436

analyses. 437
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Method ACE SPEED GENIA

FIG 50.2 31.5 28.9
– Trigger Generation 43.2 27.8 28.2
– Data Refinement 47.4 23.3 22.0

Table 2: Ablation study for FIG’s various components
measured as Tri-C F1 performance across datasets.

Method ACE SPEED GENIA
EI TC EI TC EI TC

FIG 57.4 50.2 44.6 31.5 35.2 28.9
Weak Sup + STAR 46.9 38.9 44.5 29.5 30.2 24.3

Table 3: Comparing FIG’s hybrid approach with data-
mixing of forward and inverse generation.

6.1 Ablation study438

Table 2 shows the ablation study for each of our439

forward generation components. We observe how440

forward generation is critical in both trigger gen-441

eration and data refinement stages with average442

performance reductions of 3.8% F1 and 6% F1 on443

removing the respective components from FIG.444

6.2 Comparison with Data mixing445

Data-mixing (Hoffmann et al., 2022; Xie et al.,446

2023) is a widely used technique for leveraging447

complementary information across datasets to pro-448

mote robust downstream model training. We mix449

forward (Weak Sup) and inverse generation (STAR)450

as a hybrid baseline to compare with FIG. To keep451

comparisons fair, we consider N/2 data instances452

per event type from each dataset. Results from Ta-453

ble 3 demonstrate how FIG beats the data-mixing454

based hybrid model by 5-6% F1, highlighting the455

need for explicit model design to combine the ben-456

efits of forward and inverse generation.457

6.3 Analyzing trigger quality and drift458

ED models have a strong tendency to over-rely on459

lexical relations between triggers and events (Tong460

et al., 2022; Ma et al., 2024). Thus, we compare the461

synthetic data triggers with the gold test triggers as462

a raw study on the quality and drift of triggers in the463

synthesized data. Specifically, we extract triggers464

per event type in both datasets and measure the465

hit rate of the synthesized triggers on the gold set,466

as reported in Table 4. As observed, the poor hit467

rate shows the poor overlap of STAR’s triggers468

with the gold triggers, which is a primary reason469

for its domain drift. Furthermore, the consistently470

stronger precision of FIG relative to Weak Sup471

Method ACE SPEED GENIA

STAR 9.6% 15.3% 15.1%
Weak Sup 19.1% 38.4% 44.8%
FIG 23.2% 49.4% 52.5%

Table 4: Reporting the hit rate of synthetic data triggers
relative to gold test triggers for the three methods.

Method Naturalness Event Annotation
Relevance Quality

STAR 3.1 3.4 3.1
Weak Sup 4.2 - 2.9
FIG 3.6 4.0 3.6

Table 5: Human evaluation for sentence naturalness,
relevance of event in generated sentence, and the anno-
tation quality. 1 = worst, 5 = best.

demonstrate FIG’s better trigger annotation quality. 472

To further study the label quality and relevance, 473

we conduct a human evaluation. Specifically, a 474

human expert ED annotator is tasked to score the 475

generations (between 1-5) on the naturalness of 476

the sentence for the domain, the correct relevance 477

of the event mentioned in the generated sentence, 478

and the annotation quality (more details in § D.3). 479

We provide the averaged scores across the three 480

datasets for 90 samples in Table 5. Weak Sup has 481

high sentence quality but poor label annotations; 482

while STAR suffers from poor event relevance indi- 483

cating domain drift. Overall, FIG performs the best 484

with high annotation quality and event relevance. 485

6.4 Domain-adapted LLM Fine-tuning 486

We fine-tune the base LLM used for passage 487

generation on the unlabeled target-domain data 488

D′
T to better align the generated passages to the 489

target domain. Naturally, this can be applied 490

only for smaller LLMs owing to fine-tuning costs. 491

We present the results of fine-tuning Llama3-8B- 492

Instruct on the unlabeled train data in Table 7. On 493

average, we observe how target data fine-tuning 494

improves FIG by a slight 0.5-2% F1, suggesting 495

that target-domain passage generation may help, 496

but it is not a highly influencing factor to improve 497

downstream model performance. 498

6.5 Qualitative analysis of generated data 499

We provide qualitative evidence for FIG’s domain- 500

aligned triggers compared to STAR in Table 6 501

(more examples in Table 16). Owing to lack of do- 502

main grounding in STAR, the resulting triggers of- 503

ten appear misaligned (e.g. asphyxiation for death 504
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Dataset Event Method Trigger Sentence

ACE Attack

STAR raid As the rebels embarked on a daring trek across the desert, they launched a
surprise raid on the heavily guarded fortress, catching the enemy off guard.

FIG shooting As the rival businessman signed the contract, a sudden shooting erupted outside,
causing chaos in the midst of the transaction.

SPEED Death

STAR asphyxiation The hiker’s life was tragically cut short as asphyxiation occurred after she
became stuck in the narrow cave crevice.

FIG killed The patient’s feverish state was triggered when they tested positive for the virus,
which ultimately led to their being killed by the rapidly spreading infection.

GENIA Binding

STAR merge The regulatory protein’s ability to activate a specific region of the DNA triggers
the merge of two proteins, leading to the modification of gene expression.

FIG bound During the phosphorylation of the enzyme, it bound to the DNA sequence,
initiating the transcription process.

Table 6: Qualitative examples demonstrating STAR and FIG’s trigger and sentence generation quality.

Method ACE SPEED GENIA
EI TC EI TC EI TC

FIG 57.4 50.2 44.6 31.5 35.2 28.9
+ SFT LLM 55.2 51.7 46.9 35.8 36.7 29.1

Table 7: Measuring model performance improvement
using a LLM fine-tuned on unlabeled train data (SFT
LLM) for FIG. EI: Event Identification F1, TC: Trigger
Classification F1.

event related to pandemics). This misalignment505

carries over to the generated sentences, further re-506

ducing their quality and alignment. In contrast,507

FIG’s triggers are better aligned to the target do-508

main corpus, resulting in better quality data.509

7 Related Works510

Low-resource Event Detection Event Detec-511

tion (ED) has been studied extensively (Sundheim,512

1992; Grishman and Sundheim, 1996), leading to513

diverse datasets in news (Doddington et al., 2004;514

Song et al., 2015; Ellis et al., 2015), Wikipedia515

(Li et al., 2021; Pouran Ben Veyseh et al., 2022),516

and general domains (Wang et al., 2020; Parekh517

et al., 2023), as well as niche areas like biomedical518

(Pyysalo et al., 2012; Kim et al., 2011, 2013), multi-519

media (Li et al., 2020), cybersecurity (Satyapanich520

et al., 2020), epidemiology (Parekh et al., 2024b,c),521

and pharmacovigilance (Sun et al., 2022). To ad-522

dress the growing need for event detection across523

expanding domains, better low-resource domain-524

specific techniques are essential. Prior works have525

explored transfer learning via Abstract Meaning526

Representation (Huang et al., 2018), Semantic Role527

Labeling (Zhang et al., 2021), and Question An-528

swering (Lyu et al., 2021). Reformulating ED as529

a conditional generation task has also aided low-530

resource training (Hsu et al., 2022, 2023; Huang 531

et al., 2022). Recently, LLM-based reasoning (Li 532

et al., 2023a; Gao et al., 2023; Wang et al., 2023b) 533

and transfer-learning (Cai et al., 2024) has been 534

explored for low-resource ED and transfer learn- 535

ing, but performance remains inferior to supervised 536

models (Huang et al., 2024). This motivates efforts 537

in synthetic data generation for low-resource ED. 538

Data Generation for Information Extraction 539

LLM-powered synthetic data generation has been 540

successful for various NLP tasks (Li et al., 2023b; 541

Wang et al., 2023c; Wu et al., 2024; Shao et al., 542

2025). For information extraction, works have ex- 543

plored knowledge retrieval (Chen and Feng, 2023; 544

Amalvy et al., 2023), translation (Parekh et al., 545

2024a; Le et al., 2024), and data re-editing (Lee 546

et al., 2021; Hu et al., 2023). Some works in the 547

directions we focus in our work include forward 548

generation (Chia et al., 2022; Ye et al., 2022; Wang 549

et al., 2023a; Tang et al., 2023) and inverse gener- 550

ation (Josifoski et al., 2023; Ma et al., 2024). We 551

improve on existing forward and inverse generation 552

works via our hybrid generation approach FIG. 553

8 Conclusion and Future Work 554

We introduce FIG, a hybrid forward-inverse gen- 555

eration approach for better domain-specific syn- 556

thetic data in low-resource ED. Experiments on 557

three diverse datasets reveal that forward genera- 558

tion suffers from noisy labels due to poor LLM 559

reasoning, while inverse generation faces domain 560

drift. FIG mitigates these issues, achieving supe- 561

rior domain alignment and cleaner data, leading to 562

the best downstream ED performance in zero and 563

few-shot settings. Future works can explore en- 564

hancing stronger domain alignment and extending 565

FIG for multilingual generation. 566
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Limitations567

We consider only Event Detection (ED) as the main568

task for data generation, but our method can be ex-569

tended to other structured prediction tasks as well.570

We leave this exploration for future works. We571

consider three specialized domains of news, so-572

cial media, and biomedical to provide a proof-of-573

concept of our work. There are other specialized574

domains for ED as well which can be explored as575

part of future work. Finally, our proposed method576

FIGmakes a practical assumption of access to un-577

labeled data to procure target domain cues to guide578

the data generation. However, for specific super-579

specialized domains or if data has privacy concerns,580

this may not be possible and our method may not581

be applicable here. We assume such cases to be582

super rare and beyond the scope of our work.583

Ethical Considerations584

The theme of our work is to generate high-quality585

domain-specific data using Large Language Mod-586

els (LLMs) using forward-inverse generations. The587

inherent LLMs can have certain biases, which can588

lead to potentially harmful or biased generations.589

Furthermore, the LLM can introduce potential hal-590

lucinations in the annotations which can hurt the591

model performance. We do not check or consider592

any bias/hallucination detection method as part of593

our work, as it is beyond the scope. So future users594

should take due consideration of this vulnerability.595

Our proposed method FIG utilizes unlabeled596

data as a basis to procure domain-specific cues. If597

there are any biases in this data, it can propogate598

to the downstream model as well. We provide a599

proof-of-concept about our method in this work but600

do not detect or rectify such biases.601

Since the inverse generation paradigm causes the602

LLM to generate sentences/passages, which can603

potentially be copied from the pre-training data the604

LLM has been trained on. This can potentially lead605

to copyright infringements and we do not consider606

any of such violations under consideration for our607

method. Users should consider this vulnerability608

before usage in commercial applications.609

We would also like to mention and acknowledge610

that we have utilized AI chatbots to help with the611

writing of the work.612
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A Additional details about FIG1065

We provide illustrations about the various prompts1066

used in FIG. For target structure extraction forward1067

generation, we consider a two-prompt approach.1068

The first prompt aims to identify if any events of1069

interest are mentioned in the text as illustrated in1070

Figure 6. It comprises the task definition, full event1071

ontology with definitions, the task instructions, and1072

the query sentence. The second prompt identifies1073

the trigger corresponding to the event of interest,1074

as illustrated in Figure 7. Here, we specify the1075

task definition, the event ontology details, and the1076

query text with the task instructions. To aid inverse1077

generation for passage generation, we provide the1078

task definition, the event ontology with event defini-1079

tions, and the query comprising the sampled target1080

structure. We illustrate this prompt in Figure 8. Fi-1081

nally, we provide the simplified one-prompt setup1082

for forward generation utilized for data refinement1083

in Figure 9.1084

B Additional Experimental Setup Details1085

B.1 Data Statistics1086

We discuss details about our dataset in § 4. Our1087

test target domain data includes the test data splits1088

of (1) ACE (Doddington et al., 2004) in the news1089

domain, (2) SPEED (Parekh et al., 2024c) in the1090

social media domain, and (3) GENIA (Kim et al.,1091

2011) in the biomedical domain For unlabeled data,1092

we utilize the training data of each dataset as one1093

data source. For the other data source, we uti-1094

lize data from external sources, specifically: (1)1095

News Category Dataset (HuffPost) (Misra, 2022)1096

comprising Huffpost news articles from 2012-20221097

for ACE. We filter articles corresponding to politi-1098

cal, financial, and business articles, (2) COVIDKB1099

(Zong et al., 2022) mining tweets from the Twitter1100

COVID-19 Endpoint released in April 2020 as the1101

external data source, (3) GENIA2013 dataset (Kim1102

et al., 2013) as the external data for GENIA. We1103

provide statistics about this data in Table 8.1104

C Implementation Details1105

Here, we provide detailed implementation details1106

for each component and models used in our work.1107

We run most of our experiments on NVIDIA RTX1108

A6000/A100 machines with support for 8 GPUs,1109

while for GPT3.5, we make API calls through Ope-1110

nAI.1111

Data # Sents # Event Average
Source Mentions Length

Test Data

ACE - test 832 403 22.9
SPEED - test 586 672 28.1
GENIA - test 2,151 1,805 29.7

Unlabeled Train Data

ACE - train 17,172 - 15.6
SPEED - train 1,601 - 33.5
GENIA - train 6,431 - 30.1

Unlabeled External Data

HuffPost 43,350 - 17.4
COVIDKB 7,311 - 30.6
GENIA2013 6,542 - 17.4

Table 8: Data Statistics for the various test and unlabeled
datasets used in our work.

C.1 LLM-based Generation 1112

We provide details about the various hyperparame- 1113

ters for using LLMs in all the components of STAR 1114

and FIG. For Llama3-8B-Instruct and Llama3-70B- 1115

Instruct, we present the hyperparameters in Table 9; 1116

while Table 10 presents the hyperparameters for 1117

GPT3.5. 1118

Batch Size 32
Temperature 0.6
Top-p 0.9
Max Generation Length 250

Table 9: Hyperparameters for decoding using Llama3-
8B/70B model.

Base LLM gpt-3.5-turbo-0125
Temperature 1.0
Top-p 1.0
Max Generation Length 500

Table 10: Hyperparameters for decoding using GPT3.5
model.

C.2 Few-shot Implementation Details 1119

For the few-shot setting, we can access additional k 1120

datapoints per event type to aid better performance. 1121

For LLM-based prompting, we simply add these ex- 1122

amples in the prompt as in-context examples to help 1123

the model do better reasoning/generation. For in- 1124

verse generation methods (STAR, FIG), we do not 1125

add the k triggers to the extracted/generated trig- 1126

ger list, as it leads to a drop in model performance. 1127

This can be attributed to the presence of duplicate 1128

information as the trigger generation/extraction al- 1129

14



ready accounts for the k triggers. For passage gen-1130

eration/Weak Sup, we append the k datapoints to1131

the synthetically generated data to provide signals1132

from the gold data.1133

C.3 Downstream Model Training1134

We choose DEGREE (Hsu et al., 2022) as our1135

downstream model for evaluation, a generation-1136

based prompting model that utilizes natural lan-1137

guage templates. We implemented the DEGREE1138

model under TextEE framework (Huang et al.,1139

2024). Table 11 presents the primary hyperparame-1140

ters for this model.1141

Pre-trained LM BART-Large
Training Epochs 25
Warmup Epochs 5
Training Batch Size 32
Eval Batch Size 32
Learning Rate 0.00001
Weight Decay 0.00001
Gradient Clipping 5
Beam Size 1
Negative Samples 15
Max Sequence Length 250
Max Output Length 20

Table 11: Hyperparameters for DEGREE model.

C.4 LLM Fine-tuning1142

We discuss domain-adapted passage generation1143

through LLM fine-tuning in § 6.4. Specifically, we1144

conduct a low-rank finetuning (LoRA) (Hu et al.,1145

2021) to reduce computational overhead to fine-1146

tune Llama3-8B-Instruct. We implement LoRA1147

using the peft and trl packages (Mangrulkar1148

et al., 2022; von Werra et al., 2020). We choose1149

the task of causal language modeling (i.e. contin-1150

ual pre-training) to perform domain adaptation on1151

unlabeled in-domain sentences. We utilize cross-1152

entropy loss on the dev split of the unlabeled data1153

to select the best model. We provide additional de-1154

tails about the hyperparameters for this fine-tuning1155

for each dataset in Table 12 below.1156

D Additional analyses1157

In this section, we provide additional analyses to1158

support our main experiments.1159

D.1 STAR with domain-specific prompt1160

A simple way to infuse domain specific informa-1161

tion in inverse generation pipelines like STAR1162

would be to add domain-related information in1163

the prompts to the LLM. We experiment with two1164

ACE

Lora Rank 32
Lora Alpha 16
Lora Dropout 0.1
Learning Rate 0.0001
Weight Decay 0.05
Training Batch Size 32
Training Epochs 3
Eval Steps 20

SPEED

Lora Rank 32
Lora Alpha 16
Lora Dropout 0.1
Learning Rate 0.00008
Weight Decay 0.05
Training Batch Size 32
Training Epochs 10
Eval Steps 20

GENIA

Lora Rank 32
Lora Alpha 16
Lora Dropout 0.1
Learning Rate 0.00008
Weight Decay 0.05
Training Batch Size 32
Training Epochs 6
Eval Steps 20

Table 12: Hyperparameters for LoRA fine-tuning
Llama3-8B-Instruct.

Method ACE SPEED GENIA
EI TC EI TC EI TC

STAR 44.9 35.0 21.0 10.1 25.9 19.0
+ mention 44.1 32.9 17.1 10.3 28.7 20.4
+ references 35.5 27.3 19.0 9.2 25.8 18.1

Table 13: Measuring model performance improvement
providing domain-specific cues in the form of domain-
mention (mention) or domain sentence references (ref-
erences) to the LLM for STAR. EI: Event Identification
F1, TC: Trigger Classification F1.

such methods: (1) domain-mention, where we pro- 1165

vide the target domain information in the prompt 1166

and ask the model to generate accordingly, and (2) 1167

domain-reference, where we use some examples 1168

from the unlabeled data in the prompt as reference 1169

sentences to better guide the passage generation. 1170

We provide results for these explorations using the 1171

Llama3-8B-Insturct model in Table 13. As ob- 1172

served, the results are generally poor, with an aver- 1173

age drop of 0.1-0.6% F1 for domain-mention and 1174

3.1-3.8% F1 for domain-reference. This is majorly 1175

because LLMs over-compensate, producing longer 1176

and more stereotypical information in their gener- 1177

ations which hurts the naturalness of the sentence 1178

and causes further domain drift. Furthermore, the 1179
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Figure 5: Model performance for FIG as keep change the number of generated datapoints N using Llama3-8B-
Instruct for the three datasets.

Figure 6: Prompt for stage 1 of forward generation for
target trigger extraction.

LLM makes more errors in mentioning the event1180

as a part of its reasoning, which is utilized to make1181

the generation in the domain style. We provide1182

some qualitative examples for such generations in1183

Table 14. In some ways, it also puts into light and1184

amplifies the gains obtained by doing target domain1185

SFT for FIG as discussed in § 6.4.1186

D.2 Impact of different number of training1187

samples1188

We conduct a small analysis to study the impact1189

of changing the number of generated samples on1190

the downstream model performance for FIG. We1191

present the results for Llama3-8B-Instruct in Fig-1192

ure 5. As observed, the performance continues to1193

increase as we increase the data from N = 10 to1194

N = 100 datapoints per event type. This promises1195

Figure 7: Prompt for stage 2 of forward generation for
target trigger extraction.

that inverse generation will provide continued im- 1196

provements by having larger control over data dis- 1197

tribution. 1198

D.3 Human Evaluation Details 1199

We conduct a small human evaluation to judge the 1200

quality of the synthetic data in § 6.3. Here, we 1201

provide additional details about the human study 1202

and evaluation. Since the evaluation is conducted 1203

on three diverse and niche domains, we only utilize 1204

a single human annotator who is an ED expert and 1205

has previously worked on all three datasets as the 1206

primary annotator. 1207

We majorly evaluate on three dimensions: (1) 1208

Sentence naturalness (SN): this metric judges 1209
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ACE

A 35-year-old cyclist was hit by a speeding car while
riding to work, leaving her with severe injuries, while in
a separate incident, a local retail giant filed a petition to
restructure its debt, sparking concerns about its financial
stability.
As the war on terror raged on, the Mujahideen Advisory
Council distributed a statement inviting Arab and foreign
media reporters to enter Fallujah and cover the battles,
while simultaneously, the ownership of the ancient arti-
facts was transferred to the museum, with the landlord
demanding rent on the premises.

SPEED

As the influencer’s viral challenge went viral, her follow-
ers were suddenly struck with a mysterious illness after
the splash of a contaminated drink, leading to a shocking
explosion of fatalities on social media.
As the community struggled to come to terms with the
devastating accident that had claimed the lives of several
residents, the authorities swiftly implemented a strict
quarantine to prevent the spread of the infectious disease,
hoping to mitigate the tragedy.

GENIA

The specific transcription factor was elevated by the pres-
ence of the hormone, thereby increasing the expression
of the target gene, while the inhibitory protein curbed the
activity of a competing transcription factor, preventing
the expression of a repressor gene.
The binding of PEBP2/CBF to the promoter region
boosts the expression of the gene, which turns on the
production of a crucial cytokine in response to the im-
mune response.

Table 14: Example passages of overly long and more
stereotypical sentences generated when the domain is
mentioned or references are added to the LLM prompt
for STAR.

whether the sentence seems grammatical, natural,1210

and fits the domain of the target data. (2) Event1211

Relevance (ER): this metric is computed only for1212

inverse/hybrid generation methods. This evaluation1213

judges whether the sampled event and trigger are1214

appropriately used to generate a sensible alignment1215

with the target domain. Furthermore, it is verified1216

if the right event definition is used. (3) Annotation1217

Quality (AQ): this metric judges if the right trigger1218

is used for each event mentioned in the synthetic1219

output. If there are any missing events, then this1220

score is penalized. For each metric, a score is given1221

on a Likert scale (Likert, 1932) from 1 (worst)1222

to 5 (best). We also provide event definitions for1223

each event in each dataset as a reference for better1224

judgment. We illustrate the annotation interface in1225

Figure 10 and provide some sample examples in1226

Table 15.1227

Figure 8: Prompt for inverse generation for passage
generation.

D.4 Additional Qualitative Examples 1228

In § 6.5, we discussed how FIG improves domain 1229

drift qualitatively relative to STARand provided 1230

some examples. Here, we provide more examples 1231

to further support that study in Table 16. This table 1232

further demonstrates how STAR can have a domain 1233

drift without a lack of domain-specific cues, while 1234

FIG is better here. 1235
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Figure 9: Prompt for forward generation for data refine-
ment.

Sentence Score

The sudden crash of the ambulance sent
shockwaves through the hospital as med-
ical staff rushed to the scene to monitor
the patient’s life signs, but it was too
late, as the patient succumbed to the in-
fectious disease.

SN: 2
ER: 1
AQ: 1

The wealthy entrepreneur transferred
ownership of the struggling tech com-
pany to her trusted business partner, re-
linquishing control and financial respon-
sibility

SN: 5
ER: 5
AQ: 5

Taken together, these data suggest that
Id1 could be a possible target gene for
mediating the effects of BMP-6 in hu-
man B cells, whereas Id2 and Id3 not
seem to be involved.

SN: 4
ER: 3
AQ: 2

Table 15: Illustration examples for the human evaluation
metrics. SN: sentence naturalness, ER: event relevance,
AQ: annotation quality.
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Rate all the metrics from 1-5. Use the filters on top to group by dataset and assign the scores
Naturalness = Is the snetence natural and grammatical?
Event Relevance = Based on event definitons (other sheet), figure if the event mentioned in this sentence seems correct
Annotation Quality = Check if all events are correctly annotated and there are no missing annotations.

Sentence Annotation Dataset Naturalness of Sentence Event Relevance Annotation Quality
As the riot police stormed the square, they were met with an
assault, and in the chaos, a protester's clothes caught fire,
causing them to burn.

[{'event': 'Conflict:Attack', 'trigger':
'assault'}, {'event': 'Life:Injure', 'trigger':
'burn'}] ACE

The couple's marriage was annulled, ending their union after a
tumultuous relationship.

[{'event': 'Life:Divorce', 'trigger':
'annulled'}] ACE

The court's decision was reconsider by the higher court after
the losing party filed a petition to review the ruling.

[{'event': 'Justice:Appeal', 'trigger':
'reconsider'}] ACE

A dispute over a disputed contract led to a court proceeding
being initiated, but the accused party was ultimately cleared of
all charges.

[{'event': 'Justice:Sue', 'trigger':
'disputed'}, {'event': 'Justice:Sue',
'trigger': 'dispute'}, {'event':
'Justice:Acquit', 'trigger': 'cleared'}] ACE

The manager dial the CEO to discuss the quarterly sales report
and provide an update on the marketing strategy.

[{'event': 'Contact:Phone-Write', 'trigger':
'dial'}] ACE

The entrepreneur's long-held vision was finally realized with the
launch of her innovative startup, marking the beginning of a
new chapter in her professional journey.

[{'event': 'Business:Start-Org', 'trigger':
'launch'}] ACE

As the company's financial struggles mounted, the CEO
announced the exit of the firm, while the truck driver shifted
gears and hit the road, hauling away the last remaining assets.

[{'event': 'Movement:Transport', 'trigger':
'shifted'}, {'event': 'Business:End-Org',
'trigger': 'exit'}] ACE

The accused was exonerate by the court, clearing their name of
all charges, after a lengthy trial, and later, the two former
colleagues met to chat and clear the air about their past
misunderstanding.

[{'event': 'Justice:Acquit', 'trigger':
'exonerate'}, {'event': 'Contact:Meet',
'trigger': 'chat'}] ACE

The police officer arrested the suspect, initiating a court
proceeding to determine the liability of the accused for the
alleged crime.

[{'event': 'Justice:Sue', 'trigger':
'arrested'}] ACE

The candidate was chosen to lead the team after being
selected by the majority of voters in the competitive election.

[{'event': 'Personnel:Elect', 'trigger':
'selected'}] ACE

The protein undergoes degrade to break down into smaller
peptides, while a kinase enzyme joins a phosphate group to the
protein molecule.

[{'event': 'Protein_catabolism', 'trigger':
'degrade'}, {'event': 'Phosphorylation',
'trigger': 'joins'}] GENIA

The enzyme catalyzed the bond formation of a phosphate
group onto the protein, which was then followed by the rupture
of its peptide bonds, leading to protein degradation.

[{'event': 'Phosphorylation', 'trigger':
'bond'}, {'event': 'Phosphorylation',
'trigger': 'bonds'}, {'event':
'Protein_catabolism', 'trigger': 'rupture'}] GENIA

The protein's subcellular distribution was altered when it
suddenly swapped from the cytoplasm to the nucleus.

[{'event': 'Localization', 'trigger':
'swapped'}] GENIA 3 5 5

When the cell membrane swap occurs, the protein fragment is
released into the surrounding medium, marking the beginning
of its catabolic journey.

[{'event': 'Localization', 'trigger': 'swap'},
{'event': 'Protein_catabolism', 'trigger':
'fragment'}] GENIA 2 3 4

The expression of the target gene is increased when the
transcription factor is activated.

[{'event': 'Positive_regulation', 'trigger':
'increased'}, {'event':
'Positive_regulation', 'trigger':
'activated'}] GENIA 3 3 3

The transcription factor binds to the promoter region, which
stimulates the process of gene expression and regulates the
activity of the downstream gene by modifying the chromatin
structure.

[{'event': 'Regulation', 'trigger': 'binds'},
{'event': 'Gene_expression', 'trigger':
'stimulates'}] GENIA 4 3 4

The transcription factor's ability to curb the activity of the gene
expression pathway led to the catabolism of the protein, which
was cleaved by the protease into smaller peptides.

[{'event': 'Negative_regulation', 'trigger':
'curb'}, {'event': 'Protein_catabolism',
'trigger': 'cleaved'}] GENIA 4 4 3

Figure 10: Illustration of the interface for the human evaluation of the synthetically generated data. Short instructions
are provided at the top. Each query comprises the sentence, annotation, and dataset. The human annotator is
expected to score 1-5 for each of the three metrics on the right.
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Dataset Event Method Trigger Sentence

ACE Attack

STAR

raid As the rebels embarked on a daring trek across the desert, they launched a
surprise raid on the heavily guarded fortress, catching the enemy off guard.

siege The government issued fines to the rebel group, while the city was under
siege, with gunfire erupting throughout the streets.

slay The wealthy businessman filed a complaint against his former partner, lead-
ing to a court proceeding, just as the rival gang leader slays his arch-nemesis
in a brutal battle.

FIG

shooting As the rival businessman signed the contract, a sudden shooting erupted
outside, causing chaos in the midst of the transaction.

bombing As the city was rocked by a devastating bombing, thousands of protesters
took to the streets to demand justice and peace.

fight The rival gangs engaged in a brutal fight, sparking a wave of gunfire that left
several people injured and buildings damaged.

SPEED Death

STAR

asphyxiation The hiker’s life was tragically cut short as asphyxiation occurred after she
became stuck in the narrow cave crevice.

overdose A young musician’s overdose became the tragic finale of a life cut short in
the midst of chaos.

drowning As she struggled to stay afloat, her heart stopped beating, and she succumbed
to drowning in the icy waters.

FIG

killed The patient’s feverish state was triggered when they tested positive for the
virus, which ultimately led to their being killed by the rapidly spreading
infection.

lost As the pandemic spread rapidly across the globe, thousands of people lost
their lives due to the deadly virus.

died The elderly man, who had been suffering from a severe case of tuberculosis,
died in his sleep.

GENIA Binding

STAR

merge The regulatory protein’s ability to activate a specific region of the DNA
molecule triggers the merge of two proteins, leading to the modification of
gene expression.

fuse When the proteins fuse together, the activity of the transcription factor is
inhibited, preventing the gene expression from proceeding.

snap When the two proteins snap together, the binding of the complex inhibits the
expression of the target gene by deactivating a specific region of the DNA
molecule.

FIG

bound During the phosphorylation of the enzyme, it bound to the DNA sequence,
initiating the transcription process.

translocation The protein translocation to the nucleus triggers the induction of gene
expression.

binds When the enzyme binds to the substrate, it activates the addition of a phos-
phate group to the target molecule, marking a crucial change in its function.

Table 16: Comparison of generated triggers and sentences from STAR and FIG methods
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