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Abstract001

Extracting structured information from zeo-002
lite synthesis experimental procedures is criti-003
cal for materials discovery, yet existing meth-004
ods have not systematically evaluated Large005
Language Models (LLMs) for this domain-006
specific task. This work addresses a funda-007
mental question: what is the efficacy of differ-008
ent prompting strategies when applying LLMs009
to scientific information extraction? We fo-010
cus on four key subtasks: event type classi-011
fication (identifying synthesis steps), trigger012
text identification (locating event mentions), ar-013
gument role extraction (recognizing parameter014
types), and argument text extraction (extracting015
parameter values). We evaluate four prompting016
strategies - zero-shot, few-shot, event-specific,017
and reflection-based - across six state-of-the-018
art LLMs (Gemma-3-12b-it, GPT-5-mini, O4-019
mini, Claude-Haiku-3.5, DeepSeek reasoning020
and non-reasoning) using the ZSEE dataset of021
1,530 annotated sentences. Results demonstrate022
strong performance on event type classifica-023
tion (80-90% F1) but modest performance on024
fine-grained extraction tasks, particularly argu-025
ment role and argument text extraction (50-65%026
F1). GPT-5-mini exhibits extreme prompt sen-027
sitivity with 11-79% F1 variation. Notably, ad-028
vanced prompting strategies provide minimal029
improvements over zero-shot approaches, re-030
vealing fundamental architectural limitations.031
Error analysis identifies systematic hallucina-032
tion, over-generalization, and inability to cap-033
ture synthesis-specific nuances. Our findings034
demonstrate that while LLMs achieve high-035
level understanding, precise extraction of exper-036
imental parameters requires domain-adapted037
models, providing quantitative benchmarks for038
scientific information extraction.039

1 Introduction040

Zeolites are crucial industrial catalysts whose au-041

tomated synthesis requires extracting structured,042

machine-readable data from unstructured experi-043

mental procedures (Jensen et al., 2019). Event044

extraction - a core information extraction task that 045

identifies specific occurrences or actions mentioned 046

in text along with their associated participants and 047

attributes (Ahn, 2006)-offers a systematic approach 048

to structuring procedural knowledge. Argument ex- 049

traction complements this by identifying and classi- 050

fying the entities, temporal expressions, and other 051

parameters associated with these events (Li et al., 052

2013; Yang et al., 2019). In the context of zeo- 053

lite synthesis, event-argument extraction involves 054

identifying synthesis actions (e.g., Add, Stir, Cal- 055

cine), their textual triggers, and associated argu- 056

ments such as materials, temperatures, and dura- 057

tions from complex procedural sentences. This task 058

is particularly challenging due to domain-specific 059

terminology, implicit information, complex sen- 060

tence structures, and the need for precise span iden- 061

tification at the token level. 062

Traditional approaches to scientific information 063

extraction rely heavily on supervised learning with 064

domain-specific labeled data (Luan et al., 2018; 065

Jain et al., 2020). However, NLP-based informa- 066

tion extraction for specialized domains remains 067

limited by scarce annotated datasets and domain- 068

specific complexity. The emergence of Large Lan- 069

guage Models (LLMs) pre-trained on vast corpora 070

has demonstrated remarkable capabilities through 071

in-context learning and prompting strategies. This 072

raises a critical question: can general-purpose 073

LLMs effectively perform specialized scientific in- 074

formation extraction without extensive fine-tuning? 075

Recent work on scientific event extraction has 076

primarily focused on developing specialized neural 077

architectures with domain adaptation. The ZSEE 078

(Zeolite Synthesis Event Extraction) dataset (He 079

et al., 2024) introduced expert-annotated data for 080

zeolite synthesis procedures and evaluated tailored 081

models like PAIE, while Zeo-Reader (He et al., 082

2025) improved representation learning through 083

contrastive learning techniques. Other specialized 084

approaches including AMPERE, DEGREE, and 085
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EEQA have demonstrated the effectiveness of care-086

fully designed architectures (Du and Cardie, 2021;087

Hsu et al., 2022; Wei et al., 2021). However, a sig-088

nificant gap exists in understanding how general-089

purpose LLMs perform on such specialized ex-090

traction tasks. While ZSEE noted limitations of091

GPT-3.5-turbo regarding hallucination and over-092

generalization, no comprehensive systematic evalu-093

ation across multiple state-of-the-art LLMs using094

varied prompting strategies has been conducted.095

We present a systematic benchmark study evalu-096

ating six contemporary LLMs across four distinct097

prompting paradigms. Our methodology employs a098

standardized evaluation framework applied consis-099

tently across all models and prompting strategies.100

We test four prompting approaches: (1) zero-shot101

prompting with detailed task definitions (Kojima102

et al., 2022), (2) few-shot prompting with anno-103

tated examples (Brown et al., 2020), (3) event-104

specific prompting with targeted event descriptions,105

and (4) reflection prompting that encourages self-106

correction (Madaan et al., 2023; Shinn et al., 2023).107

We evaluate six LLMs: Gemma-3-12b-it (Team108

et al., 2024), GPT-5-mini (OpenAI et al., 2024),109

O4-mini (OpenAI, 2024), Claude-Haiku-3.5 (An-110

thropic, 2024), DeepSeek-reasoning (DeepSeek-111

AI, 2024), and DeepSeek-non-reasoning (Guo112

et al., 2024). All models are evaluated on the same113

1,530 sentences from the ZSEE dataset, ensuring114

fair comparison. We measure performance using115

precision, recall, and F1 scores computed through116

lemmatization-based subset matching for four sub-117

tasks: event type classification, trigger text extrac-118

tion, argument role identification, and argument119

text extraction.120

Results show LLMs achieve reasonable event121

type classification (80-90% F1) but vary signif-122

icantly on trigger text extraction (60-87% F1,123

with GPT-5-mini showing extreme variance: 11-124

79%). Argument extraction achieves moderate125

performance (62-73% F1 for roles, 57-65% for126

texts). Critically, advanced prompting strategies127

provide only marginal improvements (1-5 percent-128

age points) over zero-shot approaches. Qualita-129

tive analysis reveals systematic failures including130

hallucination, over-generalization, imprecise span131

boundaries, and confusion between similar argu-132

ment types, indicating fundamental limitations in133

precise span-level extraction.134

Our work makes the following research contri-135

butions:136

• Comprehensive LLM Benchmark: We provide137

the first systematic evaluation of multiple state- 138

of-the-art LLMs on scientific event-argument 139

extraction, establishing performance baselines 140

across six models and four prompting strategies. 141

• Prompting Strategy Analysis: We demonstrate 142

empirically that advanced prompting techniques 143

(few-shot, event-specific, reflection) offer mini- 144

mal improvements over zero-shot prompting for 145

this task, providing important insights for practi- 146

tioners. 147

• Failure Mode Characterization: Through de- 148

tailed error analysis, we identify and categorize 149

systematic failure patterns in LLM-based extrac- 150

tion, including hallucination, over-generalization, 151

and span boundary errors. 152

2 Related Work 153

2.1 Scientific Information Extraction 154

Scientific information extraction has evolved from 155

rule-based systems to sophisticated neural ap- 156

proaches. Early work relied on hand-crafted pat- 157

terns and dictionaries (Etzioni et al., 2008; Fader 158

et al., 2011), which achieved high precision but 159

poor recall and required substantial domain exper- 160

tise. Statistical methods using CRFs and struc- 161

tured SVMs (Lafferty et al., 2001; Finkel et al., 162

2005) improved generalization but still required 163

extensive feature engineering. Recent neural ap- 164

proaches employ various architectures including 165

BiLSTM-CRF models (Lample et al., 2016), atten- 166

tion mechanisms (Nguyen and Grishman, 2015), 167

and transformer-based models (Wadden et al., 168

2019; Wang et al., 2020). PAIE introduced prompt- 169

based learning for event extraction, demonstrating 170

that formulating extraction as a QA task can im- 171

prove performance (Ma et al., 2022). DEGREE 172

and AMPERE further advanced structured predic- 173

tion for event extraction through joint modeling of 174

event types and arguments (Hsu et al., 2022; Du 175

and Cardie, 2021). 176

Our work differs by evaluating general-purpose 177

LLMs rather than specialized extraction models, 178

focusing on understanding what can be achieved 179

through prompting alone without task-specific fine- 180

tuning. This provides insights into the applicability 181

of foundation models to specialized scientific do- 182

mains. 183

2.2 Domain-Specific Event Extraction 184

Domain-specific event extraction has received sig- 185

nificant attention in biomedical NLP, where sys- 186
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tems extract protein interactions, drug effects, and187

clinical events (Kim et al., 2009). ChemDataEx-188

tractor and similar systems have demonstrated ef-189

fective extraction of chemical synthesis informa-190

tion (Swain and Cole, 2016). The ZSEE dataset191

introduced a curated benchmark for zeolite synthe-192

sis, providing expert annotations and establishing193

baselines using models like PAIE (Ma et al., 2022).194

Zero-Reader extended this work by incorporating195

contrastive learning to better handle abstract ex-196

pressions in experimental descriptions (He et al.,197

2025). These approaches typically require sub-198

stantial labeled data and domain-specific model199

architectures.200

In contrast, our work explores whether mod-201

ern LLMs’ broad pre-training and few-shot learn-202

ing capabilities can obviate the need for extensive203

domain-specific annotation and model engineering.204

2.3 Large Language Models and Prompting205

Large Language Models have demonstrated re-206

markable capabilities through scale and pre-207

training on diverse text (Brown et al., 2020; Chowd-208

hery et al., 2022; Ouyang et al., 2022). Research on209

prompting strategies has shown that careful prompt210

design can significantly impact performance (Liu211

et al., 2021; Mishra et al., 2022). Few-shot learn-212

ing enables models to perform tasks from mini-213

mal examples (Brown et al., 2020), while chain-214

of-thought prompting elicits reasoning capabilities215

(Wei et al., 2022). Instruction tuning and rein-216

forcement learning from human feedback have fur-217

ther improved instruction following (Ouyang et al.,218

2022; Sanh et al., 2022). Self-consistency and self-219

refinement techniques enable models to improve220

their outputs iteratively (Wang et al., 2023; Madaan221

et al., 2023).222

Despite these advances in prompting techniques,223

a critical question remains: can prompting strate-224

gies alone overcome fundamental limitations in225

precise information extraction from specialized226

domains? While prompt engineering has shown227

promise in improving general task performance228

across various NLP tasks, the gap between LLM229

capabilities and specialized model requirements230

for scientific extraction presents an important area231

of investigation. Understanding whether advanced232

prompting techniques like reflection and few-shot233

learning can bridge this gap for domain-specific ex-234

traction tasks motivates our systematic evaluation.235

2.4 Evaluation of LLMs on Structured Tasks 236

Recent work has begun evaluating LLMs on struc- 237

tured prediction tasks. Studies have shown mixed 238

results: LLMs excel at tasks with clear contextual 239

signals but struggle with precise span identification 240

and structured output (Wei et al., 2023; Zhang et al., 241

2025). Research on information extraction has 242

found that LLMs can match or exceed supervised 243

models on certain entity recognition tasks but face 244

challenges with relation extraction and event extrac- 245

tion requiring fine-grained understanding (Li et al., 246

2023; Wadhwa et al., 2023). Work on biomedical 247

NLP has similarly found that while LLMs possess 248

domain knowledge, they struggle with precise ex- 249

traction compared to fine-tuned models (Singhal 250

et al., 2022). 251

Our work contributes to this literature by pro- 252

viding a comprehensive evaluation specifically on 253

scientific procedural text, an under-studied domain. 254

Unlike prior work focusing on single models or 255

tasks, we systematically compare multiple mod- 256

els across multiple prompting strategies, providing 257

clearer insights into the performance ceiling achiev- 258

able with current LLM technology on specialized 259

extraction tasks. 260

3 Methodology 261

Our methodology focuses on systematic evalua- 262

tion of LLM-based extraction using standardized 263

prompting strategies. An overview of the complete 264

experimental pipeline is illustrated in Figure 1. 265

We describe the task formulation, prompting ap- 266

proaches, and evaluation framework. 267

3.1 Task Formulation 268

Given a scientific procedural sentence, our task is 269

to extract structured information in JSON format 270

consisting of events and their arguments. Each 271

event comprises: (1) Event Type: The action cat- 272

egory (e.g., Add, Stir, Calcine). (2) Trigger Text: 273

The exact word(s) in the sentence indicating the 274

event. (3) Arguments: A list of (role, text) pairs 275

where role specifies the argument type (e.g., mate- 276

rial, temperature) and text provides the exact span 277

from the sentence. 278

For example, given the sentence: 279

“The calcined samples (0.3 g) were dis- 280

persed in the ammonium nitrate solution 281

(100 mL) and then stirred at 500 rpm and 282

room temperature.” 283
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Figure 1: Pipeline for event and argument extraction using LLMs on the ZSEE dataset.

The expected output contains two events:284

{
"events": [

{
"event_type": "Add",
"trigger_text": "dispersed",
"arguments": [

{"role": "material",
"text": "calcined samples

(0.3 g)"},
{"role": "material",
"text": "ammonium nitrate

solution
(100 mL)"}

]
},
{

"event_type": "Stir",

285

"trigger_text": "stirred",
"arguments": [

{"role": "revolution",
"text": "500 rpm"},

{"role": "temperature",
"text": "room temperature"

}
]

}
]

}

286

3.2 Prompting Strategies 287

We evaluate four prompting approaches of increas- 288

ing complexity: 289
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3.2.1 Zero-Shot Prompting290

The zero-shot prompt(Kojima et al., 2022) pro-291

vides complete task definition including (1) JSON292

schema specification, (2) all 16 possible event types293

with detailed definitions, (3) all 13 argument roles294

with descriptions, and (4) output format constraints295

(JSON only, no explanations). The prompt empha-296

sizes extracting only explicitly stated information297

from the current sentence, avoiding inference from298

context. This baseline approach tests the model’s299

ability to perform the task from instructions alone.300

3.2.2 Few-Shot Prompting301

Building on zero-shot prompting, we augment the302

prompt with 2-3 annotated examples demonstrating303

correct extraction(Brown et al., 2020). Examples304

are selected to cover diverse event types and sen-305

tence structures. Each example includes the input306

sentence and expected JSON output, providing the307

model with concrete templates for the extraction308

format.309

3.2.3 Event-Specific Prompting310

This approach performs extraction in two condi-311

tional stages. (1) The first API call extracts only312

event types and their trigger texts. (2) For each313

detected event, a separate follow-up call is issued,314

using an event-specific prompt containing detailed315

argument role definitions and extraction instruc-316

tions. This enables focused argument extraction317

tailored to each event rather than using a single318

generic prompt.319

3.2.4 Reflection Prompting320

Also known as self-correction or self-refinement321

prompting(Madaan et al., 2023; Shinn et al., 2023),322

this technique involves a two-stage process: (1)323

generating an initial extraction using the zero-shot324

prompt, and (2) providing the initial output back325

to the model with a prompt requesting verification326

and correction of potential errors.327

The reflection prompt asks the model to check328

for hallucination, verify trigger text accuracy, en-329

sure argument roles match the event type, and val-330

idate that extracted text appears verbatim in the331

input sentence.332

3.3 Models Evaluated333

We evaluate six contemporary LLMs representing334

different architectural approaches and scales: (1)335

Gemma-3-12b-it (Team et al., 2024), Google’s336

12B parameter instruction-tuned model; (2) GPT- 337

5-mini (OpenAI et al., 2024), an efficient GPT-5 338

variant from OpenAI; (3) O4-mini (OpenAI, 2024), 339

a reasoning-optimized compact model; (4) Claude- 340

Haiku-3.5 (Anthropic, 2024), Anthropic’s fast and 341

cost-efficient model; (5) DeepSeek-Reasoning 342

(DeepSeek-AI, 2024), designed with enhanced 343

reasoning capabilities; and (6) DeepSeek-Non- 344

Reasoning (Guo et al., 2024), used as a standard 345

DeepSeek baseline for comparison. All models 346

are accessed via their respective APIs using de- 347

fault temperature settings (0.7 for most models) to 348

balance determinism with natural language genera- 349

tion. 350

3.4 Evaluation Metrics 351

We evaluate extraction quality using preci- 352

sion, recall, and F1 score computed through 353

lemmatization-based subset matching. This ap- 354

proach accounts for morphological variations while 355

ensuring that extracted text substantively matches 356

the ground truth. 357

Metric Calculation : For each subtask (event 358

types, trigger texts, argument roles, argument texts), 359

we (1) lemmatize all expected and predicted values, 360

(2) count the frequency of each unique lemmatized 361

value, and (3) compute correct predictions as the 362

minimum of expected and predicted counts for each 363

value. 364

4 Experimental Setup 365

4.1 Dataset 366

We use the ZSEE (Zeolite Synthesis Event Extrac- 367

tion) dataset (He et al., 2024), which contains 1,530 368

sentences from zeolite synthesis procedures ex- 369

tracted from scientific publications. Each sentence 370

is annotated by domain experts with: 371

• 16 Event Types: Add, Stir, Wash, Dry, Calcine, 372

Crystallize, Particle Recovery, Heat, Set pH, Ro- 373

tate, Sonicate, Seal, Transfer, Age, Cool, React 374

• 13 Argument Types: material, temperature, du- 375

ration, container, sample, solvent, condition, rev- 376

olution, times, pH, rate, pressure, revolution_text 377

The dataset is publicly available at https:// 378

github.com/Hi-0317/ZSEE and represents a chal- 379

lenging test case due to domain-specific terminol- 380

ogy, complex sentence structures, and implicit in- 381

formation requiring domain knowledge. 382
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4.2 Baselines383

We compare our LLM-based approaches against384

the state-of-the-art results reported in the ZSEE385

paper:386

• PAIE (Prompt-based Argument Interaction for387

Event Extraction): Achieved 92% F1 on event388

extraction and 74% F1 on argument extraction389

• Zero-Reader: Further improved performance390

through contrastive learning, particularly for ar-391

gument extraction392

These specialized models represent the current393

performance ceiling for this task and serve as the394

standard against which LLM performance should395

be evaluated.396

4.3 Implementation Details397

Our experimental design systematically evaluates398

each combination of model and prompting strategy:399

• Models: 6 (Gemma-3-12b-it, GPT-5-mini, O4-400

mini, Claude-Haiku-3.5, DeepSeek-Reasoning,401

DeepSeek-Non-Reasoning)402

• Prompting Strategies: 4 (Zero-shot, Few-shot,403

Event-specific, Reflection)404

• Samples per Condition: 1,530 sentences. For405

each condition, we (1) process sentences sequen-406

tially via API calls, (2) parse JSON responses407

and extract predictions for each subtask, (3)408

compare predictions against gold annotations us-409

ing lemmatization-based matching, (4) aggregate410

metrics across all sentences, and (5) store de-411

tailed error information including missing and412

extra predictions.413

All experiments were conducted using Python414

3.9 with API calls to respective model providers.415

We enforced structured output by explicitly request-416

ing JSON format and implemented basic parsing417

validation. In cases where models produced mal-418

formed JSON, we attempted automatic correction;419

sentences with unparseable output were marked420

as failures and contributed zero to all metrics. For421

DeepSeek-Reasoning specifically, we also captured422

the model’s internal reasoning traces to enable anal-423

ysis of the model’s decision-making process.424

5 Results425

We present comprehensive results across all models426

and prompting strategies, organized by subtask.427

Table 1 shows F1 scores as the primary metric,428

with precision and recall provided in Appendix A.429

Event Type Extraction: As shown in Ta-430

ble 1, event type extraction represents the highest-431

performing subtask, with all models achieving 432

F1 scores between 80% and 90%. This suggests 433

that identifying action categories from contextual 434

cues is within current LLM capabilities. However, 435

prompting strategy shows minimal impact: the dif- 436

ference between best and worst prompts averages 437

only 2-3 percentage points per model. 438

Surprisingly, zero-shot prompting often outper- 439

forms more complex strategies. This may indicate 440

that detailed event definitions or examples intro- 441

duce confusion rather than clarity, or that models 442

already possess sufficient prior knowledge about 443

experimental actions. 444

Trigger Text Extraction: The results in Ta- 445

ble 1 show that trigger text extraction exhibits 446

the most significant variation across both mod- 447

els and prompting strategies. Few-shot prompting 448

substantially outperforms other approaches, aver- 449

aging 83.93% F1 compared to 65-68% for other 450

strategies. This suggests that concrete examples of 451

valid trigger words help models identify the correct 452

spans. 453

GPT-5-mini exhibits extreme sensitivity to 454

prompting strategy, with F1 scores ranging from 455

11.51% (event-specific) to 79.75% (few-shot). In 456

contrast, the other five models demonstrate more 457

stable performance across prompting strategies, 458

consistently achieving 60-87% F1 regardless of 459

prompt design. This anomalous behavior of GPT- 460

5-mini suggests that it struggles to identify trigger 461

text spans from task descriptions alone but can ef- 462

fectively learn from concrete examples. 463

Despite few-shot improvements, models still 464

make systematic errors including: (1) extracting re- 465

lated but incorrect words (e.g., “placed” instead of 466

“dispersed”), (2) extracting multiple words when 467

a single word is correct, and (3) omitting trigger 468

words entirely when event type is identified cor- 469

rectly. These errors indicate difficulty with precise 470

span boundary identification even when the general 471

concept is understood. 472

Argument Role Extraction: As presented in 473

Table 1, argument role identification achieves 474

moderate performance (66-73% F1), with few- 475

shot prompting again providing the largest ben- 476

efit. Common errors include: (1) confusing similar 477

roles (e.g., “material” vs. “sample”, “revolution” 478

vs. “revolution_text”), (2) hallucinating arguments 479

not present in the sentence, and (3) missing im- 480

plicit arguments that humans recognize from do- 481

main knowledge. 482

Argument Text Extraction: As reflected in Ta- 483
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Table 1: F1 Scores (%) for All Models and Prompting Strategies

Event Type Trigger Text

Model Prompt Zero Few Event Refl Zero Few Event Refl

Gemma-3-12b-it 86.52 85.38 80.7 84.81 70.4 87.56 79.45 72.04
GPT-5-mini 88.55 86.51 86.06 88.75 24.59 79.75 11.51 29.19
O4-mini 87.04 85.45 86.99 87.86 87.04 85.45 74.06 76.46
Claude-Haiku-3.5 88.7 87.46 83.55 86.46 61.74 84.52 80.28 62.34
DeepSeek-NR 80.56 79.34 84.07 84.42 71.82 82.84 80.36 74.63
DeepSeek-R 80.86 79.6 78.7 79.01 77.15 83.48 80.85 76.07

Argument Roles Argument Texts

Gemma-3-12b-it 64.28 74.65 68.65 67.72 56.54 65.94 56.39 59.58
GPT-5-mini 62.63 83.92 66.11 69.19 66.72 58.5 57.24 62.47
O4-mini 68.46 70.37 69.68 71.4 62.72 64.72 61.78 65.19
Claude-Haiku-3.5 68.09 71.1 65.47 67.3 58.59 64.79 56.49 59.4
DeepSeek-NR 62.96 68.69 67.51 63.29 56.44 61.03 58.08 57.69
DeepSeek-R 70.06 70.9 69.26 72.01 60.72 59.81 54.79 61.9

ble 1, argument text extraction shows the most484

consistent (but modest) performance across strate-485

gies, with F1 scores clustered around 57-62%. This486

represents the most challenging subtask as it re-487

quires identifying exact spans of potentially com-488

plex phrases. Models struggle with: (1) boundary489

errors (e.g., including or excluding parenthetical490

units), (2) partial extraction (extracting part of a491

compound phrase), and (3) paraphrasing (restating492

information rather than extracting verbatim text).493

Impact of Prompting Strategies: Few-shot494

prompting provides the most substantial benefit495

over the zero-shot baseline, particularly for trigger496

text extraction, improving performance by approx-497

imately +18% F1. Argument role and argument498

text extraction also show moderate gains under few-499

shot prompting (+7% and +2% F1, respectively).500

In contrast, event-specific prompting offers negligi-501

ble improvements and even reduces performance502

on two subtasks, while reflection prompting yields503

only marginal gains. Overall, these results indicate504

that performance is primarily constrained by model505

capability rather than prompt engineering: concrete506

examples help with token-level span decisions, but507

elaborate task descriptions or self-correction mech-508

anisms do not substantially improve quality.509

6 Discussion510

Our results reveal several important insights about511

LLM capabilities and limitations for scientific in-512

formation extraction.513

The Abstraction Gap: LLMs excel at abstract514

classification (event types) but struggle with con-515

crete extraction (trigger texts, argument spans).516

This suggests a fundamental abstraction gap: mod-517

els learn high-level semantic patterns effectively 518

but have difficulty grounding these patterns in pre- 519

cise textual spans. This gap persists even with 520

few-shot examples providing explicit templates. 521

1. Hallucination: Inventing Non-Existent 522

Events - Models frequently extract events not de- 523

fined in our schema, creating event types based on 524

surface-level textual cues rather than adhering to 525

the specified taxonomy. This represents a form of 526

hallucination where models invent categories not 527

present in the task definition. 528

Example: Given the sentence “The calcined 529

samples (0.3 g) were dispersed in the ammonium 530

nitrate solution (100 mL)...”, the model extracted 531

event type “Disperse” instead of the correct “Add”. 532

While “dispersed” is indeed the trigger text for an 533

Add event in our schema, the model hallucinated 534

a new event type not among the 16 defined cate- 535

gories. 536

Errors like this suggest models rely on lexical 537

matching (e.g., seeing “mixed” → creating “Mix” 538

event) rather than understanding the semantic map- 539

ping between trigger words and event categories. 540

2. Over-Generalization: Extracting Implicit 541

Information - Models frequently extract implicit 542

information that human annotators deliberately ex- 543

cluded. This reflects a tendency to “fill in gaps” 544

using prior knowledge about typical experimental 545

procedures rather than strictly extracting explicitly 546

stated information. 547

Example: In “The calcined samples (0.3 g) were 548

dispersed in the ammonium nitrate solution (100 549

mL) and then stirred at 500 rpm...”, the model ex- 550

tracted “then” as a duration argument. However, 551

“then” is merely a temporal connector indicating se- 552
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quence, not an explicit duration specification. The553

model over-generalized from the sequential nature554

of the text.555

Such errors indicate that while domain experts556

followed strict annotation guidelines to capture557

only explicit information, LLMs incorporate infer-558

ential reasoning that goes beyond what is textually559

stated.560

3. Imprecise Span Boundaries - Models consis-561

tently struggle to identify precise span boundaries562

for trigger texts, often extracting entire clauses or563

phrases instead of the specific action words. This564

represents one of the most pervasive failure patterns565

across all models.566

Example: Given “25 g of sodium silicate567

(26.5% SiO2) was added to 60 g water and stirred568

for 15 min...”, the expected trigger texts are simply569

[“added”, “stirred”]. However, the model extracted570

extended spans: [“25 g of sodium silicate (26.5%571

SiO2) was added to 60 g water”, “stirred for 15572

min”]. The model incorporated surrounding con-573

text rather than isolating the precise action verbs.574

This pattern suggests models lack the fine-575

grained token-level precision needed for span iden-576

tification, instead treating extraction as a clause or577

phrase-level task.578

4. Confusion Between Similar Argument579

Types - Models frequently confuse semantically re-580

lated argument roles, particularly when categories581

have overlapping characteristics or could be con-582

textually ambiguous.583

Example: In “The calcined samples (0.3 g)584

were dispersed in the ammonium nitrate solution585

(100 mL) and then stirred at 500 rpm...”, the ex-586

pected argument roles are [“material”, “material”,587

“revolution”, “temperature”]. However, the model588

classified the second material (“ammonium nitrate589

solution”) as “solvent” and misidentified other ar-590

guments. This confusion between “material” and591

“solvent” reflects the semantic proximity of these592

categories in experimental contexts.593

The example illustrates that while models under-594

stand general experimental semantics, they struggle595

with the fine-grained distinctions necessary for pre-596

cise role classification in domain-specific schemas.597

Limited Impact of Prompting: Our most sur-598

prising finding is the limited impact of advanced599

prompting strategies. Few-shot prompting provides600

moderate benefits for span-based tasks, but event-601

specific definitions and reflection prompting offer602

minimal improvements. This suggests that mod-603

els already possess substantial domain knowledge604

from pre-training, but the challenge lies in execut- 605

ing precise extraction rather than understanding 606

task requirements. 607

Implications for Scientific Text Mining: These 608

findings have important practical implications. 609

First, practitioners should not expect dramatic im- 610

provements from prompt engineering alone; fun- 611

damental model limitations constrain performance. 612

Second, hybrid approaches combining LLM out- 613

puts with post-processing or structured extraction 614

methods may be more effective than pure LLM- 615

based pipelines. Third, specialized models fine- 616

tuned on domain-specific data remain necessary 617

for applications requiring high precision. 618

Comparison with Specialized Models: Com- 619

paring our results to the ZSEE baselines reveals a 620

substantial performance gap. PAIE achieved 92% 621

F1 on event extraction compared to our 83-85% av- 622

erage, and 74% on argument extraction compared 623

to our 57-73% depending on subtask. This 8-17 624

percentage point gap represents a significant prac- 625

tical difference and demonstrates that specialized 626

architectures with domain adaptation still substan- 627

tially outperform general-purpose LLMs on precise 628

extraction tasks. 629

7 Conclusion and Future Work 630

This study provides the first systematic evalua- 631

tion of six LLMs and four prompting strategies 632

for ZSEE event-argument extraction. Models 633

perform well on event classification but strug- 634

gle with precise span extraction, and advanced 635

prompting offers minimal advantage over zero- 636

shot. GPT-5-mini shows extreme prompt sensi- 637

tivity, and common failures include hallucination, 638

over-generalization, and boundary errors. A sub- 639

stantial performance gap remains between general- 640

purpose LLMs and specialized extraction mod- 641

els. Future work will explore hybrid pipelines, 642

lightweight domain adaptation, and evaluation 643

across additional scientific domains. 644

8 Limitations 645

Our study has several limitations that should be 646

considered when interpreting results: 647

Dataset Scope: We evaluate on a single dataset 648

(ZSEE) from one domain (zeolite synthesis). While 649

this provides a controlled evaluation, generalization 650

to other scientific domains remains unclear. 651

Prompting Strategies: We evaluate four 652

prompting approaches, but the space of possible 653

8



prompt designs is vast. More sophisticated tech-654

niques like chain-of-thought prompting with in-655

termediate reasoning steps or multi-step refine-656

ment with separate extraction and validation phases657

might yield better results.658

Model Configuration: We use default API pa-659

rameters (temperature, top-p) for all models. Dif-660

ferent sampling strategies or temperature settings661

might affect results, though preliminary experi-662

ments suggested minimal impact.663

Computational Constraints: Full evaluation664

across 24 conditions required substantial API costs.665

This constrained our ability to explore additional666

models or more sophisticated prompting strategies667

involving multiple inference passes.668
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10 Appendix 958

A Complete Results Tables 959

Tables 2 and 3 present complete precision and re- 960

call values for all models, prompting strategies, and 961

subtasks. 962

B Prompt Templates 963

This appendix presents the prompt templates used 964

for each of the four prompting strategies evaluated 965

in our experiments. 966

B.1 Zero-Shot Prompt Template 967

You are an expert assistant that
converts scientific procedure

sentences into structured JSON.
Follow this schema exactly:

{
"events": [

{
"event_type": "...",
"trigger_text": "...",
"arguments": [

{"role": "...", "text": "
..."},

{"role": "...", "text": "
..."}

]
}

]
}

Event types: Add , Stir , Wash , Dry ,
Calcine , Crystallize ,

968
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Table 2: Complete Precision Results (%) for All Models and Prompting Strategies

Event Type Trigger Text

Model Prompt Zero Few Event Refl Zero Few Event Refl

Gemma-3-12b-it 87.74 84.71 81.33 85.51 71.67 88.59 80.05 72.82
GPT-5-mini 88.86 85.42 83.85 88.69 24.68 78.69 11.25 29.24
O4-mini 88.82 85.99 87.1 88.77 75.04 84.35 73.92 76.92
Claude-Haiku-3.5 90.05 88.11 86.46 87.86 62.6 85.01 83.02 63.21
DeepSeek-NR 84.01 82.29 86.45 87.29 74.67 85.12 82.62 76.93
DeepSeek-R 83.65 83.17 81.16 81.85 79.7 86.99 83.09 78.47

Argument Roles Argument Texts

Gemma-3-12b-it 56.79 73.12 70.36 59.95 50.16 64.48 57.25 52.93
GPT-5-mini 52.5 56.31 58.65 61.23 47.61 49.82 50.62 55.3
O4-mini 60.49 65.71 64.08 64.67 55.74 58.87 56.69 59.18
Claude-Haiku-3.5 60.25 64.61 62.16 59.41 52.59 59.16 53.4 52.61
DeepSeek-NR 55.83 65.25 67.11 56.8 50 57.37 56.59 51.71
DeepSeek-R 65.95 71.95 69.52 69.37 56.58 58.98 53.33 58.97

Table 3: Complete Recall Results (%) for All Models and Prompting Strategies

Event Type Trigger Text

Model Prompt Zero Few Event Refl Zero Few Event Refl

Gemma-3-12b-it 88.37 88.59 82.55 87.32 71.54 90.63 81.21 73.89
GPT-5-mini 90.36 90.56 91.69 90.97 25.01 85.96 12.18 29.57
O4-mini 87.35 85.45 88.81 88.91 73.85 85.68 75.66 76.98
Claude-Haiku-3.5 89.39 89.06 84.08 87.2 62.19 86.16 80.74 62.86
DeepSeek-NR 79.76 79.02 84.73 84.16 71.21 81.98 81.02 74.51
DeepSeek-R 80.08 78.44 78.8 78.33 76.41 82.42 81.11 75.57

Argument Roles Argument Texts

Gemma-3-12b-it 82.54 81.78 73.44 85 71.37 71.82 60.7 73.92
GPT-5-mini 85.22 85 84.48 85.81 76.38 77 72.94 77
O4-mini 85.01 84.42 82.84 85.64 76.86 76.75 73.26 77.35
Claude-Haiku-3.5 84.67 84.53 78.28 84.23 71.7 76.1 67.19 73.15
DeepSeek-NR 79.03 79.12 76.85 78.32 70.65 70.74 66.39 71
DeepSeek-R 81.48 82.44 81.11 75.57 70.66 65.97 62.3 70.31

Particle Recovery , Heat , Set pH ,
Rotate , Sonicate , Seal ,

Transfer , Age , Cool , React.

Roles: material , temperature ,
duration , container , sample ,

solvent , condition , revolution ,
times , PH , rate , pressure ,

revolution_text.

You need to extract only those
events that are happening in

the same sentence , not the ones
being carried forward from

previous ones.

[Event Definitions :]
Add: materials are added to the

container at a specific
temperature (arguments: material ,

temperature , container)

Stir: mixture is stirred with full
contact (arguments:

969

duration , temperature , revolution ,
sample)

Age: waiting a period of time for
the reaction (arguments:

duration , temperature , revolution ,
pressure)

Wash: product is washed several
times with some solvent

(arguments: solvent , times , sample)

Dry: product is dried in the
container (arguments: duration ,

temperature , container , condition)

Calcine: product is calcined at
high temperature (arguments:

duration , temperature , container ,
sample , condition)

Particle Recovery: filtration
operations to recover clean

970
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product (arguments: material ,
duration , revolution)

Set PH: product is brought to a
specific pH value (arguments:

material , PH)

Cool: temperature is reduced to a
specific value (arguments:

duration , temperature , container ,
sample , condition)

Heat: temperature is increased to a
specific value (arguments:

duration , temperature , container ,
sample , pressure , revolution ,

rate)

Crystallize: amorphous compound is
converted to crystalline

state (arguments: duration ,
temperature , container , pressure
,

revolution)

Transfer: product is transferred
from one container to another

(arguments: sample , container)

Seal: product is kept in a sealed
container (arguments: sample ,

container)

Sonicate: product is washed by
ultrasound (arguments: sample ,

solvent)

React: ordinary reactions not
specifically described in
zeolite

synthesis corpus (arguments:
duration , temperature , material ,

condition)

Rotate: direct rotation of a
container (arguments: duration ,

temperature , container , revolution)

[Argument Role Definitions :]
duration , temperature , pressure:

indicate duration , temperature
and pressure of the experiment

material: compounds , both liquid
and solid , added during

operations

container: container where
synthesis action is carried out

sample: subject of the reaction ,
different from material

solvent: solvent to which the
washing product is added

times: number of washings

971

condition: specific conditions
under which reaction is operated

revolution: specific revolution per
minute value

revolution_text: abstract textual
representation of rotation

rate: temperature increase rate to
a specific value

PH: specific pH value of the
product

Input sentence: {sentence}
Output only the JSON but in

dictionary format. Do not add
explanations.

972

B.2 Few-Shot Prompt Template 973

The few-shot prompt uses the same base template 974

as zero-shot, but includes two examples before the 975

input sentence: 976

[Same base template as zero -shot ,
followed by:]

Here are two examples of the
required extraction:

Sentence -1: A solution of 24.5 g
(0.173 mol) of methyl iodide

was added and the reaction mixture
was stirred at room

temperature for three days , then
new excess of methyl iodide

(0.173 mol) was added and stirred
at room temperature for

3 days.

Output -1:
{

"events": [
{

"event_type": "Add",
"trigger_text": "added",
"arguments": [

{"role": "material", "text"
: "solution of 24.5 g

( 0.173 mol ) of methyl
iodide"}

]
},
{

"event_type": "Add",
"trigger_text": "added",
"arguments": [

{"role": "material", "text"
: "methyl iodide

( 0.173 mol )"}
]

977
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},
{

"event_type": "Stir",
"trigger_text": "stirred",
"arguments": [

{"role": "sample", "text":
"mixture"},

{"role": "duration", "text"
: "three days"},

{"role": "temperature", "
text": "room temperature
"}

]
},
{

"event_type": "Stir",
"trigger_text": "stirred",
"arguments": [

{"role": "duration", "text"
: "3 days"},

{"role": "temperature", "
text": "room temperature
"}

]
}

]
}

Sentence -2: After this time , the
autoclave was cooled down ,

and the mixture was filtered ,
washed with water and dried

at 100 C.

Output -2:
{

"events": [
{

"event_type": "Wash",
"trigger_text": "washed",
"arguments": [

{"role": "solvent", "text":
"water"}

]
},
{

"event_type": "Dry",
"trigger_text": "dried",
"arguments": [

{"role": "temperature", "
text": "100 C"}

]
},
{

"event_type": "Particle
Recovery",

"trigger_text": "filtered",
"arguments": [

{"role": "material", "text"
: "mixture"}

]
},
{

"event_type": "Cool",
"trigger_text": "cooled",
"arguments": []

}

978

]
}

Input sentence: {sentence}
Output only the JSON but in

dictionary format. Do not add
explanations.

979

B.3 Event-Specific Prompt Template 980

This approach uses a two-stage extraction process. 981

First, events and triggers are identified: 982

[Stage 1 - Event Identification :]

You are an expert assistant that
identifies events in

scientific procedure sentences.
Extract only the event types

and trigger texts from the sentence
that are happening in that

very same sentence.

For example in the sentence: "The
calcined samples (0.3 g)

were dispersed in the ammonium
nitrate solution (100 mL) and

then stirred at 500 rpm and room
temperature."

The word "calcined" is not a
calcine event here because it

isn't actually happening in the
same sentence. It is in

context of other previous process.

Follow this schema exactly:
{

"events ": [
{

"event_type ": "...",
"trigger_text ": "..."

}
]

}

Event types: Add , Stir , Wash , Dry ,
Calcine , Crystallize ,

Particle Recovery , Heat , Set pH,
Rotate , Sonicate , Seal ,

Transfer , Age , Cool , React.

[Brief event definitions - same as
zero -shot but without

argument specifications]

Input sentence: {sentence}
Output only the JSON format with

event_type and trigger_text.
Do not add explanations.

[Stage 2 - Argument Extraction (per
event):]

983
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You are an expert assistant that
extracts argument roles and

texts for the "{ event_type }" event
in scientific procedure

sentences.

For the {event_type} event with
trigger text "{ trigger_text }"

in the sentence , extract ONLY the
following arguments if they

are present:
[List of valid arguments for this

specific event type]

Follow this schema exactly:
{

"arguments ": [
{"role": "..." , "text": "..."} ,
{"role": "..." , "text": "..."}

]
}

IMPORTANT: Extract ONLY the
arguments that are actually

mentioned in the sentence. Do not
extract arguments that are

not present. Only use the roles: [
specific roles for this

event].

Example:
Sentence: For the synthesis of SAPO

, fumed silica (Aerosil ,
Degussa) was added to the aqueous

solution , and the mixture
was stirred for 2 h.
Expected output: {" event_type ": "

Add", "trigger_text ": "added",
"arguments ": [{" role": "material",

"text": "fumed silica
( Aerosil , Degussa )"}]}

Sentence: {sentence}
Trigger Text: {trigger_text}

Output only the JSON format. Do not
add explanations.

984

Note: Stage 2 is repeated for each identified985

event, with event-specific argument lists provided986

for each of the 16 event types.987

B.4 Reflexion Prompt Template988

The reflexion approach uses a two-pass system.989

The first pass uses the zero-shot prompt (Section990

A.1), followed by a verification pass:991

[Pass 1: Same as Zero -Shot prompt
in B.1]

[Pass 2 - Verification and
Refinement :]

992

You are an expert reviewer that
checks and corrects event

extraction from scientific
procedure sentences.

You will be given:
1. The original sentence
2. An initial event extraction

attempt

Your task is to carefully review
the initial extraction and

provide a corrected version that
follows the exact same JSON

schema.

CRITICAL REQUIREMENTS:
1. Extract ONLY events that are

happening in the given sentence ,
not events mentioned as past

context
2. Each event must have the correct

event_type and trigger_text
3. Include ALL relevant arguments

for each event
4. Use only the specified argument

roles for each event type
5. Ensure argument texts are

extracted exactly as they appear

Event Type Definitions and Their
Valid Arguments:

Add: material , temperature ,
container

Stir: duration , temperature ,
revolution , sample

Wash: solvent , times , sample
Dry: duration , temperature ,

container , condition
Calcine: duration , temperature ,

container , sample , condition
Crystallize: duration , temperature ,

container , pressure ,
revolution
Particle Recovery: material ,

duration , revolution
Heat: duration , temperature ,

container , sample , pressure ,
revolution , rate
Set pH: material , PH
Rotate: duration , temperature ,

container , revolution
Sonicate: sample , solvent
Seal: sample , container
Transfer: sample , container
Age: duration , temperature ,

revolution , pressure
Cool: duration , temperature ,

container , sample , condition
React: duration , temperature ,

material , condition

Argument Role Definitions:
- duration: how long the process

lasts

993
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- temperature: temperature value
with units

- pressure: pressure value with
units

- material: compounds being added
or used

- container: vessel where action
occurs

- sample: what is being processed (
different from material)

- solvent: liquid used for washing/
cleaning

- times: number of repetitions
- condition: specific conditions (e

.g., "in air", "under vacuum")
- revolution: rotation speed (RPM)
- rate: rate of change (e.g.,

heating rate)
- PH: pH value

REVIEW CHECKLIST:
1. Are there any missed events in

the sentence?
2. Are all identified events

actually happening in this
sentence?

3. Are event types correctly
identified?

4. Are trigger texts accurate?
5. Are all possible arguments

extracted for each event?
6. Are argument roles correct

according to the definitions?
7. Are argument texts extracted

exactly as written?

Original sentence: {sentence}

Initial extraction:
{initial_json_str}

Please provide the corrected
extraction in the exact same
JSON

format. If the initial extraction
was perfect , return it

unchanged. If you found errors , fix
them and return the

corrected version.

Output only the corrected JSON. Do
not add explanations.

994

B.5 Implementation Notes995

• All prompts instruct models to output only valid996

JSON without explanations or markdown format-997

ting998

• Event-specific prompts (B.3) require one API call999

for event identification plus N additional calls for1000

N identified events1001

• Reflexion prompts (B.4) require two sequential1002

API calls: initial extraction followed by verifica-1003

tion1004

• Zero-shot (B.1) and few-shot (B.2) prompts re- 1005

quire only a single API call per sentence. 1006
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