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Abstract001

Historical newspapers from the colonial period002
offer valuable evidence of how racializing lan-003
guage evolved over time. However, there are004
challenges in studying this type of historical005
data: 1) Data scarcity: acquiring large, anno-006
tated historical datasets is difficult, hindering007
the possibility of analyzing racialization com-008
prehensively; 2) Digitized materials frequently009
contain Optical Character Recognition (OCR)010
errors and other types of noise that compli-011
cate text extraction and computational analy-012
sis; 3) Colonial newspapers are often multi-013
lingual and written in archaic prose, hinder-014
ing the effectiveness of NLP tools developed015
for modern, single language texts. This pa-016
per addresses these challenges by conducting a017
dual-view, jointly studying multilingual event018
extraction and temporal semantic shift tasks.019
Specifically, we introduce a contextual ques-020
tion answering (CQA) and a visual question021
answering (VQA) derived from eighteenth- and022
nineteenth-century colonial newspapers, which023
aims to capture the idiosyncratic characteris-024
tics of this material. Content-wise, we focus025
on how enslaved people were described by en-026
slavers as well as how they articulated their027
own condition through QA pairs of newspapers028
written in Dutch, English-French, and Spanish.029
Our results show that LLMs are still limited030
for low-resource VQA tasks. For temporal se-031
mantic change, we train temporal word embed-032
ding with a compass. The study concludes that033
racialization is a fluid process of linguistic re-034
calibration where the decline of slavery merely035
shifted the language of control onto new cate-036
gories of labor and identity, leaving a "semantic037
debt" that still shapes language bias today.038

1 Introduction039

The historical study of racialization examines how040

racial identities are formed and maintained over041

time. This topic is central to research in history042

(Silva Perez, 2025), sociology, and sociolinguistics043

Figure 1: A screenshot from the historical colonial
newspapers. The resulting texts often contain unusual
spellings, layout noise, and many OCR errors.

(Alim, 2016; Costa and Sokolovska, 2025; Grieve 044

et al., 2025). Within this field, historical colonial 045

newspapers are especially valuable. They served as 046

public forums where ideas of racial hierarchy and 047

resistance were openly expressed (da Silva Perez 048

and Borenstein, 2025; Borenstein et al., 2023a; 049

Newman, 2022; Mäkinen, 2022). Historians tra- 050

ditionally work closely with the texts they study. 051

Nevertheless, NLP tools can automate parts of the 052

analysis and speed up the research process. This 053

allows historians to extract evidence from large 054

corpora more efficiently and focus more on inter- 055

pretation (Borenstein et al., 2023a). 056

However, leveraging these archives on NLP 057

tasks remains a profound challenge for researchers 058

(Hill and Hengchen, 2019; Rigaud et al., 2019). 059

There are three main challenges. First, building 060

high-quality datasets still depends heavily on man- 061

ual work, which is slow and costly. This makes 062

it hard to draw general conclusions about racial- 063

ized language (Borenstein et al., 2023a). Second, 064

and more importantly, the digitization of these frag- 065

ile, centuries-old documents creates serious data 066

quality problems. The resulting texts often contain 067

unusual spellings, layout noise, and many OCR 068

errors (Fig. 1). Finally, colonial newspapers are 069

often multilingual and written in archaic languages, 070

hindering the effectiveness of standard NLP tools, 071

which are usually trained on clean, modern text 072

(Hill and Hengchen, 2019; Todorov and Colavizza, 073

2022). 074
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These challenges are especially acute for less-075

studied tasks (Borenstein et al., 2023a,b). In this076

work, we argue that event extraction (EE) and se-077

mantic shift offer two complementary perspectives078

on racialization in colonial newspapers. On the079

one hand, EE captures the explicit, event-level080

manifestations of racialization, such as acts of081

enslavement, labor control, punishment, or resis-082

tance, as they are described in colonial texts (Sprug-083

noli and Tonelli, 2019; Lai et al., 2021; Dagdelen084

et al., 2024). Prior work shows that extracting085

events from historical advertisements can reveal086

how racialized groups were placed within colonial087

power structures. However, performance remains088

limited because of OCR errors and the use of ar-089

chaic language (Borenstein et al., 2023b). On the090

other hand, the semantic shift task captures the im-091

plicit, long-term evolution of racialized meaning,092

revealing how terms associated with race, labor,093

and identity gradually changed as colonial systems094

transformed (Borenstein et al., 2023b). In sum-095

mary, EE focuses on what happens in specific his-096

torical moments while semantic shift reveals how097

language itself adapts to sustain racial hierarchies098

over time.099

By studying event extraction and semantic shift100

together, we link specific racialized events to101

broader changes in language. This dual view helps102

connect historical actions with evolving meanings103

that still influence modern racial bias. We address104

the shortcomings of previous work and make the105

following contributions: (1) To address the dataset106

scarcity and OCR noisy challenges, we use LLMs107

to study multilingual event extraction in Dutch,108

English-French, and Spanish by constructing con-109

textual question answering (CQA) and visual ques-110

tion answering (VQA), centered on historical racial-111

ization processes in colonial newspapers from 18-112

19 centuries. (2) To study how racializing language113

evolved, we study the semantic shift in historical114

newspapers from the Dutch in the colonial period115

between 1816 and 1882, since the abolition of slav-116

ery in the Dutch colonies in 1863 serves as a use-117

ful case study for examining temporal shifts. We118

train the temporal word embeddings with a com-119

pass (TWEC) framework in each year from 1816120

to 1882 to study the semantic change at the word121

level.122

We find that current LLMs perform well on123

CQA tasks when provided with clean, modern text.124

However, when the context consists of images of125

original colonial newspapers, even recent state-of-126

the-art multimodal models perform poorly, high- 127

lighting persistent challenges in processing archaic 128

language and historical print. Beyond model per- 129

formance, our semantic shift analysis shows that 130

racialization is a changing process in language. As 131

formal slavery declined, words of control shifted 132

to new kinds of labor and identity. This created a 133

lasting “semantic debt” that still shapes language 134

bias today1. 135

2 Related Work 136

2.1 LLM for historical research 137

The use of LLMs in historical research has changed 138

digital humanities. Research now goes beyond 139

keyword search and topic modeling and moves 140

toward methods that focus on meaning, genera- 141

tion, and active reasoning (Grossmann et al., 2023; 142

Piper and Wu, 2025; Cherukuri et al., 2025; Zhang 143

et al., 2024b; Simons et al., 2025; Hauser et al., 144

2024; Karch et al., 2025; Zhang and Colavizza, 145

2025; Levchenko, 2025; Humphries et al., 2024). 146

(Levchenko, 2025) demonstrates that multimodal 147

LLMs achieved a character error rate (CER) as 148

low as 1.8% on 18th and 19th-century English 149

manuscripts, surpassing state-of-the-art tools. Be- 150

yond direct transcription, LLMs are increasingly 151

used to post-correct noisy OCR outputs. (Tudor 152

et al., 2025) explored this in the context of "prompt- 153

ing the past," using LLMs to clean historical text 154

transcripts. (Zhang et al., 2024a) explore the po- 155

tential of OpenAI’s GPT models on the post-OCR 156

correction task containing English texts published 157

between 1559 and 1928 on versification and pro- 158

nunciation. Unlike prior studies focusing on us- 159

ing LLM to OCR issues, we study the historical 160

research by studying the multilingual event extrac- 161

tion and tracking the semantic evolution of racial- 162

ization. 163

2.2 Event Extraction 164

Event Extraction (EE) is a task of organizing natu- 165

ral texts into structured events (Hogenboom et al., 166

2011; Xiang and Wang, 2019; Chen et al., 2024; 167

Ma et al., 2024). Usually, EE is decomposed into 168

smaller, less complex tasks (Lin et al., 2020). such 169

as detecting the existence of an event (Weng and 170

Lee, 2011; Nguyen and Grishman, 2018; Sims 171

et al., 2019), identifying its participants (Du et al., 172

2021; Li et al., 2020), and extracting the attributes 173

1https://anonymous.4open.science/status/histo
rical_nlp-429F
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associated with the event (Li et al., 2020). Some174

research work has shown the benefit of framing the175

EE as QA tasks (Li et al., 2020). The work most176

closely related to ours is (Borenstein et al., 2023a),177

which studies event extraction by building multi-178

lingual QA pairs from newspaper advertisements179

in the early modern colonial period. In contrast,180

their work focuses only on advertisements. We181

use LLMs to generate data from entire newspaper182

pages and construct both contextual QA and visual183

QA tasks.184

2.3 Temporal Semantic Change185

Historical corpora have been widely used to study186

social phenomena such as language change (Ku-187

tuzov et al., 2018; Borenstein et al., 2023b). For188

example, (Garg et al., 2018) use word embeddings189

to measure changes in stereotypes and attitudes to-190

ward women and ethnic minorities in the United191

States during the twentieth and twenty-first cen-192

turies. (Levis Sullam et al., 2022) analyze a large193

and diverse text collection, including books, news-194

papers, songs, and essays, to track how Jews are195

linked to different semantic topics and how these196

links change over time.197

(Borenstein et al., 2023b) also use word embed-198

dings to study how bias in historical newspapers199

persists and changes. However, training separate200

word embeddings for each year makes it hard to201

compare meanings across time. In this paper, we202

use the TWEC framework to study word-level se-203

mantic change in a shared vector space.204

3 Dataset Collection205

We constructed our multilingual dataset from three206

digitized colonial newspapers available in open ac-207

cess:208

• De Curaçaosche Courant, held by Delpher.nl,209

was published in Willemstad, Curaçao, and is210

mostly in Dutch with small portions in other211

languages: 3249 newspaper issues, approxi-212

mately 13000 pages, spanning 1816-1882.213

• Quebec Gazette, held by the Bibliothèque214

et Archives Nationales du Quebéc, was pub-215

lished in Quebéc City, and is bilingual in216

French-English: 51 newspaper issues, approx-217

imately 200 pages, spanning 1765-1807.218

• Revista Economica, held by the Biblioteca219

Virtual de Prensa Histórica of the Ministry of220

Culture of Spain, was published in Havana221

and is in Spanish: 50 newspaper issues, ap- 222

proximately 400 pages, spanning 1878-1882. 223

We focused on newspapers that contained texts 224

related to slavery, enslaved labour, or racialized 225

populations (fugitive ads, sale notices, offers of en- 226

slaved workers for hire, etc), were published in dif- 227

ferent languages beyond English, in colonies gov- 228

erned by different empires, and were made avail- 229

able in open access by the respective repositories. 230

4 Event Extraction from Colonial 231

Newspapers 232

As discussed in the introduction, we study event 233

extraction from colonial newspapers by framing it 234

as a question answering task and using LLMs to 235

extract event arguments. We introduce both CQA 236

and VQA benchmarks based on newspapers from 237

the eighteenth and nineteenth centuries in Dutch, 238

French, and Spanish. 239

4.1 Contextual Question Answering Tasks 240

We formalize the contextual question answering 241

task as a tuple (C, q, a). Here, C denotes the con- 242

text, representing a specific historical text segment 243

such as a fugitive advertisement or a sales notice, 244

which serves as the unstructured source of linguis- 245

tic evidence. q represents a query designed to probe 246

specific dimensions of racialization, ranging from 247

physical descriptors to markers of resistance, effec- 248

tively acting as a sociological prompt. The objec- 249

tive of the model is to map the input pair (C, q) to 250

an answer a, which extracts the relevant semantic 251

span or generates a synthesized response grounded 252

in the text. The dataset preprocessing setting is pre- 253

sented in Appendix A.7.2. We evaluate the current 254

strong open LLM (e.g., Qwen-72B (Team et al., 255

2024)) and closed-formed LLM (e.g., GPT5 (Hurst 256

et al., 2024)). The details are presented in Ap- 257

pendix A.7.3. 258

4.1.1 Data Quality and Human Verification 259

In our benchmark, we use Open LLM Genimi to ex- 260

tract the datasets from PDF files, which inevitably 261

causes hallucination issues and fabricates details 262

extrinsic to the source text. To guarantee the reli- 263

ability of our benchmark and mitigate the risk of 264

hallucination inherent in synthetic data generation, 265

we use a rigorous human-in-the-loop quality as- 266

surance protocol. Specifically, we subjected the 267

generated CQA triples to a manual verification pro- 268

cess. Human annotators reviewed the samples with 269
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Figure 2: We conduct data collection using LLM (stage 1) and then study on multilingual event extraction (CQA
tasks in stage 2 and VQA tasks in stage 3) and semantic shift tasks (stage 4).

a specific criterion: the answer a must be strictly270

derivable solely from the evidence provided within271

the context (C), without recourse to external in-272

formation. This validation step effectively filtered273

out ungrounded responses and hallucinated facts,274

ensuring that our benchmark evaluates a model’s275

capability to reason over specific context from the276

newspaper.277

4.2 Results278

Table 1 reports the performance of different mod-279

els on multilingual question answering tasks in280

Dutch, French, and Spanish. The scores are aver-281

aged across seven question types. Overall, larger282

models perform better than smaller ones in all lan-283

guages. The 1.5B models show limited perfor-284

mance, especially on reasoning-related categories.285

Performance improves substantially when scaling286

to 72B parameters. Across all three languages,287

GPT-4o achieves the highest average score. It288

consistently outperforms open-weight models and289

Claude 3.5. This indicates strong multilingual and290

cross-task generalization. For Dutch, performance291

increases steadily with model size. GPT-4o ob-292

tains the best average score, followed by Claude293

3.5 and Qwen2-72B. Smaller models lag behind,294

particularly on Reason and Position questions. For295

French, all models perform better than in Dutch.296

GPT-4o again achieves the highest average score.297

Large open models, such as Qwen2.5-72B, perform298

competitively but remain below proprietary mod- 299

els. For Spanish, overall performance is the highest 300

among the three languages. GPT-4o achieves the 301

best result, while Qwen2-72B and Claude 3.5 show 302

similar strong performance. Small models again 303

perform significantly worse. 304

In summary, the results show a clear effect of 305

model scale and training quality. Large models 306

perform better across languages and question types, 307

with GPT-4o consistently achieving the strongest 308

results. 309

4.3 Visual Question Answering Tasks 310

In addition to CQA tasks, we test whether LLMs 311

can answer questions when the input is a newspa- 312

per image. In this setting, the model uses the image 313

as context and produces an answer directly. To sup- 314

port this, we introduce a visual question answering 315

(VQA) benchmark that captures the multimodal 316

nature of colonial newspapers and reduces reliance 317

on noisy text digitization. By asking multimodal 318

LLMs to answer questions from raw document im- 319

ages, we test whether they can connect language 320

with visual text and recover meaning without us- 321

ing error-prone OCR systems. The statistics of the 322

dataset are presented in Table 8. We evaluate the 323

current state-of-the-art multimodal LLMs, such as 324

Qwen2.5-VL-72B and closed-form LLM GPT5.2. 325
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Model Name Age Time Reason Position Reward Other AVG

Dutch

Qwen2-1.5B 0.616 0.416 0.497 0.372 0.322 0.550 0.472 0.464
Llama 3-8B 0.601 0.392 0.487 0.353 0.311 0.502 0.452 0.443
Qwen2-72B 0.745 0.812 0.672 0.512 0.683 0.612 0.632 0.667

Claude 3.5 0.800 0.812 0.788 0.572 0.721 0.700 0.673 0.724
GPT-4o 0.819 0.836 0.792 0.580 0.741 0.716 0.685 0.738

English-French
Qwen2-1.5B 0.723 0.752 0.654 0.512 0.519 0.831 0.590 0.654
Llama 3-8B 0.712 0.723 0.632 0.502 0.520 0.801 0.581 0.639
Qwen2.5-72B 0.821 0.912 0.872 0.621 0.517 0.877 0.623 0.749

Claude 3.5 0.824 0.934 0.901 0.601 0.506 0.887 0.643 0.756
GPT-4o 0.831 0.935 0.899 0.642 0.527 0.887 0.653 0.768

Spanish
Qwen2-1.5B 0.653 0.624 0.570 0.373 0.478 0.677 0.596 0.567
Llama 3-8B 0.642 0.614 0.564 0.321 0.473 0.664 0.573 0.550
Qwen2-72B 0.890 0.921 0.900 0.710 0.701 0.831 0.712 0.809

Claude 3.5 0.900 0.927 0.922 0.670 0.682 0.832 0.702 0.805
GPT-4o 0.901 0.931 0.921 0.715 0.707 0.857 0.728 0.823

Table 1: Evaluation results on contextual question answering tasks are reported using F1 scores. The best and
second-best results are highlighted in bold and underline, respectively. Dataset details are provided in Table 7.

4.3.1 Results326

Table 2 reports the results on visual question an-327

swering tasks across Dutch, English–French, and328

Spanish newspapers. Scores are averaged over all329

available question types. Overall performance is330

low for all models, especially for Dutch and En-331

glish–French. Small multimodal models such as332

Qwen2.5-VL-7B show very limited ability to an-333

swer questions from historical newspaper images.334

Larger models perform better but still struggle in335

several categories. GPT-5.2 achieves the highest av-336

erage score in all three language settings. It consis-337

tently outperforms open multimodal models across338

most question types. Large open models such as339

Qwen2.5-VL-72B and LLaVA-OV-72B perform340

competitively but remain behind GPT-5.2. Span-341

ish yields much higher scores than Dutch and En-342

glish–French. This trend is consistent across all343

models and suggests that visual and textual cues344

are easier to extract in Spanish newspapers. In sum-345

mary, VQA on historical newspapers is challenging.346

Larger models perform much better, with GPT-5.2347

achieving the best results across all languages.348

5 Semantic Shift analysis 349

To capture the semantic shift in the colonial news- 350

paper, we go beyond static event extraction and 351

perform a diachronic analysis. The period from the 352

eighteenth to the nineteenth century includes ma- 353

jor social and political changes. For example, the 354

abolition of slavery in the Dutch colonies in 1863 355

provides a key case for studying language change 356

over time in low-resource colonial archives. 357

5.1 Measures 358

To mathematically rigorously quantify the seman- 359

tic shift in racializing language, we introduce 360

the diachronic bias shift (DBS) metric, which 361

draws upon the Word Embedding Association Test 362

(WEAT) framework (Caliskan et al., 2017). By pro- 363

jecting target identity terms (e.g., "freedman") onto 364

an axis defined by opposing attribute sets, DBS 365

explicitly tracks the transition of the racialized sub- 366

ject from an object of capital to an object of social 367

anxiety. 368

Specifically, the DBS metric measures the tem- 369

poral evolution of the semantic distance between 370

a specific target group and opposing attribute con- 371

cepts. We define two distinct attribute sets {A,B} 372
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Model Name Age Time Reason Feature Other AVG

Dutch

Qwen2.5-VL-7B 0.083 0.142 0.093 - 0.060 0.168 0.109
Qwen3-VL-8B 0.142 0.312 0.135 - 0.151 0.200 0.188
LLaVA-OV-72B 0.143 0.374 0.143 - 0.142 0.210 0.202
Qwen2.5-VL-72B 0.153 0.478 0.163 - 0.152 0.203 0.230
GPT-5.2 0.240 0.676 0.273 - 0.429 0.283 0.380

English-French
Qwen2.5-VL-7B 0.102 0.013 0.145 0.092 0.132 0.204 0.115
Qwen3-VL-8B 0.212 0.043 0.232 0.113 0.232 0.298 0.188
LLaVA-OV-72B 0.223 0.032 0.210 0.133 0.252 0.332 0.197
Qwen2.5-VL-72B 0.234 0.043 0.243 0.132 0.263 0.324 0.207
GPT-5.2 0.284 0.083 0.481 0.209 0.275 0.384 0.286

Spanish
Qwen2.5-VL-7B 0.342 - 0.463 0.362 0.132 0.323 0.324
Qwen3-VL-8B 0.645 - 0.693 0.501 0.241 0.392 0.494
LLaVA-OV-72B 0.682 - 0.732 0.492 0.242 0.403 0.510
Qwen2.5-VL-72B 0.672 - 0.743 0.521 0.282 0.452 0.534
GPT-5.2 0.710 - 0.776 0.500 0.306 0.471 0.553

Table 2: Evaluation on Visual Question Answer tasks, "-" indicates that there is no dataset extracted from the
newspaper. The best and second-best results are highlighted in bold and underline, respectively.

representing opposing semantic framings. For ex-373

ample, we set archaic vocabulary of coerced servi-374

tude (Aservitude) from the emerging modern frame-375

work of free market contractuality (Bmarket).376

• Aservitude = {slave, toil, forced,master}377

• Bmarket = {wage, contract, strike, pay}378

Let wt ∈ Rd be the aligned vector representation379

of a target term w at time step t. The bias score380

Biast(w) is defined as the difference between the381

mean cosine similarity of the target word to A and382

B.383

Biast(w) =
1

|A|
∑
a∈A

cos(wt,at)

− 1

|B|
∑
b∈B

cos(wt,bt)
(1)384

where at and bt denote the vector representa-385

tions of the attribute words at time t. The sign of386

Biast(w) reveals the dominant semantic framing387

in the corpus for a given era. To construct tem-388

porally aligned vector spaces for DBS analysis,389

we employ the Temporal Word Embeddings with390

a Compass (TWEC) framework (Di Carlo et al.,391

2019) and generate a temporally aligned vector392

space for each annual data slice from 1816 to 1882 393

(5.2). 394

5.2 Temporal Word Embeddings with a 395

Compass (TWEC) 396

Figure 3: DBS score for "labor". The trajectory reveals
a semantic phase transition. The vertical dashed line
marks the 1863 Abolition of Slavery, where the discur-
sive framing shifts from "Servitude" to "Contract".

TWEC operates in two stages: (1) training inde- 397

pendent word embedding models for each tempo- 398

ral slice, and (2) aligning these embeddings into a 399

shared coordinate system using stable “compass” 400

words. 401

Let D = {Dt1 , Dt2 , . . . , Dtn} denote our di- 402

achronic corpus partitioned into n temporal slices, 403
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where Dti represents the document collection from404

time period ti. For each slice Dti , we train an405

independent Word2Vec model Mti using the Skip-406

Gram architecture with negative sampling (Algo-407

rithm 1).408

Algorithm 1 TWEC Training Framework

Require: Diachronic corpus D =
{Dt1 , . . . , Dtn}, embedding dimension
d, window size w, minimum frequency fmin

Ensure: Aligned embeddings in shared coordinate
system: {W(t1), . . . ,W(tn)}

1: Stage 1: Train Independent Slice Models
2: for each time slice ti ∈ {t1, . . . , tn} do
3: Dclean

ti ← Tokenize(Dti)
4: Vti ← {w : count(w,Dti) ≥ fmin}
5: W

(ti)
0 ← SkipGram(Dclean

ti ,Vti)
6: M←M∪ {(ti,Mti ,W

(ti)
0 )}

7: end for
8: Stage 2: Procrustes Alignment
9: Select reference time: tref ← t1

10: W(tref) ←W
(tref)
0 {Reference unchanged}

11: for each slice ti ∈ {t2, . . . , tn} do
12: Extract compass vectors from reference:
13: Cref ← [w

(tref)
1 , . . . ,w

(tref)
|C| ] ∈ R|C|×d

14: Extract compass vectors from current slice:
15: Cti ← [w

(ti)
1 , . . . ,w

(ti)
|C| ] ∈ R|C|×d

16: Compute alignment matrix via Procrustes
(Algorithm 2):

17: Qti ← Procrustes(Cti ,Cref)

18: Align all embeddings: W(ti) ←W
(ti)
0 ·Qti

19: end for
20: return {W(t1), . . . ,W(tn)}

In the second stage, we align the embeddings409

in stage 1 into a shared coordinate system using410

stable "compass" words (refer to Algo 2).411

5.3 Results412

Figure 4 illustrates the temporal evolution of413

bias scores for target terms. The commodifica-414

tion set Aprop is {sale, price, buy, owner}415

and the criminalization set Bthreat is416

{riot, dangerous, vagrant, steal} (refer to417

the Appendix A.4). We observe significant shifts418

in the semantic framing of several terms across the419

19th century. (1) Slave terms (slaaf ) exhibited420

strong commodification bias (Bias > +0.3) in421

1817–1840, reflecting economic objectification.422

Post-1847, we observe a gradual shift toward423

neutral framing (Bias ≈ 0), corresponding with424

abolitionist discourse. (2) Free persons (vrijman) 425

maintained consistently positive commodification 426

bias throughout the period, though decreasing from 427

+0.42 (1817) to +0.28 (1870), suggesting evolving 428

conceptions of free labor. (3) Indigenous terms 429

(inboorling): Demonstrated oscillation between 430

framing categories, with peak criminalization bias 431

(−0.31) in 1847 during labor shortage periods, 432

reverting to near-neutral by 1870. (4) Workers 433

(arbeider): Showed increasing commodification 434

bias over time (+0.15 to +0.37), reflecting the rise 435

of wage labor discourse post-emancipation. 436

The results reveal that racialization is a fluid 437

process of linguistic recalibration, where the de- 438

cline of formal enslavement did not eliminate bias 439

but instead transferred commodification and crim- 440

inalization frameworks onto "workers" to sustain 441

colonial power structures. 442

5.4 Discussion 443

To ensure robust results, we conduct several anal- 444

yses. First, we evaluate the alignment quality of 445

TWEC (Sec.5.4.1). Next, we compare TWEC with 446

a static word2vec model (Sec.5.4.2). 447

5.4.1 Alignment Quality 448

We test the alignment error during 1817-1840, 449

1817-1847, 1817-1870. Table 3 shows the Pro- 450

crustes alignment quality for each temporal slice 451

relative to the 1817 reference. 452

Metric 1817→1840 1817→1847 1817→1870 Mean

Alignment error 0.087 0.112 0.134 0.111
Compass words used 487 473 456 472

Table 3: Procrustes Alignment Quality (Mean Euclidean
Distance)

5.4.2 TWEC vs Word2vec 453

To test the quality of TWEC vs static Word2vec, 454

we compare the TWEC and static word embed- 455

ding training. As shown in Figure 3, the term "ar- 456

beid" (Labor in Dutch) exhibits a distinct structural 457

break, transitioning sharply from the positive do- 458

main associated with Servitude (Aservitude) to the 459

negative domain associated with Contract (Bmarket) 460

immediately following the 1863 threshold. This 461

"crossover" trajectory quantitatively confirms that 462

the abolition of slavery precipitated a rapid dis- 463

cursive realignment, effectively decoupling labor 464

from the lexicon of coerced bondage and integrat- 465

ing it into the framework of free market economics. 466

In contrast, Word2Vec serves as a stability check. 467
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Target Term Initial Bias (1817) Final Bias (1870) Change ( ) Dominant Framing
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arbeider +0.150 +0.370 +0.220 Commodified

inboorling -0.080 +0.030 +0.110 Criminalized

vreemdeling -0.230 -0.190 +0.040 Criminalized

Summary Statistics

Figure 4: Diachronic Bias Shift trajectories for target demographic terms in Dutch newspapers. Positive
values indicate commodification bias (association with property/labor), while negative values indicate crimi-
nalization bias (association with threat/danger) (In this case, Aprop = {sale, price, buy, owner}, Bthreat =
{riot, dangerous, vagrant, steal}}). Shaded regions denote semantic framing zones.

This demonstrates the advantages of TWEC in tem-468

poral semantic analysis.469

5.4.3 Statistical Significance470

Target Term 1817→1840 1840→1847 1847→1870

slaaf < 0.001∗∗∗ 0.023∗ < 0.001∗∗∗

vrijman 0.089 0.156 0.041∗

arbeider 0.012∗ 0.003∗∗ < 0.001∗∗∗

inboorling 0.034∗ < 0.001∗∗∗ 0.067
vreemdeling 0.234 0.412 0.378

Table 4: Statistical significance of bias shifts (p-values
indicate the probability of observing the measured
bias shift by chance alone. Values below 0.05 repre-
sent statistically significant temporal semantic change.).
∗p < 0.05; ∗∗p < 0.01; ∗∗∗p < 0.001.

We assess the statistical significance of observed471

bias shifts using bootstrap resampling (N = 1000472

iterations). Table 4 presents p-values for temporal473

comparisons.474

The term ’slaaf’ exhibited highly significant se-475

mantic shifts across all periods (p < 0.001 for476

1817→1840 and 1847→1870), providing strong477

evidence for diachronic change in the seman-478

tic framing of enslaved persons. In contrast, 479

’vreemdeling’ showed no significant shifts (all p 480

> 0.05), suggesting stable criminalization framing 481

throughout the corpus period. 482

6 Conclusion 483

In this paper, we study event extraction and se- 484

mantic shift in colonial newspapers. We find that 485

LLMs perform well on contextual question answer- 486

ing tasks. However, their accuracy drops sharply 487

when the context is images of original newspapers. 488

This shows that current multimodal models still 489

struggle with archaic language, even though they 490

perform well on modern text. Our semantic shift 491

analysis also shows that racialization changed after 492

the end of formal slavery. Bias moved from en- 493

slaved people to “workers” and indigenous terms 494

through the new language of control and criminal- 495

ization. This suggests that many modern language 496

biases remain as a form of “semantic debt” from 497

these historical power structures. 498
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7 Limitations499

We study racializing language in several languages500

from the eighteenth and nineteenth centuries. One501

limitation of our work is that we focus only on502

Dutch, English, French, and Spanish newspapers.503

Many other colonial languages and regions are not504

included. In future work, we plan to use more505

historical newspapers and study a wider range of506

languages. In addition, our analysis depends on507

large language models. These models may reflect508

biases from their modern training data, which can509

influence the results. Finally, our semantic shift510

analysis is limited by data size. Some years contain511

fewer documents, which may reduce the reliability512

of the observed language changes. Future work513

could use larger and more balanced datasets to ad-514

dress this issue.515

8 Ethical Considerations516

Studying texts about the history of slavery raises517

important ethical concerns (Rickford, 2016). The518

enslaved people described in the newspapers used519

in this study lived centuries ago, so issues of per-520

sonal privacy and data protection do not directly ap-521

ply. However, the newspapers contain many exam-522

ples of racist and demeaning language, and this lan-523

guage can be harmful and distressing, even when524

presented in a historical context. Preserving this lin-525

guistic characteristic was necessary for us to assess526

how accurately LLMs process and analyze these527

historical documents. Nonetheless, this requires528

appropriate interpretation and careful handling.529
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A Appendix752

A.1 Algorithm753

We present the alignment algorithm used in our754

Algo 1.755

Algorithm 2 Orthogonal Procrustes Alignment

Require: Source matrix A ∈ Rm×d, target matrix
B ∈ Rm×d

Ensure: Optimal orthogonal matrix Q ∈ Rd×d

1: Center matrices:
2: µA ← 1

m

∑m
i=1 ai, µB ← 1

m

∑m
i=1 bi

3: Ac ← A− 1mµT
A, Bc ← B− 1mµT

B

4: Compute cross-covariance: M← (Bc)TAc

5: Singular Value Decomposition: M = UΣVT

6: Optimal rotation: Q← UVT

7: return Q

A.2 TWEC Model Configuration 756

Table 5 presents the hyperparameters used for 757

TWEC training. For Word2vec training, we use 758

the gensim 2 to train the word2vec seperately for 759

each year. All the training is conducted on an A100 760

80G GPU. 761

Table 5: TWEC Hyperparameters

Parameter Value

Embedding dimension (d) 100
Context window (w) 5
Minimum word frequency (fmin) 3
Skip-gram negative samples 5
Training epochs (T ) 15
Learning rate 0.025
Compass vocabulary size (|C|) 500
CV stability threshold (τstability) 0.5

A.3 Computational Complexity 762

The TWEC framework has time complexity O(n · 763

T · |V | · d) for Stage 1, where n is the number 764

of time slices, T is the number of training epochs, 765

|V | is the vocabulary size, and d is the embedding 766

dimension. Stage 2 Procrustes alignment has com- 767

plexity O((n− 1) · d3) due to SVD computation. 768

DBS computation for each target word requires 769

O(n · (|A|+ |B|) · d) operations. 770

A.4 DBS attribute sets 771

Table 6 presents the attribute sets we used in the 772

computation of DBS scores. 773

A.5 Prompt of Data Generation 774

We present the prompt template we used to gener- 775

ate the CQA and VQA pairs from the newspaper. 776

2https://pypi.org/project/gensim/
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Attribute Wordlist

Aservitude {slave, toil, forced,master}
Bmarket {wage, contract, strike, pay}

Aprop {sale, price, buy, owner}
Bthreat {riot, dangerous, vagrant, steal}}

Anature {water, flow, stream, bank}
Bpolitics {vote, law,war, rights}

Table 6: Words used for DBS evaluation.

Context-based Question Answer Pairs
Prompt Template

User Prompt:
You are a historian specializing in 19th-
century history. I will provide you with an
original runaway slave advertisement (Con-
text) in newspapers in different languages.
Based on this text, please extract key infor-
mation and convert it into ten context-based
question answer (CQA) pairs from every
newspaper.
Task requirements:

1. Identify key attributes mentioned in the
advertisement (e.g., name, age, time,
reason, position, reward, etc.).

2. For each attribute, generate a question
in its original language.

3. First prioritize slavery-related content,
including runaway enslaved persons,
reward notices, sales, ownership, and
physical descriptions. Only if insuf-
ficient, use other colonial advertise-
ments or notices.

4. Extract the corresponding text span
from the original advertisement as the
answer.

5. Answers must be short and factual. Do
not infer, summarize, or use external
knowledge.

6. The output format must be a Python
tuple list in the form: (Context,
Question, Answer).

777

Visual-based Question Answer Pairs
Prompt Template

User Prompt:
You are a historian specializing in 19th-
century history. I will provide you with
an original runaway slave advertisement
(Context) in newspapers in different lan-
guages. Based on this text, please analyze
the given newspaper page image and ex-
tract some high-quality Visual–Question–
Answer (VQA) pairs.
Task requirements:

1. Identify key attributes mentioned in the
advertisement (e.g., name, age, time,
reason, position, reward, etc.).

2. For each attribute, generate a question
in its original language.

3. First prioritize slavery-related content,
including runaway enslaved persons,
reward notices, sales, ownership, and
physical descriptions. Only if insuf-
ficient, use other colonial advertise-
ments or notices.

4. Extract the corresponding text span
from the original advertisement as the
answer.

5. Answers must be short and factual. Do
not infer, summarize, or use external
knowledge.

6. Page_Num must be an integer (starting
from 1).

7. The output format must be a Python
tuple list in the form: (Page_Num,
Context, Question, Answer).

778
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A.6 Prompt of Data Evaluation779

Data Evaluation Prompt Template

User Prompt:
You are a historian specializing in 19th-
century history. Answer the question using
only information explicitly stated in the pro-
vided context.
Task requirements:

1. The answer must be in the same lan-
guage as the question.

2. Do not translate between languages.

3. If the answer appears verbatim in the
context, copy it exactly.

4. If multiple possible spans exist, choose
the shortest correct span.

5. Do not explain, paraphrase, or add ex-
tra words.

6. The answer should be as short and fac-
tual as possible.

780

A.7 Dataset setting781

A.7.1 Data Preprocessing for VQA782

Building upon the filtered corpus, we further con-783

struct a visual question answering (VQA) dataset to784

incorporate visual and layout information. For this785

purpose, newspaper pages are randomly sampled,786

and VQA pairs are generated by aligning questions787

and answers with the corresponding full-page news-788

paper images. Unlike the text-only QA setting, the789

contextual input in the VQA dataset consists of the790

entire newspaper page containing the original tex-791

tual evidence, rather than a localized text excerpt.792

This design aims to better reflect realistic histori-793

cal newspaper reading scenarios. In total, the final794

dataset comprises 195 VQA instances, which are795

used in all experiments reported in this paper.796

A.7.2 Dataset Processing for CQA797

Our dataset is derived from digitized De Cu-798

raçaosche Courant newspapers published between799

1816 and 1882. Quebec Gazette newspapers pub-800

lished between 1765 and 1807. Revista Econom-801

ica published between 1878 and 1882. We em-802

ploy Gemini 2.5 to automatically extract ques-803

tion–answer (QA) pairs from the newspaper text804

(The prompt is presented in Sec ??). In the ini-805

Attribute Dutch French Spanish

Name 605 208 163
Age 158 31 14
Time 163 70 58
Reason 21 4 15
Position 94 76 64
Reward 36 8 3
Other 250 104 169

Table 7: Data statistics for contextual question answer
tasks.

Attribute Dutch French Spanish

Name 86 38 32
Age 19 4 -
Time 24 43 20
Reason - 5 11
Feature 9 4 7
Other 63 38 96

Table 8: Data statistics for visual question answer tasks.

tial sampling stage, we adopt a year-wise strategy: 806

for each year in the target period, one newspaper is 807

randomly selected, from which ten QA pairs are ex- 808

tracted, and the resulting QA pairs predominantly 809

concern slavery and closely related topics. 810

We observe a substantial decline in slavery- 811

related content in newspapers published after 1863, 812

the year in which slavery was officially abolished 813

in the Netherlands. As a consequence, newspapers 814

from 1864 to 1882 yield very few relevant QA in- 815

stances. To maintain topical coherence and data 816

consistency, we therefore restrict our dataset to the 817

period 1816–1863, excluding later years from sub- 818

sequent analysis. 819

A.7.3 Comparison Models 820

To evaluate the proposed benchmark across vary- 821

ing scales of compute and accessibility, we selected 822

a diverse set of baseline models categorized into 823

three distinct tiers. First, to test the efficacy of 824

lightweight, locally deployable models, we include 825

Qwen2-1.5B (Team et al., 2024), llama 3-8B (Tou- 826

vron et al., 2023). Second, to assess the capabili- 827

ties of high-performance open-weight architectures, 828

we evaluate Qwen2-72B, analyzing whether open- 829

sourced large language models can approximate 830

the sociological reasoning required for this task. 831

Finally, we establish a performance upper bound 832

using state-of-the-art proprietary models, including 833

13



Claude 3.5 (Handa et al., 2025), GPT-4o (Hurst834

et al., 2024), thereby enabling a critical compari-835

son between closed-source reasoning engines and836

accessible alternatives in the context of historical837

text analysis.838

For VQA tasks, we include these compari-839

son models to provide a fair and representative840

benchmark across model scale, architecture, and841

training paradigms in multilingual VQA. Specif-842

ically, Qwen2.5-VL-7B and Qwen3-VL-8B rep-843

resent strong small-to-mid-scale open-source vi-844

sion–language models, allowing us to assess845

performance under realistic resource constraints.846

Qwen2.5-VL-72B and LLaVA-OV-72B serve as847

large-scale open-source baselines, enabling anal-848

ysis of how scaling impacts multilingual and849

reasoning-heavy visual tasks. GPT-5.2 is included850

as a state-of-the-art proprietary model, providing851

an upper-bound reference for current multimodal852

capabilities. Together, this selection spans diverse853

model sizes, training recipes, and openness levels,854

ensuring that observed performance differences re-855

flect fundamental model capabilities rather than856

idiosyncratic design choices, and allowing us to857

contextualize gains across languages and question858

types.859

A.8 Case Study860

To provide qualitative evidence complementary to861

the quantitative evaluation, we present one cor-862

rectly answered example for both context-based863

question answering (CQA) and visual question an-864

swering (VQA), selected directly from our dataset.865

Contextual QA example

Context:
“de Negerin Markita slavin van den Heer
John Harrison”
Question: Wie is de eigenaar van de slavin
Markita?
Answer: De Heer John Harrison

866

In this text-only setting, the model accurately867

retrieves an explicitly stated factual detail from868

a short and unambiguous context. The question869

requires direct fact lookup without multi-sentence870

reasoning, resulting in an exact match between the871

predicted answer and the ground truth.872

Visual QA example

Context:
[Image:] 1851-08-30-Decura..._p4.jpg
Question: 26 jaren
Answer: 26 jaren

873

For the VQA case, the model successfully 874

grounds its answer in the visual content of the doc- 875

ument. The age information is clearly stated in the 876

scanned newspaper page, enabling accurate visual 877

localization and answer extraction despite noise 878

commonly present in historical document images. 879

A.9 Corpus Statistics 880

Our diachronic corpus consists of historical news- 881

paper articles from Dutch spanning 1816–1882, 882

partitioned into temporal slices as shown in Table 9, 883

Table 10. 884
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Table 9: Corpus Statistics by Temporal Slice (1816-
1850)

Year Documents Tokens Vocabulary

1816 38 235770 10201
1817 53 308366 12442
1818 52 303416 12036
1819 52 358698 13522
1820 53 376178 14464
1821 52 380717 14337
1822 52 388701 15120
1823 37 286532 11841
1824 30 236484 10229
1825 51 392029 15409
1826 52 392634 15325
1827 48 351255 14044
1828 52 357560 13744
1829 52 335191 13180
1830 52 357683 13590
1831 52 368451 12611
1832 50 338282 12325
1833 51 328237 11432
1834 52 282555 10785
1835 38 200114 8261
1836 53 258490 10063
1837 50 247870 9711
1839 50 241960 9368
1840 52 265107 10010
1841 49 250195 9355
1842 52 259500 9586
1843 46 231405 9042
1844 51 269157 9635
1845 48 248169 10007
1846 52 262630 9781
1847 51 266436 9734
1848 49 269460 9926
1849 51 318787 10981
1850 49 301943 11406

Table 10: Corpus Statistics by Temporal Slice (1851-
1882)

Year Documents Tokens Vocabulary

1851 42 264557 10156
1852 52 320806 11752
1853 53 320537 11631
1854 52 329665 12160
1855 52 320978 11995
1856 53 303065 11344
1857 52 311291 11461
1858 52 317592 11719
1859 50 313851 11691
1861 46 289846 10919
1862 52 330886 12020
1863 53 329853 12122
1864 51 310423 12107
1865 49 306312 11449
1866 50 311487 11820
1867 52 318379 11568
1868 53 312775 11610
1869 51 310094 12003
1870 54 303236 11827
1871 51 297879 11841
1872 50 283720 11295
1873 52 280279 11543
1874 48 259878 10898
1875 50 274819 10964
1876 52 294767 11304
1877 48 330662 12496
1878 50 338294 12629
1879 51 338617 12430
1880 52 339583 12202
1881 52 339275 12048
1882 52 385273 12297
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