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Abstract001

Utilizing NLP to assist data annotation remains002
a challenge for low-resource languages. This003
study shows that the optimal minimal training004
size for morphology is about 5,000 labeled to-005
kens. After that, annotation results in diminish-006
ing returns in terms of model performance. We007
assess performance improvement in relation008
to annotated dataset size for a neural Trans-009
former model, a pre-trained llama3 model, and010
a non-neural CRF model, all of which are uti-011
lized in an active learning loop. We analyze012
corpus diversity (via type-token ratio) to better013
understand how sample diversity impacts ac-014
tive learning model improvement and find raw015
TTR scores indicate peak performance.016

1 Introduction017

Creating initial digital resources in a language re-018

quires primarily manual methods that cannot scale019

to the pace of language endangerment threaten-020

ing roughly half the world’s 7,100+ languages021

(Eberhard et al., 2025; Seifart et al., 2018) nor to022

the volume of annotated data demanded for high-023

performing natural language processing (NLP)024

models. Even though optimal performance does025

not wholly depend on data set size (Liu and026

Prud’hommeaux, 2022; Palmer, 2009), NLP must027

begin with some amount of annotated data. Unfor-028

tunately for low resource languages, “low resource”029

does not refer just to limited digital language data030

(Liu et al., 2022). Underfunded academic and com-031

munity linguists must budget their resources and032

carefully determine when they have the minimal033

amount of annotated data that will make optimal034

contribution towards their goals. The question then035

is: how much training data should we start with?036

This explores how to determine the minimal opti-037

mal training data size if no annotated data yet exists.038

To this end, we use four computational morphology039

tasks (see 4.1) as the test cases, leveraging docu-040

mentary collections from linguistic fieldwork in six041

Figure 1: Annotating training data for morphology
quickly reaches a point of diminishing returns in terms
of model performance. For morpheme glossing with the
Transformer the minimal optimal training size is about
2,000 tokens. On average across models, languages, and
tasks, the rate of model improvement begins to flatten
as total training size grows to about 5,000 tokens.

diverse endangered languages. We assume that 042

at some point model performance becomes only 043

marginally better than a model trained on less data. 044

At this point, model performance begins to flatten 045

and annotation efforts yield diminishing returns 046

(e.g., the plateauing trends in Figure 1). Adopting 047

an active learning framework (Settles, 2009), we 048

ask: 049

Q1: How quickly do manual annotation efforts 050

yield diminishing returns in terms of model 051

performance? Moreover, in an active learn- 052

ing scenario, what impact does initial size and 053

selection size have on model improvement? 054

Q2: What is the minimal optimal size of training 055

data for morphology? 056

Q3: How might the minimal optimal size be iden- 057

tified by the lexical diversity of training data? 058

Since large scale annotation is cost prohibitive for 059

minority language communities, identifying the 060
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earliest point of diminishing returns–the minimal061

optimal training size–guides field linguists who062

wish to give back to their host language community063

by making optimal contribution to technological064

development in the language.065

2 Related Work066

Investigations into the impact of data size on NLP067

offer little concrete guidance for budgeting manual068

annotation or the optimal initial size when devel-069

oping early digital resources in a new language. If070

novices search the internet, they will find the most071

popular answers are “The more the better!” or “It072

depends”.12 Model performance benefits from lots073

of relevant examples but the ideal number cannot074

be calculated a priori because so many factors can075

determine how many examples are enough. Popu-076

lar guidelines to estimate optimal dataset size are077

premised on the needs of the model, rather than078

on available resources (Dorfman, 2022; gaumu-079

trapremi, 2025). The “10x Rule” considers com-080

puting resources, not available data resources, and081

recommends having 10 times as many training ex-082

amples as parameters. Though correct, these an-083

swers are unhelpful for low-resource languages.084

In low-resource contexts, NLP models and tech-085

niques should adjust to available data, not the086

other way around. Successful adjusted techniques087

include synthetic data augmentation (Silfverberg088

et al., 2017; Bergmanis and Goldwater, 2019; Anas-089

tasopoulos and Neubig, 2019), or cross-lingual090

transfer learning (Baumann and Pierrehumbert,091

2014; Gu et al., 2018), and active learning (Palmer,092

2009). Some research (Vieira et al., 2024; Le Scao093

and Rush, 2021; Debnath et al., 2021) looks not at094

minimal training size, but at the most effective num-095

ber of examples for few-shot prompting, finetuning,096

or transfer learning from multilingual models. For097

example, Vieira et al. (2024) found a minimum098

of 5k examples is optimal for fine-tuning large099

language models (LLMs) for machine translation.100

Unfortunately, transfer learning or fine-tuning can101

yield unreliable results for low-resource languages102

because even the largest multilingual models fall103

far short of representing the world’s language diver-104

sity (Debnath et al., 2021; Costa-Jussà et al., 2022).105

Additionally, such techniques are best applied only106

after some minimal training data exists in the lan-107

1www.quora.com/How-much-data-is-required-for-
machine-learning

2www.geeksforgeeks.org/how-much-data-are-sufficient-
to-train-my-machine-learning-model

guage or a closely related language, which is not 108

the case for many communities. 109

Some work does not assume an initial amount 110

of data exists provide a few insights. Pérez-Mayos 111

et al. (2021) conducted a cost-benefit analysis of 112

unsupervised dataset size on downstream syntactic 113

tasks. Their conclusion simply states “more data 114

is better”. In machine translation Maillard et al. 115

(2023) found that across 39 languages if the data 116

is high quality, then diminishing returns being af- 117

ter 6,000 sentence pairs. High quality data is not 118

always obtainable in documentary settings, where 119

field collections tends to be noisy. This number 120

is close to our findings. Looking at unsupervised 121

learning, Eiselen and Gaustad (2023) found that 122

when applying embedding models to part of speech 123

tagging, morphologically complex languages need 124

substantially more data than languages with sim- 125

pler word structures. This pattern holds fairly 126

well in our experiments, with the polysynthetic 127

languages generally requiring more annotated data. 128

3 Languages and Data 129

Our data sets are extracted from realistic, resource- 130

constrained collections of interlinearized glossed 131

texts (IGTs) compiled by documentary linguists 132

in six low-resource languages and shared for re- 133

search purposes. Table 1 summarizes the original 134

data These IGTs represent some of the only digital 135

resources available in these languages. We do not 136

publish the data on our Github to reduce possible 137

risks to the minority language communities who 138

provided the data. Most the data is publicly avail- 139

able elsewhere or by contacting the authors. We 140

use only locally run models to reduce the risk that 141

the data may be harvested and used for commerical 142

purposes. 143

To create our datasets, we first constructed the 144

test set by randomly extracting 200 morpholog- 145

ically annotated types (unique word forms), af- 146

ter removing punctuation and digits (unless the 147

digits represent phonemes in the writing system). 148

The training sets contain all remaining morpholog- 149

ically annotated tokens (non-unique words) after 150

all copies of the test words were removed. There is 151

no overlap between the training and test sets. This 152

leads to an overestimation of the data because in 153

realistic linguistic fieldwork, naturalistic language 154

will contain many repeated words. We believe it 155

is better to annotate too much data when chances 156

of organizing additional annotation efforts may be 157
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slim. Relevant information and our code is avail-158

able on Github.3159

Batak Alas-Kluet [btz] is an vigorous Austrone-160

sian language spoken by 100,000 people on the In-161

donesian island of Sumatra (Eberhard et al., 2025).162

The selected data is an unpublished corpus from163

the Alas-Kluet dialect and features reduplication,164

infixation, and circumfixation.165

Bonggi [bdg] is a Western Austronesian language166

spoken by some 1,500 people in on Banggi and167

Balambangan islands of Malaysia (Eberhard et al.,168

2025). It morphologically marks nominal case and169

verbal agreement (Boutin, 1996).170

Choctaw [cho] is spoken by less than 10,000 peo-171

ple primarily in Mississippi and Oklahoma. It has172

complex morphology but the orthographic repre-173

sentation in the selected data breaks long words174

into shorter orthographic units (Broadwell, 2006).175

The original documents are in the United States176

National Archive and are available for research pur-177

poses per the usage policy at Oklahoma Historical178

Society (OHS).4 The annotated data can be made179

available upon request.180

Lezgi [lez] (Lezgian) is a Nakh-Daghestanian181

(Northeast Caucasian) language spoken by over182

500,000 speakers in Russia and Azerbaijan (Eber-183

hard et al., 2025). The corpus used is from the184

Qusar dialect in Azerbaijan (Donet, 2014). The185

public parts of the corpus are archived in ELAR186

(The Endangered Languages Archive).5 Lezgi is a187

highly agglutinative language with overwhelmingly188

suffixing morphology (Haspelmath, 1993).189

Natügu [ntu] belongs to the Reefs-Santa Cruz190

group in the Austronesian family. It is spoken by191

about 5,000 people in the Temotu Province of the192

Solomon Islands. It has primarily agglutinative193

morphology with complex verb structures (Næss194

and Boerger, 2008). The selected corpus contains195

transcribed narratives and a large written text.6196

Upper Tanana [tau] (Nee’aaneegn’, Nabesna,197

Tabesna) belongs to the Northern Dene198

(Athabaskan) family. It is an official lan-199

guage of Alaska, spoken in the eastern interior of200

3withheld in review version because it is not anonymized
4gateway.okhistory.org/help/faq/rights
5The direct link is http://hdl.handle.net/2196/

439f3247-66f3-4b76-b5e1-8f07f0d7b5a1
6A Natqgu grammar and much of the text data are available

at https://www.langlxmelanesia.com/tilp

Alaska and has been taught at a school in the one 201

village in the Yukon Territory of Canada. Despite 202

its status, it is critically endangered, with about 100 203

speakers (Lovick, 2020). Its complex morphology 204

features non-continuous lexical, derivational, and 205

inflectional prefixes on verbs. The selected corpus 206

was collected in 2006-2019 in Alaska mostly 207

representing speakers of the Tetlin and Northway 208

dialects. The primary data is preserved at the 209

Alaska Native Language Archive.7 210

4 Experiments 211

4.1 Four morphological tasks 212

Four morphological tasks add crucial information 213

for early scientific documentation of a language 214

and automating the tasks supports technological de- 215

velopment and the creation language maintenance 216

materials. The tasks are: 217

(1) Canonical Morpheme Segmentation (Mott 218

et al., 2020): decomposing a word into its 219

component underlying morphemes 220

input: churches → output: church+s 221

222

(2) Morpheme Glossing (Okabe and Yvon, 223

2023): converting a sequence of compo- 224

nent morphemes to technical translation 225

(glosses)8 226

input: church+s → output: church+PL 227

228

(3) Joint segmentation and glossing (Moeller 229

and Hulden, 2021) treats (1) and (2) as a 230

single task, imitating common practice by 231

linguists. 232

input: churches → 233

output: church#religious.body + s#PL 234

235

(4) Inflection (McCarthy et al., 2019): provid- 236

ing only glosses for the inflectional affixes 237

input: churches → output: PL 238

239

4.2 Models 240

We compare a neural, non-neural, and large lan- 241

guage model (LLM). We focus on the Transformer 242

model because it is expected to give lowest per- 243

formance with the most data. This focus safely 244

7https://www.uaf.edu/anla
83SG← third person singular, PRES← present tense
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Language ISO 639-3 Family Typology Tokens
Alas-Kluet btz Austronesian Agglutinative 3,839
Bonggi bdg Austronesian Non-concatenative 21,616
Choctaw cho Muskogean Agglutinative 7,793
Lezgi lez Nakh-Daghestanian Agglutinative 13,953
Natügu ntu Austronesian Agglutinative 16,544
Upper Tanana tau Athabaskan Polysynthetic 14,099

Table 1: Languages in our study; tokens are non-unique words with morphological annotation.

overestimates the minimal optimal amount of train-245

ing data.246

Transformer. For all settings, we employ the247

Transformer architecture, TRANSFORMER_TINY9,248

from the Python package fairseq. This model ar-249

chitecture has two encoder-decoder layers and two250

self-attention heads. The embedding dimension251

size and that of the feed-forward layer are both 64.252

This is motivated by Liu and Dorr (2024) which253

show TRANSFORMER_TINY to be the most ef-254

fective sequence-to-sequence (seq2seq) model for255

morphological segmentation in low-resource sce-256

narios across 19 typologically distinct languages.257

All models were trained using the default param-258

eters, maintaining consistency across experimen-259

tal settings. All training was performed with an260

NVIDIA A100 GPU with a single CPU core and261

8GB of RAM.262

CRF. As a comparison to the encoder-decoder263

architecture, we adopt conditional random field264

(CRF), a non-neural log-linear model (Lafferty265

et al., 2001) that has been applied to morpholog-266

ical segmentation (Cotterell et al., 2016b), inflec-267

tion (Cotterell et al., 2016a), and glossing (Ok-268

abe and Yvon, 2023). Prior work has shown that269

CRF can perform well for morphological segmen-270

tation (Liu and Dorr, 2024), often the task of in-271

terest was surface segmentation, where the lin-272

ear concatenation of morphemes refers only to273

the orthography. Surface segmentation misses im-274

portant meanings (e.g. that the prefix of the fol-275

lowing words is underlyingly identical: il+legal,276

im+possible, in+complete), as opposed to canon-277

ical segmentation, which ignores surface ortho-278

graphic changes during word formation that may be279

due to phonological processes (e.g. the rendering280

of the plural suffix without the epenthetic e in ex-281

ample (1)). Since our morphological data only con-282

sists of canonical segmentation and since seq2seq283

models have gradually become the default architec-284

9https://fairseq.readthedocs.io/en/latest/
models.html

tures for morphological inflection (Kodner et al., 285

2022), we apply the CRF only to morphological 286

glossing. We employ first-order CRF, which treats 287

glossing as a sequence labeling task: given a se- 288

quence of morphemes in a word, the model predicts 289

each morpheme’s English translation. Our hand- 290

curated feature set includes its character-level and 291

morpheme-level unigrams and bigrams, the linear 292

position of the morpheme in the word, and whether 293

the word itself is monomorphemic. All CRF mod- 294

els are implemented with python-crfsuite using 295

a single CPU core and 8GB of RAM.10 296

LLM. We additionally assess the tasks on 297

llama3 (Dubey et al., 2024), an open-source LLM. 298

We used the ollama package to run llama3-8b 299

locally with an NVIDIA GeForce RTX 2080 Ti, 300

thereby avoiding any potential data contamination 301

that could result from relying on a closed-source 302

model. The LLM system prompt is stated in Ap- 303

pendix B. 304

4.3 Machine-in-the-Loop 305

Machine-in-the-loop methods have been shown to 306

be effective for digital language resources in under- 307

documented languages by leveraging a less accu- 308

rate but still helpful NLP model to assist manual an- 309

notation (Palmer, 2009; Bird and Yibarbuk, 2024; 310

Moeller and Arppe, 2024). We simulate a machine- 311

in-the-loop approach to morphological analysis by 312

applying active learning (AL), which derives better 313

model performance with less training data by select- 314

ing additional batches for manual annotation in in- 315

formed ways (Settles, 2009; Tharwat and Schenck, 316

2023). First, a model is trained on available anno- 317

tated data and used to pre-annotate the remaining 318

unannotated data. Information from the model is 319

assigned to each pre-annotated example and that 320

estimate is used to select a sampling from the data 321

to present to humans experts for manual work. Our 322

selection strategy is least confidence uncertainly 323

sampling (Culotta and McCallum, 2005) which se- 324

10https://python-crfsuite.readthedocs.io/en/
latest/
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lects the N least confident examples based on the325

model’s entropy or marginal probability estimate.326

In our case, the new annotated instances are re-327

trieved and added to training set from the IGT to328

simulate human annotation after each AL cycle.329

To determine the relationship between combined330

training size and model performance, the Trans-331

former and CRF models are trained with different332

initial training sizes ({500, 1,000, 1,500, 2,000,333

2,500}) which represent all annotation efforts be-334

fore the AL process begins. To determine whether335

the model improvement is affected by the number336

of new tokens selected by the least confidence strat-337

egy, different selection sizes ({50, 100, 200}) are338

added to the training set at each AL cycle.11 The339

total training size is the sum of the initial training340

size and selected data from all previous AL iter-341

ations. If the initial training size is 500 and the342

selection size is 200, the initial model is trained on343

500 tokens, the second on 700, and so on.344

LLM. For the pre-trained LLM strategy ap-345

proach, we use a slightly adjusted active learning346

strategy that leverages the MiniLM-L8 embeddings347

with furthest-point sampling (FPS), an explore-only348

batch acquisition function from the botorch pack-349

age (Balandat et al., 2020). This differs from the350

explore-only AL approach with the CRF and trans-351

former models, which leverage the statistical un-352

certainty metrics inherent to their training and eval-353

uation. We use in-context learning (ICL) to present354

llama3-8b with the desired task (eg. morpheme355

glossing) and relevant training examples, and itera-356

tively assess F1 accuracy for each sample in the test357

set. For training dataset sizes consisting of greater358

than 100 examples, we find that the LLM context359

window can easily be exceeded. We therefore use360

retrieval augmented generation (RAG) (Lewis et al.,361

2020) with a MiniLM-L6 embedding model (Wang362

et al., 2020) to select the 100 most relevant training363

examples (according to embedding cosine distance)364

to use for ICL on each test instance. We assess our365

LLM+RAG approach on the morpheme glossing366

task across available languages, with an initial ran-367

domly selected set of 500 samples. We use our FPS368

11The sizes were chosen based on a pilot study that tested
initial training sizes of 50, 100, and 500 tokens and a selec-
tion size of 25 tokens and found that an initial training size
less than 500 is counterproductive. As the total combined
initial+selection size grows past 500, the model performance
can actually be lower compared to a model trained on the
same total tokens but starting with 500 tokens. We chose the
other selection sizes based on what seemed reasonable for an
average person to annotate in an hour or less.

acquisition function to acquire subsequent samples 369

in batches of 200, assessing to a maximum of 2500 370

tokens. Note that the size of the ICL samples re- 371

mains fixed at 100, but the samples provided to 372

the LLM change and improve as more tokens are 373

iteratively acquired. 374

4.4 Optimal minimal training size 375

We hypothesize that for probabilistic supervised 376

models an certain amount of training data exists 377

after which the costs to annotate data are no longer 378

justified because annotation efforts yield diminish- 379

ing in terms of model performance. Correspond- 380

ingly, we define the optimal minimal amount of 381

training data (hereafter, optimal minimal size) as 382

the point where the rate of model improvement 383

starts to decrease as the amount of annotated data 384

increases monotonically. We estimate the optimal 385

minimal size in three steps. First, we plot the train- 386

ing size x for all combinations of initial and se- 387

lection sizes and the corresponding model perfor- 388

mance y. Second, we find the point of maximum 389

curvature in the plotted line, i.e. the “knee”, using 390

the kneefinder12 algorithm, which identifies the 391

point that has the maximum distance from a line 392

passing between the first and last [x, y] coordinates. 393

In reality, the knee is not a single point but an area 394

where the curve begins to flatten. So as the third 395

step, we average the knees across the three selec- 396

tion sizes of each initial size; this average provides 397

a better approximation of the area of maximum 398

curvature since the selection size has minimal im- 399

pact on the [x, y] curvature (see sec. 5.1). We do 400

this for the Transformer and the CRF results. For 401

LLM assessment, we identify knees on the single 402

selection size and acquisition rate. 403

4.5 Data diversity 404

The method of calculating the minimal optimal size 405

described above requires already having more than 406

the minimal optimal size. A more generalizable 407

method would identify the optimal minimal size for 408

any given dataset as annotation efforts are ongoing. 409

In search of such a method, we examine training 410

set diversity with the Transformer and CRF. As a 411

measure of diversity, we adapt a simple measure of 412

lexical diversity, the type to token ratio (TTR). In 413

corpus linguistics, “type” refers to a distinct word 414

form and “token” refers to all word forms in a data 415

set (including duplicates). TTR is calculated by 416

12https://github.com/vlavorini/kneefinder
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dividing the total number of types by the total num-417

ber of tokens and multiplying by 100 to achieve a418

percentage. For example, the TTR of the sentence419

“They saw eye to eye.” is 80% because eye is re-420

peated twice, giving ,000 types in a sentence with421

5 tokens. We calculate the TTR of each combined422

training set after every AL cycle and compare the423

curve trajectories to the model performance trajec-424

tory. We measured TTR on the input and output425

for each task in examples (1)-(4), butthe TTR of426

outputs did not provide useful information, so we427

consider only the TTR of the inputs in 5.4.428

5 Results429

Having compared all combinations of initial and430

selection data sizes in an AL scenario for all four431

tasks and all languages, we present the results and432

discuss each research question.433

5.1 Q1: Annotation yields diminishing returns434

As Figure 1 indicates, annotation efforts rather435

quickly yield diminishing returns in model perfor-436

mance across every language and nearly every task.437

This tendency towards a logarithmic relationship438

(with an upper bound) between data size and model439

performance holds less strongly for inflection and440

for the two smaller datasets. Alas-Kluet [btz] and441

Choctaw [cho] do not seem to contain their opti-442

mal minimal size, particularly for inflection. This443

is more clearly seen with the CRF which tends to444

take longer to show leveling of performance (and445

yields slightly higher peak F1 scores).446

Initial training size With AL, the amount of ini-447

tial training data only seems to impact how quickly448

optimal model performance is reached.For exam-449

ple, starting Alas-Kluet glossing at 500 tokens (and450

a selection size of 100), the model tops out after ten451

AL cycles (1,500 total training tokens). Starting452

with 2000 tokens requires only three iterations to453

reach the same performance, but more total training454

tokens.13455

Selection size Overall, smaller selection size456

have a slight positive impact on the rate of model457

improvement. With the Transformer a selection458

sizes of 50 reaches the highest overall model per-459

formance about 30% of the time and occasionly460

levels out slightly earlier. With the CRF, however,461

the smaller selection sizes almost always achieve462

13Figures showing all settings and training combinations
can be found on our GitHub repository.

Figure 2: All initial training sizes achieve similar model
performance.

best performance and level out earlier (about 65% 463

and 45% of of the experiments, respectively). 464

Figure 3: The rate of model improvement diverges
slightly with the CRF depending on selection size dur-
ing AL but does not impact peak performance.

5.2 Q2: Optimal minimal size is 5k 465

Considering all combined sizes with the Trans- 466

former and CRF, the optimal minimal training size 467

ranges 1,000-12,000 (see Appendix A). The higher 468

amounts are due to larger initial training sizes. The 469

average optimal minimal size is just under 4,000 470

training tokens with the Transformer and around 471

5,000 tokens with the CRF. The non-neural model 472

also yields slightly higher F1 scores which is typi- 473

cal of low-resource settings, unless/until strategies 474

such as data augmentation are applied. Alas-Kluet 475

and Choctaw have datasets smaller than these av- 476

erages and may not contain the optimal minimal 477

size. However, even without those two languages, 478

the average point of diminishing returns from an- 479

notation increases slightly to about 4,500 tokens 480

(Transformer) and 6,000 (CRF) tokens. Overall, 481
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Figure 4: Llama3-8b performance on morpheme gloss-
ing with active learning selection and retrieval of rele-
vant examples for ICL. Red points show the approxi-
mate region where a knee may be located.

the average optimal minimal training size is about482

5,000 tokens.483

5.3 Q1 & Q2: LLM results484

Based on preliminary assessments with our pre-485

trained LLM, we find that for most languages the486

peak F1 score is significantly higher than the sta-487

tistical or fine-tuned transformer strategies. Figure488

4 shows the F1 scores across languages for the489

morpheme glossing task, ranging in dataset size490

between 500 and 2500 labeled tokens. Natügu491

is a notable exception, with F1 score peaking at492

around 0.78 for the Transformer model but at only493

around 0.40 for the LLM. We also find that, ac-494

cording to the kneefinder algorithm, the data size495

at the point of diminishing returns may be far less496

than 5,000 tokens for the morpheme glossing task.497

This is especially the case for Choctaw, where the498

pre-trained LLM appears saturated at an F1 score499

of around 0.95 after being provided only 700 la-500

beled tokens. While the Transformer model also501

peaks at around 700 labelled tokens for the mor-502

pheme glossing task, the F1 score remains at only503

0.35. In future efforts, we will assess the pre-504

trained LLM across additional tasks (segmentation505

and inflection) with larger data sizes to determine506

whether, for languages like Bonggi and Lezgi, the507

pre-trained LLM reaches a point of diminishing508

returns at a later point.509

5.4 Q3: TTR indicates optimal training size510

After examining changes in data diversity, we find511

that raw measures of TTR is a useful proxy for op-512

timal minimal size with the Transformer and CRF.513

Each task follows a unique pattern of TTR change514

Figure 5: Average TTR scores at point of performance
plateauing suggest a raw TTR score of 50% or below
indicates the minimal optimal training size is reached.

before showing a final steady decline and the pat- 515

terns hold across languages and models. Except for 516

segmentation, however, these patterns are not reli- 517

able indicators of optimal minimal size. However, 518

raw TTR score is a reasonably reliable indicator 519

that one approaching the optimal minimal size of 520

any given dataset because this size has a very strong 521

tendency to when the TTR score declines to 50% 522

or less especially in the larger datasets, as can be 523

seen in Figure 5. These tendency is more obvious 524

after eliminating the two smallest datasets. 525

6 Conclusion 526

This work ascertains the minimum amount of la- 527

beled low-resource language data that ought to be 528

acquired manually before expecting statistical, neu- 529

ral, and large language models to provide optimal 530

linguistic assistance. Applying active learning to 531

four morphology tasks in six diverse low-resource 532

languages and using available annotated documen- 533

tary data, we compare model performance of CRF, 534

Transformer, and llama3. We find that the average 535

minimal optimal training size is about 5,000 words. 536

Our work suggests that raw TTR scores of 50% or 537

less can indicate when the optimal minimal size 538

has been reached during the AL process. 539

A note on Choctaw and Alas-Kluet: The two 540

data sets under 10k available tokens reached per- 541

formance plateau more quickly than the larger data 542

sets with the Transformer or not all with the CRF. 543

We conclude that 2-3,000 training tokens is not 544

enough even though we see a leveling of model 545

performance in those datasets. They showed less 546

clear correlation between TTR scores and optimal 547

minimal size. The larger datasets, on the other 548
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hand, peaked fairly consistently shortly after 4,000549

(Transformer) or 6,000 (CRF) training tokens and550

did not show marked increase even after another551

10 thousand tokens.552

Interestingly, 5,000 tokens corresponds nicely553

with the size of two IGT collections (btz and lez)554

created by graduate student language documenta-555

tion projects. (Lezgi’s annotation has since ex-556

panded.) Although too small to be conclusive we557

tentatively conclude that early documentary efforts558

may be producing the minimal optimal training559

data needed to support initial NLP development.560

We also recommend starting with an initial size of561

500 and using an active learning approach with a562

smaller selection size of 50 or 100. We acknowl-563

edge smaller selection batches demands more fre-564

quent computing time and other logistical matters565

which could slow the journey to optimal perfor-566

mance. In realistic scenarios, the practicality of567

frequent retraining should be considered.568

This paper does not answer a related question,569

namely “When with AI be useful for my language?”570

An optimal trade-off between data size and model571

performance does mean the model is yet useful.572

At this point we suggest academic and community573

linguist should cease annotation efforts and seek574

collaboration with experts in low-resource NLP.575

Our ongoing work is evaluating when a models576

becomes useful as an annotation assistant.577

Limitations578

Due to time constraints we were not able to run579

k-fold or average across random seeds. This means580

the numbers and scores may not hold well as an581

average performance. We were also not able to run582

the pre-trained LLM for larger dataset sizes and583

across segmentation and inflection tasks. Although584

the set of languages is diverse in morphological,585

geographical, and genealogical categories, six is586

a small number of languages. The conclusions587

we draw should be tested further on other realistic588

documentary field data.589
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850
Table 2: The minimal optimal sizes for all four tasks with the Transformer; the minimal optimal size for

each initial training size is the average of the knees (point of maximum curvature of plotted f1
scores) across all three selection sizes.

Alas-Kluet btz morpheme segmentation 500 1666

Alas-Kluet btz morpheme segmentation 1000 1833

Alas-Kluet btz morpheme segmentation 1500 2333

Alas-Kluet btz morpheme segmentation 2000 2400

Alas-Kluet btz morpheme segmentation 2500 2700

Alas-Kluet btz morpheme glossing 500 1450

Alas-Kluet btz morpheme glossing 1000 1750

Alas-Kluet btz morpheme glossing 1500 2000

Alas-Kluet btz morpheme glossing 2000 2383

Alas-Kluet btz morpheme glossing 2500 2633

Alas-Kluet btz joint segmentation & glossing 500 1566

Alas-Kluet btz joint segmentation & glossing 1000 1866

Alas-Kluet btz joint segmentation & glossing 1500 2350

Alas-Kluet btz joint segmentation & glossing 2000 2583

Alas-Kluet btz joint segmentation & glossing 2500 2750

Alas-Kluet btz inflection 500 1500

Alas-Kluet btz inflection 1000 1666

Alas-Kluet btz inflection 1500 2100

Alas-Kluet btz inflection 2000 2500

Alas-Kluet btz inflection 2500 2750

Bonggi bdg morpheme segmentation 500 6583

Bonggi bdg morpheme segmentation 1000 6283

Bonggi bdg morpheme segmentation 1500 6300

Bonggi bdg morpheme segmentation 2000 6033

Bonggi bdg morpheme segmentation 2500 6200

Bonggi bdg morpheme glossing 500 3316

Bonggi bdg morpheme glossing 1000 3383

Bonggi bdg morpheme glossing 1500 3450

Bonggi bdg morpheme glossing 2000 3966

Bonggi bdg morpheme glossing 2500 4583

Bonggi bdg inflection 500 4116

Bonggi bdg inflection 1000 3200

Bonggi bdg inflection 1500 4083

Bonggi bdg inflection 2000 6000

Language ISO 639-3 Task Initial Size Optimal Size

Continued on next page851
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Table 2: The minimal optimal sizes for all four tasks with the Transformer; the minimal optimal size for
each initial training size is the average of the knees (point of maximum curvature of plotted f1
scores) across all three selection sizes. (Continued)

Bonggi bdg inflection 2500 6050

Bonggi bdg joint segmentation & glossing 500 6583

Bonggi bdg joint segmentation & glossing 1000 6316

Bonggi bdg joint segmentation & glossing 1500 7016

Bonggi bdg joint segmentation & glossing 2000 6366

Bonggi bdg joint segmentation & glossing 2500 5750

Choctaw cho morpheme segmentation 500 2816

Choctaw cho morpheme segmentation 1000 3233

Choctaw cho morpheme segmentation 1500 3766

Choctaw cho morpheme segmentation 2000 3833

Choctaw cho morpheme segmentation 2500 4550

Choctaw cho morpheme glossing 500 1016

Choctaw cho morpheme glossing 1000 1333

Choctaw cho morpheme glossing 1500 1783

Choctaw cho morpheme glossing 2000 2116

Choctaw cho morpheme glossing 2500 2716

Choctaw cho joint segmentation & glossing 500 1383

Choctaw cho joint segmentation & glossing 1000 1450

Choctaw cho joint segmentation & glossing 1500 2116

Choctaw cho joint segmentation & glossing 2000 2333

Choctaw cho joint segmentation & glossing 2500 2716

Choctaw cho inflection 500 966

Choctaw cho inflection 1000 1383

Choctaw cho inflection 1500 2216

Choctaw cho inflection 2000 2316

Choctaw cho inflection 2500 2750

Lezgi lez morpheme segmentation 500 5483

Lezgi lez morpheme segmentation 1000 5583

Lezgi lez morpheme segmentation 1500 5250

Lezgi lez morpheme segmentation 2000 5583

Lezgi lez morpheme segmentation 2500 5950

Lezgi lez morpheme glossing 500 2700

Lezgi lez morpheme glossing 1000 2966

Lezgi lez morpheme glossing 1500 3000

Language ISO 639-3 Task Initial Size Optimal Size

Continued on next page 852
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Table 2: The minimal optimal sizes for all four tasks with the Transformer; the minimal optimal size for
each initial training size is the average of the knees (point of maximum curvature of plotted f1
scores) across all three selection sizes. (Continued)

Lezgi lez morpheme glossing 2000 3316

Lezgi lez morpheme glossing 2500 3783

Lezgi lez joint segmentation & glossing 500 4416

Lezgi lez joint segmentation & glossing 1000 4450

Lezgi lez joint segmentation & glossing 1500 4416

Lezgi lez joint segmentation & glossing 2000 4600

Lezgi lez joint segmentation & glossing 2500 4483

Lezgi lez inflection 500 3300

Lezgi lez inflection 1000 2566

Lezgi lez inflection 1500 2850

Lezgi lez inflection 2000 4016

Lezgi lez inflection 2500 4033

Natügu ntu morpheme segmentation 500 5700

Natügu ntu morpheme segmentation 1000 5950

Natügu ntu morpheme segmentation 1500 5566

Natügu ntu morpheme segmentation 2000 6000

Natügu ntu morpheme segmentation 2500 6083

Natügu ntu morpheme glossing 500 2516

Natügu ntu morpheme glossing 1000 3350

Natügu ntu morpheme glossing 1500 3633

Natügu ntu morpheme glossing 2000 3933

Natügu ntu morpheme glossing 2500 4683

Natügu ntu joint segmentation & glossing 500 5233

Natügu ntu joint segmentation & glossing 1000 5300

Natügu ntu joint segmentation & glossing 1500 4683

Natügu ntu joint segmentation & glossing 2000 5050

Natügu ntu joint segmentation & glossing 2500 5383

Natügu ntu inflection 500 3483

Natügu ntu inflection 1000 4533

Natügu ntu inflection 1500 5200

Natügu ntu inflection 2000 5283

Natügu ntu inflection 2500 5433

Upper Tanana tau morpheme segmentation 500 5716

Upper Tanana tau morpheme segmentation 1000 5616

Language ISO 639-3 Task Initial Size Optimal Size

Continued on next page853
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Table 2: The minimal optimal sizes for all four tasks with the Transformer; the minimal optimal size for
each initial training size is the average of the knees (point of maximum curvature of plotted f1
scores) across all three selection sizes. (Continued)

Upper Tanana tau morpheme segmentation 1500 5933

Upper Tanana tau morpheme segmentation 2000 5883

Upper Tanana tau morpheme segmentation 2500 5400

Upper Tanana tau morpheme glossing 500 3116

Upper Tanana tau morpheme glossing 1000 3066

Upper Tanana tau morpheme glossing 1500 3400

Upper Tanana tau morpheme glossing 2000 3383

Upper Tanana tau morpheme glossing 2500 4050

Upper Tanana tau joint segmentation & glossing 500 4083

Upper Tanana tau joint segmentation & glossing 1000 4616

Upper Tanana tau joint segmentation & glossing 1500 4066

Upper Tanana tau joint segmentation & glossing 2000 4483

Upper Tanana tau joint segmentation & glossing 2500 4766

Upper Tanana tau inflection 500 3600

Upper Tanana tau inflection 1000 2883

Upper Tanana tau inflection 1500 3266

Upper Tanana tau inflection 2000 3983

Upper Tanana tau inflection 2500 4633

Language ISO 639-3 Task Initial Size Optimal Size
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B LLM Prompting855

The llama3 system prompt is provided as follows,856

with curly braces representing where the language,857

task, and input/output pairs are specified.858

You are a linguist specializing in the language859

{language}. You are given words and tasked with860

{task}. Here is a training set of {N} word inputs861

(left) and their expected {task} outputs (right):862

{input A} {output A}863

{input B} {output B}864

...865

Now, I will give you a list of words. For each866

word, provide only the {task} output on a separate867

line, in the same order as the input words. Do not868

include the input words in your response. Output869

one result only. It is absolutely critical that you870

only return the output, no other text or formatting.871
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