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Abstract

Active learning (AL) is a training paradigm001
for selecting unlabeled samples for annotation002
to improve model performance on a test set,003
which is useful when only a limited number of004
samples can be annotated. These algorithms of-005
ten work by optimizing for the informativeness006
and diversity of the training data to be anno-007
tated. Recent work found that AL strategies008
fail to outperform random sampling on various009
language generation tasks when using 100-500010
samples. To understand AL’s poor performance011
when only using few samples, we investigate012
whether the core assumptions underlying AL013
strategies hold. We find that neither the in-014
formativeness nor diversity of the training data,015
which AL strategies optimize for, are correlated016
with test set performance. Instead, factors like017
the ordering of the training samples and interac-018
tions with pre-training data have a larger impact019
on performance. This suggests that future AL020
methods must take these factors into account in021
order to work with very few samples.022

1 Introduction023

Active learning (AL) is a training paradigm used to024

select unlabeled data to annotate and train on, given025

a specific budget (Cohn et al., 1996), which is use-026

ful when annotation resources are constrained. This027

has successfully been applied to machine transla-028

tion (MT) for low-resource scenarios (Zeng et al.,029

2019; Zhao et al., 2020; Mohiuddin et al., 2022;030

Chimoto and Bassett, 2022). However, when anno-031

tation budgets are very limited (100-500 samples),032

AL strategies were found to be ineffective (Perlitz033

et al., 2023), meaning that fine-tuning (FT) on data034

selected by AL fails to yield better test set perfor-035

mance than randomly selected data.036

To understand the poor performance of AL in the037

low-data scenario, we study whether the assump-038

tions that underlie various AL methods still hold039

when using very little data. We focus our analy-040

ses on MT, which is a suitable use case for AL as041

evidenced by the aforementioned work. The core 042

assumption of many methods is that selecting and 043

training on either more informative or diverse data 044

should lead to better test performance (Perlitz et al., 045

2023). As such, informativeness strategies work 046

by selecting data which the model exhibits high 047

uncertainty on, which is a proxy for how much 048

information the model gains by being fine-tuned 049

on this data. This assumes that choosing the data 050

which provides the most information will yield the 051

largest gains in test performance. In contrast, di- 052

versity strategies choose the samples which least 053

resemble the current training data. This assumes 054

that models perform poorly on samples it has not 055

seen in training, and will benefit most from being 056

trained on these novel samples, as these should im- 057

prove performance on similar samples in the test 058

set. In practice, a combination of both are used. 059

In this paper, we validate whether selecting and 060

fine-tuning on data that is more informative or di- 061

verse, which AL methods aim to do, is actually 062

associated with better test set performance on MT 063

tasks. Then, we explore other factors that affect 064

performance in low-data scenarios, to motivate new 065

methods that take these into account. 066

First, we find that for MT tasks, the assumption 067

that training on more informative and diverse data 068

yields better test performance does not hold. By 069

fine-tuning on multiple subsets of data, we find 070

that neither the informativeness nor diversity of the 071

training data is strongly correlated with model per- 072

formance. We test the implicit assumption made by 073

these AL strategies, that model performance ben- 074

efits most from training on the samples which the 075

model performs poorly on. We find that AL strate- 076

gies pick unlabeled samples which model does not 077

do well on, whereas models actually achieve better 078

test performance using unlabeled samples which 079

the model already performs reasonably well on. 080

Second, we find that when using very few sam- 081

ples, the ordering of the samples in fine-tuning and 082
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the pre-training data have a larger impact on per-083

formance than factors like data informativeness or084

diversity which AL optimizes for. In particular,085

we find that the ordering of the samples accounts086

for more of the variance in performance than the087

content of the samples themselves. We further an-088

alyze this qualitatively with a case study on an089

English-Filipino MT dataset, where we observe090

that the model is sometimes able to correctly trans-091

late words not present in the training data, which092

suggests that the model is using knowledge from093

pre-training. Conversely, models are often unable094

to utilize the correct vocabulary at test time even095

after seeing them in the training data. Ultimately,096

these demonstrate that in low data scenarios, other097

factors may be as, if not more important that the098

actual training data towards test performance.099

In summary, we ask RQ1: Is the AL assump-100

tion that training on more informative or di-101

verse data yields better performance true in the102

low data scenario for MT tasks? RQ2: What103

other factors impact performance in the low104

data scenario? Our findings suggest that in sce-105

narios where very little data (100-500 samples) is106

available, the characteristics of training data opti-107

mized for by AL strategies do not meaningfully108

correlate with performance. This motivates the109

need for new methods that use other heuristics for110

the low data regime, or further exploration into how111

learning occurs with very few samples.112

2 Related Work113

Active Learning Active learning (AL) is a train-114

ing paradigm where data is iteratively selected, an-115

notated, and added to the training pool from a set of116

unlabeled candidates (Cohn et al., 1996). AL has117

been used to efficiently select subsets that achieve118

better performance than random sampling on image119

(Kirsch et al., 2019; LaBonte et al., 2022; Gal and120

Ghahramani, 2016) and text classification (Zhang121

et al., 2017; Ein-Dor et al., 2020; Prabhu et al.,122

2019; Siddhant and Lipton, 2018) tasks. However,123

Perlitz et al. (2023) found that AL strategies did not124

outperform a random baseline for generation tasks125

when choosing 100-500 samples. This may hinder126

the use of AL in machine translation (MT) for low-127

resource settings, where reducing annotation costs128

would be most beneficial, as specialized annotation129

can cost up to $5 USD/sentence (Labs, 2025). We130

analyze the systematic underperformance, to better131

understand AL in the very low-resource setting.132

Acquisition Functions Work in AL often fo- 133

cuses on the acquisition function – the strategy 134

for selecting samples. According to Zhang et al. 135

(2022) there are two broad categories: Diversity 136

strategies maximize the diversity of the training 137

examples selected, measured using word-based 138

(Zhao et al., 2020; Zeng et al., 2019) or embedding- 139

based (Sener and Savarese, 2018) metrics. Uncer- 140

tainty/Informativeness strategies choose samples 141

which the model is most uncertain about and, thus, 142

from which the model is assumed to learn the most 143

information. These use token probability or entropy 144

(Zhao et al., 2020; Mohiuddin et al., 2022), vari- 145

ance in model responses (Gal et al., 2017; Schmidt 146

et al., 2022; Liu and Yu, 2023; Zeng et al., 2019), 147

or predicted quality scores (Chimoto and Bassett, 148

2022). In our work, we validate the effectiveness of 149

these strategies in MT and analyze the relationship 150

between these metrics and model performance. 151

3 Analysis Setup 152

We explain the AL framework whose performance 153

we test in the following section, and the acquisition 154

functions used by informativeness and diversity 155

strategies. We provide experimental details for the 156

analyses in the next sections. 157

3.1 Active Learning Set-Up 158

Algorithm At each iteration, we choose a subset 159

Si from an unlabeled dataset D using acquisition 160

function faq, label it, and fine-tune a model θ on 161

it, with the goal of maximizing test performance 162

(Algorithm 1), using b = 100, 500 samples. 163

Algorithm 1 Active Learning Framework

Require:
D (Unlabeled Dataset), θ (Language Model)
b (Budget per Round), n (Num Rounds)
faq (Acquisition Function)
for i← 1 to n do

for j ← 1 to |D| do
scorej ← faq(Dj , θ)

end for
Si ← argmaxI⊂{1,··· ,n}:|I|=b

∑
i∈I scorei

Label Si
Finetune θ on Si
D ← D\Si

end for

Acquisition Functions We select the samples us- 164

ing various informativeness and diversity strategies. 165
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We provide the relevant equations in Appendix A.166

Baselines At each AL iteration, we randomly167

sample b samples from the unlabeled data168

Informativeness Strategies These measure the169

model’s uncertainty in its prediction, quantified by:170

MEAN TOKEN PROBABILITY (MEAN PROB)171

Lowest mean token prob (Zablotskaia et al., 2023)172

MEAN TOKEN ENTROPY (MEAN ENT) Highest173

mean token entropy (Perlitz et al., 2023; Zhao et al.,174

2020)175

BALD Highest BALD score, which aims to mea-176

sure epistemic uncertainty using the difference be-177

tween the predition’s entropy and the expected en-178

tropy over sampled model parameters (Houlsby179

et al., 2011; Kirsch et al., 2019; Gal et al., 2017)180

LEXICAL SIMILARITY (LEX SIM) Lowest sim-181

ilarity between outputs sampled using dropout182

(Schmidt et al., 2022), where similarity is measured183

using METEOR (Banerjee and Lavie, 2005)184

Diversity Strategies These select the most di-185

verse set of samples, with diversity measured by:186

DELFY Highest DelFy, which measures total187

rarity of the words in a sample, by comparing how188

frequently the words appear with respect to both the189

labeled and unlabeled corpora (Zhao et al., 2020)190

CORE SET Highest L2 distance between the em-191

bedding of a given sample and the embedding of192

the closest sample in the training set (Sener and193

Savarese, 2018; Perlitz et al., 2023)194

3.2 Experimental Details195

Models We test Flan-T5 Base (Chung et al.,196

2022), Llama 3.1-8B (Grattafiori et al., 2024), and197

Gemma-2-2B (IT) (Team et al., 2024).198

Datasets We use language pairs from NLLB199

(Team et al., 2022): English-Afrikaans (Eng-Afr),200

English-German (Eng-Ger), and English-Filipino201

(Eng-Fil) for fine-tuning; we sample 10K sentence202

pairs for the unlabeled set. We use FLORES Plus203

(NLLB Team et al., 2024) as our test set.204

Evaluation In all analyses, we use the average205

ChrF+ score (Popović, 2017), which is a character-206

level F1 score shown to correlate well with human207

ratings in translation tasks, over the test set.208

4 RQ1: Testing core AL assumptions in209

the low data scenario for MT tasks210

In this section, we first check whether AL indeed211

underperforms random sampling in the low-data212

regime for MT, as this was the motivation for test- 213

ing the subsequent assumptions. We then describe 214

and test two assumptions made by AL strategies. 215

4.1 Validating AL Performance 216

We test AL on MT using only b = 100, 500 sam- 217

ples, to check if the findings of Perlitz et al. (2023) 218

for AL in the low-data regime apply to MT. 219

Result AL strategies fail to outperform random 220

sampling when using b = 100, 500 samples. Table 221

1 shows that an AL strategy outperforms random 222

sampling in only 7/54 configurations, and even 223

then, only by margins of <1.99 ChrF points.1 The 224

findings are similar for b = 500 (Appendix E). 225

4.2 Testing Association of Data Diversity and 226

Informativeness to Test Performance 227

We test the AL assumption that training on more 228

informative/diverse data is associated with better 229

test performance (Assumption 1). 230

Method We compute the correlation between the 231

informativeness/diversity of a sample of training 232

data, and the test set performance of the model 233

fine-tuned on it. To do this, we first sample 100 234

subsets with 100 samples each from the unlabeled 235

set. For each subset, we finetune a model with early 236

stopping, and evaluate on the test set. 237

Then, we measure the informativeness/diversity 238

of the training data using different AL metrics. 239

For informativeness metrics, we compute met- 240

rics by sample, then average over the dataset. We 241

compute average token probability and entropy 242

(Zhao et al., 2020), lexical similarity (Schmidt 243

et al., 2022), and BALD score (Gal et al., 2017) 244

(Appendix A.2). We test other uncertainty quantifi- 245

cation metrics developed to estimate epistemic un- 246

certainty for language generation models, namely 247

the weighted average of the average token probabil- 248

ities of the top k beams (Malinin and Gales, 2021), 249

the ratio between the sequence probabilities of the 250

top vs. k-th beam (Flores et al., 2025), and the KL 251

divergence between outputs sampled with dropout 252

(Lakshminarayanan et al., 2017). 253

For diversity metrics, we compute (1) DelFy 254

(Zhao et al., 2020) - a word frequency metric with a 255

penalty for previously seen words, (2) L2 Distance 256

(Ni et al., 2022; Sener and Savarese, 2018) - the 257

1We do not apply multiple testing correction for p-values,
because if we did, the results would automatically be non-
significant since we only use three samples. Hence, the re-
ported significance results should be interpreted with caution
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Flan-T5 Llama 3.1 Gemma 2

Eng-Afr Eng-Ger Eng-Fil Eng-Afr Eng-Ger Eng-Fil Eng-Afr Eng-Ger Eng-Fil

BALD 7.23 ± 1.8 42.72 ± 0.4 19.8 ± 11.3 *68.29 ± 0.2 74.18 ± 0.6 *64.52 ± 0.2 *60.04 ± 0.3 68.58 ± 0.4 59.13 ± 0.6
Core Set 5.03 ± 2.0 43.18 ± 0.6 22.9 ± 6.5 *68.51 ± 0.4 74.61 ± 0.2 63.85 ± 0.2 58.28 ± 1.2 68.33 ± 0.7 59.04 ± 0.3
DelFy 3.47 ± 0.7 42.10 ± 1.4 27.3 ± 4.0 67.91 ± 0.3 *74.90 ± 0.1 63.31 ± 0.3 *59.10 ± 0.4 68.42 ± 0.3 58.18 ± 0.6
Lex. Sim 8.38 ± 0.9 41.14 ± 0.3 20.3 ± 9.8 67.54 ± 0.1 74.69 ± 0.0 0 ± 0 57.01 ± 0.1 68.33 ± 0.2 58.05 ± 0.7
Mean Ent 5.82 ± 1.4 42.81 ± 0.8 18.7 ± 1.5 67.08 ± 1.3 74.53 ± 0.2 63.21 ± 0.1 59.50 ± 0.9 68.27 ± 0.3 59.13 ± 0.8
Mean Prob 8.37 ± 3.1 42.24 ± 0.6 22.6 ± 8.5 66.95 ± 1.3 74.44 ± 0.2 63.26 ± 0.1 *59.12 ± 0.6 67.83 ± 0.2 59.38 ± 0.5
Random 7.28 ± 2.5 42.46 ± 0.7 31.2 ± 2.0 67.74 ± 0.1 74.56 ± 0.0 63.70 ± 0.4 58.05 ± 0.4 68.20 ± 0.7 58.32 ± 0.7

Table 1: Various AL baselines fail to outperform random sampling when using b = 100 samples (reporting test set
ChrF score across three seeds), * indicates significant difference from random (one-way Mann-Whitney, α = 0.05)

average L2 distance of training examples from the258

center2, and (3) the number of unique vocabulary259

words in the train set (Appendix A.1).260

We then compute the Spearman correlation be-261

tween the AL metrics and test set performance, to262

check how associated the informativeness or diver-263

sity of the training data is with test performance.264

Finally, we study how much of the variance in265

test set performance is explained by the informa-266

tiveness or diversity of the training data. We regress267

the test performance jointly on the metrics above268

using ordinary least squares and report the R2.269

Result Overall, we find that assumption 1 does270

not hold in the low data scenario. As shown in271

Table 2, the informativeness of the training data272

is only weakly positively, or even negatively cor-273

related with performance. Diversity metrics for274

the training data show higher correlations but only275

achieve <29%, with only one correlation being sig-276

nificantly different from zero (α = 0.05, Bonfer-277

roni correction) across all models and datasets.278

Figure 1: Fine-tuning on different subsets of the data
yields considerable variance in test set performance;
Plotted using 100 subsets with 100 samples each

2Computed with the hidden state of the encoder’s last layer;
Center is the average embedding over the training examples

While there is wide variance in test performance 279

across subsets (See Figure 1), this is only weakly 280

explained by AL metrics. Informativeness and di- 281

versity metrics jointly explain only between 5.1% 282

to 15.0% of the total variance in performance when 283

(100 samples), and 2.9 to 19.7% (500 samples). 284

This suggests that AL metrics only loosely deter- 285

mine performance, and challenges the core assump- 286

tion of AL that optimizing for these metrics of infor- 287

mativeness or diversity yield better performance. 288

4.3 Testing Impact of Fine-Tuning on Samples 289

that Models Perform Poorly On 290

We test the assumption that model performance 291

benefits most from training on samples which the 292

model performs poorly on (Assumption 2). 293

Method We first study which samples AL strate- 294

gies choose; in particular, we study if they choose 295

samples which the models perform well on or 296

poorly on. We take the pre-trained model and 297

generate its predictions for all the samples in the 298

unlabeled set. We then identify which of these sam- 299

ples were chosen by each AL strategy, and plot the 300

model’s performance pre-SFT on those samples. 301

We then study which samples language mod- 302

els benefit most from being trained on. We sort 303

unlabeled candidates by difficulty (measured us- 304

ing the pre-SFT model’s performance), then divide 305

them into deciles - the top decile contains samples 306

the pre-SFT model performs very well on, and the 307

lowest decile contains those the model performs 308

worst on. We sample and fine-tune models on 500 309

unlabeled candidates from each decile. 310

Result First, we observe that AL strategies in- 311

deed choose samples which the model performs 312

poorly or mediocrely on (Figure 2). In both plots, 313

the distribution of the entire dataset (Full) spans 0 314

to 100 ChrF points, but most AL strategies largely 315

pick samples between the 10 to 60 point range. 316
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Flan-T5 Llama 3.1 Gemma 2

Eng-Afr Eng-Ger Eng-Fil Eng-Afr Eng-Ger Eng-Fil Eng-Afr Eng-Ger Eng-Fil
D

iv
er

si
ty Vocabulary Size -0.0420 0.0438 0.0162 0.0121 0.0153 -0.0802 -0.0131 -0.0214 0.117

DelFy (Source) 0.1256 -0.0521 0.0267 -0.0960 0.1124 0.0724 -0.0145 0.0086 -0.2071
DelFy (Target) *0.2924 -0.0819 0.1646 -0.0781 -0.0301 0.0622 0.0459 -0.0479 0.0721

L2 Distance -0.0454 0.0693 0.0002 0.0243 0.1683 -0.0300 -0.0366 0.0878 0.1018

In
fo

rm
at

iv
en

es
s

Avg Token Ent -0.0012 -0.0589 -0.1143 0.0237 0.0746 0.0461 -0.1482 0.0855 0.0487
Avg Token Prob -0.0234 0.0756 0.1751 -0.0146 -0.0570 -0.0680 0.1312 -0.0892 -0.0384

BS Wt Avg -0.0373 0.0489 0.0296 -0.0536 -0.0845 -0.0435 0.1462 -0.0811 -0.0805
BS Ratio -0.0009 0.0944 0.1038 0.2333 -0.0387 -0.0812 0.1267 0.0168 -0.0558

BALD -0.0041 0.0104 0.0702 0.0363 -0.0851 0.0652 0.0025 -0.0507 0.0902
DO KL Div 0.0073 -0.0024 0.0422 0.0707 -0.0957 0.1042 -0.1063 -0.0083 -0.1528

DO Lexical Sim 0.0089 -0.0544 -0.0813 0.0153 0.0274 0.0705 0.0464 -0.0201 -0.0165

R2 0.077 0.049 0.141 0.100 0.075 0.092 0.097 0.051 0.150

Table 2: Spearman correlation between AL metrics and model performance with 100 samples for training (Test Set
ChrF), * displayed for correlations significantly different from zero (α = 0.05 with Bonferroni correction)

Figure 2: Pre-SFT model performance on the samples chosen by AL strategies for Gemma-2 on Eng-Afr (left) and
Eng-Fil (right) shows that AL strategies tend to choose samples which the model performs poorly or mediocrely on

We then study which data yields the best test317

set performance, when fine-tuning models with318

varying degrees of difficulty. We observe in Figure319

3 that models achieve better test set performance320

when being fine-tuned on samples which the model321

already performed well or mostly well on, with322

the trends appearing more pronounced when using323

more samples (Fig 7). This echoes the findings324

of Swayamdipta et al. (2020), who found that in325

the classification setting, fine-tuning on data which326

the model could classify correctly most or all of327

the time across training epochs yielded the most328

performance gains. This challenges assumption329

2, illustrating the mismatch between what data AL330

strategies pick and what data actually benefits a331

model’s test set performance.332

5 RQ2: Impact of FT sample order and 333

pre-training data on performance 334

Since the data’s diversity and informativeness did 335

not explain the variance in performance, we turn 336

our attention to other sources of the observed vari- 337

ation. In this section, we identify other factors 338

that strongly impact performance, which may have 339

dwarfed the relationship with diversity and infor- 340

mativeness which AL methods rely on. 341

5.1 Impact of Ordering of FT Samples 342

In the previous section, we found that using differ- 343

ent subsets of the training data yielded considerable 344

differences in test performance. However, the char- 345

acteristics of the training data (i.e. diversity, infor- 346

mativeness) was unable to explain the differences 347

in performance. If the training data did not explain 348

performance, we study if the order of the samples 349

in FT explains the performance differences. 350
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Figure 3: Test set ChrF+ (FLORES Plus) when fine-tuning models on unlabeled data (NLLB) with varying degrees
of difficulty (using 500 unlabeled samples, 3 seeds, difficulty measured using pre-SFT model performance)

Method To compute the proportion of variance351

in test performance attributed to the ordering of the352

samples in FT vs. the samples themselves, we de-353

compose the overall variance as follows, where G354

is the set of sampled subsets, each with N shuffles355

of the same data, pi,j is the performance (ChrF+356

score) from the i-th subset with the j-th ordering,357

p̄i is the average performance for group i, and p̄ is358

the average performance across all samples.359

1

NG

∑
i∈G

N∑
j=1

(pi,j − p̄)2︸ ︷︷ ︸
Total Variance

=360

1

NG

∑
i∈G

N∑
j=1

(pi,j − p̄i)
2

︸ ︷︷ ︸
Variance within Groups

(from Ordering)

+
1

G

∑
i∈G

(p̄i − p̄)2︸ ︷︷ ︸
Variance between Groups

(from Sampling)

361

To compute this, we sample G = 10 subsets of362

the data, and for each subset, fine-tune models with363

N = 10 different seeds, which we verify shuffles364

the data differently (total 100 models). We use the365

equation above to compute the proportion of total366

variance attributed to ordering.367

Result As shown in Table 3, we observe a large368

variance in performance from shuffling the data. In369

fact, ordering accounts for between 53% to 90%370

of the variance in performance when using 100 371

samples, and 65% to 94% when using 500 samples. 372

Flan-T5 Llama 3.1 Gemma 2

Eng-Afr 0.81 0.71 0.80
Eng-Ger 0.83 0.81 0.53
Eng-Fil 0.75 0.90 0.71

Eng-Afr 0.79 0.92 0.84
Eng-Ger 0.81 0.94 0.65
Eng-Fil 0.93 0.80 0.80

Table 3: Proportion of variance in ChrF from ordering
using 100 (top) and 500 (bottom) samples, computed
using ten shuffles of ten subsets of data (100 total)

5.2 Case Study 373

While the results demonstrate the importance of 374

sample order on model performance, it is unclear 375

why some orderings of the data perform better than 376

others. One possibility is that models learn better 377

when samples are presented in increasing difficulty, 378

informativeness, vocabulary diversity, or sample 379

length, as found by previous work in curriculum 380

learning (Platanios et al., 2019; Wan et al., 2020). 381

However, we find no strong evidence of this in our 382

setting. As such, we perform a qualitative analysis 383

across different orderings for one dataset. Our aim 384

is to better understand how the ordering of samples 385
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qualitatively affects learning outcomes.386

Method We FT models on multiple shuffles of an387

English-Filipino task. We use a batch size of one to388

isolate the effect of each training sample. At each389

training step, we analyze how the predictions for390

the test set change. Because we are studying trans-391

lation, we focus on the vocabulary learned by the392

model, which serves as a proxy for the knowledge393

that the model gains from the training data.394

Result At a high level, our takeaway is that the395

vocabulary which the model learns is not necessar-396

ily the same as the vocabulary in the training data.397

In particular, the model may fail to use the vocabu-398

lary in the training set correctly on the test set, or399

at all. Moreover, it may generate vocabulary not400

in the training set, which we hypothesize can only401

come from the pre-training data. This provides a402

plausible explanation for why the core assumptions403

of AL about informativeness and diversity are not404

met: if models fail to “learn” vocabulary correctly,405

then it does not matter whether you train it on more406

diverse or informative data, hence AL strategies do407

not achieve better performance than random. This408

also suggests that interactions with the model’s pre-409

training data are worth accounting for in future AL410

methods. We detail our findings below:411

In some orderings, the model learns incorrect412

translations of the vocabulary In one shuffle413

for example, at FT step 91, the model is trained414

on the word panalangin (prayer). After one or415

more FT steps, the model starts to incorrectly use416

that word in various test samples. In fact, even417

after fine-tuning for multiple epochs, the model still418

incorrectly generates the word panalangin in 253419

out of 1012 test set examples (See Table 9). This420

suggests that the model generates the vocabulary en421

masse without necessarily learning its meaning. In422

contrast, in another shuffle of the data, the model is423

fine-tuned on the word panalangin at step 14, and424

does not exhibit this incorrect usage of the word.425

In some orderings, the models learn less of the426

vocabulary words in the training data We see427

that models are unable to correctly learn certain428

Filipino vocabulary despite having been trained on429

them (Figure 4). Moreover, this failure to learn430

vocabulary is more severe in some shuffles of the431

data than others. In 4/5 shuffles of the same data,432

the model fails to generate at least one vocabulary433

word seen in the training data for 72.1% of test set434

examples. However in another shuffle, 85.1% of 435

test samples have at least one Filipino word which 436

the model does not generate. 437

Figure 4: Plot of % Filipino vocabulary per test example
trained on vs. generated at test time (i.e. learned); Train-
ing on more vocabulary does not mean the model learns
to generate those vocabulary; Each point is generated
using a sample in the test set

We observe this pattern more broadly across the 438

different models and datasets. We take the samples 439

from the previous section, and check whether sam- 440

ples which have more overlapping vocabulary with 441

the test set also achieve higher performance. We 442

measure overlap using the % of words in the test 443

set present in the training set (% Covered), and the 444

Jaccard similarity between the training and test set 445

vocabulary (% Similarity). Intuitively, we expect to 446

see a strong positive correlations between train-test 447

similarity, and test set performance. However, as 448

shown in Table 5, the correlation between the two 449

is surprisingly low. Hence, in the low data scenario, 450

even if the training data contains more of the vo- 451

cabulary used in the test set, it does not necessarily 452

learn to use them correctly at test time. 453

Some runs also exhibit more interactions with 454

the model’s pre-training knowledge We ob- 455

serve that using some shuffles, models generate 456

words not in the training data, which suggests that 457

the model is using data seen in pre-training. More- 458

over, the extent to which this happens varies by 459

shuffle, which indicates that there are interactions 460

between the ordering of the data and the model’s 461

use of its pre-training data. 462

To illustrate, in one shuffle, the model correctly 463

generates at least one OOD word in 42.7% of test 464

samples; but only does so for 16.3% of samples 465

using another shuffle. In Table 4, the model gen- 466

erates gulang (age/old), despite it not being in the 467
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Type Text Comment

Source “We now have 4-month-old mice that are non-diabetic that used to be diabetic,” he added

Target “Mayroon na tayong 4 na buwang gulang na daga na hindi diabetic na dating diabetic,”
dagdag niya

Prediction (Step 23) “We now have 4-month-old mice na hindi-diabetic,” katanya. Foreign (Indonesian; katanya: he said)

Prediction (Step 70) “We ngayon mayroon dalawang buwan gulang na mga maliliit na... katawan ng” OOD word (gulang: age/old)

Table 4: Models generate words not in the training data, both correctly (gulang) and incorrectly (katanya)

% Covered % Similarity

Flan-T5
Eng-Afr -0.0854 -0.0994
Eng-Ger 0.1816 0.1872
Eng-Fil 0.1124 0.1401

Llama 3.1
Eng-Afr -0.0119 0.0051
Eng-Ger -0.0533 -0.0788
Eng-Fil -0.0727 -0.0094

Gemma 2
Eng-Afr 0.0291 0.0249
Eng-Ger 0.077 0.0903
Eng-Fil 0.3266* 0.3676*

Table 5: Spearman correlation between model test set
performance and the similarity between the train and
test set, using 100 samples for training, * indicates cor-
relation is significantly different from zero (α = 0.05
with Bonferroni correction)

training corpus.468

Additionally, in some orderings of the data, the469

model incorrectly generates words from other lan-470

guages more frequently, despite the training corpus471

solely being in Filipino. For example, it translates472

he added as katanya, which means “he said” in473

Indonesian. This happens across many test set ex-474

amples3. In some orderings of the data, more test475

samples have foreign language words (Indonesian:476

319, Cebuano: 232), whereas in other orderings,477

there are fewer (Indonesian: 154, Cebuano: 195478

words). It should be noted that these numbers are479

overestimated as both languages share words with480

Filipino, but we manually review and confirm that481

many of them are indeed non-Filipino.482

In summary, the case study shows when training483

on few samples for translation tasks, the relation-484

ship between the amount of knowledge (i.e. vo-485

cabulary) in the training set and the knowledge the486

model acquires and uses towards translating the487

test set is not straightforward. Hence, maximiz-488

ing for the amount of knowledge in the training489

set, which AL does by maximizing the number of490

vocab words covered (diversity strategies), or by491

3We identify the languages using Python googletrans

choosing samples for which the model is uncertain 492

(informativeness strategies) may not necessarily 493

lead to better performance. 494

6 Conclusion 495

In this paper, we investigate a core assumption 496

of AL methods that selecting more informative or 497

diverse training data should yield better model per- 498

formance on the test set. We demonstrate that when 499

little data is available (100 or 500 samples), this 500

assumption does not hold. Moreover, we claim that 501

AL makes an implicit assumption that choosing 502

training data which the model performs poorly on 503

should yield better test performance, and find that 504

the opposite is true. We identify that the impact 505

of the training data’s informativeness or diversity 506

may be dwarfed by factors such as sample order- 507

ing and interactions with pre-training data, which 508

considerably impact performance as well. 509

Hence, in low data scenarios, improving model 510

performance is not solely a problem of optimizing 511

for the right informativeness or diversity metrics; it 512

requires understanding the complexities of training 513

and learning involved in translation, and broader 514

generation tasks. Concretely, future work could 515

(1) verify if the results generalize to other gener- 516

ation tasks, (2) analyze and identify interpretable 517

characteristics of the ordering of samples that are 518

associated with better performance to be used as 519

heuristics in future AL algorithms, and (3) design 520

AL strategies which select samples that are diverse, 521

informative, and correctly learned by the model. 522

Limitations 523

We emphasize that our results are based on very 524

specific model and dataset choices; hence, the cur- 525

rent results should not be taken to generalize across 526

all tasks, datasets, and models. Moreover, we are 527

only able to test a specific set of hyperparameters 528

due to the computational cost of the experiments, 529

but even the choice of hyperparameters may yield 530

different model behaviors across runs. We also 531
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want to highlight that our section on training dy-532

namics is based off a qualitative study of one trans-533

lation direction, which the authors chose as they534

had access to speakers in that language. These re-535

sults merely serve to provide hypotheses as to why536

models may fail to learn from the patterns in the537

data, but more rigorous experimentation is required538

to make stronger claims about translation or even539

generation as a whole.540

We also note that evaluation must be done before541

deploying any MT model into a real world setting;542

while AL seeks to improve the performance of543

these MT models, it should by no means be naively544

applied and deployed without further testing.545
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A AL Metrics985

A.1 Diversity Metrics986

Delfy (Zhang et al., 2022)

fDelfy(S) =
1

|S|
∑
x∈S

Delfy(x)

Delfy(x) =

1

|x|

|x|∑
i=1

log(C(xi|U) + 1)∑
w′∈U log(C(w′|U) + 1)

· pDelfy(xi)

lf(x) =

1

|x|

|x|∑
i=1

log(C(xi|U) + 1)∑
w′∈U log(C(w′|U) + 1)

· pLf(xi)

pDelfy(xi) = e−λ1C(xi|L) · e−λ2C(xi|Û(x))

pLf(xi) = e−λ1C(xi|L)

(1)

987

Where U is the set of untranslated target sen-988

tences, Û(x) is the set of untranslated sentences989

with ls score higher than ls(x), L = {} is the990

(empty) set of already selected sentences, C(w|S)991

is the number of times word w appears in a set S,992

and pDelfy and pLf are penalty functions to penalize993

seen words, in which we use λ2 = 1994

L2 Distance

fL2(S) =
1

|S|
∑
x∈S
||hfθ(x)− h̄fθ(S)||

2
2 (2)995

Where hfθ(x) ∈ Rd is the hidden state represen-996

tation of x, obtained by taking the last hidden state997

of encoder fθ and averaging it over the vocab, so998

that it is a vector of dimension d, and h̄fθ(S) is the999

average hidden state across all samples in S.1000

Greedy Core Set (Sener and Savarese, 2018)1001

We describe one round of the greedy core set by1002

Sener and Savarese (2018) in Algorithm 2, where1003

where ∆(x, y) = ||hfθ(x)− hfθ(y)||221004

A.2 Informativeness Metrics1005

Average Token Probability & Entropy (Zhao1006

et al., 2020)

fATP(x) =
1

|ŷ|

|ŷ|∑
t=1

p(ŷt|ŷ<t, x) (3)1007

fATE(x) =
1

|ŷ|

|ŷ|∑
t=1

H (p(ŷt|ŷ<t, x)) (4)1008

Algorithm 2 Core Set Algorithm (1 Round)

Require:
D (Unlabeled Dataset), L (Labeled Dataset)
b (Budget per Round), fθ (LM)
for i← 1 to b do

u← argmaxx∈D miny∈L∆(x, y)
L ← L

⋃
{u}

D ← D\{u}
end for

Lexical Similarity (Schmidt et al., 2022)

fLS(x) =

∑10
i=1

∑10
j=1 Meteor(ŷ(i), ŷ(j))

N(N − 1)
(5) 1009

We compute lexical similarity, where similarity 1010

is measured using METEOR (Banerjee and Lavie, 1011

2005). 1012

BALD (Gal et al., 2017)

fBALD(x) =
1

|ŷ|

|ŷ|∑
t=1

H (p(ŷt|ŷ<t, x))

−1

k

k∑
i=1

1

|ŷ(i)|

|ŷ(i)|∑
t=1

H
(
p(ŷ

(i)
t |ŷ

(i)
<t, x)

) (6) 1013

H (p(ŷt|ŷ<t, x)) = 1014

−
|V|∑
j=1

p(ŷt,j |ŷ<t, x)log (p(ŷt,j |ŷ<t, x)) 1015

Where ŷ is the predicted output, ŷ(i) is the i- 1016

th predicted output generated by sampling using 1017

dropout, and ŷt and ŷ
(i)
t are their t-th tokens 1018

B Fine-Tuning Details 1019

We run all our experiments on RTX 8000 GPUs; 1020

each active learning run in the validation exper- 1021

iment took roughly 10 GPU hours, whereas the 1022

sampling and ordering GPU hours took roughly 72 1023

GPU hours per translation direction. 1024

C Dataset Details 1025

We use the NLLB dataset (NLLB Team et al., 2024) 1026

under the ODC-By License, and the FLORES Plus 1027

dataset (Team et al., 2022) under the CC BY-SA 4.0 1028

License, which allow the use of these datasets for 1029

research purposes. We scan the datasets to check 1030

that there are no malicious or harmful content in 1031
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the translation pairs. For these datasets, we use1032

the English-Afrikaans, English-German, English-1033

Filipino, and English-Hatian Creole datasets.1034

For each of the datasets, we sample 100 sentence-1035

pairs from NLLB to use as the initial labeled can-1036

didates, and another 10000 pairs as the unlabeled1037

candidates. Then, we use a sample of 253 candi-1038

dates (25%) of the FLORES dataset for evaluation.1039

D Computational Details1040

Unless otherwise specified, we use a batch size1041

of 8 and constant learning rate of 5e-5. We train1042

models for a maximum of 200 epochs, but employ1043

early stopping with a patience of 2 epochs; training1044

is stopped once ChrF+ on a held-out validation1045

set of 100 samples, sampled separately from the1046

unlabeled set, degrades. We perform all fine-tuning1047

and inference using one RTX 8000 GPU.1048

E Validation Study Results1049

F Additional Results1050

Figure 5: Fine-tuning on different subsets of the data
yields considerable variance in test set performance;
Plotted using 100 subsets with 500 samples each

G Case Study Results1051
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Flan-T5 Llama-3.1 Gemma-2

Eng-Afr Eng-Ger Eng-Fil Eng-Afr Eng-Ger Eng-Fil Eng-Afr Eng-Ger Eng-Fil

BALD 29.58 ± 1.4 43.88 ± 0.2 29.7 ± 3.3 68.91 ± 0.3 74.53 ± 0.2 63.43 ± 0.4 59.62 ± 1.1 68.38 ± 0.3 60.29 ± 0.4
Core Set 14.11 ± 4.3 44.39 ± 0.4 30.73 ± 3 68.35 ± 0.6 74.56 ± 0.3 63.92 ± 1 59.16 ± 1.2 68.17 ± 0.3 60.32 ± 0.3
DelFy 20.12 ± 1.7 43.51 ± 0.8 28.7 ± 0.8 68.64 ± 0.3 74.48 ± 0.1 63.93 ± 0.8 58.63 ± 1.2 68.49 ± 0.3 59.12 ± 0.8
Lex. Sim 11.15 ± 2.9 43.63 ± 0.2 28.05 ± 1 66.57 ± 0.3 73.72 ± 0.2 0 ± 0 55.2 ± 0.5 68.02 ± 0.4 57.13 ± 0.8
Mean Ent 23.62 ± 2.8 43.12 ± 0.7 29.64 ± 1 64.95 ± 1.3 74.24 ± 0.4 62.97 ± 0.5 60.36 ± 0.7 68.3 ± 0.3 60.15 ± 0.6
Mean Prob 26.02 ± 7.6 43.26 ± 0.4 32.14 ± 1 67.41 ± 0.8 73.52 ± 0.5 63.01 ± 1 59.54 ± 1 68.15 ± 0.5 60.67 ± 0.5
Random 28.38 ± 0.3 43.67 ± 0.5 31.25 ± 1.1 68.41 ± 0.6 74.17 ± 0.3 64.59 ± 0.2 59.09 ± 0.6 68.27 ± 0.5 58.37 ± 0.9

Table 6: AL baseline performance with 500 samples with st. deviation reported across 3 seeds (Test Set ChrF)

Flan-T5 Llama 3.1 Gemma 2

Eng-Afr Eng-Ger Eng-Fil Eng-Afr Eng-Ger Eng-Fil Eng-Afr Eng-Ger Eng-Fil

D
iv

er
si

ty Vocabulary Size 0.0684 0.07 0.0884 -0.1686 0.0822 0.0046 -0.1408 0.0483 0.0072
DelFy (Source) -0.076 0.0856 0.0011 -0.0138 0.0186 0.0107 -0.0053 0.0071 0.0144
DelFy (Target) -0.0072 -0.0522 -0.0932 -0.0606 0.0674 -0.1436 -0.1091 -0.0656 0.1121

L2 Distance -0.1665 0.0208 0.0411 0.0381 -0.0834 0.0388 -0.0736 0.1915 -0.104

In
fo

rm
at

iv
en

es
s

Avg Token Entropy -0.2114 0.0027 -0.0485 0.0555 0.1523 0.0463 -0.1427 -0.1159 0.0715
Avg Token Prob 0.1702 -0.0128 0.0268 -0.0735 -0.1593 -0.0466 0.1227 0.0898 -0.0632

Beam Search Weighted Avg -0.1629 0.0531 -0.0455 0.0716 0.1568 0.043 -0.0345 -0.0595 0.0719
Beam Search Ratio -0.2474 0.1116 -0.015 -0.0458 -0.0229 0.0065 -0.0373 -0.0842 0.1127

BALD 0.0314 0.0262 0.0689 0.1 -0.1572 0.1089 -0.1666 0.0847 0.0329
Dropout KL Div 0.0243 0.0453 0.114 0.109 -0.2244 0.2104 0.0896 -0.2134 -0.0961

Dropout Lexical SImilarity 0.0542 -0.2409 -0.0865 0.0285 0.0972 -0.1158 0.1572 0.0695 -0.016

R2 0.117 0.145 0.029 0.106 0.155 0.098 0.117 0.197 0.065

Table 7: Spearman correlation between AL metrics and model performance using 500 samples for training (Test Set
ChrF), * displayed for correlations significantly different from zero (α = 0.05 with Bonferroni correction)

% Vocab Covered in Test % Vocab Jaccard Similarity to Test

Flan-T5
Eng-Afr 0.1021 0.1051
Eng-Ger 0.0178 -0.0026
Eng-Fil 0.2322 0.2287

Llama 3.1
Eng-Afr -0.0946 0.031
Eng-Ger 0.0899 0.0537
Eng-Fil 0.0541 0.0209

Gemma 2
Eng-Afr 0.1814 0.2878*
Eng-Ger 0.0899 0.0421
Eng-Fil 0.046 0.0639

Table 8: Spearman correlation between model test set performance and the similarity between the training and test
set, using 500 samples for training * added if the correlation is significantly different from zero
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(a) Gemma, Eng-Afr (b) Gemma, Eng-Ger (c) Gemma, Eng-Fil

(d) Llama, Eng-Afr (e) Llama, Eng-Ger (f) Llama, Eng-Fil

(g) T5, Eng-Afr (h) T5, Eng-Ger (i) T5, Eng-Fil

Figure 6: Performance of model pre-SFT on candidates chosen by various strategies across three models and three
tasks

Set Step Input Target

Train 91 A prayer for our beloved nation. Isang panalangin sa aming mahal na nasyon.

Set Step Input Prediction

Test 94 The tenth named storm of the Atlantic Hurricane season, Subtropical
Storm Jerry, formed in the Atlantic Ocean today.

Ang lalake ang huling named na na na named na ang
panalangin..., ang panalangin sa Atlantic ng Amerika...

95 The number of people present was so large that it was not possible for
everybody to gain access to the funeral in St. Peter’s Square.

Ang mga tao na ito ay hindi posible para sa lahat ng tao ang
panalangin sa St. Peter’s Square.

Prime Minister Stephen Harper has agreed to send the government’s
’Clean Air Act’... for review, before its second reading, after Tuesday’s
25 minute meeting with NDP leader Jack Layton at the PMO.

Stephen Harper ay nag-iisa ang panalangin sa ang lahat ng
mga tao para sa panalangin...

97 The final match of the series will take place at Ellis Park in Johannes-
burg next week, when the Springboks play Australia.

Ang palangin sa Ellis Park sa Johannesburg, ang panalan-
gin sa Australia ng mga tao ng mga tao ng Australia.

Table 9: Models incorrectly generate the word panalangin across various samples after being fine-tuned on an
example with the word (Red indicates wrong usage of the word)
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Figure 7: Test performance when fine-tuning models on unlabeled data with varying degrees of difficulty (measured
using pre-SFT model performance) using 2000 unlabeled samples
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