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Abstract. Human annotation cost and time remain significant bottle-
necks in Natural Language Processing (NLP), with test data annota-
tion being particularly expensive due to the stringent requirement for
low-error and high-quality labels necessary for reliable model evaluation.
Traditional approaches require annotating entire test sets, leading to sub-
stantial resource requirements. Active Testing is a framework that selects
the most informative test samples for annotation. Given a labeling bud-
get, it aims to choose the subset that best estimates model performance
while minimizing cost and human effort. In this work, we formalize Active
Testing in NLP and we conduct an extensive benchmarking of existing
approaches across 18 datasets and 4 embedding strategies spanning 4
different NLP tasks. The experiments show annotation reductions of up
to 95%, with performance estimation accuracy difference from the full
test set within 1%. Our analysis reveals variations in method effective-
ness across different data characteristics and task types, with no single
approach emerging as universally superior. Lastly, to address the lim-
itation of requiring a predefined annotation budget in existing sample
selection strategies, we introduce an adaptive stopping criterion that au-
tomatically determines the optimal number of samples.

Keywords: Active Testing - Data Annotation - NLP.

1 Introduction

Natural Language Processing (NLP) has witnessed unprecedented advances in
recent years, with state-of-the-art models achieving remarkable performance
across numerous tasks including text classification [II] and question answer-
ing [I4]. However, the development and evaluation of these models continue to
face a significant bottleneck: the acquisition of high-quality labeled data, par-
ticularly for test sets [8]. While training data can tolerate some level of noise,
test sets require meticulous annotation with minimal error rates to serve as reli-
able benchmarks for model evaluation [4]. The conventional approach to model
testing in NLP involves exhaustive annotation of entire test sets, representing a
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substantial investment of time and financial resources. This burden is acute in
domains requiring specialized knowledge like the annotation of medical texts [17]
or technical content often requires trained annotators, driving up costs and lim-
iting scalability. Full test-set evaluation is often impractical: annotation costs
vary notably across examples (e.g., in multilingual settings), and many samples
may be redundant, with minimal impact on performance estimation.

In recent years, the landscape of data annotation has been transformed by
the emergence of Large Language Models (LLMs) and Al agents as potential
annotation tools [6]. These advanced systems are increasingly being deployed to
generate, (synthetically) annotate, and validate linguistic data at unprecedented
scale. While these approaches offer promising avenues for scaling annotation
efforts, they introduce new challenges related to annotation quality, bias propa-
gation, and evaluation reliability. Most critically, LLM-based annotations often
still require human verification, especially for test sets where annotation quality
directly impacts the validity of model evaluation [19].

Active Testing emerges as a promising paradigm to address these challenges
by leveraging only the input samples before any annotation takes place, enabling
the identification of a minimal subset of test samples providing statistical guar-
antees on model performance estimates while minimizing the difference with re-
spect to full test set evaluation. This approach operates on the principle that not
all test examples are equally informative for evaluating model performance [7].
By strategically selecting these high-information samples, Active Testing enables
efficient performance estimation with dramatically reduced annotation require-
ments, thereby substantially reducing the associated cost.

This can be noted by looking at
Fig. [Il which shows the amount of
money saved by annotating using Ac- 600
tive Testing with respect to annotat-
ing the full test set. While related
concepts have been explored in ar-
eas such as Active Learning [I], the
systematic application of these prin- 200
ciples to test data in NLP remains
largely unexplored. Active Testing dif- @_ E_ B =
fers from Active Learning in its ob- IMDB  Pubmed AgNews QNLI Banking77 SST2
jectives: while Active Learning aims
to improve model training with fewer
labeled examples, Active Testing fo-
cuses on estimating test performance
with minimal annotation, requiring
different sampling strategies and met-
rics tailored to the testing context [3].
Specifically, this work aims to answer
to the following research questions:

= Full Test Set
B Active Test Set

400

Cost

Fig.1: Annotation cost of using Active
Testing vs full test set ({ is better). Each
sample has a cost of 0.02$ as from La-
belYourDatal The active cost is the one
required to reach an estimation quality
< 1% with respect to the full budget.
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— RQ1. Is adaptive stopping an effective criterion for reducing annotation bud-
gets in Active Testing while preserving reliable performance estimates?
We present the first framework for Active Testing in NLP, offering objec-
tives and evaluation criteria and establishing a basis for research. Our re-
sults demonstrate annotation reductions of up to 95% while preserving per-
formance estimate accuracy within 1% of testing on the full test set. We
introduce an adaptive stopping criterion addressing a limitation of existing
Active Testing methods: the need to pre-specify the annotation budget.

— RQ2. Can cost-based priors reduce expensive annotations via low-cost lan-
guage transfer?
We show how Active Testing operates in multilingual environments, opti-
mizing cost by strategically allocating budget across different languages.

— RQ3. How can Active Testing support the detection of minority class sam-
ples to be annotated in imbalanced sets?
We show how Active Testing can be applied for detection of samples from the
minority class, helping annotators in identifying relevant samples. This is rel-
evant in domains such as finance or e-commerce, where rare but high-impact
events must be accurately identified under limited annotation budgets.

2 Related Work

Recent work in Active Testing can be broadly categorized into two main ar-
eas: approaches that focus on optimal sampling under budget constraints, and
methods specifically designed for Active Testing. While the latter category is rel-
evant for comparison with our work, budget-constrained sampling approaches,
although sharing the goal of reducing annotation costs, are not directly compa-
rable as they do not target test set optimization.

2.1 Sampling with a limited budget

Zouhar et al. [20] investigate strategies for efficient subset selection in human
evaluation of Natural Language Generation models, aiming to reduce annota-
tion costs while preserving accurate rankings. They propose two frameworks:
output-based methods, relying on model outputs and automatic metrics, and
source-based methods, predicting item utility directly from inputs when outputs
are unavailable. While Zouhar et al. [20] focus on human evaluation scenarios,
Zhen et al. [19] extend this line of research to automated evaluation, present-
ing an active sampling framework for automatic prompt optimization targeting
LLM-as-a-judge systems. Their approach begins with zero labeled examples, it-
eratively selecting a sample set whose annotations are used to refine the prompt.
Sample selection is posed as a convex optimization problem, balancing uncer-
tainty and diversity to maximize utility under limited labeling budgets. Comple-
menting these task-specific sampling strategies, Rauch et al. [I6] benchmark the
influence of LLM embedding quality on deep Active Learning strategies. They
evaluate five top-ranked embedding models from the Massive Text Embedding
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Benchmark (MTEB) leaderboard across diverse NLP text-classification datasets
using multiple query strategies.

While all three works share the goal of reducing annotation costs through
intelligent sampling, they differ from our approach in a fundamental way: they
optimize the training or evaluation pipeline itself (e.g., selecting examples for
human evaluation or refining prompts), whereas our work focuses on constructing
a minimal yet reliable test set for model assessment.

2.2 Active Testing

The concept of Active Testing was first introduced by Nguyen et al. [13] in the
context of visual recognition systems trained on noisy datasets. Instead of an-
notating an entire test set, their framework selectively queries only a subset of
examples to be re-annotated by humans. These annotated examples are then
used to train a statistical estimator that improves the accuracy of performance
metrics and actively guides which further examples should be annotated. Build-
ing on this foundation, Kossen et al. [7] generalize the Active Testing framework
with a focus on reducing the number of test labels required for reliable model
assessment. They propose actively selecting test points to label using acquisition
strategies tailored to the testing phase. While such active selection introduces
sampling bias, based on the work of Farquhar et al. [3], they derive estima-
tors that are unbiased and exhibit reduced variance, leading to more accurate
evaluation with fewer labels. They demonstrate that, across different image clas-
sification models and datasets, Active Testing can match the accuracy of i.i.d.
evaluation with significantly fewer labeled examples.

Although both works establish important theoretical and empirical founda-
tions for Active Testing, they remain confined to the computer vision domain and
rely on specific heuristics or limited experimental settings. In contrast, our work
provides the first framework for Active Testing in NLP, accompanied by empiri-
cal benchmarking across diverse tasks and an adaptive method that generalizes
beyond prior approaches.

3 Method

Given a set of samples X with |X| = N, we define X 4 as the set of annotated
samples and X 4 as the set of non-annotated samples (X = X, UXpy4). We use
the same notation for the labels Y = Y4 UYxa. We have amodel f : X — Y. An
Active Testing algorithm has a budget B and each query could have a different
cost. Given a metric M = M(f(X),Y), we define the estimation error as:

E(M) =| M(Xp) — M(Xa4) |

The estimation error is a dimensionless quantity which measures the differ-
ence between the metric computed on the fully annotated test set (Xr) and on
the actively selected subset (X 4). Throughout the paper, we use an unbiased
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estimator for the latter, presented in the next paragraph. We focus on perfor-
mance metrics commonly used by practitioners like accuracy, precision, recall
(for classification, NER and POS tagging) [II] and ROUGE (for summariza-
tion) [9] as these metrics, differently from loss, provide a reliable way to evaluate
model performance. Given the cost C(x) of annotating sample z, we aim to find:

min E(M) s.t.
Z C(z)<B

re€X A

We seek to select the subset X 4 that minimizes the estimation error while
ensuring that the total annotation cost does not exceed the available budget B.

3.1 Unbiased Active Testing

The simplest and most used approach to handle limited annotation budgets is
uniform random sampling. Given a labeling budget B, it selects a subset of
examples uniformly at random and, given a metric M, it is defined as:

o~

B
1
M:random = E E M(f(xl)a yi)
=1

In uniform sampling, the random estimator is unbiased (E[]\Zandom] =M )

and it converges to the true empirical metric as B — N, but it can produce
estimates with large variance.

As pointed out in [37], Active Testing introduces a bias into our estimates,
since the samples are not drawn from the population distribution. To solve this
issue we use the Inverse Probability Weighted Estimator [5] that provides an
unbiased estimator which is defined as:

M= 1 ZB: M(f(zi),y:)
B - NQi
=1
Where ¢; = q(x;; X1.5-1, X) is the probability mass for datum z; of being the
next to be sampled and it depends on the Active Testing strategy. Additional
details and derivations for our estimator are provided in Section [A:2] During the
rest of the paper we focus on accuracy rather than loss as the primary evaluation
metric but the same estimators for precision, recall can be found in Section
Accuracy provides an interpretable, bounded measure of performance that di-
rectly reflects classification quality and it is the metrics used in related works [7].
For summarization we focus on ROUGE. Estimators like PURE and LURE [3]
cannot be used in this case, since they tend to overestimate the value of the
accuracy and they do not satisfy some properties of the accuracy like being in
[0,1] (see Section [A.3). This limitation is problematic when evaluating accuracy,
where boundedness is an essential property for interpretation.
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3.2 Active Testing Strategies

We evaluate several Active Testing strategies for textual data in this work. Al-
though some are adapted from Active Learning techniques, the two address
fundamentally different problems, as discussed in [7].

— Surrogate [RF, SVM] [7]: It selects test samples based on an auxiliary model
that estimates per-instance uncertainty. Embeddings for all unlabeled texts
are extracted using the same pretrained embedder employed in the main
pipeline, and a surrogate classifier is trained on these embeddings paired
with the ground-truth labels accumulated so far. Two base learners are sup-
ported: a Random Forest with 300 trees and an RBF-kernel SVM. For each
candidate sample, the surrogate outputs calibrated class probabilities, and
the uncertainty score is defined as the Shannon entropy [2]. Samples with the
largest normalized scores are selected. A notable drawback of this strategy is
that it requires training the surrogate classifier on ground-truth labels, which
must be progressively collected during the annotation process, introducing
an additional labeling overhead.

— Uncertainty [GP, MI]| [7]: It selects test cases by estimating predictive uncer-
tainty through Monte Carlo Dropout applied to the pretrained embedder,
not the LLM predictor being evaluated. All samples are passed through the
transformer model with dropout kept active, performing ten forward passes
per batch. Two acquisition functions are supported. For mutual information
(MI), each pass produces logits converted into probabilities via softmax. The
uncertainty score is then computed as the difference between the entropy of
the mean predictive distribution across all forward passes and the average
entropy of the individual per-pass distributions. For Gaussian prior (GP),
mean-pooled last-layer embeddings are extracted at each pass. The acqui-
sition score is the squared sum of standard deviations across embedding
dimensions, capturing latent-space variability induced by dropout.

— Coverage [12]: It maximizes the geometric spread of sampled points in the
embedding space. All texts are first encoded into dense representations using
the pretrained multilingual embedder. The algorithm starts by selecting one
point uniformly at random. At each subsequent step, given the set of selected
indices S, it computes the Euclidean distance d(j) = ||z; —x;||2 between each
unselected point j ¢ S and the last selected point x;, then appends the point
achieving the maximal distance. This continues until the desired budget is
reached, ensuring broad geometric exploration of the embedding manifold
without relying on clustering assumptions.

— Stratified Random: It selects test samples proportionally from each class
to maintain the original distribution. However, it is not Active Testing: it
requires prior knowledge of the class distribution across the entire unlabeled
dataset, which is the information that Active Testing aims to avoid needing.

— Agreement (ours): The Agreement strategy ranks unlabeled samples by the
level of disagreement among attention heads. Text inputs are first encoded
using a pretrained language model, producing contextual token represen-
tations. These are then passed through a separate, lightweight multi-head
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self-attention layer with a fixed number of 8 heads, independent of the LLM
predictor being evaluated, which outputs both transformed token embed-
dings and per-head attention weight matrices. For each sample, the uncer-
tainty score is computed by taking the variance of the attention weights.
More precisely, for each token position ¢, the vector containing all token-
to-token attention scores for head h is considered, and its variance across
heads is computed. The resulting variance matrices are averaged over all to-
ken positions, producing a single scalar score for each sample. All unlabeled
samples not previously selected by the algorithm are ranked in descending
order according to their normalized attention-based scores.

3.3 Stopping Criterion

To the best of our knowledge, existing works on Active Testing [7] typically set
a fixed budget B of samples to be annotated. Therefore, the annotation process
exhausts the whole budget, regardless of the actual need for it. However, in cer-
tain scenarios, this might be unnecessary. Since the actual number of samples
to be annotated cannot be determined a priori, we propose Algorithm [T} which
automatically terminates the annotation process as soon as we estimate that
a sufficient number of samples have been annotated. Since the algorithm ter-
minates adaptively before the full test set is annotated, M (X) is unavailable.
Therefore, in this setting, the estimation error is computed as the difference
between the raw metric on X4 and its unbiased estimate on the same subset.
More concretely, the stopping criterion in Algorithm [ relies on the conver-
gence between the unbiased estimator M and the baseline random estimator
Mrandom Let M® denote the unbiased estimate after ¢ annotated samples. As
Active Testing progresses and the sampling strategy sufficiently explores the
data distribution, the bias term E[M® — M)

random
empirical difference |M®) — Mr(;zqdom\ < 1 for a small threshold 7, we deem the
estimator stable—further annotations are unlikely to change the performance

estimate meaningfully. More formally, the following proposition holds:

] converges to zero. When the

Proposition 1. Let M\mndom be the unweighted estimator of the metric and M
the inverse probability (Horvitz-Thompson) estimator defined in Section . If
the sample is drawn without replacement and labeling budget B — N (approach-

ing full annotation), then ]\//Landom -

Proof can be found in Section [A.4] where we also derive an explicit finite-
sample upper bound on the gap as a function of the annotation budget.

4 Experiments

4.1 General Framework

For our experiments, we use the same experimental setup as [16]. Our framework
follows the procedure presented in Pipeline [1} All strategies share a common
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Pipeline 1 Active Testing Framework

Require: Dataset D, embedding strategy F, budget B, test set X;
Compute embeddings on X;
Compute model predictions f(X); > Stored for metric eval.
Given the embeddings, construct X via the chosen Active Testing strategy;
Evaluate predictions using X and the active X 4 test sets and compute the metrics;

Algorithm 1 Stopping Criterion

Require: Dataset D, budget B, threshold 7
for i in range(B) do
Pick a sample z; using an Active Testing strategy and annotate it — label y;;
Xa=XaUwz; and Y4 = Ya Uy;;
Compute the prediction f(Xa4);
Compute ]\Zandom(f(XA), Ya);
Compute unbiased metric ]/\/I\(f(XA), Ya);
if | M\mndom -M |< 7 then
break
else
continue
end if
end for

structure: given the embedding space of X, they iteratively select samples to
form the active set X4 until the budget B is exhausted or the stopping con-
dition is met. At each iteration, an Active Testing strategy assigns a score to
each unlabeled sample, and the highest-scoring samples are added to X 4. We
test 8 Active Testing strategies on 18 datasets using 4 embedding strategies and
3 predictors. This results in a large number of experiments. Due to space con-
straints, we show the results on the selected Active Testing strategies with one
embedding strategy (Qwen) and one predictor (Claude 4.5). All the results are
averaged over 10 different seeds. Remaining plots can be found in our repository.

Hardware We run all the experiments on a machine with 96 AMD EPYC 7R13
Processor CPUs and 4 NVIDIA L40S GPUs with 48 GB of RAM.

Datasets We use 18 datasets, covering text classification (12), POS tagging (2),
NER (2) and summarization (2), presented in Table [1| We take all the data
from the ActiveGLAE benchmark [I5] with the addition of more data (marked
with *). We try to set, when possible, the same value of B for all the datasets
(B = 1000). Statistics on the number of training and test examples, number of
classes and class distributionﬂ are also presented in Table

5 For Banking77, values are omitted due to the high number of classes (77), with
the dataset being nearly balanced (~ 1.29% of samples per class). NA indicates
summarization datasets with no classes.
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Table 1: Class distribution of the selected datasets and time required to compute
the embeddings on the full datasets in minutes (7'). Number of train and test

samples and values of the budget are al

so shown.

Name #Classes Class Distribution (%) T [minutes| |Train| |Test| B
AG’s News 4 [25,25,25,25] 7 120,000 7,600 1,000
Banking77 77 - 2 10,000 3,000 1,000
DBPedia 4 [7,7.0,7.0,7.,7.1,7.1,7.1,7.1,7.1,7.1,7.1,7.1,7.1,7.1] 77 560,000 5,000 1,000
FNC-1 4 [6.72,1.50,17.77,74.01] 2 40,000 4,998 1,000
QNLI 2 [49,51] 3 104,000 5,463 1,000
SST-2 2 [49,51] 1 67,000 872 600
TREC-6 6 [1.8,18.80, 27.60, 13.00, 16.2, 22.60| 1 5452 500 400
IMDB] 2 [50,50] 41 25,000 25,000 1,000
PubMed} 5 [10.4,15.45, 33.42,7.89,32.84] 21 170,000 30,000 1,000
Emotion 6 [29.05,34.75,7.95, 13.75,11.20,3.30] 2 16,000 2,000 1,000
Rotten' 2 50,50] 1 8,000 1,000 600
Multilingual " 3 [33,33,34] 1 1,840 880 600
WikiNeural 9 [87.7,1.9,1.5,1.3,1.0,2.2,0.9,1.7,1.8| 6 92,720 11,579 1,000
Universal NER" 9 93.3,1.8,0.9,1.3,1.1,1.2,0.3,0.05,0.05] 1 12,543 2,077 1,000
UD-ATIST 17 [17,21,2,3,1,7,1,23,5,1.5,0.5,10,4] 1 4,274 586 500
UD-EWT" 17 [17,12,8,3,0.4,1.5,7.1,3,7,3,8,8,1,1,4,10,6] 1 12,544 2,077 1,000
CNNF NA NA 4 287,113 11,490 1,000
XLSum? NA NA 2 38,110 4,763 1,000
Embedding Strategies Since the qual-
ity of the embeddings influences the mEE Quen
results of Active Learning [16], we in- S 0.15] mu Stella
vestigate whether this observation ex- i
tends to Active Testing. To this end, S 0.10
we evaluate 4 different models from ©
the MTEB leaderboard (Bert, Dis- §0_05,

0 . (2]
tilBert, |Qwen, [Stella). As shown in w
Fig. |2l even on the same dataset and

s B 0.00'

with the same strategy, performance
varies across embedding models.

Predictor To avoid bias from the
training phase and ensure the full
comparability between embedding
models, we use Claude Sonnet 4.5,
Amazon Nova Pro and Qwen for the
text-classification task. The selected

20 50 100 200 300 400 500 600 700 800 9001000
Number of Samples

Fig.2: Estimation error on Agreement
on the AgNews dataset using Qwen and
Stella embedding strategies (| is better).

predictors are able to demonstrate good performance in text-classification and
summarization, as also shown in Section [B] where we also present the prompts
used for classification and summarization. For POS tagging, we use BERT| and

DeBERT4| finetuned, while for NER we

4.2 Multilingual Setup

use CNER] and [ UNER!

Annotation costs vary significantly across languages, with some (e.g., English)
being relatively cheap and others considerably more expensive. We investigate
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whether Active Testing can reduce annotation effort in high-cost languages by
leveraging samples from low-cost languages, transferring evaluation knowledge
across linguistic boundaries.

For this experiment, we apply the steps presented in Pipeline [I} The main
difference is that in this case the dataset D contains samples from two different
languages and has a prior p on the languages; in our case the prior reflects
the relative cost of annotating texts in each language. The estimation error
is computed with respect to the set containing the annotations for both the
languages. This experiment assumes cross-lingual transferability, where a model
performing well in one language achieves similar classification accuracy in the
other. This is reasonable for multilingual models with shared vocabularies, as
sentence-level classification tends to be language-agnostic [18].

4.3 Minority Class Sample Detection

Active Testing presents advantages for highly imbalanced datasets. This is rele-
vant in domains such as finance, e-commerce, and A/B testing, where rare but
high-impact events must be accurately identified. Examples include detecting
fraudulent transactions for risk management or identifying negative user feed-
back to maintain product quality. In these scenarios, Active Testing enables an
efficient allocation of limited annotation budgets toward critical yet underrepre-
sented cases. To investigate this aspect, we conduct experiments under various
budget constraints B. We define “minority samples” as those belonging to the
class with the fewest instances in the test set, and evaluate how effectively each
strategy identifies and selects such samples. Specifically, we measure the num-
ber of minority-class samples included in the active set, providing insights into
model behavior on these cases.

5 Results

RQ1: Active Testing

Figure [3| shows the accuracy estimation error of the top 4 strategies. We report
results on six datasets spanning two classification, two summarization, one NER,
and one POS tagging task. For the summarization datasets we report ROUGE-1
estimation error instead of accuracy. Overall, all strategies perform comparably,
with relatively small differences across methods. Among them, the proposed
Agreement strategy tends to achieve slightly lower estimation error, particularly
at reduced values of budget B, where it also manages to outperform the Random
baseline. Furthermore, across most datasets, the estimation error remains low
even under tight budget constraints, highlighting the practical effectiveness of
Active Testing. POS tagging results follow trends similar to text classification
and summarization, with Agreement achieving competitive performance. For
NER, the curves display more irregular patterns—Ilikely due to entity sparsity
and class imbalance—yet Agreement remains consistently effective, confirming

10
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Fig. 3: Active Testing results in terms of accuracy on all the datasets by fixing the
embedding strategy and the predictor. We observe that the Agreement strategy
is performing better than Surrogate on the majority of the datasets. With a
reduced budget Agreement is also able to beat Random ({ is better).

its robustness across different task types. For clarity, we omit the remaining
strategies from the main figures. Full results (also in terms of Precision and
Recall) are available in the repository.

Stopping Mechanism Figure [ shows the results of the proposed stopping crite-
rion approach on the QNLI and IMDB datasets with B = 1000 and 7 = 0.01.
On IMDB, the Agreement approach stops the annotation process after 50 sam-
ples, meaning that it reaches values of estimation error lower than 7. A similar
behavior is observed for Stratified Random, which requires 250 samples, while
Surrogate needs 200 samples. Comparable results are obtained on QNLI, where
Agreement and Surrogate stop after 100 and 400 samples, respectively. This

11
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Table 2: Computation time (in seconds) and annotation cost (in USD, assuming
$0.02 per sample as from Label YourData)) for different Active Testing strategies
(J is better). S: stopping criterion applied on the specified strategy; Full: entire
dataset annotated; NA: stopping condition not met.

IMDB QNLI

B TAgreement TRandom TSurrogate COSt‘TAgreement TRandom TSurrogate Cost

100 5.56114  0.0001 12.4741 2 4.9738  0.0001 14.3149 2

500 5.5131  0.0003 12.5245 10 | 5.0541  0.0003 14.3259 10

900 5.5185  0.0005 59.0544 18 | 5.0801  0.0005 43.0613 18

S-Agreement| 5.4945 - - 1 5.0541 - - 2
S-Random - 0.0001 - 2 - NA - NA

S-Surrogate - - 12.7448 4 - - 14.7184 8
Full 137.9625 0.0125 1,476.36 110 | 27.43254 0.0027 232.5294 500

means that, with respect to the full budget B = 1000, our stopping criterion
based on Agreement avoids annotating 900 samples on QNLI and 950 on IMDB.

IMDB QNLI

0.1001 | | 0.20
5 0.075 0.15
2
= 0.050
50 0.10
©
£ 0.025
E 0.05
i R = = S S

0.000 P 0.00

200 (1%) 400 (2%) 600 (2%) 800 (3%) 1000 (4%) 200 (4%) 400 (7%) 600 (11%) 800 (15%) 1000 (18%)

Number of Samples (% of Test Set)
—— Random Agreement —— Surrogate —— Stratified

Fig. 4: Results using the stopping criterion approach in order to avoid annotating
all the samples (| is better). Vertical lines represents when the algorithms stop.

Table 2] reports computational time and annotation cost for each strategy on
IMDB and QNLI. Random has negligible overhead, Agreement requires roughly
5 seconds regardless of budget, while Surrogate is the most expensive, with
time increasing significantly at higher budgets. Applying Active Testing reduces
annotation costs compared to evaluating the full test set: for instance, on QNLI
the cost drops from $500 to $10 at B = 500, a 50x saving. Notably, Agreement
combined with the stopping criterion consistently yields the lowest annotation
cost across both datasets, confirming that the two contributions complement
each other effectively. The cost of computing embeddings is negligible, requiring
less than one hour on a machine with the setup previously described. For clarity

12
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MAE wrt. to optimal curve Area under the Estimation Error Curve

0.0138 0.0058 0.0069 0.040 0.1779 0.0161 0.0396 0.6422 0.6

bert
bert

0.035

0.0111 0.0058 0.0069 0.030 0.1082 0.0161 0.0396 0.6881

distilbert
distilbert

0.025

Embedding Strategy
Embedding Strategy

c c
g— 0.0163 0.0058* 0.0069* 0.0187% 0.0078* -0.020 g - 02142 0.0161* 0.0396* 0.1945* 0.1191*
E 5
-0.015 02
© o
E - 0.0089* 0.0075 0.0069 0.02 0.0084 -0.010 § - 0.0533* 0.1947 0.0396 0.2279 0.1541 -0.1
Agreement Random  Stratified Surrogate Uncertainty Agreement Random  Stratified  Surrogate Uncertainty
Active Testing Strategy Active Testing Strategy
MAE wrt. to optimal curve Area under the Estimation Error Curve

0.030

0.0099*% 0.005* 0.0053* 0.1128%  0.0173*  0.0407*

claude
claude

0.025

0.020

- 0.0107 0.0071 0.0084 0.0283* - 0.1157 0.0737 0.0726 0.3799*

Predictor
nova_pro
Predictor
nova_pro

-0.015

-0.010

c <
g- 0013 0.0063 0.0074 g 01572 0.0831 0.0657
& B
0.05
. . : -0.005 ] . .
Agreement  Random  Stratified  Surrogate Uncertainty Agreement Random  Stratified Surrogate Uncertainty
Active Testing Strategy Active Testing Strategy

Fig.5: Confusion matrices with the Active Testing Strategies on the x-axis. The
top figures have the embedding strategies on the y-axis while the bottom ones
the predictors. The best results are marked with *. MAE wrt. optimal curve on
the left and Area Under the Estimation Error Curve on the right. | is better.

and due to space constraints, we report results on two datasets; results on the
remaining datasets are consistent and can be found in our repository.

Impact of Embedding Strategy and Predictor We investigate how the choice of
embedding strategies and predictor affect the performance using two metrics:
Area under the Estimation Error Curve (normalized by budget; lower=faster
error reduction), and Mean Absolute Error (MAE) from the optimal curve
(lower=closer to best achievable performance), averaged across datasets.

In Fig. [5] Qwen achieves the best performance across embedding strategies,
while Claude performs well across predictors. Both analyses reveal the same
pattern: Random and Stratified Random show comparable performance regard-
less of embedder or predictor, while more sophisticated Active Testing strategies
(Agreement, Surrogate) exhibit larger performance gaps. This suggests that both
embedding and predictor quality become critical as the Active Testing strategy
grows more complex, since these methods rely on the geometric structure of the
embedding space and model-specific signals to identify informative samples.

RQ2: Active Testing with Cost-Based Priors

Fig. [6] shows the results of the multilingual experiments on the Multilingual
dataset. For the mixed strategy, which leverages the cross-lingual capabilities of
our approach, two values of prior are considered: p = 0.9, which favors select-
ing English samples (cheaper), and p = 0.6, which provides a more balanced

13
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Agreement —p = (0.6, 0.4) Agreement —p =(0.9,0.1)

107>

106

)57 105%) 173 (20% 261 (50%) 348 (40%) 435 (503 322 (60%) 609 105 69 (00%) 783 (50%) w436 87 00%) 178 0% 261

Random —p = (0.6, 0.4) Random —p =(0.9,0.1)

4x107t

3x107
1071

2x107}

Estimation Error

1072

170%) 43065 87 (10%) 174 01261

Surrogate - RF —p = (0.6, 0.4) Surrogate - RF —p =(0.9,0.1)

4x107t

3x107

2x107 10

(20w 24 5 50 751609 70%) 696 (60%1 763 (90

Number of Samples (% of Test Set)
—— Only English —— Only Italian —e— Mixed

Fig. 6: Multilingual results. Each row is a value of prior p. Each column refers
to an Active Testing method (| is better).

selection across languages. Allowing language selection based on a prior benefits
Surrogate and Agreement, achieving estimation errors equal to or lower than
single-language sampling. For Random, high priors (e.g., p = 0.9) introduce bias
toward one language, negatively affecting accuracy. Nevertheless, setting p = 0.6
reduces annotation costs by favoring cheaper English samples, while maintain-
ing performance within 1% of the balanced setup, demonstrating that cost-aware
Active Testing enables multilingual evaluation with minimal accuracy loss.

Notably, unlike the results observed in previous experiments, in this setting
the Active Testing strategies consistently outperform random sampling. Allowing
language selection based on a prior benefits Surrogate and Agreement, achieving
estimation errors equal to or lower than single-language sampling.

14
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Table 3: Per-class F1 on minority class detection (1 is better). Agreement and
Surrogate outperform Random at identifying minority-class samples.

B Agreement Random  Surrogate-SVM B Agreement Random  Surrogate-SVM

75 0.031 £ 0.006 0.022 + 0.012 0.022 + 0.005 100 0.096 + 0.001 0.041 £ 0.008 0.072 + 0.003
150 0.042 + 0.008 0.036 £ 0.009 0.029 £ 0.006 500 0.151 + 0.003 0.074 £ 0.007 0.103 + 0.004
450 0.044 £ 0.006 0.033 + 0.007 0.035 £ 0.008 1500 0.145 + 0.006 0.094 £ 0.007 0.133 £ 0.007
750 0.047 + 0.003 0.043 + 0.003 0.044 + 0.006 3000 0.125 + 0.005 0.102 + 0.006 0.113 £ 0.005

Emotion dataset. Pubmed dataset.

RQ3: Minority Class Sample Detection

Table 3] presents the results on minority class detection on two datasets and three
Active Testing strategies. We focus on Emotion and PubMed as they exhibit the
highest class imbalance (see Table [1)). To evaluate how effectively each strategy
identifies minority-class samples, we treat minority detection as a binary retrieval
task: we compute Precision as the fraction of selected samples that belong to
the minority class, and F1 accordingly. Across both datasets, Agreement consis-
tently achieves the highest F1, followed by Surrogate, with Random performing
worst. The advantage of Active Testing strategies is particularly pronounced at
lower budgets: on PubMed at B = 100, Agreement achieves an F1 of 0.096,
more than twice the Random baseline (0.041), demonstrating that informed
sampling is especially beneficial when annotation resources are scarce. These re-
sults confirm that, as in the multilingual setting, Active Testing strategies prove
advantageous when targeting specific subsets of interest, with Agreement being
particularly effective at detecting underrepresented classes. For clarity and due
to space constraints, we report results on two datasets; results on the remaining
datasets are consistent and can be found in our repository.

6 Conclusions and Future Work

We presented a framework for Active Testing in NLP, demonstrating its effective-
ness in reducing annotation costs while maintaining reliable model evaluation.
The adaptive approach successfully addresses the challenge of determining opti-
mal sample sizes, making Active Testing practical for real-world applications.

Several directions for future research emerge like the development of more
sophisticated sample selection methods incorporating multi-criteria optimization
or the integration of Active Testing with LLM-based evaluation approaches.
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A Theoretical Results

A.1 TUnbiased Estimators

In this section, we derive the unbiased estimators used in our experiments for
Accuracy, Precision and Recall. All quantities are computed under importance
sampling, where each selected sample ¢ is drawn according to a probability g¢;,
and is assigned an importance weight w; = ﬁ

Unbiased Accuracy The unbiased estimator of accuracy is computed as:

A(f(i),y:)
Ng;

R B
A:

W =

=1

Unbiased Precision and Recall For each class ¢ € {1,...,C}, we define the
following importance-weighted true positives as:

Since the expectation of a ratio differs from the ratio of expectations, we
cannot apply importance weighting to the denominator. Instead, we use the
predicted instances from the full test set:

7.1 E|TP,
(o)<t ]

The predicted instances can be defined as:

N
PI. = 1[ji =d].
=1

Same mechanism applies for the true instances, which are defined as:
N
TI. = ZN% =.
i=1

The unbiased Precision (P) and Recall (R) are respectively defined as:

o —
~ 1 TP
P==3
C &~ Pl
C/\
~ 1 TP,
R==
C;TIC
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Unbiased ROUGE Given a predicted summary f(x;) and a reference summary
yi, the ROUGE-N score for a single example is defined as:

Egegzv(yi) min(C’(g’ f(-%)), C(g, yz))
ZgEQN(yi) O(gayz)

ROUGE-N(f(z;),y:) =

where Gy (y;) is the set of N-grams in the reference y; and C(g,s) denotes
the count of N-gram ¢ in sequence s [I0].
Since ROUGE-N can be decomposed as a per-example average:

N
1
ROUGE-N = ~ ; ROUGE-N(f(z;), v:)

we can apply the Inverse Probability Weighted Estimator to obtain an unbi-

ased estimate: 5
N 1 ROUGE-N(f(z;), y:)
E-N=—
ROUG 52 Na.

i=1
where ¢; = q(z;; X1.;—1, X) is the probability mass for datum z; of being the
next to be sampled, depending on the active testing strategy. This holds for the

macro-averaged formulation of ROUGE, where the final score is obtained as the
mean of per-example ROUGE scores.

Remark. Note that while Precision and Recall admit unbiased estimators (by
fixing the denominator to the full test set counts), the F1 score does not. As
a nonlinear function of P and R, unbiasedness does not transfer, and thus F1
cannot be estimated without bias under importance sampling.

A.2 Proof of Unbiasedness and Convergence

—

To prove unbiasedness, we need to show that E[M] = M.
Starting with the expectation:

E[M] =E

1 &M,
> %)

o]

By linearity of expectation:
B
— 1 M;
EM] == E E
M B i1 {N%'

For each term in the sum:

?|

|

] =y %;P(Mi)
M;

M;
Ngq
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N by g

Since ¢ is the probability of selecting the index, when we multiply
(the selection probability), we get:

M; M
E|l—| =—
{N Q] N
Therefore:
— 1 M;
E[M] = = =M

i=1

Regarding the convergence in expectation, by the Law of Large Numbers,

since each term ]]‘V/[j] is independent and identically distributed with finite expec-

tation M, as B — oc:

M

\L\j

M

The variance of the estimator decreases as 1/B, showing that it becomes

more precise with more samples:

Since the terms are independent, and assuming finite variance o2:

Q

— 2

Var(M) = 5

A.3 Limits of the estimators of Kossen et al. [3]

[3] define two estimators. We start analyzing the first one. In order to simplify
the computations we assume that all the samples have an accuracy equal to 1,
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obtaining a final accuracy of 1:

M
APURE LZ w +M7m Acc
_M m N mo
m=1
M
1 M—-—m
APURE _ 1 1
w2 (1425
M M M
1 1 M 1 m
PSEANTPIE PN
1 1 M2 1 M(M+1)
APURE — M o
M +MN M 2N
M M+1
APURE _ ¢ , 2%
+N 2N
2M — M —1
APURE _ |
+ N
M—-1
APURE _
+ N

This means that the PURE, while working well in the case of the loss function,
overestimates the value of the accuracy, easily reaching values which are bigger
than 1. For example, if we assume a total number of samples N = 500 and a
budget B = 450, we obtain an accuracy estimated APVRE = 1.898.

Now we will focus our analysis on the second estimator proposed by [3], with
the same assumption of all the accuracy values being equal to 1:
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M
LURE _ 1
A = Z vmAce,,

m=1
M
1 N-—-M
Mmz::1 +me +
1
(N—m+1)q
M
1 N-—-M 1
LURE
A _M21+N— (Nm+1_1>
m=1
M
1 N-—-M 1
LURE
A —1+MZN_m<Nm+1—1>
m=1
ALURE 1+LMN_M N
M N—-—m\N-m+1
m=2
qgne N M 1 m—1
M mZQN—m N—-m-+1
N-2
N-—-M N-1—-k
ALURE 1_|_ Z
M ey k(k+1)
qns _ g N-M = N-1 N
N M k k+1
k=N—M
N-2
N-—-M 1
AVURE — N-1 =
XMy S
k=N—M
N—2
1
N k+1
k=N—-M +
N—2
N-—-M 1
sy (O VD S
k=N-M
N—1
1
- N =
k‘|
k=N—M+1

Denoting by Hy = Zthl % we can rewrite

2

>

=Hyx_o—Hn_um
k=N—M

T =
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and
N1y
Z —=Hn_1—Hn_p+1
k=N-M+1
Now
N-M
ALURE _ 1 o [(N —1)(Hy—2 — Hy_nr)

— N(Hn-1 — HN—M+1)‘|

N-M

AVURE — 1 4 [N(HN—2 — Hy_1)
+N(HNy-yv41 — Hyv-n)+
—Hy_ o+ HN—M‘|

N-M
M

—-N N

ALURE _ |
+ N_1 N_M+i1

+—Hyn_o + HN—M‘|

N N-M N-M
+M N—1+N—M+1
N-M

+Ml_HN2+HNN[

We can see that LURE suffers of the same problem of LURE. For example,
if we set N = 500 B = 450, we obtain an accuracy estimated AMVRE = 1,724,

A.4 Stopping Criterion convergence

Proof. We denote by m; := M(f(z;),y;). Notice that the sample size is deter-
ministically B and ¢; > 0 for all . B — N, hence ¢; —+ 1 and ¢;; — 1 for all
i#j % Zfil m? < M < oo uniformly in N.

We denote the sample membership indicators by I; := 1{i € S} and define:

1 1
b; = mi(B — Nqi> , so that (1)
- - N
D = Mrandom - MHT = ZIZ bi~ (2)

i=1
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Let A;j := ¢;j — ¢;q; denote the joint inclusion covariance (with the convention
Ay = ¢;(1 — ¢;)). Not that ¢;; = P(i,j € S) We can see that the mean of the
gap vanishes. Taking design expectations and using E(I;) = ¢;:

1Y 1Y
i=1 i=1
_ zN:m, G 1
Pt ‘\'B N

As B — N we have ¢; — 1 for every i, hence & — % — % — % = 0. Using

Eq. to control the magnitudes of a;, it follows that E[D] — 0.
Also the variance Gap vanishes. Because D is linear in the indicators, its
design variance can be written in covariance form:

N N
Var(D) =Y ") " A bib;. (3)
i=1 j=1

Var(D) = (g — ;) b7 + (a5 — ¢ia;) bid; (4)
i#j

Since the sample size is fixed. Let’s say Zszl I;;, = B almost surely, then:

N

N
0=Cov(I;,» Ir) =Y Cov(l; I).
k=1

k=1

So:
N
0= Z Aik.
k=1

Hence Z#j A;j = —Ay; = —¢;(1 — ¢;). The total covariance weight goes to 0
as B — N,indeed in this case ¢; = 1 and 1 — ¢; — 0.

From Eq. , implies b; — m; (% — %) = 0 and —A;; — 0 for each pair
i # j as B — N. The sequence {m;} has uniformly bounded second moments.
Therefore, each summand in Eq. tends to 0 and the finite sum converges to
0: Var(D) — 0.

Combining the two results,

E[D?] = Var(D) + (E[D])* — 0,
so D — 0 in L2, which implies D 23 0.

Proposition 2 (Convergence rate of the estimator gap). Let M\r(;n)dom

be the unweighted sample mean and M® the Horvitz—Thompson estimator over
a fized budget of n annotated samples drawn according to inclusion probabilities
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ql(n) € (0,1] with Zl 1 ql(") = n, and with metric values bounded M; € [a,b].
Then:

. — N b—
B[, 0] < YV g0 + L0
random n) /5=
n qmln 2n

where [|l¢™ |2 = (3, d™) "%, 0% = & S.(M; — M), and (%), = min; ¢/ In
particular:

1. (Uniform sampling). If qi(") = n/N for all i, then the bias is exactly zero

and:
(b—a)N

V2 n3/2

2. (Uncertainty sampling). If qi(") = nu; /U with U = Zj uj, then:

= O(n=%?).

random

E[\M(") _ ]\’/j(n)q <

VN, (b-a)U
U M \/iumin n3/2 ’

random

BT - 7700

where the first term is an irreducible bias independent of n in the regime
n<<N.

Proof. By the triangle inequality:

|M7(2LT)LdO7n - M n)| < |M7(:nd0m M| + |M(n) - M| (5)
Bounding \ random — M)|. Define Z; = 1[i € S,] so that E[Z;] = ) . Since the

budget is fixed, Ei:l qgn) =n, and:

3

§ § N L &
E[Mfa'rzdom Zqz i N; ﬁg z( M M <

3\>—‘

N

=0

where the last term vanishes by the fixed-budget constraint. Hence:

N
n ]- n
EM,gom) = M = — 3~ a" (M = M)

random
=1

Applying Cauchy—Schwarz:

1 N %
= VN
B o) = M| <~ [ D20 ) (DM M) ) = g™ ons. (6
[ Tandom ( 4; P ) n Hq ||20M ( )

Since the bias is deterministic, E[|[M™ , —M|] < |E[M"™ 11— M]|, so Eq. @

random random.
bounds the expected absolute deviation directly.
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Bounding |]\/4\(") — M]|. Since M™ is unbiased for M and each term Mi/qgn) lies
in [a/ qgn), b/ qgn)], applying Hoeffding’s inequality gives:

—~ Im2u2 2 (n.)2 2
B )
Yies, (b—a)/q" (b—a)

Integrating over u > 0:

o0 (7l)2 2
—~ 2 ; b—
E[|M™ — M| < / 2 exp ,Lm;‘ du = &. (7)
0 (b—a) qr(;izlx/Qn

Combining. Taking expectations in Eq. and substituting Egs. @ and
yields the main bound.

Case (i): Uniform sampling. If qi(n) = n/N for all i, then }_, ql(n)(Mi - M) =

(n/N)>>,(M; — M) = 0, so the bias is exactly zero. With qr(:lzl =n/N, Eq.
gives (b —a)N/(v/2n3/?).

Case (i1): Uncertainty sampling. If qgn) = nu; /U, then ||[¢™ |z = (n/U)||ull2
) _

n=

NUmin/U. Substituting into Eq. (6):

VN n VN ||ul|2
= TUM

- 5”“\\2 OM

and ql(;ll

)

which is independent of n. The stochastic term gives (b — a)U/(v/2 tmin n*/?).
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B Predictors’ classification performance

Table [4] shows the performance of the predictors in terms of classification, while
Table [5| in terms of summarization. For the classification task, the prompt we

use is the following:

This is a text classification task. The possible labels are [...]

while the indices of the labels are [...].

Output only ’Label:

the predicted index of the label that you predict’. This is the

sentence to classify: [...].

For the summarization task, the prompt we use is the following:

This is a text summarization task. This is the sentence that must
be summarized: [...] Output only the summary.

Nova Pro
Accuracy Recall F1

Qwen
Accuracy Recall F1

Claude

Dataset Accuracy Recall F1

AG’s News| 0.8814 0.8814 0.8813
Banking77 0.7925 0.7925 0.7996
DBPedia 0.9822 0.9822 0.9822
FNC-1 0.4806 0.4806 0.4462
QNLI 0.5072 0.5072 0.5988
SST-2 0.9564 0.9564 0.9564
TREC-6 0.7980 0.7980 0.8009
IMDBT 0.9621 0.9621 0.9621
PubMedT 0.7202 0.7202 0.7554
Emotion’ 0.5830 0.5830 0.5776
Rotten 0.9343 0.9343 0.9344

MultilingualT 0.8069 0.8069 0.8081

0.8082

0.8082 0.8066

0.6942

0.6942 0.7072

0.9385

0.9385 0.9401

0.2933
0.5017

0.2933 0.1961
0.5017 0.5484

0.9255
0.7440
0.9519

0.9255 0.9255
0.7440 0.7395
0.9519 0.9519

0.6453

0.6453 0.6826

0.5695

0.5695 0.5630

0.8987
0.7494

0.8987 0.8986
0.7494 0.7502

0.7863 0.7863 0.7886
0.6581 0.6581 0.6781
0.9312 0.9312 0.9317
0.4082 0.4082 0.3406
0.4882  0.4882 0.5033
0.9427  0.9427 0.9427
0.9465 0.9465 0.9465
0.9465 0.9465 0.9465
0.6391 0.6391 0.6645
0.5830 0.5830 0.5784
0.9071 0.9071 0.9071
0.7046 0.7046 0.7103

Table 4: Text classification metrics on the full datasets. For each metric and
dataset, the best predictor is bolded while the second best is underlined.

Dataset Claude Nova Pro Qwen

CNN"  0.5074 0.5078 0.4827
XLSum® 0.4427 0.4543 0.4620

Table 5: Summarization results on the full datasets in terms of ROUGE-1. For
each metric and dataset, the best predictor is bolded while the second best is

underlined.
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https://huggingface.co/datasets/fancyzhx/ag_news
https://huggingface.co/datasets/PolyAI/banking77
https://huggingface.co/datasets/pietrolesci/dbpedia_14_indexed
https://huggingface.co/datasets/nid989/FNC-1
https://huggingface.co/datasets/nyu-mll/glue
https://huggingface.co/datasets/stanfordnlp/sst2
https://huggingface.co/datasets/OxAISH-AL-LLM/trec6
https://huggingface.co/datasets/stanfordnlp/imdb
https://huggingface.co/datasets/pietrolesci/pubmed-20k-rct
https://huggingface.co/datasets/dair-ai/emotion
https://huggingface.co/datasets/cornell-movie-review-data/rotten_tomatoes
https://huggingface.co/datasets/tyqiangz/multilingual-sentiments
https://huggingface.co/datasets/abisee/cnn_dailymail
https://huggingface.co/datasets/csebuetnlp/xlsum
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