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Abstract

Active learning (AL) techniques reduce label-
ing costs for training neural machine transla-
tion (NMT) models by selecting smaller repre-
sentative subsets from unlabeled data for an-
notation. Diversity sampling techniques se-
lect heterogeneous instances, while uncertainty
sampling methods select instances with the
highest model uncertainty. Both approaches
have limitations - diversity methods may ex-
tract varied but trivial examples, while uncer-
tainty sampling can yield repetitive, uninforma-
tive instances. To bridge this gap, we propose
Hybrid Uncertainty and Diversity Sampling
(HUDS), an AL strategy for domain adaptation
in NMT that combines uncertainty and diver-
sity for sentence selection. HUDS computes
uncertainty scores for unlabeled sentences and
subsequently stratifies them. It then clusters
sentence embeddings within each stratum and
computes diversity scores by distance to the
centroid. A weighted hybrid score that com-
bines uncertainty and diversity is then used to
select the top instances for annotation in each
AL iteration. Experiments on multi-domain
German-English and French-English datasets
demonstrate the better performance of HUDS
over other strong AL baselines. We analyze
the sentence selection with HUDS and show
that it prioritizes diverse instances having high
model uncertainty for annotation in early AL
iterations.

1 Introduction

The training process for Machine Translation (MT)
models typically requires large, high-quality paral-
lel corpora to achieve robust performance. How-
ever, acquiring such data is costly and laborious,
especially for low-resource languages and domain-
specific data which requires professional translators
with domain knowledge. For instance, training an
MT model to translate specific medical conditions
requires extensive labeling by medicine experts.
Active learning (AL) is a well-known strategy that
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Figure 1: Comparison of the instances selected through
different active learning strategies on the task of English
to German (En — De) translation using the Law domain
dataset and BART-base model. The color represents the
active learning iteration; from the darkest (first iteration)
to the lightest (tenth iteration). Our proposed hybrid
active learning method (HUDS) selects diverse yet chal-
lenging sentences for annotation in early iterations.

helps to reduce the labeling requirements by select-
ing a smaller representative subset for annotation,
thereby reducing the overall cost. AL follows an
iterative procedure that involves (1) querying in-
stances from an unlabeled pool; (2) obtaining an-
notations for unlabeled instances through a human
expert; and (3) adding the annotated examples to
the labeled dataset and retraining.

In the context of Neural Machine Translation
(NMT), active learning aids in selecting a small
number of sentences for labeling that are likely to
bring a similar performance if the NMT model is
trained on a larger labeled set. AL methods for
NMT can be broadly classified into diversity and
uncertainty sampling methods, often described as
the “two faces of active learning” (Dasgupta, 2011).
Diversity sampling ensures that a heterogeneous
set of instances from the unlabeled set is selected
for annotation. In contrast, uncertainty sampling
attempts to select the instances with the highest
model uncertainty, i.e., the ones which are the most
difficult for the next AL iteration. Both these meth-
ods have their limitations, such that the methods
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focusing on diversity can extract varied but trivial
examples, whereas uncertainty sampling may lead
to the selection of instances with high uncertainty
but which are repetitive and not useful. To miti-
gate this, hybrid sampling approaches have been
proposed for other NLP tasks, including named
entity recognition (Kim et al., 2006), abstractive
text summarization (Tsvigun et al., 2022a), and text
classification (Yuan et al., 2020). No hybrid AL
strategy for efficiently acquiring domain-specific
data in NMT has been proposed yet which suc-
cessfully incorporates model uncertainty and data
diversity in the sampling procedure.

To develop a hybrid AL strategy for NMT, we
should consider a multi-step procedure involving
uncertainty computation, diversity sampling, and a
weighted hybrid acquisition function that leverages
both. In this work, we develop HUDS (Hybrid Un-
certainty and Diversity Sampling), a hybrid active
learning strategy for NMT. We first compute uncer-
tainty scores for unlabeled sentences and stratify
them. We then obtain embeddings for each sen-
tence in a stratum, cluster them using k.-MEANS
and compute the diversity score for each instance
by their distance to the centroid. Finally, we com-
pute a hybrid sampling score through a weighted
sum of the uncertainty and diversity scores and se-
lect the fop-k instances with the highest scores for
annotation in each iteration of AL. This weighted
sampling ensures the selection of diverse yet chal-
lenging instances for annotation (Fig. 1), which
contributes to the model’s robust performance on
domain-specific datasets.

1.1 Contributions

* To the best of our knowledge, we present the
first hybrid active learning strategy (HUDS)
for NMT.

* We evaluate HUDS on German-English and
French-English datasets spanning different do-
mains (Medicine, Law, IT, Ted talks) with the
BART language model and demonstrate that
HUDS outperforms other AL baselines in
NMT.

* We examine the examples selected for anno-
tation by HUDS and demonstrate that it pri-
oritizes diverse yet challenging instances for
annotation in early AL iterations. We also
find that HUDS selects varied instances with
higher unigram coverage compared to other
AL strategies.

2 Preliminaries

2.1 Neural Machine Translation

The primary objective of a Neural Machine Trans-
lation (NMT) model is to convert a source sentence
X = {x1,...,zg} into a corresponding target sen-
tence Y = {y1,...,yr}, where X and Y each
contain S and T tokens, respectively. The likeli-
hood of each token in the target sentence, given the
source sentence, is depicted using the chain rule
below:

T

P(Y [X;0) = [[p(vi | o1, %;6) (D)
=1

In the above equation, § symbolizes the parame-
ters of the model. NMT models strive to optimize
the cross-entropy (CE) loss, achieving this by de-
creasing the negative log-likelihood of the training
examples, represented as:

T
Lep(0) == logp (vi | you, X56) ()
=1

When the model performs inference, it produces
probabilities for the target tokens via an auto-
regressive process. These probabilities then aid
in choosing high-probability tokens with the help
of search strategies such as beam search.

2.2 Active Learning for NMT

We consider a labeled corpus D; and an unlabeled
corpus D, for active learning in NMT. In the con-
text of domain adaptation, D; is a larger out-of-
domain labeled corpus (e.g., WMT14 German-
English corpus), and D, is a small in-domain un-
labeled corpus (e.g., Medicine domain German-
English corpus). For acquiring the translation of
the sentences selected by the query strategy, we
consider a human oracle who can translate any sen-
tence in the unlabeled data. We consider a fixed
budget c for annotation such that all the annotation
through must occur within that budget.

2.3 Contrasting Uncertainty and Diversity

Active learning strategies can be broadly classified
into diversity-sampling methods and uncertainty-
sampling methods, also known as "two faces of
active learning" (Dasgupta, 2011). Diversity sam-
pling methods aim to select diverse instances for an-
notation, whereas uncertainty sampling techniques
use the model’s uncertainty as a proxy to select
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Figure 2: A representation of hybrid uncertainty and diversity sampling (HUDS) for active learning in NMT.

the hardest examples that should be annotated.
To achieve optimal results, any robust AL strat-
egy should leverage both uncertainty and diversity.
However, designing such a hybrid approach is not
trivial (Hsu and Lin, 2015) and is an open research
problem (Yuan et al., 2020).

We now discuss two promising hybrid active
learning strategies BADGE (Ash et al., 2019) and
ALPS (Yuan et al., 2020) for classification tasks
that combine the benefits of uncertainty and diver-
sity sampling. Inspired by these two strategies, we
then present a new hybrid active learning strategy
for the task of neural machine translation.

2.3.1 BADGE

The primary objective of the BADGE algorithm is
to select heterogeneous and uncertain instances for
annotation in each iteration of AL. This is achieved
by clustering special representations called gra-
dient embeddings that encapsulate model cer-
tainty. Once the gradient embeddings are com-
puted, BADGE uses k.-MEANS++ seeding algo-
rithm (Arthur and Vassilvitskii, 2007) to select a
subset of examples S; for annotation. The exam-
ples included in this subset are diverse in terms of
uncertainty and data distribution due to the way
gradient embeddings are calculated.

23.2 ALPS

Improving upon BADGE, ALPS attempts to esti-
mate the uncertainty of instances using the masked
language model (MLM) loss of a pre-trained BERT
within the downstream classification task. Thus,
ALPS works in a cold-start setting by leveraging the
loss from a pre-trained BERT in contrast to BADGE
which estimates uncertainty using the classification
model that is being trained, i.e, in a warm-start set-
ting. ALPS achieves this by creating a surprisal em-
bedding s, for each input x. This process involves

feeding the non-masked input z into the BERT
MLM head and calculating the cross-entropy loss
for 15% randomly selected tokens. These embed-
dings are then clustered and a diverse subset of
examples are selected for the next iteration.

3 Hybrid Uncertainty and Diversity
Sampling

We now present a novel hybrid strategy for active
learning in NMT named hybrid uncertainty and
diversity sampling (HUDS). HUDS is a multi-step
procedure involving uncertainty computation, di-
versity sampling, and a weighted hybrid acquisition
function that leverages both of these. The complete
workflow is shown in Fig. 2.

Uncertainty scores. We first estimate the uncer-
tainty for an unlabeled sentence s through the nor-
malized negative log-likelihood: NNLL(X) =
-1 Zle log p(zj|x1, x2,...,2;-1), where S is
the sentence length and x; is the 4% token in X.
Lower NLL values indicate higher model confi-
dence in the prediction, while higher values indi-
cate less confidence thus greater uncertainty. We
then perform stratification on uncertainty scores,
with the range for ith stratum defined as,

1—1

i
8; = <5mm + (1) 5 Smin + - (r)) (3)
where s;,i, is the minimum uncertainty, S;,qz 1S
the maximum uncertainty, r is the range specified
bY Simaz — Smin, and n is the total number of strata.

Diversity scores. We then utilize a pre-trained
BERT to obtain the embeddings of sentences within
each stratum. Subsequently, we cluster the embed-
dings using k-MEANS and compute the diversity
score for each instance by the cosine distance be-
tween that instance and the cluster centroid. The
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Algorithm 1 Single iteration of HUDS

Input: Unlabeled pool D,,, Number of strata n, Pre-trained encoder P, Acquisition Model M, Hybrid

parameter A, Instances to select k
Us < M(u), u € D,

Smin < min(Us), Smaz < max(Us), r < Smaz —

fori=1— ndo A ‘
‘ NFNUUS (smin+ %(T),Smin‘F %(T))
end

C+ 0
for X in N do
E+ 0
for sentences r € X do
| £+ EUP(x)
end
¢ < k—MEANS(€)
C+—CUMN-d(c,e)+ (1= N)-Us(e),ee &

end
Q + topK(C, k)
Output: Q

> Compute uncertainty scores for each sentence in D,,

Smins N0

> Perform stratification on uncertainty scores U

> Obtain embeddings for each sentence in stratum X’

> Perform k-MEANS clustering on embeddings
> Compute hybrid score for each sentence

> Select top k instances for annotation

goal of clustering is only to determine the distance
of each example from the centroid of the (already
defined) stratum and thus a value of k = 1 suf-
fices here. In other words, diversity is represented
with distance from the average vector, over sen-
tences grouped by uncertainty strata. These di-
versity scores represent the heterogeneity of the
examples. Therefore, the semantically dissimilar
(and potentially harder) instances in each stratum
have higher scores than the prototypical examples.

Hybrid scores. We compute a hybrid sampling
score H (z) for a sentence z through the weighted
sum of the uncertainty and diversity scores (Eq.
4) and select the rop-k instances with the highest
scores for annotation.

H(z)=X-d(z,¢;) + (1 = A) - uy ()]

where d(x,¢;) is the diversity score represented
by cosine distance between the embedding of sen-
tence x and the centroid of the cluster ¢; of stratum
s; (to which the sentence z belongs), while u,, is
the uncertainty score of sentence x. Algorithm 1
summarizes the complete procedure.
Stratification of uncertainty scores allows the
selection of diverse sentences from each subpop-
ulation, i.e., examples with a low uncertainty can
also be selected as long as they are diverse. This is
in contrast to the other pure uncertainty sampling
methods which prevent the selection of informa-
tive sentences that have a low uncertainty. We
hypothesize that hybrid sampling aids in selecting

sentences with low overall uncertainty but having
harder (dissimilar) segments that the NMT model
cannot translate well.

4 Experimental Setup

We mirror the conventional active learning setup
followed in previous studies (Shelmanov et al.,
2021; Dor et al., 2020; Hu and Neubig, 2021a; Tsvi-
gun et al., 2022a). We first train the NMT model
on the out-of-domain labeled corpus. We then start
the AL procedure with a randomly selected small
subset of labeled sentences from in-domain data
and in the first iteration fine-tune the NMT model
on this subset. In each subsequent iteration, we
use the query strategy O to select the examples for
annotation, add them to the annotated pool of ex-
amples (i.e., emulate the manual labeling process
of translation without human involvement), and
remove them from the unlabeled set. The NMT
model is then trained on the sentence pairs in the
labeled pool and evaluated on an unseen validation
set. We use SACREBLEU (Post, 2018) to evaluate
the performance on the validation set in each itera-
tion, according to the protocol followed in previous
works on AL in NMT (Hu and Neubig, 2021b;
Zhao et al., 2020). SACREBLEU uses the standard
WMT tokenization, addresses several issues in the
reporting of regular BLEU scores, and is more
reproducible (Post, 2018).

3074



Dataset # Train Pairs  # Val Pairs  # Test Pairs
Medicine 248,099 2,000 2,000
Law 467,309 2,000 2,000
IT 222927 2,000 2,000

Table 1: Data statistics of the multi-domains German-
English corpora in the Medicine, IT, and Law domains.

4.1 Datasets

We utilize the WMT14 En-De (English-German)
parallel data as our out-of-domain labeled dataset.
It contains 4.5M training pairs and 3000 validation
and test pairs. For the in-domain data, we use the
multi-domains dataset containing German-English
parallel data for five domains (Koehn and Knowles,
2017), deduplicated and resplit by Aharoni and
Goldberg (2020). This dataset has been frequently
used for the evaluation of domain adaptation and ac-
tive learning approaches in neural machine transla-
tion (Dou et al., 2019; Hu and Neubig, 2021a). We
use three corpora for our experiments: Medicine,
Law, and IT. The statistics are shown in Table 1.

4.2 Model

We use the BART model' for our experiments which
works well for natural language generation tasks
including translation (Lewis et al., 2020). BART
is a transformer encoder-decoder model having
a bidirectional encoder and an autoregressive de-
coder. Our choice of BART is motivated by recent
works on active learning for text generation that
have employed encoder-decoder architectures such
as BART and demonstrated their effectiveness (Xia
et al., 2024; Tsvigun et al., 2022a). We did not
use a large language model (LLM) for the domain
adaptation experiments, since LLMs are typically
pre-trained on massive, diverse corpora that often
overlap with the test domain. Such pre-training
raises the risk of data contamination (Sainz et al.,
2023), making it difficult to accurately assess the
model’s ability to learn from newly introduced,
domain-specific data. As a result, improvements
observed in an LLM would not reliably reflect gen-
uine gains from the active learning process, but
rather the model’s prior exposure to similar sam-
ples.

We conduct experiments using the BART-base
variant pre-trained on Wikipedia and the BookCor-
pus. This variant has 140 million parameters and
six blocks in the encoder and decoder. We train

"https://huggingface.co/facebook/bart-base

the model using the AdamW optimizer with a train-
ing batch size of 16. The learning rate is set to
2e-5 with a weight decay of 0.028 and gradient
clipping of 0.28. The beam size is set to 4 for eval-
uation. We use A = 0.5 for HUDS sampling (after
the first query iteration), giving equal weightage
to uncertainty and diversity in the computation of
hybrid scores. Uncertainty is computed for 20,000
randomly selected examples from the unlabeled
pool as it is computationally expensive to be per-
formed for the complete dataset. 1000 sentences
are queried in each iteration. The experiments are
run on a single 48GB NVIDIA A6000 GPU.

4.3 Baselines

AL strategies for NMT primarily include a
sentence-level selection of examples or phrase-
level selection for training the NMT model.
Sentence-level strategies focus on selecting sen-
tences that are most useful for training while
phrase-level strategies choose individual phrases
that are the most informative. In some scenarios,
phrase-level strategies can be more cost-effective
as they provide granular control to avoid the inclu-
sion of otherwise informative sentences which have
phrases that the NMT model can already translate
well. However, their implementation for NMT is
generally more complex than sentence-level selec-
tion, involving the creation of synthetic parallel
data that incorporates phrasal translations followed
by a data mixing procedure that is utilized for
mixed fine-tuning (Hu and Neubig, 2021a). Thus,
we compare our approach to three sentence-level
selection baselines, including Random selection,
Normalized Sequence Probability (NSP) (Ueffing
and Ney, 2007), and In-Domain Diversity Sam-
pling (IDDS) (Tsvigun et al., 2022a). NSP and
IDDS are strong baselines, while random selec-
tion is competitive in AL given a sufficiently large
annotation budget (Hu and Neubig, 2021b).
While BADGE and ALPS are promising AL
methods for classification tasks, applying them to
NMT requires significant modification to the acqui-
sition functions. Thus, we do not consider them as
baselines for AL in NMT. Additionally, we do not
include subset selection approaches as baselines,
e.g., Kothawade et al. (2022), as their goal is to se-
lect a subset from a fixed set of (often fully labeled)
examples to allow training in resource-constrained
environments. In contrast, active learning aims to
iteratively select a subset of examples for labeling
from an unlabeled pool, with the aim of minimiz-
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DATASET AL AL ITERATION
STRATEGY 2 4 6 8 10
Random 29.36.0.1 30.7510.1 3144101 3193101 32.7010.1
NSP 29.69106 3139405 3227404 32.8940.3 33.6840.2
MEDICINE IDDS 2945:01 31.114101 3208103 32.76402 33.05+0.0
HUDS 30.7610> 32.03.01 331401 33.65. 01 34.58101
Random 27.64103 28.30+0.1 28.78+40.1 29.2840.1 29.5410.1
NSP 28434102 2926401 29.70402 30.0940.1 30.2340.2
1T IDDS 2381101 24314102 2484100 2521401 2541401
HUDS 29.15.01 29.69:0:1 30.12.01 305401 30.70100
Random 32.6010.3 33.52105 3428104 3480105 3521105
NSP 3289401 3418400 34.73401 35.16403 35.5340.0
LAaw IDDS 3291400 3412401 3461101 35.07100 35.33+0.0
HUDS 33.76:&0,0 34.3910.2 34.8910.1 35.1710_0 35.6210_1

Table 2: SACREBLEU scores with different active learning strategies for NMT across different domain datasets.
BART-base model is used in all experiments. Active learning is done over ten iterations with 1000 sentences
queried in each iteration. For each strategy, three independent runs are done with different seeds, and the mean
SACREBLEU is reported, with the subscript representing the standard error. Best results are given in bold. HUDS
consistently shows better performance compared to other AL strategies.

ing the labeling cost.

Random Sampling. Random sampling involves
selecting a subset of sentences randomly from the
unannotated data for labeling. Despite its simplic-
ity, it has shown strong performance in active learn-
ing for various NLP tasks (Miura et al., 2016; Tsvi-
gun et al., 2022a) as it reflects the distribution of
the complete unlabeled set without bias. Moreover,
it is an efficient strategy as no queries are needed
for example selection in contrast to the other AL
strategies.

Normalized Sequence Probability (NSP). This is
an uncertainty-based query strategy that helps to
quantify the uncertainty of a model’s predictions on
a particular sequence. It was introduced by Ueffing
and Ney (2007) and is a strong baseline that is the
basis for several other AL techniques (Haffari et al.,
2009; Tsvigun et al., 2022b). NSP for a sentence
v is defined as 1 — pg (y | v), where pg (y | v)
is the geometric mean of the token probabilities
predicted by model.

In-Domain Diversity Sampling (IDDS). This
strategy (Tsvigun et al., 2022a) attempts to select
sentences that are different from the previously an-
notated ones in an attempt to increase the diversity
of the final set. Simultaneously, it prevents the
selection of noisier instances (or outliers) that are
significantly different semantically from the docu-
ments in the in-domain dataset. This mitigates the

prevalent issue of selecting noisier instances found
in other uncertainty-based AL strategies. The ac-
quisition function of IDDS is given by:

[A] |B|

> f(v,v) > fv,vm)

IDDS(v)=aft — _(1—q)™=t
) (1)

5
] &)

In this equation, f(v,Vv’) is a function measur-
ing text similarity, B represents the labeled set, A
represents the unlabeled set, and « is a hyperparam-
eter between 0 and 1. IDDS demonstrates strong
results on the Abstractive Text Summarization task,
outperforming other AL strategies. Thus, we select
this strategy as one of the baselines for comparison.

5 Results

Table 2 shows the BLEU scores of BART-base
model fine-tuned with different AL strategies
across three datasets. We do three runs with differ-
ent random seeds for each selection strategy and
dataset and report the mean SACREBLEU. We
observe that HUDS performs better than random
sampling, NSP, and IDDS across all iterations. For
the medicine dataset, HUDS demonstrates 34.58
SACREBLEU at the end of the final iteration com-
pared to 33.68 for NSP, 33.05 for IDDS, and 32.70
for Random. The differences in the SACREBLEU
scores are statistically significant by Wilcoxon’s
signed-rank test (p < 0.05). We also notice that
the relative ranking of SACREBLEU for differ-
ent strategies varies significantly across datasets.
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Figure 3: Plot of uncertainty vs diversity scores for Medicine (Row 1), Law (Row 2), and IT (Row 3) datasets. Each
plot contains 100 markers representing sentences that were selected during the AL procedure over 10 iterations,
with 10 sentences selected in each iteration. The color represents sampling iteration in AL, with the darkest color
representing the first iteration and the lightest color representing the tenth iteration. Columns correspond to the
sampling strategy. Across all three datasets, hybrid sampling tends to select sentences with high uncertainty and

diversity.

We hypothesize that this indicates a difference in
the distribution and, more specifically, the uncer-
tainty and diversity of instances that we uncover
next. Interestingly, IDDS does not perform well on
the IT dataset, with a 13.8% lower SACREBLEU
compared to random sampling (25.4 vs 29.5). We
conjecture that this is due to the selection of diverse
instances in each iteration that are different from
the already annotated ones but are uninformative
for the model.

5.1 Analyzing HUDS

To understand the sentence selection preference in
HUDS during AL iterations, it is important to find
out how it compares to regular uncertainty and di-
versity sampling. We plot uncertainty vs. diversity
scores (Fig. 3) and analyze the unlabeled instances
selected in ten iterations for annotation by each
AL strategy (uncertainty, diversity, HUDS) across
three datasets. In the earlier iterations (represented
by dark-colored shapes), HUDS selects instances
with high values of uncertainty and diversity for
Medicine and IT datasets. For the Medicine and
Law datasets, a few diverse instances have moder-
ate to low uncertainty (Row 1 and 3, Column 2 of
Fig. 3); hence HUDS selects those as well. In con-
trast, uncertainty sampling always selects uncertain
instances regardless of their diversity, and diver-
sity sampling prefers heterogeneous instances only.
The difference in the distribution of uncertainty

and diversity across datasets also helps explain the
difference in the relative ranking of strategies in
terms of SACREBLEU in Table 2.

5.2 Evaluation on En-Fr corpus

Random IDDS NSP HUDS
34.8 33,5 35.1 35.5

Table 3: Comparison of the mean SACREBLEU after
the final AL iteration on the IWSLT 2014 En-Fr valida-
tion set.

To confirm the generalization of HUDS to other lan-
guages, we conduct an experiment on the English-
French (En-Fr) language pair. We utilize the
WMT14 (En-Fr) parallel data as the out-of-domain
labeled dataset and the IWSLT 2014 Ted Talks
(En-Fr) as the in-domain dataset, following the pro-
tocol presented in Wang et al. (2017). We use the
BART-base model for AL. HUDS demonstrates the
highest SACREBLEU score on the IWSLT 2014
validation set compared to other strategies, confirm-
ing its generalization to En-Fr (Table 3).

5.3 Changing annotation size

To determine the impact of a larger annotation size
on the translation quality, we conduct an experi-
ment on the IT dataset with 5000 examples labeled
in each iteration (instead of 1000 in the earlier ex-
periments). Ten iterations are performed, which
brings the final quantity of selected sentences to
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50,000. The results in Table 4 show that HUDS
consistently shows a higher SACREBLEU score
than other methods with a larger annotation size.

Method Iteration
2 4 6 8 10
Random 29.7 30.7 315 319 325
IDDS 256 27.1 279 28.7 29.1
NSP 30.5 312 319 32.0 323
HUDS 30.8 323 329 334 34.0

Table 4: Mean SACREBLEU score on the IT dataset.
5000 examples are selected for labeling in each iteration.

5.4 Composition of annotated sentences

To find out how the composition of annotated in-
stances affects the generalization performance of
the NMT model, it is useful to analyze the n-gram
overlap between the selected sentences and the test
set. Prior work (Hu and Neubig, 2021a) has shown
that the n-gram overlap correlates highly with test
BLEU scores, making it a reliable measure of the
usefulness of selected data for domain adaptation.
Thus, we conduct an experiment to analyze the uni-
gram overlap between the instances selected by dif-
ferent methods and the validation set of IT corpus,
following the protocol presented in Hu and Neubig
(2021a). We find that the sentences selected by
HUDS have the highest overall unigram overlap
with the validation set, followed by random, NSP,
and IDDS (Table 5). This indicates that HUDS
selects varied instances with higher unigram cover-
age, potentially leading to better performance. We
also compare the overlap of English and German
individually, which shows a similar trend, except
that NSP has a higher English unigram overlap than
the randomly annotated sentences (46.7 vs 46.6).

Method  En Overlap (%) De Overlap (%) En-De Overlap (%)
HUDS 47.2 53.2 48.0
IDDS 46.0 52.1 473
NSP 46.7 52.2 47.6
Random 46.6 53.0 47.8

Table 5: Percentage overlap between the unigrams of
sentences selected by different AL strategies and the
validation set of IT corpus. We report the individual
overlap for En and De and the En-De combined overlap.

5.5 COMET scores

We additionally assess the translation quality of
HUDS using COMET (Rei et al., 2020), a state-of-
the-art neural evaluation metric that demonstrates
high correlation with human judgment. We use the

Unbabel/wmt20-comet-da model® for scoring the
translations on the IT domain dataset. The results in
Table 6 show that HUDS outperforms other active
learning strategies.

Random IDDS NSP HUDS
42.5 380 423 42.6

Table 6: Comparison of the COMET scores after the
final AL iteration for different AL strategies on the
medical domain dataset. Unbabel/wmt20-comet-da
model is used for evaluation. Active learning is done
over ten iterations, with 1000 sentences selected in each
iteration.

6 Ablation study

An important hyperparameter in the HUDS algo-
rithm is the parameter A that balances uncertainty
and diversity score for a sentence. We now study
the effect of varying the value of A in HUDS on the
SACREBLEU score for the multi-domains dataset.
We run a separate AL procedure for each value of
A on different datasets and report SACREBLEU
score at the end of the first iteration with 1000
sentences annotated and used for training in that
iteration. The ablation is done on a single iteration
to better isolate the impact of individual compo-
nents and avoid any potential confounding effects.
The results in Table 7 demonstrate a higher SACRE-
BLEU score for A = 0.5, indicating that a balance
between hybrid uncertainty and diversity scores in
HUDS leads to better generalization. Additionally,
the parameter A provides a powerful tuning method
for uncertainty or diversity sampling using just the
validation set.

Dataset A
0 01 03 05 07 09 1.0
Medicine 29.6 29.6 29.7 299 297 29.7 295
Law 32.8 328 327 33.0 328 329 312
IT 287 288 28.6 29.0 287 28.6 28.5

Table 7: SACREBLEU score after the first AL iteration
for different values of A in HUDS.

7 Related Work

Active Learning in Machine Translation. Ac-
tive Learning has been widely applied to machine
translation (MT) to improve the quality and effi-
ciency of translation systems, especially for low-
resource languages or domains (Zhang et al., 2018;
Hu and Neubig, 2021a; Gupta et al., 2021; Zhou

2ht’cps: //github.com/Unbabel/COMET
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and Waibel, 2021; Zhao et al., 2020). Several as-
pects of AL have been explored for MT, includ-
ing different sampling techniques that consider un-
certainty or diversity (Ambati et al., 2011), differ-
ent workflows including batch mode vs. online
mode (Ananthakrishnan et al., 2010; Lam et al.,
2019), leveraging pre-trained or auxiliary models
(Domhan and Hieber, 2017; Wang et al., 2020)
and exploiting domain-specific and synthetic data
(Zhang et al., 2019; Hoang et al., 2018). To our
knowledge, no hybrid AL strategy for efficiently
acquiring domain-specific data in NMT has been
proposed prior to our work.

Uncertainty Sampling Techniques. Some of the
early works on AL for MT use uncertainty-based
sampling criteria, such as entropy or posterior prob-
ability, to select the sentences that the model is
most uncertain about for annotation (Haffari et al.,
2009; Bloodgood and Vijay-Shanker, 2009; Zhao
et al., 2020). Using these sentences will enable
the model to generalize better to unseen data. For
NMT models, uncertainty is usually measured at
the sentence or the beam level, based on the out-
put of an encoder-decoder model or a transformer
model (Zhou et al., 2020). However, pure uncer-
tainty sampling techniques suffer from redundancy
issues as they tend to select uncertain similar sen-
tences or prefer certain words and structures.

Diversity Sampling Techniques. The main idea of
diversity sampling is to select the sentences that are
most diverse and representative of the unlabeled
data based on some diversity measures such as den-
sity, representativeness, or coverage (Bloodgood
and Callison-Burch, 2010; Gangadharaiah et al.,
2009; Hu and Neubig, 2021a; Pendas et al., 2023).
Diversity is usually measured at the word or phrase
level based on the frequency or similarity of words
or phrases. However, pure diversity sampling meth-
ods lead to the selection of noisier or irrelevant
instances that are too difficult or too easy for the
model.

8 Conclusion

In this work, we proposed HUDS, a novel hybrid
active learning strategy that leverages both uncer-
tainty and diversity for neural machine translation.
HUDS outperforms other AL methods for NMT,
demonstrating the effectiveness of hybrid sampling
over other baselines for the same amount of human
labeling effort. Future work includes (1) incorpo-
rating phrasal selection in HUDS and (2) making

HUDS more efficient through precomputation of
embeddings and intermediate caching of scores.

9 Limitations

We list the potential limitations of our work be-
low: (1) HUDS involves computation of embed-
dings, clustering, and calculation of hybrid sam-
pling scores for each unlabeled sentence, which
could lead to higher latency compared to other AL
methods. For large datasets, the additional compu-
tations may affect the interactivity of the AL proce-
dure. Precomputation of embeddings and interme-
diate caching of scores can be leveraged to mitigate
this. HUDS can also be augmented with automatic
quality estimation methods for NMT (Blain et al.,
2023) to increase efficiency. (2) The proposed hy-
brid sampling strategy HUDS focuses on sentence-
level active learning for NMT. Phrase-level active
learning could potentially be more cost-effective
by selecting only informative phrases within sen-
tences. Extending HUDS to phrase-level selection
is left for future work.
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A Implementation Details

We extend the ALToolbox? python package (Tsvi-
gun et al., 2022b) and add support for hybrid un-
certainty and diversity sampling (HUDS) for ac-
tive learning (AL). The implementation of HUDS
allows using any translation dataset* and model’
available on HuggingFace (Wolf et al., 2019). The
code is submitted as part of the supplementary ma-
terial.

A.1 Models

We use the BART-base model publicly available
on HuggingFace transformers (Wolf et al., 2019).
The HuggingFace repository is available under the
Apache License 2.0 license.

A.2 Datasets

We use the WMT14 En-De dataset available under
the CC-BY-SA license and the German-English
multi-domains parallel data available under the Cre-
ative Commons CCO license.

B Hyperparameters

The hyperparameters used in our experiments are
reported in Table 8. We use the validation set of
the multi-domains dataset (Medicine, IT, and Law)
to tune these parameters.

3https://github.com/AIRI—Institute/al_toolbox

4https://huggingface.co/datasets?task_
categories=task_categories:translation

5https://huggingface.co/models?pipeline_tag=
translation

Hyperparameter Value
learning rate 2e—-5
train batch size 16
eval batch size 16
num beams 4
pad-to-max-length true
gradient-clipping 0.28

scheduler warmup-steps-factor 0.1

weight-decay 0.028
gradient-accumulation 0.1
fp-16 true
number of strata 10

Table 8: Hyperparameters for the experiments.

C Resources

The experiments are run on a single 48GB NVIDIA
A6000 GPU on the cloud. Around 1680 GPU hours
were used for the entirety of the project which in-
cludes the early experiments and the final results.
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