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ABSTRACT

In industrial settings, it is often necessary to achieve language-level
accuracy targets. For example, Amazon business teams need to build
multilingual product classifiers that operate accurately in all Eu-
ropean languages. It is unacceptable for the accuracy of product
classification to meet the target in one language (e.g, English), while
falling below the target in other languages (e.g, Portuguese). To fix
such issues, we propose Language Aware Active Learning for Multi-
lingual Models (LAMM), an active learning strategy that enables a
classifier to learn from a small amount of labeled data in a targeted
manner to improve the accuracy of Low-resource languages (LRLs)
with limited amounts of data for model training. Our empirical results
on two open-source datasets and two proprietary product classifica-
tion datasets demonstrate that LAMM is able to improve the LRL
performance by 4%—11% when compared to strong baselines.
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1 INTRODUCTION

Cross-lingual learning is known to improve the accuracy of NLP mod-
els on Low-Resource Languages (LRLSs), that have limited amounts
of data for model training, by leveraging shared representations that
are common to multiple languages. However, even state-of-the-art
(SOTA) models (e.g., mBERT, XLLM-R) have a sizable gap in the
accuracy of high-resource languages (HRLs) and LRLs, which cor-
relates to the relative scarcity of pre-training data from the LRLs
[1]. Such problem is also common in Amazon, as evidenced by our
experiments on multi-lingual product classification. This can be ex-
plained by the skewed distribution across languages in the Amazon
catalog where there is significantly fewer Portuguese product data
than French product data.

In industrial settings, we are often required to achieve language-
level accuracy targets (e.g., 0.95 accuracy for each language). In
such cases, it is a common practice to synthetically augment the
existing training data by translating using neural machine translators,
transliterating, or label propagation on similar data [2, 3]. These
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Figure 1: Consider a multilingual pen classifier (to classify
whether a object is a pen or not) which comprises 3 languages
(English, Spanish, and Chinese), LAMM computes relative pri-
ority weights for each language based on its current estimated
accuracy (solid flag) and target accuracy (checked flag). In this
example, the expected priority is Chinese > Spanish > English.

techniques can help increase the size and diversity of training data
without involving expensive human annotation. While translation
typically helps increase LRL accuracy, we may not achieve business
targets due to the inherent imperfections of machine translation.

We present a method for increase low-resource language (LRL) ac-
curacy by utilizing active learning to obtain labeled data in a targeted
manner. Previous research on active learning for multilingual data
mainly concentrated on training a single model for a single language
[4-6]. Our goal, however, is to develop one model that performs
well across multiple languages. The most similar prior research to
our approach, Language Aware Active Learning for Multilingual
Models (LAMM), is the work of [7], which demonstrated that active
learning can boost model performance for multiple languages when
using a single model. Unfortunately, this method does not provide
a way to target a LRL and improve its accuracy. In scenarios where
reaching language-level targets is necessary, current state-of-the-art
active learning algorithms fall short, as they persist in obtaining
labels for languages that have already met their accuracy objectives,
thus wasting manual annotations. To address this issue, we introduce
an active-learning-based approach for obtaining labeled data in a
targeted fashion to enhance LRL accuracy without compromising
high-resource language (HRL) performance. LAMM, our proposed
method, raises the chances of meeting accuracy goals for all lan-
guages of interest.

2 LAMM

We pose LAMM as a multi-objective optimization problem. The
goal is to select unlabeled data instances that are both (1) uncertain
(i.e., the model is not confident in its predictions), and (2) from
languages for which the classifier achieves lower accuracy than our
targets. Specifically, we decide if each unlabeled data instance x; (j
denotes the index of the data point in unlabeled dataset) is selected
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for labeling with two measures: (1) uncertainty in prediction scores
Hj, (2) a language-specific weighting parameter L;» (j* denotes the
language that data point j belongs to, j* € J’, where J” is the set of
languages contained in unlabeled data and we assume the language
of each data point is known). In one active learning iteration, we
select batch B of unlabeled data with B elements as:

B= argmax ZS]' (1
S'CS,|S'|=B {o3r

Here S is a list of scores determining if an unlabeled data needs to
be selected. The score s; € S is a function of the uncertainty score
Hj and the language weight Ljs. s; = f(Hj,Lj). f(.) can be altered
for different use cases, as long as f(.) has positive correlation with
Hj, and Lj:. |S’| denotes the number of elements in the subset S’.
Overall, the mathematical expression in Eq. (1) denotes a subset of
elements B with size B that have the highest sum of the function f(.).
In our implementation, H; is the entropy of classification prob-
ability scores calculated as H(s) = — Zle pilog pi, where k is the
number of possible labels in a multi-class classifier, p; is the prob-
ability that the classifier assigns to label i, and log is the natural
logarithm. The language weight L is decided based on the perfor-
mance gap between the currently achieved accuracy of each language
and its accuracy target. The higher gap results in higher language
weight. More specifically, we divide the overall annotation budget
(B) in each active learning iteration among different languages based
on their language weight Lj-. Within each language’s budget, we
select the samples with high uncertainty H; from that language. It is
worth mentioning although in this work we implement LAMM on
top of the entropy based query strategy, LAMM can be applied to

any active learning strategy to create its language-aware variant.

3 EXPERIMENT

We employ the standard pool-based active learning set up, and evalu-
ate the performance of LAMM against 2 baselines on 4 multi-lingual
classification datasets. Amazon Review[8] and MLDoc[9] are two
public datasets. Dataset A and B are two Amazon internal multi-
lingual product classification datasets. The baseline methods are:
(1) Least Confidence (LC) which acquires samples with the highest
uncertainty score (entropy), (2) Equal Allocation (EA) where an-
notation budget is equally allocated to different languages and then
samples with high entropy in respective language are acquired to fill
per-language annotation budget. In experiments, we set the classi-
fication accuracy target for each language as 0.95 and 0.90 for the
Amazon internal datasets and public datasets, respectively. As ma-
chine translation is commonly used to increase multi-lingual model
performance, the experiments are conducted with machine transla-
tion, which means after the query strategy acquires the samples, we
use AWS Translate to translate the acquired samples to all the other
languages-of-interest, and then train model with all the data. Table
1 shows the detailed language level performance of each dataset.
In all the subsequent result analysis, for the Dataset A, Dataset B
and Amazon Review datasets, we define HRL as the language with
the largest proportion in the pool data, and LRLs as all the other
languages in each dataset. From Table 1 we note LAMM achieves
the best performance across LRLs compared to other baselines while
only takes a small performance hit on HRL. We notice that LAMM
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Table 1: Language level performance for all datasets at last active
learning iteration (with 1000 labeled data) in the scenario with
translation. L is the language in each dataset, D (%) is data pro-
portion of each language in the pool set, £ (%) is the labeled data
proportion of each language, and A (%) is area under accuracy
curve (AUC) of each language. For each dataset, we highlight
highest AUC number in bold.Accuracy AUC is the area under
each accuracy curve (AUC) summarizing accuracy across all
label counts/active learning iterations.

LC LAMM EA

Dataset | L D 7 7 7 7 7 7
Dataset fr | 78 | 747 0.772 | 36.3 0.756 | 37.2 0.754
A pt 12| 10 0.709 | 40.7 0.722 | 31.3 0.714

ja 10 | 152 0.766 | 22.9 0.78 | 31.4 0.78

en | 77 | 59.7 0.749 | 124 0.746 | 26.4 0.748
Dataset fr 941 19.7 0.682|41.3 0.683| 18.9 0.674
B de | 62|88 0.675| 165 0.692| 18.1 0.679

ja | 35|7 0.707 | 10.4 0.714 | 18.3 0.714

pt | 33|47 0.732|19.1 0.733| 18.3 0.739
Amazon | €™ 73| 72.1 0.713 | 254 0.714 | 30.9 0.702

. fr 18 | 4.8 0.686| 21.1 0.698 | 22.7 0.688

Review

de | 45| 184 0.667 | 244 0.683 | 24.1 0.680
ja | 45|47 0.658]29.1 0.664| 22.3 0.655

high| 73 | 74.7 0.774 | 32.6 0.757 | 31.0 0.762
MLDoc | mid| 18 | 17.7 0.760 | 26.2 0.761 | 25.2 0.760
low| 9 | 7.6 0.748| 412 0.766 | 43.8 0.761

reduces the proportion of HRL labels by 62.1% (from avg. 70.35%
t0 26.67%) while only reducing HRL’s accuracy AUC by 1.2% (from
avg. 0.752 to 0.743) compared with LC.
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