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ARTICLE INFO ABSTRACT

Received: 08 Dec 2024 Natural Language Processing (NLP) development for Low-Resource Languages (LRL) remains

challenging due to limited data availability, linguistic diversity, and computational constraints.

Many NLP solutions rely on complex models and high volume/quality data, which makes them

Accepted: 10 Feb 2025 difficult to use in Low-Resource NLP. Inspired by the NLP challenges and insights revealed by
various previous works, the underexplored Incremental Learning (IL) Static Word Embedding
(SWE) system in the low-resource NLP case of Indonesia’s local languages is proposed and
presented. With basic-level models and hyperparameter sweeps, these models are tested in the
scenario of incrementally incorporating 10 different local languages into themselves. The
simulations indicate this type of model resists Catastrophic Forgetting (CF) very well and
delivers competitive performance on the downstream task of sentiment analysis. In terms of f1
scores, the proposed model succeeds to exceed other baseline models and even rival heavy
Transformer models. The proposed model can be considered as a prospective holistic solution
for low-resource NLP. Future works could explore this model’s behavior in finer-grained NLP
tasks, different IL settings, or test more advanced models.
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1. INTRODUCTION

The development of NLP has been predominantly focused on a handful of high-resource languages (HRLs) [1].
Meanwhile, a lot of Low-Resource Languages (LRLs) remain out of reach of NLP technology [2, 3]. These languages
present challenges in resource collection/availability, linguistic dissimilarity from HRLs, and various deviations in
informal use [4—6]. However, NLP progress in LRLs can bring many benefits such as improving accessibility,
bridging communication gaps, and supporting the language’s preservation [4, 5, 7].

Researchers have explored many solutions to tackle this low-resource challenge. On the data side there are methods
such as Data Augmentation, Machine Translation, Multilingual Models, and Transfer Learning from HRLs [1], [4].
On the model side, many hand-crafted and automatic methods have been used, with simpler models often
outperforming complex models due to their low resource requirement [1, 2, 8—12].

Interestingly, barely any works in low-resource NLP used Incremental Learning (IL) Static Word Embedding
(SWE) models. It itself is already quite a rare sight, and the works that do use them either focus on implementation
[13, 14] or diachronic tasks such as topic modelling or semantic tracking [15—17]. The scattered research findings
hint to this model being a great fit for a lot of the challenges in low-resource NLP.

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License which
permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
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This research intends to explore the research gap in the case study of Indonesia’s local languages. We observe the
behavior of SWE systems in incrementally incorporating different local languages into themselves and evaluating
the model’s downstream performance in Sentiment Analysis (SA). This stands out from previous works as the
frames of IL data are all different languages. Through this exploratory experiment, the presented research aims to
highlight the potential of this type of model as a valuable alternative for advancing low-resource NLP.

2. BACKGROUND

2.1.  Static Word Embeddings

SWE models have been around for a while, with the famous Word2Vec [18] still seeing good use to this day. They
work by learning dense vector representations for each word to capture their semantic meaning in a fixed Vector
Space (VS). The resulting VS is relatively interpretable, with similar words being close together and word
relationships being observable through simple vector arithmetics (a common example being "king - man + woman
= queen") [19—21].

Unlike contextual word embedding models that assign vectors on-the-fly affected by surrounding words, SWE
models assign a single fixed vector for each word. This makes them computationally lighter but less capable of
capturing complex linguistic features such as context. Despite this, there are many examples of SWEs holding their
ground in low-resource scenarios [10—12]. Their relative computational efficiency, role in low-resource scenarios,
and model interpretability are the main reasons for their persisting relevancy in NLP.

One of the interesting products of their interpretability is their usage in capturing semantic change [22-27]. A
word’s semantic representation across VSs can be compared with various techniques such as Cosine Similarity (CS)
or word neighborhood-based methods (e.g., based on a word’s nearest neighbors [26] or alignment with
prototypical topic centroids [27]). Doing so across multiple VSs (e.g., trained on different time frames) enables us to
observe the changes of a word’s meaning over time. If these temporal VSs were equated to VS states, this semantic
drift also implicitly happens in IL when a model’s existing vectors move around to acommodate new incoming data
[13, 14].

There are some known weaknesses of SWE models. Basic versions of them can’t handle polysemy (where a word
has multiple possible meanings) [18, 28] and context. This is important for fine-grained NLP tasks such as POS
tagging, named entity recognition, question answering, entailment, and information retrieval [29—31]. It’s not as
important for coarse-grained tasks such as document classification and SA [32, 33].

There are also talks about the “instability” of SWE models, a term that refers to the non-deterministic nature of
their resulting vectors after training on some data [34—36]. This is an intrinsic quality of the model, and though
both are often evaluated, its connection with extrinsic quality (performance on downstream tasks) is rather
uncertain. Results from [35—37] show some disconnect between model stability and downstream performance, and
the widespread success of reportedly unstable models like Word2Vec and FastText cannot be simply undermined.

2.2, Incremental Learning

Incremental Learning (IL) is an ML paradigm where a model continually updates their base patterns over
sequentially arriving data, unlike the common paradigm where a model is pretrained once on a complete, static
dataset. One of the first instances of incremental learning in NLP was performed by [38] in their attempt to model
yearly semantic shifts. In their work, the VS of year y is initialized with the trained VS of year y — 1, then allowed to

train on the dataset of year y until converged.

Following that, several algorithmic advancements have been made [13, 14] and some works continue to explore IL
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on SWEs [16]. However, as evidenced by the influential works and sheer research volume [39—47], the research
interest in IL has long since shifted to more advanced model architectures.

These works have identified several advantages of IL over the popular paradigm of pretrain-finetune. Models that
have been pretrained once have their base patterns stuck to the corpora they were trained on. This is not ideal in
realistic scenarios, where language continues to evolve over time and they need to deal with things from beyond
their training data [40, 41]. IL is able to continually evolve the model’s base patterns, allowing constant adaptation
to changing problems [43, 45], potential knowledge transfer/generalization [43, 47], and more effective use of
limited and frequently changing data [39, 45].

However, there are also several unique challenges that come with using IL models:

. Catastrophic Forgetting (CF): A prominent problem where ML systems trained on a sequence of tasks will
suffer performance drops on earlier tasks [42, 44—47]. Several popular mitigation strategies exist such as replay,
regularization, and architecture-based methods, with various nuances in their implementation and success [39, 40,
42-44].

. Stability-Plasticity: Unlike conventional model training, IL models must refrain from fully converging on
incoming data as that risks destabilizing their prior knowledge. They must balance the ability to incorporate new
data (plasticity) while preserving old knowledge (stability) [45, 46, 48].

2.3. Indonesian Low Resource NLP

LRLs can be defined by several dimensions relating to their sociocultural vitality, digital or academic presence, as
well as the resources available for NLP development [1, 4, 49]. Indonesia’s local languages are a major example of
low-resource NLP, lacking in data volume and representation especially compared to European counterparts [5,
50].

According to Ethnologue [51], many of Indonesia’s local languages are at risk of dying out. Much of the written,
formal, and institutional communication is based on Indonesian [3, 52]. Local languages are used more in informal
communication [2, 3], many lacking standardized writing [5], and sometimes code-mixed with Indonesian or other
languages [2, 6, 53—55]. Combined with the pressure of globalization, many Indonesians gravitate towards learning
Indonesian and English [3], while both the intergenerational transmission [52] and number of speakers [3, 5] of
local languages continue to decrease.

There are many potential benefits of NLP technology reaching Indonesia’s local languages. It can bridge the
communication and understanding gap between speakers, helping to mitigate ethnic conflicts [5]. It also promotes
the language’s use — and thus — preservation [4, 7]. With [52] predicting that Indonesia could shift to a
monolingual society, this highlights the urgency of progress in Indonesian low-resource NLP.

There are several challenges in dealing with Indonesian low-resource NLP. There is the continued difficulty of
collecting data and the high dialectical variation within languages [5]. Additionally, informal/colloquial usage
usually contains code-mixing, a common occurrence [6] that’s visible in various communication mediums such as

social media [53, 54], e-commerce [55], etc.

Transformer models have dominated NLP with state-of-the-art performance in various benchmarks, however they
focus more on high-resource languages [1], with examples like mBERT and mT5 having comparatively little
training data for the Indonesian local languages they contain [5]. There are many examples of simpler models
outperforming more complex models in low-resource scenarios due to their lower training data requirement [1, 2,
8-12]. There are also calls to minimize costs in terms of environmental impact [56, 57] and cost of
development/adoption [5, 56].
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3. OBJECTIVES

In the intersection of the insights and challenges highlighted in previous literature, the humble IL SWE system can
be found offering a set of properties that can constitute a holistic solution for low-resource NLP:

. They can expand in increments, incorporating low volume and rapidly changing data as it becomes
available, without requiring complete re-training or new model development.

. As they expand, they can represent many languages in a shared semantic space, allowing them to centrally
model inter-language word relationships and naturally handle code-mixing.

. They are relatively efficient in terms of data requirement and computing cost.
. They additionally serve as versatile foundational features for many downstream NLP applications.

Therefore, this project aims to validate the robustness of this type of model in low-resource NLP scenarios. If it can
maintain competitive performance for downstream tasks and not succumb to the theoretical model weaknesses, it
would serve to unearth and highlight the underutilization of such models in low-resource NLP.

4. METHODOLOGY
4.1.  Proposed Experiment Methodology

Basic-level SWE models are run through 10 different local language datasets, with each dataset being 1 step of the
IL process. The SWE models have been pretrained in formal Indonesian beforehand as a sort of “anchor” language.
In each step, the model’s SA performance is tested against all 10 local language datasets. The model’s generalization
is also tested against an unseen dataset. The experimentation captures SA performance, and VS disruption during
IL with CS Score as complementary data. The flow of each IL step is illustrated in Fig. 1:
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‘E — [ )

against each dataset:
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Vectorize & | | train(800)
Measure CS Normalize test (200)

Train
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S 2
Get SA
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Figure 1. The flowchart of 1 IL step on dataset d

The independent variables in our test are the learning rate (alpha) and number of epochs used as the IL model’s
hyperparameters when training on new data. Alpha values (0.01, 0.05, 0.1, 0.25) and epochs (20, 60, 100, 140)
were tested. For the SWE models, 2 models were tested (Word2Vec [18] which operates on the word-level, and
FastText [58] which operates on the subword/n-gram level) and 3 model variants:

. Basic: it simply extends the model vocabulary and train on the new dataset.
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. Initialization: it initially inserts a few (around 100) local language words at the vector positions of their
Indonesian equivalents, then normally extend the model vocabulary and train on the new dataset. This simulates a
slightly more ideal realistic scenario where we’re able to supply some linguistic knowledge.

. Alignment: a separate vector space is trained on the new dataset, aligned to the IL model using Procrustes
alignment based on their shared words, and then the aligned vectors are inserted into the IL model. Training and
aligning separate vector spaces is more popular than IL for SWE models [4, 23-25, 27, 59, 60].

Support Vector Machine (SVM) with an rbf kernel is the classifier model applied to evaluate the task performance.
The corresponding performances are evaluated using SA performance and macro f1 score. Additionally, CS score is
used to measure the extent of VS disruption. The CS score was measured using 100 anchor words, comparing their
vectors before and after IL training, and taking the average of the 100 words.

4.2. Data

The SA datasets of NusaX [50] are mainly used for the experimentation. There are 10 local language datasets,
containing 1000 samples each in a train:test:validation split of 500:400:100. The dataset contains 3 classes
(positive, neutral, negative) with a class distribution of approximately 10:6:10. Since our method does not require
validation data, a train:test split of 800:200 was used instead. The datasets were arranged in lexicographic order
for IL, as their names are unrelated to their internal properties. For the unseen dataset, the Minangkabau SA
dataset by [2] was used. For the model pretraining, the Indonesian Wikidump data by [61] was used.

For the anchor words, 100 representative words were chosen, containing common Indonesian words and
significant sentiment words. For the sentiment words, 44 words were selected from the NusaX sentiment lexicon
that appeared most frequently in their Indonesian SA dataset. For the common Indonesian words, 56 out of the top
1000 most common Indonesian words from the Wikidump were randomly selected. Then the 100 words were
cleaned from duplicates, numbers, abbreviations, english words, and noise.

4.3. Experimental Settings

This experiment was conducted on a standard Google Colab CPU runtime, which has 2 CPU cores. Stratified 5-Fold
was used for all performance evaluations. As a comparison baseline model, one of NusaX’s SA models was recreated
based on TF-IDF feature extraction and SVM rbf classifier. This will be referred to as the “baseline model”.

The SWE models used are the implementations of Word2Vec and FastText provided by Gensim [62]. These models
are based on Skip-gram and Negative Sampling [63], which are relatively good in the realm of static word
embeddings [11, 14, 24, 35]. They have been pretrained on Indonesian Wikidump data using the same
hyperparameters as [58], who were also working with Wikidump data.

For the text preprocessing, the text was casefolded, cleaned from non-alphanumeric characters, and stripped of
Indonesian stopwords according to Python’s NLTK library. Also, hyphens (-) were replaced with spaces to keep
duplicative plural words separated (for example, “kata-kata” becomes “kata”, “kata” instead of “katakata”.

5. RESULTS

Note: all line plots presented include shaded areas representing the 95% confidence interval of the values. Also, the

+ symbol will be used as mean + standard deviation.
5.1.  Baseline Comparison

The baseline model’s average macro F1 score across the 10 local language datasets was 0.761. This is slightly higher
than the reported score from the original paper, likely due to differences in the train:test split and text

preprocessing. Keep that in mind as the experimental settings here were slightly more favourable.
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5.2. Learning Hyperparameters

Fig. 2 and Fig. 3 shows that learning rate (alpha) has a clear effect on F1 and VS disruption. Epochs has a smaller
effect on F1, but clearly affects the training time as shown in Fig. 4 (Note: for Fig. 3 and Fig. 4, results of alignment
models are excluded due to significantly different behavior). Both alpha and epochs have an “overshoot” range
where it is counter-productive to have them too high. It is also apparent that FastText is slower and more sensitive
to hyperparameter choices and VS disruption.
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5.3. Comparison of Model Variants

For the different IL variants presented in Fig. 5, overall initialization performed the best and alignment performed
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the worst, while Word2Vec (W2V) and FastText (FT) have comparable performance to each other.
Word2Vecinitialization Seems to be the most reliable high performer, though our highest score of 0.79 was achieved by
FastTextinitialization ON 0.1 alpha and 100 epochs. Looking at NusaX’s reported SA performances focusing on the 10
local language datasets (excluding English and Indonesian), this score beats the baseline SVM model and even
competes with heavy models like IndoBERT1.arce and XLM-Ryarge.
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Figure 5. Boxplot of the performance of the model variants

The main challenge was maintaining a cohesive combined vector space with such little vocabulary overlap. The low
data volume prevented the local language vector spaces from reaching a similar geometry/structure to Indonesian
despite their theoretical linguistic similarity [5]. This was confirmed when a more aggressive vector replacement
policy was allowed in the alignment models (which allowed it to overwrite the shared words’ vectors) and it
catastrophically deteriorated the CS score. In this case, following an anchor language seems to be a better choice

than vector space alignment.

TABLE I displays some other aspects of their performance, showing that alignment models are the fastest and don’t
cause any vector movements in the Indonesian anchor language. Though, these training times are based on our

specific implementations and may not be representative of more optimized implementations.

Table I. Training time and vs disruption of the models

Model Training time (s) Ending CS score
FTaign 3.92 + 1.85 1.00 + 0.00
FThasic 88.3 £ 12.66 0.7 £ 0.33
FTinitialization 145.82 + 13.13 0.7+ 0.33
W2Vaiign 3.76 + 1.68 1.00 + 0.00
W2Viasic 11.47 + 2.42 0.91 + 0.09
W2Vinitialization 35.41 + 2.59 0.91 + 0.09

5.4. IL Behavior

From the many F1 scores generated, some fine-grained behaviors of the model during IL can be extracted. Here, the
performance “jump” is defined as the SA performance on dataset d upon learning dataset d, and the performance

“drift” is defined as the SA performance on dataset d upon learning other datasets.

As TABLE II shows, the jump is expectedly positive. Word2Vec models seem to have higher jumps, whereas
alignment models seem to have smaller jumps but more positive drifts. Speaking of drift, our expectation was for it
to be clearly negative due to Catastrophic Forgetting (CF), however it is close to zero and relatively small compared
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to its standard deviation. It can easily be a miniscule positive or negative number, with the unreasonable alphas like
0.25 contributing much of the negative drift results. This demonstrates some surprising resistance to CF.

Table II. Training time and vs disruption of the models

Model

Jump

Drift

FTalign

0.0025 + 0.0106

0.0003 £+ 0.0001

FTbasic

0.0114 £ 0.0076

0.0000 £ 0.0032

FTinitialization

0.0119 + 0.0076

-0.0002 + 0.0033

W2Valign

0.0280 + 0.0180

-0.0001 £ 0.0004

W2Vbasic

0.0496 + 0.0134

-0.0003 £ 0.0016

W2Vinitializati0n

0.0576 + 0.0127

-0.0002 + 0.0017

5.5. Generalization to Unseen Dataset

After our IL model and the baseline model have trained on the NusaX datasets, they were immediately tested
against the unseen Minangkabau SA dataset [2] without training on it. The baseline model achieved a macro f1
score of 0.13 if it was trained on NusaX’s Minangkabau dataset only, and 0.107 if it was trained on all 10 local
language datasets. Meanwhile, the IL model’s f1 score across all sweeps was 0.782 + 0.013, reaching a maximum of
0.808. This comfortably beats mBERT’s reported performance of 0.759 in [2].

6. DISCUSSION

The performance of the IL models was showing very promising performance. Even with basic models and rough
hyperparameters, it delivered f1 scores that can beat other baseline models and compete with heavy Transformer
models, despite our initial skepticism due to the reported importance of vector space specificity and noise in SWEs
[16, 60, 64].

Part of its success was likely due to the Indonesian anchor language from pretraining. This statement is supported
by the observation that the f1 scores, even in the early steps of IL training, almost never went below 0.7. As [50] has
mentioned in their dataset details, there is some vocabulary overlap between the Indonesian and the 10 local
language SA datasets, with an average vocabulary overlap of 28.94%. Thus, it was likely that our pretrained model
was able to exploit the Indonesian words code-mixed in the local language datasets.

Another factor of success was our IL model’s ability to resist the prominent IL challenge of CF, despite using no CF
mitigation strategies and going through 10 IL steps. This is likely related to the SWE model architecture. It is
known that connectionist networks (neural networks), especially those with high interconnectivity and unlocked
weights, are susceptible to CF, where the old knowledge stored in weights gets catastrophically disrupted by
new/later learned knowledge [65—67]. This is less of a problem for SWE models that represent knowledge in VSs
instead of weights, where the semantic values of old vectors are more likely to drift rather than be catastrophically
lost.

However, low data volumes could prevent the local language vectors from reaching a similar geometry/structure to
Indonesian, which is not ideal for VS alignment attempts [4]. For further advancement, a high-resource anchor
language over alignment is recommended. In addition, Word2Vec over FastText can be further explored as it’s
much faster for comparable performance. In general the presented experimentation’s results affirm the promise of
IL SWEs for low-resource NLP.

7. CONCLUSION

This project demonstrated the potential of IL. SWE models for low-resource NLP scenarios. With reasonable
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hyperparameters to balance stability-plasticity to incorporate new knowledge while retaining old knowledge, even
the basic versions of this type of model can deliver competitive downstream performance. The combination with its
other properties of maintaining a multilingual semantic space, relative computational efficiency, and versatility for
other NLP tasks, affirms its prospect to be a holistic solution for the low-resource NLP effort.

The use of a high-resource anchor language was found to be beneficial for aligning the smaller chunks of new
knowledge and handling common code-mixed text in Indonesia. The SWE models displayed high baseline
resistance to CF, making them behave well in IL scenarios. The popular VS alignment method sufferred because the
local language VSs couldn’t reach similar structures to the Indonesian VS due to low data volume. Lastly, Word2Vec
was generally preferable to FastText, as it delivered comparable performance with much faster running times.

There are some research limitations and suggestions for future works. First, the data volume of each local language
dataset was very low. Different IL behaviors could emerge if the chunks of incoming data were larger. Second, this
research only focused on the sentiment analysis task. More research could be done for finer-grained tasks such as
POS tagging etc. Third, this research focuses on the behaviors of basic-level models. It would be interesting to see
how more advanced ones hold up in this low-resource IL scenario.
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