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Model

We pre-train two Kinds of transformer-based models,

Background

The use of pre-trained language models (PLMSs)
represented by BERT In natural language
processing (NLP) has achieved great success In
multiple areas. PLMs do not rely on any manually
annotated training data but help to produce

Table 1. Statistics of the POS tagging dataset.

significant performance gains for various NLP [ Train 6400 94464
tasks, making them recently become extremely = ;ggg ijgig
popular.  Total 10000 162999

Problem for Lao’s PLM

There are currently no monolingual PLMs for
Lao, which has brought certain restrictions to the

Table 2. Statistics of our dataset for Lao news categorization.

development of Lao language technology. _

Many monolingual and multilingual models  Society 947 662 95 190
are only pre-trained on Wikipedia corpus. At the " Wilitary | 103 70 11 22
same time, the size of Lao Wiki data is relatively = o 9 e "y
small, which brings a serious Impact on the “Technology. 102 70 1 21
performance of the pre-trained models.  Others | 369 258 37 74

Multilingual pre-trained models struggle to Table 3. Statistics of the pre-training corpus.

explain their applicability In acquiring language- S s B ines s e ot mie
invariant knowledge for downstream tasks of G 143888 113m
various languages. However, due to the different | ecw00 | 2570964 625m
ore-training corpus sizes for different languages, the B0 Al 2714852 738m
multilingual pre-trained model tend to be biased Result

towards high-resource languages, such as English.

. o Table 4. Performance of POS tagging.
As Lao Is a language that has no explicit

delimiters between words, directly applying Byte- - AMFF 90.32%
Pair encoding (BPE) methods to the Lao pre- = ey
training data may bring a performance drop to the  F ELECTRASmal 88.47%
pre-trained models. ~ ELECTRA-Base 89.78%
i . ~ XLM-RoBERTa-Base 88.40%
= M‘gm MASK LM Table 5. Performance of News Classification.
¢ L1 |- [T [ Tisem | T |~ ~ Model  Strategy  Fl-Score  Accuracy

- 66.03% 71.95%

Upsampling 66.61% 72.45%

EasyEnsemble 66.47% 71.11%

BERT - 67/.87% 72.95%

Upsampling 68.33% 72.95%

EasyEnsemble 66.37% 71.79%

Eere) [ B <[ B Bl [ By |- [ B - 64.65% 71.62%

=~ = ‘i} = ~ Upsampling 67.55% 71.29%

crs1) [tokeny ... okemd [155P1) Fogem] ---kokem EasyEnsemble 65.57% 70.62%

—— — — - 53.03% 62.94%

MMasked Sentence A '{_F' Masked Sentence B Upsampllng 5826% 6644%

N Unlabeled Sentence A and B Pair EasyEnsemble 52.83% 62.27%

Figure 1. BERT Model




