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o1 1 Hyperparameter setup for our analysis o6
013 All the models used the Adam optimizer and Soft- 063
014 max loss function. Values of the hyperparameters 064
015 for each experiment are shown in Table 1. 065
((:: 1.1 Proposed approach: Fine tuning BERT 32:

and XLM-RoBERTa(XLM-R) models
018 068
019 In our study, we have used two transformer models 069

020 BERT and XLLM-R, and fine-tuned them over the 070

021 three different datasets. A Transformer reads entire 071

sequences of tokens at once. In a sense, the model
022 072

093 is non-directional, while LSTMs read sequentially o7
(left-to-right or right-to-left). The attention mecha-

024 nism in a transformer allows for learning contextual o7
023 relations between words (e.g. “his dog’ in a sen- 073
026 tence refers to *John’s dog’). 076
027 BERT Tokenizer: For both the models we start or7
028 by tokenizing the input sentences, pad/truncate the 078
029 sentences to a fixed size, and then Create an array 079
030 of Os (pad token) and 1s (real token) called atten- 080
031 tion mask 081
032 Training: Unlike (Islam et al., 2020), in our ap- 082
033 proach, we remove the CNN, GRU, and LSTM 083
034 layers from the top of BERT/XLM-R and keep 084
035 a fully connected layer for classification at the 085
036 end. We set up a linear learning rate sched- 086
037 uler(getlinearschedulewithwarmup) for the warm- 087
038 up of the layers during fine-tuning. Due to the lin- 088
039 ear scheduler, the learning rate gradually increases 089
040 0 to the initial learning rate set in the optimizer 090
041 during the warm-up phase. After that, the learn- 091
042 ing rate will start to decrease linearly to 0. This 092
043 leads to untrained classification layers to train more 093
044 thereby bringing it up to the level of the pre-trained 094
045 BERT layers. And then the learning rate reduces 095
0a6 gradually. 096
047 097
048 098
049 099
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Model Train-Dataset Test-Dataset Learning Rate Epochs Batch Size
"BERT+LSTM  PA(3-class)  PA(3class)  5c-04 10 32 |
BERT+LSTM PA(2-class) PA(2-class) Se-04 10 32
BERT+LSTM YouTube-B YouTube-B 5e-04 10 32
BERT+LSTM Book-B Book-B 5e-04 10 32
BERT+GRU PA(3-class) PA(3-class) 5e-04 10 32
BERT+GRU PA(2-class) PA(2-class) 5e-04 10 32
BERT+GRU YouTube-B YouTube-B 5e-04 10 32
BERT+GRU Book-B Book-B 5e-04 10 32
BERT+CNN PA(3-class) PA(3-class) 5e-04 10 32
BERT+CNN PA(2-class) PA(2-class) 5e-04 10 32
BERT+CNN YouTube-B YouTube-B 5e-04 10 32
BERT+CNN Book-B Book-B 5e-04 10 32
"XLM-R+LSTM PA(3—class) __ PA(3-class)  5e-04 10 16
XLM-R+LSTM PA(2-class) PA(2-class) 5e-04 10 16
XLM-R+LSTM  YouTube-B YouTube-B 5e-04 10 16
XLM-R+LSTM Book-B Book-B 5e-04 10 16
XLM-R+GRU PA(3-class) PA(3-class) 5e-04 10 16
XLM-R+GRU PA(2-class) PA(2-class) 5e-04 10 16
XLM-R+GRU  YouTube-B YouTube-B 5e-04 10 16
XLM-R+GRU  Book-B Book-B 5e-04 10 16
XLM-R+CNN  PA(3-class) PA(3-class) 5e-04 10 16
XLM-R+CNN  PA(2-class) PA(2-class) 5e-04 10 16
XLM-R+CNN  YouTube-B YouTube-B 5e-04 10 16
XLM-R+CNN  Book-B Book-B 5e-04 10 16
"BERT-Fine  PAQ3-class)  PA(3-class)  2e-05 4 16
BERT-Fine PA(2-class) PA(2-class) 2e-05 4 16
BERT-Fine YouTube-B YouTube-B 2e-05 4 16
BERT-Fine Book-B Book-B 2e-05 4 16
XLM-R-Fine PA(3-class) PA(3-class) 2e-05 4 16
XLM-R-Fine PA(2-class) PA(2-class) 2e-05 4 16
XLM-R-Fine YouTube-B YouTube-B 2e-05 4 16
XLM-R-Fine Book-B Book-B 2e-05 4 16

Table 1: Detailed setups of all applied experiments. BERT-Fine represents BERT fine-tuned model and XLM-R-Fine
represents XLM-RoBERTa fine-tuned model. Note that, PA(3-class) represents Prothom Alo(3-class) dataset and

PA(2-class) represents Prothom Alo(2-class) dataset.
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Figure 1: Fig(a)-(d) shows training and validation loss curves for Fine-Tuning BERT model on Book-B, YouTube-B
and Prothom Alo (both 2-class and 3-class) datasets. Fig(e)-(h) shows training and validation loss curves for
Fine-Tuning XLM-RoBERTa model on Book-B, YouTube-B and Prothom Alo (both 2-class and 3-class) datasets.
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