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INTRODUCTION

§ Generate Abstractive summaries for Estonian language radio news 
stories.

§ Summarization process consists of two steps:
§ Automatic Speech Recognition converts speech into text
§ Neural summarization model generates summary

§ Several abstractive models were compared

Fig. 1. Summarization process



MODELS

§ BERT
§ mBERT is a pre-trained BERT model trained on a Wikipedia

corpus containing 104 languages (including Estonian).
§ EstBERT is a BERT model pre-trained on the Estonian language with the Estonian National 

Corpus 2017. 
§ XLM-RoBERTa is a RoBERTa model

pre-trained on 2.5TB of filtered CommonCrawl data containing 100 languages, in-
cluding Estonian. 

§ BART
§ mBART25, which is a multilingual BART model trained on monolingual CommonCrawl data 

from 25 languages, including Estonian.
§ BART, pre-trained on 160 GB of English CommonCrawl data. More specifically,

we use the pre-trained BART model finetuned on the CNN/DailyMail
summary corpus5. 



BART ARCHITECTURE

§ BART is a denoising autoencoder that maps a corrupted document to the 
original document it was derived from

§ It is implemented as a sequence-to-sequence model with a bidirectional 
encoder over corrupted text and a left-to-right autoregressive decoder

§ For pre-training negative log likelihood of the original document is 
optimized

§ Large model has 12 layers in the encoder and decoder, and a hidden size 
of 1024 

§ Base model has 6 encoder and 6 decoder layers, with a hidden size of 
768



MBART ARCHITECTURE

§ mBART is trained by applying the BART to large-scale monolingual 
corpora across many languages

§ mBART is trained once for all languages, providing a set of parameters 
that can be fine-tuned for any of the language pairs in both supervised 
and unsupervised settings, without any task-specific or language-specific 
modifications or initialization schemes.



TALLINN UNIVERSITY OF TECHNOLOGY

ENGLISH BART

§ For English BART “translate-test” setup is used
§ The input test data is machine-translated from Estonian to English and 

the generated summaries are machine-translated back to Estonian

Fig. 2. Machine translation summarization process.



DATASETS

Table 1. Datasets Overview.

Table 2. ERR dataset example.



CNN/DM AND ETNC19

§ ETNC19 consist of Estonian articles, periodicals, blogs, Wikipedia and 
web pages and we use headlines for supervised training targets

§ Translated CNN/DM consists of 9000 datapoints that are machine 
translated to Estonian
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BASELINES

§ LexRank analytically computes the relative importance of words and 
sentences to produce the summary.

§ First sentence method uses the first sentence of a text. The idea is that 
the first sentence of a news story highlights the main points.



METRICS

§ ROUGE-1 refers to the overlap of unigram (each word) between the 
system and reference summaries.

§ ROUGE-2 refers to the overlap of bigrams between the system and 
reference summaries.

§ ROUGE-L: Longest Common Subsequence (LCS) based statistics 
identifies longest co-occurring in sequence n-grams automatically.

Fig. 3. Rouge score eqample.



RESULTS

§ BERT models are used with BERT-
initialized encoder and decoder with 
randomly initialized encoder-decoder 
attention (BERT2BERT)

Table 3. Experiment results.

Table 4. Human evaluation.

Table 4. Human evaluation.



EXAMPLE SUMMARIES

Table 5. Example summaries.



EXAMPLE SUMMARIES

Table 6. Example english summaries.
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