
 

 

Audio Summarizer 
​ ​  

Yashu Shukla 
Hanyang University 
Seoul, South Korea 

 yshukla@hanyang.ac.kr 
​ ​ ​  

Abstract 
This project addresses the challenge of efficiently processing and summarizing 
audio-based news content. By converting approximately 200 Reuters News and 
DW news mp4 files into text using Automatic Speech Recognition system, 
SpeechRecognition library, we aim to improve user experience by extracting 
concise information from long transcripts using a strong bidirectional context 
understanding and autoregressive text generator, BART. Our approach seeks to 
facilitate quicker analysis of news topics, ultimately providing users with 
streamlined content.  

 

1​ Introduction. 

In recent years, the rapid advancement of Natural Language Processing (NLP) has opened up new 
possibilities for automated text processing tasks. One such application is automatic 
summarization, which aims to condense long pieces of text into concise summaries. This research 
explores the application of NLP techniques to summarize audio content, particularly news 
broadcasts. 

By leveraging the power of NLP, this research aims to automate the process of summarizing news 
audio content, making it more accessible and efficient for consumers. The generated summaries 
can be used to provide concise news updates, create highlights, or assist in information retrieval. 

 
2​ Literature review 
Approaches used under audio summarization are as follows: directing the summary using only 
audio features, converting audio signals to text and directing the summarization process using 
textual methods and an approach which consists of a mixture of the first two [1]. Advancements in 
Automatic Speech Recognition (ASR) systems, such as Google Speech-to-Text, IBM Watson, and 
OpenAI’s Whisper, have enabled accurate conversion of audio into text, particularly for structured 
news content. In text summarization, models like T5 (Text-to-Text Transfer Transformer) and 
BART (Bidirectional and Auto-Regressive Transformers) have been widely used for summarizing 
lengthy texts, offering high performance in NLP tasks. [2] 

 
3​ Methodology 
3.1​ Data collection and Preprocessing 

A dataset of 200 news audio files was collected from Reuters News and DW News’ Youtube 
channel on which speech-to-text conversion was performed using SpeechRecognition library to 
obtain textual transcripts. These obtained textual files were then punctuated in order to define  
sentence boundaries by using PunctuationModel from deepmultilingualpunctuation library. 

The transcribed text was cleaned by taking reference to the various methods mentioned in class to 
ensure consistent formatting. Firstly, sentence tokenization was done by using the sent_tokenize 

 



 

function which was imported from the nltk.tokenize library. This function splitted the input files’ 
content into separate sentences. Sentence tokenization helps break down the text into manageable 
parts by identifying boundaries between sentences, which provides a clearer structure for further 
processing. After this, word tokenization was done by using word_tokenize function from the 
nltk.tokenize library. Word tokenization follows to break sentences down into individual words or 
subword units for deeper analysis. 

 

Fig. 1: Sentence Tokenisation 

 

Fig. 2: Word Tokenisation 

 

Furthermore, stop words as well as noise was removed from the tokenized text by using stopwords 
function from nltk.corpus library. Removing them helped in reducing the noise in the data, making 
it easier for models to focus on the more informative words. 

 

Fig. 3: Stop Words Removed 

 

The saved files were then lemmatized by using WordNetLemmatizer function from nltk.stem 
library, instead of stemming as it was, providing us with a better performance. Hence, this reduced 
the variability of the words by converting different inflected forms of a word to a single base form, 
making it easier to analyze the meaning without treating each variation as a separate entity. 

 

Fig. 4: Lemmatization 

 

POS Tagging was also done to assign a grammatical category (such as noun, verb, adjective, etc.) 
to each word in a sentence which helps in understanding the syntactic structure of a sentence. 

 

Fig. 5: POS Tagging 

 



 

3.2​ Data Visualization 

For better understanding, interpreting, and communicating the insights gained from textual data, 
we decided to visualize the contents of the raw punctual files. To begin with, we first noted the  
average number of words in the whole dataset came out to be 1424.88 while the average number 
of characters came out to be 8159.15. This analysis helped us better understand the structure of 
text and in the later stages, it helped us determine the ideal length for generating summaries. 

 

 

Fig.6: Code for average words and average characters in 200 files  

 

We also analyzed the text files to gain insights, for that we utilized Counter from the collections 
module for the task of word frequency counting, enabling us to observe the 20 most frequent 
words from each file along with their counts, hence providing valuable terms in the dataset. 

 

 

 

Fig. 7: Code for retrieving top 20 high frequency words in each file 

 

We decided to visualize the frequently appearing words in each file using WordCloud(Fig 8) due 
to an immediate sense of the most prominent terms in a dataset, helping identify key words or 
topics. 

 

 



 

 

 

 

 

 

 

Fig. 8: WordCloud visualization 

 

3.3​ Text Representation 

3.3.1​ Classification and Distributed Feature Extraction Methods 

In the section of classical technique for feature extraction, we used the Bag of Words (BoW) 
model. It converted text into a numerical representation, where each word was mapped to a unique 
index, which helped to transform the text into a matrix of word frequencies. 

Further, we calculated TF-IDF (Term Frequency-Inverse Document Frequency) scores to identify 
the most significant words in each document. Words were ranked based on their importance, 
highlighting the top 10 words with the highest TF-IDF scores for each file (Figure 9), this helped 
us know the key terms for each file, along with their relevance across the dataset.  

 

 

 

 

 

 

 

 

 

​ ​ Fig. 9: TF-IDF scores for top 10 words of 2 files 

 

For distributed methods, we used Fastext to generate word embeddings. As each file covered a 
different news topic, we selected a specific word based on the context of that news article and then 
identified and displayed words similar to that. This approach helped us better understand the 
relationships between key terms within each topic, allowing for a deeper analysis and making it 
easier to uncover important connections within the same news article. 

 

3.4​ Data Splitting 

The input taken for the modeling were the raw punctuated text files due to our chosen model’s 
requirements. Before moving onto that, we decided to split the dataset into train, val and test 
according to a ratio of 14:3:3. In short, we had 140 news text files for training, 30 files for 
validation and 30 files for testing.  

 

 

 



 

3.5 ​ Model Development 

Our aim was to create abstractive summaries rather than extractive ones as abstractive methods 
generate more concise and fluent summaries by rephrasing the original content, which seems to be 
more suited for news text. To fulfill this task, we decided to go with the BART model 
(Bidirectional and Auto-Regressive Transformers), for its proven strong performance in text 
summarization tasks. The specific model we used is facebook/bart-large-cnn, which has 406 
million parameters and is pre-trained on a large corpus of text, precisely fine-tuned for CNN/Daily 
Mail news articles. This makes it a powerful model, ideal for our task, which focuses on news 
content. 

3.5.1​ Creating Gold Standard Summaries for BART Training 

Gold reference summaries are an important input for training the BART model. In standard 
practice, these summaries are typically created by humans, as human-generated summaries are 
often more nuanced and contextually accurate. However, given the time constraints and the 
immense volume of work involved in manually creating summaries for 200 news text files, it 
wasn't possible for us to produce handwritten (humanized) summaries. So with the advice of our 
mentors, we decided to leverage a large language model (LLM) to generate the summaries instead. 
We used the DeepAI platform for this purpose, carefully designing the prompts to specify the 
desired summary length and ensuring that the summaries retained a natural, humanized tone. This 
approach allowed us to create high-quality reference summaries efficiently. 

3.5.2​ Analysis of Gold Standard Summary Lengths 

As our original text files had an average of 1,424 words, our goal was to produce summaries that 
could be read in under 2 minutes, ensuring quick updates while retaining all the important news. 
To accomplish this, we decided to keep the length of the gold reference summaries in the range of 
200–350 words. After generating the gold standard summaries (using DeepAI), we analyzed their 
length and found that the average word count per file was 247.11, with an average character count 
of 1,721.49. 

 

 



 

Fig. 10: Code for average number of characters and words per gold standard summary file 

 

3.5.3 Training 

In the training phase of the BART model, we first setup the data, which included the original 
punctuated news files along with their corresponding gold standard summaries. We utilized the 
BART tokenizer to convert the text into tokens, making sure to pad and truncate them to fit within 
the model's input limits—1024 tokens for the articles and 512 for the summaries. Afterwards,   the 
Hugging Face Trainer was used to fine-tune the model.  We trained the model on a GPU to speed 
up the training process. The hyperparameters used were , batch size, save_steps, number of 
epochs, and max input length. The choice of values of hyperparameters was mainly influenced by 
making sure that it ensures faster training while preventing issues with Google Colab's limited 
resources. We had to deal with the limited  GPU memory while still making progress on model 
training. The model's progress was saved in every 500 steps and kept track of the performance. 
After the training was done, we saved the fine-tuned model in our drive along with the summaries 
the model generated. 

 

 

 

Fig. 11: Code for training the BART model 

 



 

 

3.5.4 Validation 

For validation, 30 unseen text files were used along with their gold standard summaries. In order 
to handle the issue of text files exceeding the model's maximum input length of 1024 tokens, we 
implemented a chunking mechanism, dividing the text into manageable parts. Each chunk was 
tokenized and then fed back into the model for summary generation. The model also used a beam 
search algorithm with a beam size of 2 to ensure better quality of output summaries. The generated 
summaries for each chunk were concatenated to produce a complete summary for the article. The 
validation generated summaries were saved in a specified folder in the drive.  

 

 

Fig. 12: Validation code 

 

3.5.5​ Model Optimization and Improvement 

To improve the accuracy of the generated summaries after validation, we made some necessary 
adjustments to the process keeping track of the limited GPU resources. As the number of beams 
decides the number of different summary options the model considers before picking the optimal 
one, we increased the number of beams from 2 to 3 to improve the quality of generated 
summaries.  Although we wanted to experiment with even higher beam sizes (4 or 5), again due to 
the limited GPU capacity of Google Collab we were not able to. Additionally, an important feature 
we added was the chunking process. Longer input texts were split into manageable segments of up 
to 1024 tokens, enabling effective processing while preserving crucial information. We also 
adjusted the max_length and min_length parameters for the summaries to ensure they matched the 
length of the gold reference summaries while maintaining coherence and relevance. All the above 
mentioned strategies helped improve the accuracy to a more satisfactory performance.  

 



 

3.5.6​ Testing 

The model was finally tested on 30 unseen data to evaluate its generalization ability. The beam 
size, chunking strategy, and other parameters used  here, were the same as those in the validation 
process to maintain consistency in the evaluation.  

 

 

Fig. 13: Testing code 

 

4​ Model Evaluation 
The performance of the model was evaluated using standard metrics for text summarization which 
are ROUGE and METEOR, as ROUGE (Recall-Oriented Understudy for Gisting Evaluation) is a 
set of evaluation metrics primarily used for automatic text summarization and it compares the 
overlap of n-grams between the generated text and reference text. ROUGE-1 (unigram based) , 
ROUGE-2 (bigram based) , and ROUGE-L  (longest common subsequence) metrics were used 
which mainly focus on the precision that indicates the proportion of generated words that are 
relevant compared to the reference, recall which reflects the proportion of reference words 
captured in the generated summary and F-1 score that balances precision and recall to provide a 
comprehensive evaluation of the model's performance. While METEOR (Metric for Evaluation of 
Translation with Explicit Ordering) aims to address some of ROUGE's limitations by considering 
synonymy, stemming, word order, and function word matches while computing a harmonic mean 
of precision and recall, with additional penalties for word order mismatches, making it more 
sensitive to variations in phrasing and structure. 
 
5​ Results 
5.1​ Validation Results 

The ROUGE-1 scores indicated a moderate performance in capturing unigram words, with a 
precision of 0.36 and recall of 0.58, and F1 score of 0.43. These results show that the model was 
able to retain a decent portion of the key words from the reference summaries. The ROUGE-2 
scores were little on the  lower side, with precision, recall, and F1 scores of 0.12, 0.19, and 0.14. It 

 



 

indicates that the model struggled to capture the correct bigrams, which affects the coherence of 
the generated summaries. Similarly, the ROUGE-L scores showed a precision of 0.18, recall of 
0.29, and F1 of 0.21, suggesting that the model lacked the ability to preserve word order and 
sequence. The METEOR score of 0.37, indicates a moderate level of semantic similarity between 
the generated and reference summaries. 

 

 

Fig. 14: Validation ROUGE and METEOR scores 
 
5.2​ Testing Results  

The test results are nearly consistent with the validation results, but a slight decrease in 
performance is observed,as expected due to the fact that the model was evaluated on unseen data, 
unlike during validation where the model was evaluated with a set of reference summaries. The 
absence of these reference summaries in the testing phase made it more challenging for the model 
to produce accurate summaries, which led to slightly reduced precision, recall, and F1 scores. We 
can conclude that the model did show decent performance by capturing unigram overlap, but there 
is room for improvement in the handling of word sequences.  

 



 

 
Fig. 15: Test ROUGE and METEOR scores 

 

 
Fig. 16: Original punctuated text file “French election results in surprise win for the left, Biden 

meme and could Harris could beat Trump？.txt” 

 

 

Fig. 17: Gold Standard Summary for “French election results in surprise win for the left, Biden 
meme and could Harris could beat Trump？.txt” 

 

 
Fig.18: BART summary for “French election results in surprise win for the left, Biden meme and 

could Harris could beat Trump？.txt” 

 
6​ Discussion 
6.1​ Model performance and Limitations 

In data collection process, when we converted the audio from the different news channels to text 
using SpeechRecognition library, the first obstacle faced was the quality of the data being 
deteriorated as there were some information losses here and there. Secondly, a big concern of 
punctuations being missing was observed in the transcribed text. Hence, we ended up using 
PunctuationModel() from the deepmultilingualpunctuation library to restore them as punctuation 

 



 

plays a key role in sentence segmentation and parsing.  Due to time constraints and large number 
of files, hand written summaries could not be made for golden summary input hence we used an 
LLM model to generate them instead.   

Another big issue faced was the availability of limited resources like gpu and drive storage. Due to 
BART being a model with millions of parameters, the Colab GPU was unable to run the model 
without crashing or hitting the limit as well as this caused the  inability to use the desired 
parameter values during the entire process, hence we tried switching accounts and retraining the 
model again but it was unsuccessful because of above mentioned issue so we ended up switching 
to Colab Pro in order to receive some results. We took a similar road in the case of Google Drive 
too, by buying extra storage in order to save our files but as the trained BART model was also 
stored in the same Drive, we ran out of storage early on into the training process. 

 

6.2​ Future Work 

To further improve the performance of the system, several potential avenues for future research 
can be explored like exploring advanced speech recognition techniques to improve accuracy and 
fluency of transcribed text. Fine-tuning the model on domain specific datasets to improve 
performance on specialized news domains can also be a promising approach. Developing 
interactive systems that allow users to provide feedback and refining the generated summaries can 
be adopted. Also, our data was quite limited so we expect a dataset with a larger number of files  
to give even more promising results, else longer audios can be extracted too instead of the average 
15-20 minute ones  used in the above model’s chosen dataset. 

Another approach to receive better results can be using hand written summaries as the gold 
reference summaries instead of an LLM generated summaries for training which can be a bit time 
consuming yet may be more accurate than the working model mentioned above. 

For further advancement, the model can be extended into converting the generated concise textual  
summaries into concise audio summaries which can be beneficial to a large amount of population. 

 
7​ Conclusion 
This research has demonstrated the feasibility of using advanced NLP techniques to automatically 
summarize news audio content. By leveraging the power of the BART model, we were able to 
generate concise and informative summaries of complex audio material. 

While the results are encouraging, there is still room for improvement. Future research should 
focus on addressing the limitations identified in this study, such as improving the accuracy of 
audio-to-text transcription and enhancing the model's ability to capture nuanced information. 

By continuing to push the boundaries of NLP, we can develop even more sophisticated and 
effective tools for information processing and dissemination. 
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