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Abstract

The rapid growth of academic video content
makes it difficult for students and educators
to find relevant information efficiently. This
is especially challenging for low-resource lan-
guages like Bengali due to the lack of a video
summarization tool. This paper presents the
first end-to-end pipeline for the abstractive
summarization of Bengali academic videos.
The proposed system preprocesses audio to im-
prove transcription quality and converts speech
to text using Google’s Speech Recognition API.
The text is segmented using a smart chunk-
ing method to be compatible with the model’s
context window. For summarization, we fine-
tuned the BanglaT5 model on a new benchmark
dataset of 10,029 text-summary pairs obtained
from educational videos. To generate rele-
vant titles, we fine-tuned the mT5-multilingual-
XLSum model on our curated dataset of 1,005
summary-title pairs. Our fine-tuned sum-
marization model shows strong performance,
achieving F1 scores of 0.8793 (BERTScore),
0.3894 (ROUGE-1), and 0.2557 (ROUGE-L),
outperforming other models. Our title genera-
tion model achieved ROUGE-1 and ROUGE-
L F1 scores of 0.4476 and 0.3720, respec-
tively. The summaries include timestamps for
easy video navigation. This work aims to im-
prove the accessibility of educational content
in Bengali. It also contributes valuable datasets
and a robust baseline system that demonstrates
strong zero-shot capabilities on other spoken
contents. The code and datasets are available
at https://github.com/LamisaDeya/Bangla-V
ideo-Summarization.

1 Introduction

The exponential growth of educational video con-
tent on platforms like YouTube makes it difficult
for students to find relevant content (Mamedova
et al., 2023; Apostolidis et al., 2021a). The prob-
lem is further extended in the post-pandemic era,
where online classes and webinars became com-

mon, yet many students miss them due to schedul-
ing or time zone conflicts (Kumar and Kabiri,
2022; Tanase et al., 2022). Although various
video summarization methods exist for English
(Alrumiah and Al-Shargabi, 2022), no comprehen-
sive solution is available for Bengali educational
videos, despite Bengali being spoken by over 300
million people and widely used in education across
Bangladesh and West Bengal (Al Maruf et al.,
2024).

Existing summarization models have been de-
veloped mainly on short, formal text like news ar-
ticles. There is no available system for directly
summarizing a Bengali video. Also, existing
Bengali text summarization datasets (Hasib et al.,
2023; Bhattacharjee et al., 2020) fail to capture the
informal, conversational patterns of spoken aca-
demic content (Horowitz and Samuels, 2023). So,
summarizing informal speech data in Bengali has
remained largely unexplored. Moreover, video
summarization involves additional challenges, in-
cluding transcription, appropriate title generation
(Yang et al., 2024), and temporal alignment for
mapping summary segments back to correspond-
ing video portions (Ying et al., 2024).

Existing Bengali automatic speech recognition
(ASR) systems lack accuracy, and so the summary
quality is degraded. In addition, since current
datasets focus on formal text, they fail to handle
spontaneous spoken data. Thus, the quality of sum-
marization in the academic domain has remained
low, and important contextual information is of-
ten lost. To address these limitations, we propose
an end-to-end Bengali video summarization frame-
work illustrated in Figure 1 that integrates speech
transcription, summarization, title generation, and
integration of timestamps in a single pipeline.

Our key contributions are given below:

* We have created two benchmark datasets for
both summarization and title generation.
* We have developed a complete system that in-
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Figure 1: Overview of the Summarization Process and Dataset Insights.

tegrates audio pre-processing, context-aware
smart chunking, abstractive summariza-
tion, and title generation methods for
academic videos. BanglaT5 (bT5) and
mT5-multilingual-XLSum models  signif-
icantly outperform existing models for
summarization and title generation.

2 Related Works

Prior works in video summarization include a
tag-based framework for lecture transcripts (Kim
and Kim, 2016) and a visual key frame extraction
method using local features and graph clustering
(Gharbi et al., 2019). But these approaches were
not in Bengali.

Abstractive summarization has progressed
from statistical methods to deep learning models,
particularly encoder-decoder architectures with at-
tention (Apostolidis et al., 2021b; Zhang et al.,
2022). For Bengali, seq2seq models with RNNs/L-
STMs and unsupervised methods like BenSumm
show strong results (Talukder et al., 2019; Chowd-
hury et al., 2021). Transformer-based models such
as BART and its variants address long documents
(Wilman et al., 2024). Multilingual models like
mBART and mT5 extend cross-lingual capabili-
ties but face challenges in low-resource settings
(Li et al., 2024a; Masih et al., 2025; Dhakal and
Baral, 2024; Xue et al., 2021). Specifically, bT5,
trained on a large Bengali corpus, outperforms mul-
tilingual models and achieves state-of-the-art re-
sults in Bengali summarization, with both hybrid
and abstractive approaches demonstrating signifi-
cant improvements (Raffel et al., 2023; Bhattachar-
jee et al., 2023; Hasib et al., 2023; Hayat et al.,
2023).

Recent models on summarization like, Qwen
series, built on transformer architectures and pre-
trained on up to 3 trillion tokens, demonstrate
strong multilingual summarization performance
(Bai et al., 2023). LLaMA-2’s decoder-only
transformer architecture offers different trade-offs,
while Microsoft’s compact Phi-3 Mini model pro-
vides efficient on-device deployment options (Tou-
vron et al., 2023; Abdin et al., 2024).

Abstractive methods are preferred over ex-
tractive methods due to more natural, human-like
summaries (Giarelis et al., 2023; Bhargav et al.,
2022). Studies consistently show monolingual
models outperforming multilingual approaches
like mT5 in low-resource settings (Hasan et al.,
2021; Bai et al., 2021; Li et al., 2024b).

Title generation research explores both extrac-
tive and abstractive methods, with graph-based
models learning sentence structures for better
headline generation (Zhang et al., 2020). Hy-
brid approaches combining Convolutional Neural
Networks (CNNs) and RNNs with reinforcement
learning show improved ROUGE scores (Singh
et al., 2021), while transformer-based models like
mBART and mT5 demonstrate effectiveness for
multilingual headline generation tasks (Bukhti-
yarov and Gusev, 2020; MADASU, 2024).

Automatic speech recognition has advanced
with self-supervised models like wav2vec 2.0
(Baevski et al., 2020), OpenAl’s Whisper trained
on 680,000 hours for robust multilingual ASR
(Radford et al., 2022), and Google’s Universal
Speech Model achieving state-of-the-art across
100+ languages using Conformers and BEST-RQ
pre-training (Zhang et al., 2023).

Evaluation of summarization and title gen-
eration is challenging since traditional metrics
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Figure 2: Flowchart of Dataset Preparation for Summarization.

like ROUGE and BLEU fail to capture semantic
and factual accuracy (Davoodijam and Alambar-
dar Meybodi, 2024; Deutsch and Roth, 2021). Re-
cent studies highlight reference-free metrics such
as BERTScore, MoverScore, and factual consis-
tency measures for better LLM evaluation (Tang
et al., 2023; Zhang et al., 2024, 2025). The boot-
strap technique estimates metric uncertainty via re-
sampling (Raschka, 2020). A comparative sum-
mary of related works is given in Table 15 (Ap-
pendix).

3 Methodology

This study follows a systematic methodology com-
prising data collection, preprocessing, model fine-
tuning, and post-processing.

3.1 Data Collection and Dataset Generation

Existing summarization datasets work well for for-
mal text, but video summarization requires a cu-
rated dataset for spoken academic content. As
shown in Figure 2, processed subtitle chunks from
213 Bengali academic videos (covering 6 subjects
and 46 topics) were paired with manually gener-
ated summaries to form an Excel dataset. Videos
from over 200 speakers ensure dialectal diversity
and balanced subject coverage (Figure 1(b)). Ad-
ditionally, a benchmark dataset of summary—title
pairs was created for precise academic title gener-
ation in Bengali. The datasets were divided into
80% for training, 10% for validation, and 10% for
testing. Table 1 summarizes the key statistics of
the datasets.

3.2 Data Pre-processing

To get the subtitle, firstly, we need the audio to be
extracted from the video. We achieved this using
MoviePy, a Python library that separates the audio
stream and saves it in WAV format after decoding
(Razdan et al., 2024).

Transcription quality directly impacts summa-
rization. To improve accuracy, audio was pre-
processed (Algorithm 1, Figure 5 in the appendix)
and splitinto 45-second chunks for API compatibil-

Algorithm 1 Audio Preprocessing.

Require: Audio file A
Ensure: Transcription from amplified audio chunks
1: Initialize:
2: chunk_size < 45 seconds
3: chunks < SplitAudio(A, chunk_size)
4: for each chunk; in chunks do
: Measure Audio Levels:

5
6: dBFSqvg < CalculateAverage(chunk;)
7: dBF Spear + CalculatePeak(chunk;)
8: Determine Amplification:

9: if dBF Sqvg < —35 then

10: boost < 8 dB

11: else if —35 < dBFSq.y < —25 then
12: boost < 6 dB

13: else if —25 < dBFSq.,y < —15 then
14: boost < 3 dB

15: else

16: boost < 0 dB

17: end if

18: Apply Amplification:

19: chunk;™" < ApplyBoost(chunk;, boost)
20: dBFS, ":;‘,’g < CalculatePeak(chunk;™")
21: Check and Normalize:

22: here, N -> Normalization, hr -> headroom

23: if dBF'S) .5, > —3 then

24: chunk!™* «— N(chunk®™ hr = 3 dB)
25: else )

26: chunk! ™ « chunk™?

27: end if

28: Export and Transcribe:

29: temp_file < ExportWAV (chunk] ")
30: text; < GoogleSpeechAPI(temp_file)
31: end for

32: return Concatenate({text; })

ity. Each chunk’s dBFS levels were analyzed, am-
plified as needed, and normalized only if peaks ex-
ceeded —3 dBFS. Chunk-based amplification was
used for efficiency and quality assurance, avoiding
distortion from global adjustments or the computa-
tional cost of sample-level processing.

Existing transcription methods perform poorly
for Bengali. Among seven tested approaches,
Google’s multilingual Universal Speech Model
(USM) (Zhang et al., 2023) produced the best re-
sults. It recognizes over 100 languages. Prepro-
cessed audio chunks were transcribed via the USM
API and concatenated to form the full text.

The transcription does not contain punctuation,
but it is necessary to segment subtitles into co-
herent sentences, which in turn improves fluency

6626



Dataset Pairs Max Words Min Words Videos Topics Playlists
Summarization 10,029  Text: 422/ Sum: 199  Text: 401 / Sum: 150 213 46 18
Title Generation 1,005  Sum: 1,011/ Title: 19  Sum: 1,003 / Title: 7 335 54 18

Table 1: Dataset Statistics for Summarization and Title Generation. Sum denotes Summary.

Algorithm 2 Token-Based Chunking with One-
Sentence Overlap.

Require: Punctuated text 7', tokenizer 7, max_token M
Ensure: Set of overlapping text chunks C

1: Initialize: C < 0,4 < 1

2: here, current_chunk -> cc, token_count -> tc, over-

lap_sentence -> os

3: sentences < SplitIntoSentences(7")
4: while i < |sentences| do

5: cc+0,tc+0

6: 0s < null

7: Build Current Chunk:

8 while i < |sentences| do

9 s; +— sentences|i]

10: tokens; < 7(s;)

11: if tc + |tokens;| < M then
12: cc+ ccU{s:}

13: tc < tc+ |tokens;|

14: 08 < 8;

15: t—1+1

16: else

17: break

18: end if

19: end while
20: Finalize Chunk:
21: if cc # () then

22: C + CU{cc}

23: Set Overlap for Next Chunk:

24: if i < |sentences| and os # null then
25: 1+—i1—1

26: end if

27: end if

28: end while

29: return C

and accuracy in summary generation. So, an
open source punctuation model available on Kag-
gle (Tugstugi, 2023) was applied to insert punctu-
ations via the BanglaPunctuation class from the
banglanlptoolkit package.

3.3 Summary and Title Generation

We fine-tuned four Bengali summarization mod-
els and selected bT5 for its superior performance.
Based on Google’s TS architecture, bT5 is specif-
ically adapted for Bengali language processing
(Hayat et al., 2023). For title generation, the m75-
multilingual-XLSum model performed best. It is
based on Google’s multilingual TS framework fine-
tuned for cross-lingual summarization across 101
languages, including Bengali (Xue et al., 2021).
For summarization, the bT5 model’s 512-

Metrics Overlap Non-overlap Progressive
ROUGE-1 (F1) 0.5360 0.4930 0.3480
ROUGE-2 (F1) 0.2031 0.1703 0.1069
ROUGE-L (F1) 0.2055 0.1998 0.1720
BERTScore (F1)  0.8759 0.8765 0.8625
MoverScore 0.4980 0.4980 0.4845

Table 2: Comparison between 3 Chunking Techniques.
Bold values represent the best values.

Normalization Type Bengali E: 1 Converted Form
(s, 99),(¢, T1%9) L5
TR fAB1, 2, TR sin, +,2
WS afSe HCI

Number

Mathematical notation

Chemical formula

AN GraEs NaCl
Alphabet and variables ﬁ, fEJ"B“T, Ay b, 0,
Unit standardization =, lcai sec, kg

Table 3: Examples of Regex for Postprocessing.

token limit required splitting long video transcrip-
tions into manageable chunks. So, the punctu-
ated transcription was split into sentence-aware to-
ken chunks with one-sentence overlap (Algorithm
2). The overlapping method was chosen over non-
overlap chunking to preserve context across bound-
aries. In progressive summarization, each chunk is
summarized, then its summary is combined with
the next chunk and summarized again, repeating
the process until the final summary is obtained.
The overlapping strategy avoids this repeated pro-
cessing, thereby reducing computational overhead.
The metrics summarized in Table 2 and in A.2.1,
also indicate that the overlapping strategy outper-
forms the others.

The smart chunks were then fed into the fine-
tuned bT5 model for abstractive summary gener-
ation using beam search (4 beams) with output
lengths constrained between 100-200 tokens, a
length penalty of 1.0, and n-gram repetition limited
to 3, with early stopping and deterministic decod-
ing (do_sample = False). Inference is run under
torch.no_grad() for efficiency, and outputs are de-
coded to text with special tokens removed.

For long videos with more than 50 text chunks,
recursive summarization was used to maintain co-
herence and efficiency (Figure 3). Each chunk is
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Figure 3: Recursive Summarization. C and S de-
note chunk and summary, respectively.

first summarized with bT5 model, then adjacent
chunks are merged and re-summarized until the
count drops below 50.

The bT5 model was fine-tuned for 10 epochs us-
ing the AdamW optimizer with a learning rate of
2e-5, batch size of 4 for both training and evalu-
ation, and weight decay of 0.01. All experiments
were conducted on a single NVIDIA T4 GPU us-
ing Google Colab.

For title generation, the generated summary is
tokenized and truncated to a maximum of 1024 to-
kens to meet the model’s processing constraints,
and then fed into the fine-tuned m7T5-multilingual-
XLSum model. Beam search decoding was em-
ployed to explore multiple candidate sequences in
parallel (Equation 1):

T
Mwmw;mmm@%mm

Here, sum denotes summary, beam size is 4, ti-
tles are constrained to a minimum of 5 tokens and a
maximum of 30 tokens, the default value of length
Penalty is 1.0, and early stopping is enabled to halt
decoding once all beams have generated an end-of-
sequence token.

3.4 Data Post-processings

start start isantence
t.sentence = tchunk +|(——mmX dchunk (2)
Nsentences
end start isentence + 1
toentence = tehunk + | ——————— X dchunk 3)
Nsentences

Integrating timestamps into summarized segments
enables precise alignment with the original video
for efficient navigation (Algorithm 3 in the ap-
pendix). Audio is divided into 45-second chunks,
each assigned millisecond-level start and end times
to preserve chronological flow without gaps or

Model WER CER
Wav2vec2-large-xIsr 53 1.1751 1.9120
Facebook-mms-102 0.5876  0.8820
Facebook-mms-All 0.5537  0.9390
Huggingface-whisper-large-v3 1.3446  1.6920
Openai-whisper-large-v3 (package) 1.3669 1.9080
Whisper-small- Bangla 1.0678  1.6200
Google ASR 0.3672  0.3380
Google ASR (pre-processed) 0.2825 0.3378

Table 4: Transcription Models Comparison.

Metric bT5 NLLB  mBART mT5
R-1(F1) Mean 1 4018 + 03620 + 0.3438 £ 03400 +
+ HW 0.0057 0.0056 0.0047 0.0053
Mean
R-2(F1) 0.1645 = 0.1187 = 0.1044 £ 0.1139 +
EHW | 00046 0.0040 0.0034 0.0037
R-L(F1) Mean | 2579 4 02249 + 02016 + 02015 +
+HW | 00043 0.0040 0.0036 0.0034
BERT(FI) | M | 08795 + 08734 + 08686 + 0.8694 +
+HW | 00000 0.0009 0.0010 0.0008
Mover(ave) | V% | 0,6036 + 0.5899 = 05812 £ 0.5830 +
THW | 00047 0.0045 0.0038 0.0043
Factcc | 02064 02356 02442 0.2043
F.C. Dae | 09409 09278 09245 09343
SummaC | 07429 07122 07078  0.7152

Table 5: Fine-tuned Summarization Models Compari-
son. HW denotes Half Width.

overlaps. Sentence-level timestamps within each
chunk are distributed proportionally (Equations 2
and 3), and carry-over text across chunks is man-
aged by dynamically adjusting temporal bound-
aries.

The final summary and title are fully in Ben-
gali. To handle formulas, symbols, and mathemati-
cal notations typically in English, regex-based con-
versions standardize them for readability, as sum-
marized in Table 3. The complete academic video
summarization pipeline is shown in Algorithm 4
and Figure 6 (Appendix).

4 Main Results

For transcription, we use Word Error Rate (WER)
and Character Error Rate (CER). Summary evalu-
ation employs ROUGE, BERTScore, MoverScore,
and factual consistency to compare BanglaT5
(bT5), mBART-50 (mBART), NLLB 200-Distilled
(NLLB), and mT5 (small) (mT5). ROUGE mea-
sures lexical overlap, BERTScore and MoverScore
assess semantic similarity, and factual consistency
evaluates preservation of source facts. Title eval-
uation uses ROUGE for bT5, mBART, mT5, and
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Models R-1(F1) R-2(F1) R-L(F1) BERT(F1) Mover
bT5 0.5275  0.2025  0.2211 0.883814  0.5649
NLLB 0.4514  0.1314  0.1790 0.874692  0.5143
mBART 04620 0.1333  0.1683 0.87339  0.5472
mT5 0.4361  0.1434  0.1789 0.8655 0.4736
LLaVa 0.0058  0.0000  0.0058 0.7887 0.3706
Qwen 0.0116 ~ 0.0000  0.0103 0.8102 0.3606
Phi 0.0016  0.0000  0.0016 0.8022 0.3304
Llama 0.2770  0.0371 0.0932 0.8503 0.4472

Table 6: Results for Full Video Summarization.

Metric Human Summary Generated Summary

Grammatical Consistency 2.8729 22271
Information Retrieval 2.6971 2.3029
Factual Consistency 2.7814 24571
Con 2.5814 2.4014

Table 7: Likert Scores for Summary Evaluation.

Metric BANS  benSumm Ours

Precision | 0.0734 0.2560 0.4668

R-1 Recall 0.0577 0.1618 0.3430
F1 score | 0.0630 0.1904 0.3894

Precision | 0.0150 0.0707 0.1935

R-2 Recall 0.0120 0.0436 0.1417
F1 score | 0.0130 0.0516 0.1610
Precision | 0.0576 0.1657 0.3062

R-L Recall 0.0455 0.1024 0.2254
F1 score | 0.0496 0.1215 0.2557

Precision | 0.7956 0.8487 0.8854

BERT Recall 0.8137 0.8331 0.8735
F1 score | 0.8508 0.8407 0.8793

Mover | Average | 0.3924 0.4904 0.5731

Table 8: Evaluation for Different Datasets

mT5-multilingual-XLSum (mT5-XL). Details of
the metrics are in Appendix A.3. Bold table val-
ues indicate the best-performing configurations.
For brevity, in all tables in this section, ROUGE
scores, BERTScores, MoverScore, and factual con-
sistency metrics are denoted as R, BERT, Mover,
and F.C., respectively.

4.1 Evaluation of Transcription

Table 4 compares several ASR models based on
WER and CER. Among them, the Google ASR sys-
tem achieves the lowest error rates (WER: 0.3672,
CER: 0.3380), while its pre-processed version per-
forms best overall with WER: 0.2825 and CER:
0.3378. This indicates that audio pre-processing
improves Google’s ASR performance by approxi-
mately 23% in WER. The qualitative result is tab-
ulated in Appendix Table 21. Further analysis on
the effect of ASR choice on downstream genera-
tion tasks is provided in Appendix A.8.

Metric mBART bT5 mT5  mT5-XL
Precision | 0.0152 0.0766 0.0170 0.0792

R-1 Recall 0.0057 0.1250 0.0076  0.0649
Fl score | 0.0083 0.0938 0.0104 0.0700
Precision | 0.0000 0.0052 0.0000 0.0792

R-2 Recall 0.0000 0.0076 0.0000  0.0649
F1 score | 0.0000 0.0062 0.0000 0.0700
Precision | 0.0000 0.0052 0.0000 0.0792

R-L Recall 0.0000 0.0076 0.0000  0.0649
F1 score | 0.0000 0.0062 0.0000 0.0700

Table 9: Raw Model Comparison for Title.

Metric bT>5 mT5-XL
Precision | 0.0867  0.5978

R-1 Recall 0.1327  0.3711
F1 score | 0.1033  0.4476
Precision | 0.0120  0.2966

R-2 Recall 0.0159  0.1734
Fl score | 0.0136  0.2129
Precision | 0.0786  0.4886

R-L Recall 0.1223  0.3110
Fl score | 0.0942  0.3720

Table 10: Fine-Tuned Model Comparison for Title.

4.2 Evaluation of Text Summarization

Table 5 compares four fine-tuned Bengali sum-
marization models. HW (Half Width) represents
half of the 95% Confidence Interval, estimated via
the bootstrap method; smaller HW values indi-
cate more reliable scores. Overall, bT5 performs
best, achieving the highest scores (e.g., ROUGE-
1= 0.4018, BERTScore= 0.8795), and strong F.C..
NLLB ranks second, showing competitive scores
(e.g., ROUGE-1 = 0.3629, BERTScore = 0.8734),
while mBART performs worst across most metrics
despite slightly higher FactCC (0.2442). bT5 out-
performs the second-best NLLB by approximately
10.7% in ROUGE-1, 38.6% in ROUGE-2, and
14.7% in ROUGE-L.

In Table 6, we present an evaluation of full-video
summaries generated using the four previously
fine-tuned models as well as four recent models:
LLaVa v1.6 mistral (LLaVa), Qwen 2.5-1.5B in-
struct (Qwen), Phi 3- mini 128K instruct (phi), and
Llama 7B instruct vOl (Llama). The recent mod-
els are evaluated in their raw form, as fine-tuning
them requires huge computational resources and
large-scale datasets. Table 6 shows that fine-
tuned Bengali models vastly outperform recent raw
models on full-video summarization, with bT5
leading (ROUGE-1: 0.528, BERTScore: 0.884)
and Llama the only recent model showing moder-
ate performance (ROUGE-1: 0.277, BERTScore:
0.850). LLaVa, Qwen, and Phi score near zero on
ROUGE. It indicates the need for fine-tuning on
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Metric bTS5(r) bT5(ft) bT5(Im) mB(r) mB(ft) mB(Im) NL(r) NL(ft) NL(Im) mT5(r) mT5(ft) mT5(Im)
Pre | 0.1314 0.4295 226.8% 02478 0.3488 40.8%  0.0007 0.3992 57,000%  0.1382  0.3847 178.3%
R-1 | Rec | 0.0782 0.3871 395.0% 0.0859 0.3494 306.9% 0.0005 0.3426 68,420% 0.0435 0.3128  619.1%
F1 | 0.0963 0.4018 317.2% 0.1202 0.3438 186.0% 0.0006 0.3629 60,383%  0.0652  0.3400  421.5%
Pre | 0.0294 0.1756 497.3% 0.0709 0.1063 49.9% 0.0001 0.1305 130,400% 0.0247  0.1293  423.5%
R-2 | Rec | 0.0174 0.1587 812.1% 0.0219 0.1056 382.2% 0.0001 0.1120 111,900% 0.0076  0.1044  1,273.7%
F1 | 0.0215 0.1645 665.1% 0.0312 0.1044 234.6% 0.0002 0.1187 59,250% 0.0114  0.1139  899.1%
Pre | 0.1013 02750 171.5% 0.1868 0.2047  9.6%  0.0007 0.2473 35229%  0.1105  0.2277 106.1%
R-L | Rec | 0.0602 0.2491 313.8% 0.0614 0.2048 233.6% 0.0005 0.2124 42,380% 0.0348  0.1857  433.6%
F1 | 0.0742 0.2579 247.6% 0.0869 0.2016 132.0% 0.0006 0.2249 37,383%  0.0522  0.2015 286.0%
Pre | 0.8178 0.8827 7.9% 0.8178 0.8827 7.9%  0.8153 0.8766 7.5% 0.8240  0.8745 6.1%
BS | Rec | 0.8206 0.8765 6.8% 0.8206 0.8765 6.8%  0.8185 0.8703 6.3% 0.8038  0.8645 7.6%
F1 | 0.8191 0.8795 7.4% 0.8191 0.8795 7.4%  0.8167 0.8734 6.9% 0.8136  0.8694 6.9%
MS | Avg | 0.3916 0.6036  54.2%  0.4823 0.5812 20.5% 0.1517 0.5899  288.9%  0.3924  0.5830 48.6%

Table 11: Raw vs Fine-tuned Models Comparisons with Improvement Percentages for Summarization. BS, MS,
mB, and NL denote BERTScore, MoverScore, mBART, and NLLB, respectively. Bold values represent the best

values achieved after fine-tuning each model.

domain-specific data.

Table 7 presents the average 3-point Likert scale
(1=poor, 2=fair, 3=good) for human-written and
model-generated summaries across grammatical
consistency, information retrieval, factual consis-
tency, and conciseness. The evaluation was con-
ducted by seven independent reviewers who were
blind to whether the summary was human or
machine-generated. Table 7 reveals that the model
can produce summaries that are largely fluent, in-
formative, and factually consistent, as the model-
generated summaries achieve scores close to hu-
man performance. The average scores of each re-
viewer for the 100 samples are shown in Table 19
(Appendix).

To evaluate whether existing formal text sum-
marization datasets could adapt bTS5 for aca-
demic video content, we fine-tuned the model
on BANS (Bhattacharjee et al., 2020) and ben-
Summ (Hasib et al., 2023) and compared results
on our dataset (Table 8). The results show that
formal text datasets perform poorly on spoken
academic videos: ROUGE-1/2/L F1 scores are
0.063/0.013/0.050 (BANS) and 0.190/0.052/0.122
(benSumm) versus 0.389/0.161/0.256 for our
dataset. BERTScore F1 rises from 0.851/0.841 to
0.879, and MoverScore from 0.392/0.490 to 0.573,
highlighting the need for a domain-specific dataset.
The qualitative result for summarization is shown
in Appendix A.9.2.

4.3 Evaluation of Title Generation

We evaluated four pre-trained models in Table
9 to assess their baseline Bengali academic title

generation performance without domain-specific
fine-tuning. Among them, mT5-XL achieves the
highest scores across all ROUGE metrics, with
ROUGE-1 F1 at 0.0700, ROUGE-2 F1 at 0.0700,
and ROUGE-L F1 at 0.0700, showing superior
precision and recall compared to bT5 (ROUGE-
1 F1: 0.0938, ROUGE-2 F1: 0.0062, ROUGE-
L F1: 0.0062) and the other models. mBART
and mT5 perform poorly, with near-zero ROUGE-
2 and ROUGE-L scores.

Based on the raw model evaluation, bT5 and
mT5-XL were identified as the top-performing
models.  After fine-tuning on our benchmark
dataset, mT5-XL clearly outperforms bTS5 on the
test set, achieving ROUGE-1 F1 of 0.448 versus
0.1033, ROUGE-2 F1 of 0.213 versus 0.0136, and
ROUGE-L F1 of 0.372 versus 0.0942 (Table 10,18
). The qualitative result for title generation is
shown in Appendix A.9.3, and an example of final
output is shown in Appendix A.9.4.

4.4 Ablation Study

This section provides valuable insights into error
analysis, inference time comparison, and zero-shot
capabilities of the fine-tuned bT5 model.

4.4.1 Error Analysis

Table 11 presents a comparison of raw(r) and fine-
tuned(ft) model performances, with percentage im-
provement(Im) highlighting the gains from fine-
tuning. For our proposed bT5 model, fine-tuning
leads to improvements across all metrics, particu-
larly in ROUGE scores (ROUGE-1 F1: 0.0963 —
0.4018, 317.2%; ROUGE-2 F1: 0.0215 — 0.1645,
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Metric | bT5(r) bT5(ft) bT5Im) mT5(r) mT5(ft) mT5(Im)
Pre | 0.0766 0.0867 13.19%  0.0792 0.5978  654.80%
R-1 | Rec | 01250 0.1327  6.16%  0.0649 03711  471.80%
F1 | 0.0938 0.1033 10.13%  0.0700 0.4476  539.43%
Pre | 0.0052 0.0120 130.77% 0.0792  0.2966  274.49%
R-2 | Rec | 0.0076 0.0159 109.21%  0.0649  0.1734  167.18%
F1 | 0.0062 0.0136 11935% 0.0700 0.2129  204.14%
Pre | 0.0052 0.0786 1411.54% 0.0792 0.4886  516.92%
R-L | Rec | 0.0076 01223 1509.21% 0.0649 03110  379.20%
F1 | 0.0062 0.0942 1419.35% 0.0700 03720  431.43%

Table 12: Raw vs Fine-tuned Models Comparisons with
Improvement Percentages for Title Generation.

Content Genre ROUGE-L(F1) BERTScore(F1) MoverScore

News Content 0.1743 0.8974 0.5505
Podcasts 0.1353 0.8814 0.5505
Tech-Related Videos 0.1632 0.8837 0.5318
Other Academic Videos 0.2095 0.8712 0.6089

Table 13: Cross-domain Performance for Summariza-
tion.

665.1%). This reflects a significant reduction in
lexical errors. Improvements in BERTScore and
MoverScore (F1: 0.8191 — 0.8795, 7.4%; 0.3916
— 0.6036, 54.2%) reflect enhanced semantic con-
sistency. NLLB and other models show enor-
mous percentage improvements due to extremely
low raw scores; bT5 achieves the highest abso-
lute performance as its smaller size allows effec-
tive domain-specific fine-tuning on our 10,029 text-
summary pairs.

Similarly, for title generation, Table 12 re-
veals that bTS5 has modest gains (ROUGE-1
F1: 10.13%), but mT5-XL (here denoted as
mTS5) achieves the highest absolute performance
after fine-tuning with very large improvements
(ROUGE-1 F1: 539.43%). In both Table 11, and
12, Pre, Rec, and F1 denote Precision, Recall, and
F1 Score, respectively.

4.4.2 Inference Time Analysis

Figure 4 compares model inference times. bT5 is
fastest at 2.54 seconds. It is computationally effi-
cient due to its fewer parameters compared to the
other models (Appendix Table 17). Qwen is the
slowest at 78.32 seconds, over 30 times longer.

We analyze the end-to-end inference latency
of the proposed video summarization pipeline on
approximately one-hour videos (Table 14). The
audio-to-text (ASR) stage dominates the overall
runtime, while text summarization and title gener-
ation incur comparatively low latency. On average,
the full pipeline completes in under 14 minutes per
video.

Pipeline Stage Mean (s) Std (s)
Video Preprocessing 69.0 39.2
Video — Audio 31.3 1.2
Audio — Text (ASR) 631.3 36.6
Text — Summary 51.3 3.8
Title Generation 45.7 3.1
Total Inference Time 828.7 55.6

Table 14: Mean and standard deviation (Std) of infer-
ence time (in seconds) for each stage of the end-to-
end video summarization pipeline, evaluated on approx-
imately one-hour videos.

Inference Time (s)
B owoE oo u
=Bg85322

o

bT5 NLLB mBART mT5 LLaVa  Qwen Phi Llama
Model

Figure 4: Inference Time Comparison for Summariza-
tion. bTS, mBART, NLLB, and mT5 represent fine-
tuned models, while the others are used without fine-
tuning.

4.4.3 Cross-domain Performance Analysis for
Summarization

Table 13 presents the zero-shot summarization per-
formance of the fine-tuned bT5 model across four
content genres. The model achieves the highest
ROUGE-L F1 (0.2095), BERTScore (0.8712), and
MoverScore (0.6089) on other academic videos
outside the training domain. It reflects a strong gen-
eralization of it to unseen academic content.

5 Conclusion

This study presents the first comprehensive Ben-
gali academic video summarization system, com-
bining fine-tuned BanglaT5 and mT5-multilingual-
XLSum models for abstractive summarization and
title generation using our benchmark datasets.
While transcription accuracy and real-time pro-
cessing remain challenging, the pipeline provides
a pipeline for Bengali video summarization, con-
tributes valuable resources to low-resource NLP,
and enhances accessibility to educational content.

Limitations

This study establishes a complete pipeline for
Bengali academic video summarization, marking
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a novel contribution to research in this domain.
While the proposed system achieves promising re-
sults and demonstrates the feasibility of the task,
several limitations remain that open up directions
for further improvement.

In this work, we primarily focused on text-based
summarization derived from video subtitles rather
than generating summaries in the form of video
content. Future research can explore multimodal
summarization that combines visual, audio, and
textual features to produce short, meaningful video
clips. Although we have included videos from dif-
ferent speakers to address dialectal and subtitle-
related biases, the diversity of Bengali dialects still
poses challenges that require broader representa-
tion in future datasets. Expanding the dataset with
more inclusive linguistic and contextual diversity
would make the system more accessible to a wider
audience. Additionally, future advancements can
focus on improving the speech-to-text component
to minimize transcription errors, which often prop-
agate into the summaries. Lastly, real-time summa-
rization for live sessions presents another promis-
ing direction. It requires efficient optimization and
computational support to process continuous input
streams with minimal latency.

Ethics Statement

All videos used in this study were collected from
publicly available YouTube playlists with the con-
tent owners’ consent and in accordance with
YouTube’s data usage policies. The dataset was
curated solely for academic research and does not
include any personally identifiable or sensitive in-
formation. Al generative tools, such as OpenAl’s
ChatGPT and Grammarly, were used solely to en-
hance the clarity and grammar of the manuscript.
No text or data were generated or altered in a man-
ner that affects the scientific validity or originality
of the research.
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A Appendix
A.1 Related Work

A significant amount of research has been con-
ducted on extractive and abstractive summariza-
tion. They employed classical and transformer-
based architectures. Earlier works mostly used
rule-based or statistical approaches, while recent
advances rely on deep learning and pre-trained lan-
guage models. The table 15 presents an overview
of existing summarization models, their methods,
and corresponding limitations. This is a concise
form of section 2.

A.2 Techniques and Pipeline

Our paper uses audio pre-processing to improve
transcription quality, along with timestamp inte-
gration for increasing readability. The complete
process involves several steps to generate the fi-
nal output. The Figure 5 represents the audio pre-
processing technique discussed in section 3.2. The
timestamp integration technique mentioned in sec-
tion 3.4 is shown in detail using the Algorithm 3.
The complete pipeline follows the Algorithm 4 and
it is illustrated in Figure 6.

A.2.1 Overlap Length in Chunking

To minimize context fragmentation during summa-
rization, our chunking module uses sentence-level
overlaps. We initially adopted a one-sentence over-
lap based on the highly informal and segmented
nature of the subtitle transcripts. To validate this
choice, we conducted both qualitative and quanti-
tative analyses comparing 1-, 2-, and 3-sentence
overlaps. Table 16 reports redundancy and se-
mantic similarity metrics across these configura-
tions, showing that a one-sentence overlap intro-
duced minimal repetition while preserving coher-
ence. Overall, this setting provided the optimal
trade-off between maintaining context continuity
and avoiding excessive redundancy.

A.3 Evaluation Metrics

We have used multiple metrics to evaluate the quan-
titative results for summarizing and title generation.
They inspect different aspects of the summaries
and titles, for example, semantics, factual consis-
tency, etc.

ROUGE Metrics: ROUGE (Recall-Oriented
Understudy for Gisting Evaluation) represents the
most widely adopted family of metrics for text
summarization evaluation (Barbella and Tortora,

Algorithm 3 Timestamp Integration with Carry-
over Management.

Require: Audio A, chunks C = {cy, ...
Ensure: Timestamped sentences T

, Cm } With text

1: Initialize: 7 < 0, carry < null, t. < 0, id + 1

2: Toudio < Duration(A), Achunk 45000 ms

3: Phase 1: Map Audio Chunks to Time

4: for i = 1to |C| do

5: tf — ('L - 1) . Achunk’ tf — mm(z . Achunlm Taudio)
6: x; < Transcribe(c;)

7: end for

8: Phase 2: Sentence-Level Timestamp Mapping

9: fori =1to |C| do

10: ts 15, te < 15, d < te — s

11: if IsError(z;) then

12: if carry # null then

13: T + T U{(id,carry,te,ts)}, id + id + 1
14: end if

15: T« T U{(id, zi, ts,te)}, id < id + 1

16: carry < null, continue

17: end if

18: Z punr — Concat(carry, ;)

19: S <« Split(z fuiur) >By ?!
20: if |S| = 0 then
21: carry < Tul, te < (carry = null)?¢, : t.
22: continue
23: end if

24: complete < EndsPunct(z i) V (i = |C])
25: if complete then

26: Scomp < S, carrynew < null

27: else

28: Scomp < S[1:]S| = 1], carrynew < S[|S|]
29: end if

30: if |Scomp| > 0 then

31: tstart < (carry # null)?t. : ts

32: D < te — tstart, 0 D/‘Scomp|

33: for j = 1to [Scomp| do

34 t; < tstart + (j — 1) )

35: t; — tstart +] )

36: T« T U{(id, ScomplJ), t5,5)}

37: id < id+ 1

38: end for

39: end if

40: carTy < carrYnew

41: if carrynew # null then

42: tc — (|Scornp‘ > O)?tstu,'r“t + |Scornp‘ : 5 : ts
43: end if

44: end for

45: Finalize:

46: if carry # null then

47: T + T U{(id, carry, te, tic))}
48: end if

49: return 7

2022). These metrics measure the lexical overlap
between generated summaries and reference
summaries. It provides a standardized comparison
across different summarization systems. Since
traditional metrics like precision, recall, and
F1 scores fail to evaluate summary generation
properly, ROUGE is widely used for this task.

ROUGE-1: ROUGE-1 measures the overlap of
unigrams (single words) between the generated
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Input Audio File
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Measure dBFS levels
Calculate average & peak of
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file

}

Send to Google Speech
Recognition API

|

No Yes

pd +

Process next chunk / Preprocessed aud chunk ;

Figure 5: Audio Pre-processing Steps.
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‘ Audio-to-Text Transcription
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Y
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hT5

v
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using Bangla T5 model
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gram + TF-IDF
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to video timestamps
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Apply Regex Processing
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using multilingual T5

Final Output: Summarized
Video with Keywords & Title

Clean and format
final output

}

Figure 6: Pipeline for Summary Generation.
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Authors

Models

Weakness/Remarks

Chowdhury et al.(Chowdhury
etal., 2021)

Unsupervised BenSumm, clus-
tering, word graph fusion

Better ROUGE in Bengali, but struggles with factual
hallucinations and semantic drift.

Talukder et al. (Talukder et al.,
2019)

Seq2seq, RNN, LSTM with at-
tention

Requires larger datasets and optimization for longer
texts.

Li et al.(Li et al., 2024a)

mBART for multilingual sum-
marization

Struggles in low-resource languages, showing gaps in
cross-lingual performance.

Xue et al.(Xue et al., 2021)

mT5 for multilingual tasks
(proposed for title generation)

Can generate coherent titles with less data due to
crosslingual zero-shot support.

Bhattacharjee et
al.(Bhattacharjee et al.,
2023)

BanglaT5 (proposed for sum-
mary generation )

Outperforms other models in Bengali while con-
taining a smaller number of parameters.

Qwen Model Series (Bai et al.,
2023)

QWEN and QWEN-CHAT for
multilingual summarization

Strong in multilingual summarization, struggles with
low-resource languages.

LLaMA-2 (Touvron et
2023)

al.,

LLaMA-2, decoder-only trans-
former

Excellent for NLG tasks, further fine-tuning needed
for low-resource languages.

Phi-3 Mini (Abdin et al., 2024)

Phi-3 Mini for on-device de-
ployment, causal LM

Efficient for offline inference, may sacrifice summary
quality compared to larger models.

Table 15: Summary of related works. Models used in our work are highlighted in bold.

#Overlap Jaccard

Bigram Trigram BERTScore

1
2
3

0.1913  0.0657  0.0252 0.8682
0.2055 0.0703  0.0261 0.8697
0.2269  0.0828  0.0345 0.8717

Table 16: Redundancy and semantic similarity metrics for different overlap strategies.

summary and the reference summary. It captures
the basic vocabulary coverage and word-level sim-

ilarity.
Formula:
2 gram: €S, s Cmaten(grami)
R'l'r'ec - c (4)
Zgraml ESref (gramy)
> grami€Syen Cmaten(grama)
R-1pc = = )
Egramlesgen (graml)
2 x R-1 R-1
R-1p1 = X pre X rec ©)

R- 1[)7"6 + R_ 17'66

where S, is the reference summary, Syey, is
the generated summary, and C,q¢cn (gramy) rep-
resents the count of unigrams appearing in both
summaries. R — 1 is short for ROUGE-1. The
subscripts pre, rec, and F'1 mean precision, recall,
and F1 score.

ROUGE-2: ROUGE-2 extends the evaluation
to bigrams (two consecutive words). It captures
phrase-level similarity and local coherence be-
tween summaries.

Formula:

Zgramg ESyref Cmatch (gram2 )

R-2pec = @)
rec Zg’l'am2esref Count (gT‘am2)
ngmﬁsgen Countpaten(grams)
R-2pc =
ngersgen Count(grams)
(8)
2X R-2,,0 X R-2
R—2F1 — pre rec (9)

R'Qpre + R'2rec

ROUGE-L: ROUGE-L measures the Longest
Common Subsequence (LCS) between the gen-
erated and reference summaries. It captures
sentence-level similarity without requiring consec-
utive matching.

Formula:
rp — LOS(Srer, Soen) (10)
rec |Sref’
LCS(Sref, Sgen)
R-L,.. = 11
P ‘Sgen’ (I
2 'L re ‘Lrec
ReLpi — X R-Lpre X R (12)

R‘Lpre + R'L'rec

6638



Algorithm 4 Pipeline of Bengali Academic Video
Summarization with Title.

Require: Academic video file V'

Ensure: Summary S with descriptive title T’
1: Audio Extraction:
2: audio < ExtractAudioStream (V")

3: Audio-to-Text Transcription:

4: tewtrqw < SpeechToText(audio)
5: Text Preprocessing:
6
7
8
9

: textpunct < AddPunctuation(text,qu, )
: Text Chunking:
. chunks «+ SplitwOverlap(textpunct, overlap = 1)
: Summary Generation:
10: for each chunk; in chunks do
11: summary; < bT5.Generate(chunk;)
12: end for
13: Scombinea < Concatenate({summary;})
14: Timestamp Mapping:
15: Stimed < MapToTimestamps(Scombpined, V')
16: Title Generation:
17: Traw « mT5-multilingual-XLSum(Scombined)
18: T < ApplyRegexProcessing(Traw, Stimed)
19: Output:
20: return Summary Stimeq With title T’

where LC'S(Syef, Sgen) represents the length of
the longest common subsequence between refer-
ence and generated summaries, and |.S| denotes the
length of sequence S.

BERTScore: BERTScore uses pre-trained
BERT embeddings to compute similarity scores
between generated and reference summaries
at the semantic level. It addresses limitations
of lexical overlap metrics (Zhang et al., 2025).
Unlike ROUGE metrics, BERTScore can capture
semantic similarity even when different words are
used to express similar meanings.

Formula: For tokens z; in the reference sum-
mary and z; in the generated summary:

1
BERTScore,e. = m max x;fpf(j (13)
o=y Tj;ET
1
BERTScorey. = [ > max xI'x;  (14)
:f}jEi !
BSpi — 2 X BSpre X BSyec (15)

BSpre + BSrec

where x; and X; represent contextualized embed-
dings from BERT for tokens in reference and gener-
ated summaries, respectively. B.S also represents
BERTScore.

MoverScore: MoverScore addresses the limita-
tion of BERTScore’s greedy matching by employ-
ing Earth Mover’s Distance to find the optimal
alignment between tokens in generated and refer-
ence summaries (Zhang et al., 2025). This metric
considers the global optimal transport between se-
mantic representations.
Formula: MoverScore is computed as:

Wd (Erefv Egen)
max(||[Ercgl[2, [[Egenl|2)

Mover =1 — (16)

where Wy(E,cf,Egen) represents the Earth
Mover’s Distance between the embedding sets
E,.; and Ey,, of the reference and generated sum-
maries, respectively, and || - ||2 denotes the L2
norm.

Factual Consistency Metrics: Factual consis-
tency evaluation is crucial for abstractive sum-
marization systems to ensure that generated sum-
maries do not introduce false information or con-
tradict the source content (Zhang et al., 2025). We
employ three approaches to assess factual accu-
racy.

FactCC: FactCC (Factual Consistency Check-
ing) uses a BERT-based classifier trained specif-
ically to detect factual inconsistencies between
source documents and summaries (Zhang et al.,
2025). The model outputs a binary classification
score indicating whether the summary is factually
consistent with the source.
Formula:

FactCCqeore = P(conldoc, S) 17)
where con, doc, and S are short for con-
sistent, document, and summary, respectively.
P(con|doc, S) represents the probability that the
summary is factually consistent with the source
document as determined by the trained classifier.

SummaC: SummaC (Summary Consistency)
evaluates factual consistency using multiple com-
plementary approaches (Zhang et al., 2025). It
combines natural language inference (NLI) models
and question-answering systems to detect inconsis-
tencies.

Formula:

SummaC =

N

1
N Z P(e|sent? doc)  (18)
i=1
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where [V is the number of sentences in the sum-
mary, e stands for entailment, sent is short for
sentence, S is short for summary, and doc repre-
sents document. and P(e|sent?, doc) represents
the entailment probability for each summary sen-
tence given the source document.

DAE: DAE (Dependency Arc Entailment) evalu-
ates factual consistency by comparing dependency
parsing structures between source and summary
sentences. It focuses on grammatical relationships
and semantic roles (Zhang et al., 2025).

Formula:

|Arcss N Arcsentailed|

DAEscore = (19)

|Aresg]|

where S represents a summary. Arcsg repre-
sents the set of dependency arcs in the summary,
and Arcsentaileq Tepresents the set of arcs that can
be entailed from the source document.

Word Error Rate and Character Error Rate:
WER and CER are standard metrics for evaluating
ASR systems. WER measures the proportion of
words in the reference transcription that are incor-
rectly predicted. It is calculated as:

(20)

where S is the number of substitutions, D is the
number of deletions, I is the number of insertions,
and NV is the total number of words in the reference.
Similarly, CER measures the proportion of charac-
ters incorrectly predicted, using the same formula
but at the character level.

A.4 Parameters, Context Window, and
Inference Time Comparison

The number of parameters, inference time and
the context window size of the models used (for
inference and fine-tuning) by the authors are pro-
vided in Table 17. BanglaT5 is a lightweight
model, but it has a noticeably smaller context win-
dow size compared to the recent models. Despite
this, the model achieved a remarkable performance
in the summary generation task, with the smallest
inference time. It is to be noted that the inference
time of the first four models is calculated after fine-
tuning them. Since we have not fine-tuned the lat-
ter four, the inference time for them is calculated
from the raw model. Time, T of the Table 17, is
the time required by each model for generating 150
tokens, and is mentioned in seconds (s). P denotes
the number of parameters, and C.W. indicates the
context window size.

A.5 Summary Generation Results with
Bootstrap

Table 5displays the bootstrapped means and half-
widths for a 95% confidence interval. A more
elaborate version of the data, with interval range
and interval widths for ROUGE, BERT, and mover-
scores, is presented in Table ??.

Metric bT5 mT5-XL

Mean 0.1033 0.4476

ROUGE-1 (F1) | 95% CI | [0.0658, [0.3727,
0.1466] 0.5258]

CI Width | 0.0808 0.0.1531

Mean | 0.0136 0.2129

ROUGE-2 (F1) | 95% CI | [0.0000, [0.1416,
0.0319] 0.2918]

CI Width | 0.0319 0.1502

Mean | 0.0942 0.3720

ROUGE-L (F1) | 95% CI | [0.0607, [0.3016,
0.1313] 0.4483]

CI Width | 0.0705 0.1467

Model P C.W. T(s)
BanglaT5 247TM 512 254
NLLB-200-Distilled 600M 512 3.76
mBART-50 610M 1024 2.78
mTS5 (small) 300M 512 3.68
LLaVa v1.6 mistral 7000M 32K 44.59
Qwen 2.5-1.5B instruct 1500M 128K 78.32
Phi 3- mini 128K instruct 3800M 128K 12.34
Llama-2 7B instruct vOl ~ 7000M 2048 11.95

Table 17: Number of Parameters and Context Window
Size Comparison.

Table 18: Fine-tuned models comparison for title gener-
ation. CI denotes Confidence Interval, and bT5 stands
for BanglaT5

A.6 Title Generation Results with Bootstrap

To complement the ROUGE precision, recall, and
F1 scores reported in the main paper, we provide a
more detailed statistical analysis of the title genera-
tion results. Table 18 reports the bootstrap means,
95% confidence intervals, and interval widths for
the ROUGE F1 scores. These statistics offer a
more robust understanding of model variability
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Metric Human Sum | Generated Sum | Reviewer
Grammatical Consistency 2.85 243

Information Retrieval 2.71 2.56 |
Factual Consistency 2.76 2.50

Conciseness 2.68 2.51

Grammatical Consistency 2.79 227

Information Retrieval 2.89 2.37 2
Factual Consistency 2.86 244

Conciseness 2.59 247

Grammatical Consistency 2.99 2.03

Information Retrieval 2.01 2.03 3
Factual Consistency 3 291

Conciseness 2 2.13

Grammatical Consistency 2.94 2.16

Information Retrieval 2.86 2.32 4
Factual Consistency 2.75 2.36

Conciseness 2.67 223

Grammatical Consistency 2.86 2.38

Information Retrieval 2.82 2.26 5
Factual Consistency 2.76 2.42

Conciseness 2.71 2.38

Grammatical Consistency 2.82 2.11

Information Retrieval 2.85 2.12 6
Factual Consistency 2.72 2.07

Conciseness 2.65 227

Grammatical Consistency 2.86 221

Information Retrieval 2.74 2.46 7
Factual Consistency 2.62 2.50

Conciseness 2.77 2.82

Table 19: Average Likert scores by reviewer for sum-
mary evaluation (for 100 samples).

and reliability across different samples. It ensures
the consistency of the improvements observed.

A.7 Likert Score

Table 7 presents the average overall Likert score of
the 100 samples, while Table 19 reports the aver-
age Likert scores for all the samples evaluated by
each reviewer. Here, Sum is short for summary.

A.8 Impact of ASR Choice on End-to-End
Video Summarization

To examine the effect of the transcription module
on downstream performance, we conduct an end-
to-end evaluation of the Bengali video summariza-
tion pipeline by comparing the Google’s speech
recognition API used in our final system with
the second-best open-source transcription model,
facebook/mms-1b-all (identified in Table 4), and
report the resulting performance in Table 20. The
results show that although the open-source Face-
book MMS model produces competitive sum-
maries, the pipeline using Google ASR consis-
tently outperforms it across ROUGE, BERTScore,

Metric Facebook MMS Google ASR (Proposed)
ROUGE-1 (F1) 0.4609 0.5275
ROUGE-2 (F1) 0.1590 0.2025
ROUGE-L (F1) 0.1753 0.2211
BERTScore (F1) 0.8736 0.8838
MoverScore 0.5190 0.5649

Table 20: Comparison of end-to-end summarization
performance using different transcription models.

and MoverScore metrics. This highlights the im-
portance of transcription quality for abstractive
summarization, particularly for low-resource lan-
guages such as Bengali.

To demonstrate the flexibility of our framework,
we replace the Google ASR API with a strong
open-source transcription model, facebook/mms-
1b-all (Facebook MMS), while keeping all subse-
quent stages in the video summarization pipeline
unchanged. The proposed video summarization
pipeline is modular and adaptable, allowing the
ASR component to be replaced with any suitable
open-source or fine-tuned transcription model. We
select Google ASR for the final system due to its su-
perior performance on Bengali speech. However,
future researchers may substitute it with alternative
ASR models as stronger open-source systems be-
come available or when a fully open pipeline is re-
quired.

A.9 Qualitative Results

For language generation tasks, qualitative results
are of utmost importance. The Appendix sections
A9.1, A9.2, A9.3, and A.9.4 show the qualita-
tive results for audio transcription, summary gen-
eration, title generation, and final output, respec-
tively.

A.9.1 Audio Transcription

The qualitative result for Audio Transcription,
mentioned in section 4.1, is tabulated in Table
21. This shows the transcription improvement af-
ter pre-processing the audio.

A.9.2 Summary

Text is the transcription obtained from the video af-
ter the audio extraction, pre-processing, and punc-
tuation adding steps. Expected Summary is a
human-generated summary that is used as a refer-
ence summary. The Generated Summaries are the
summaries generated by the four fine-tuned models
for the text mentioned.
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Before Enhancement

After Enhancement

NG WEF ANT (6!
T OOt 3m T G
TIFG Qb TS
2R T Y @ I

& (62 WINAT 96! 619

& qrm @ g vt A

e TR 305 (ST 39-
aBIF W65 5 cof Qb

BIla QI I 01
& 702 WA 3T G @B-

=1 1 sror =S @ra-

1 8% A MiFG ag -

R T @ @ W

QB ATEBB 5 cof Qbr-

& 36z WINFT QF6! 616

TIFRE AIRAT I -

Bics ze wrEAr fer G
&R 1 o5 SRS cot
TN WS T T
A a1 83 wfes FB

AT SYTT WG 302
o5 A (A G179 -
oW

AT [N I -
7 (52 STo)<s A (A
I fce =7

Table 21: Transcription Comparison (Before and After
Enhancement). Bold words are transcribed accurately
after preprocessing, which were incorrectly transcribed
Before Enhancement.

Text: B3 T Q3 GIGIAT (AT WAL
A 3T IR Q8 MBS O 3R TIF FIFY
a3 (ATAPBI3 FeC0 Feo QE 5 gl -
] (ot 19| I QBT O 3T oI QB N9 57
TN /I Ao AT AHP FF ANAT @R
FAC© AT QOEFHA VI HFH @F FACO A
QO5bFHA NI 5 2@ ©13? OGP T 3@ | WP
T JACOTR @ W M QA Q36 3, 936
g orexl @witm| Q36 BIE Ao 2@ aoGP
3oz WINIF Q36| AT GBI I 9 37 o1
Q36 5P IM et bl @ 9 WIZAT 936 | 9Bt
5 3@? Q1 IBANT Q36| Weg! FI3T| QAT IH
TN BT T 9BHHCS PHANIST Q23 I
I I AN FI? QH/ 9T 9| (OF QG-
7 PRIt QiR FactefR | aey g N
ot i35 5 st @witg? as (s Tl Witg | ©ik-
219 J(52 (ST Q36 (ST W | [ 2ACIF 93
361 I wify sifd | orac foa (s 93 as @
T WY Sifd Wi 936 @ T8 Tifd| o
INE G JEAST Q36 8 Sifd | BgFrg sufdar
G@INEI? OF S TR QI QF 0T JHI-
& @ 00 3| | st I ek s or-
R ASGS FHF R YN I 21 o798 FIF|
BIRCe QU T T QB 19 73| JJ1, 770
QR =1 =R 51 fagrew 9 ™3 o -
for e bt 3z 4@t @ {51 abics | o
TN QF6! IS B | QBT ARG A | ©Iz-
& af i1 fagre 9331 fereew | fage argey
R (I | I AT 13| LT FIA (B I 1|
Qe FHIF I O JI3AIT Q36 @IS HJK A

202 O/ FAK| T SI3C A0 (S8 Bl |
QT T IR G137 QT Q% 2157 936 FF
AT 02 QF FIIF| T (BF QU 93 T 9F
FUF QF UK (07 Im 77 e wify aeag
(AT IACO RE 9T FARK 97 I 37 G-
35 O Q36 WRAT Q36 FIF| WG {1 9w
O3 O] R WO F6 G127 a7 Q36 JI3AT
O FIAF 936 FAFI Q3 GF 9F JN61 WF
QI /7T 1) 5 wite? s 9w @3 I 9
TR Snfaat fBf |11 9w & B T11 g
QF 9F TF W QAT A&

Expected Summary: (A ST BTG
& a3k O TwoR ARTOd @ WIETE-
I, AW 7] 9F QIR STl A5 ST -
& | QU A PRIGIRICT A8 aas 3@,
Q35 IM foiceeT SRR oy @ FI3AT 936 “irs-
I | AT SR T Wfoge (FHi-
T AN YN FIF 9IR FF FRIEI Q@B
R @it ere sl 3| I, 9| a9 I
QL TIACO BTG T 9| CHIEI JIF S
T O 9 VEF & d) I @ ROTR ASiR-
0 HNIZST Qs Q36 NI3FST Q36 (HIIF A1 3

Generated Summary (BanglaT5): Q3 et f91-
ARG @ IR IE ANOgST FJR IR
@ YW, ASger FNF 8 7¥ FARF 9T VA
@I I T AT ST F @R, -
A foger TR 9N TR A 79 FIS|
9797, fagre TN +IfIod 3@ QW @I I§
@ A 3=

Generated Summary (NLLB): Q8 W0t I@t
fage sifFo @b snfifss Reaxs Facs,
@A 7f6 I 0 (9, aF, QIR 936) *-
ST W@ QIR TIHI @ IH (9Q36) @I I
Ty Qe NIZFIST Q36 5[ IR FAT 02| 9F-
713, o7 fagrem 9t Irem @i e (a& 1"
TEAT 9 FHIF AT 936 FIF) &I FAF -
& I PR, TUNH O FUF Q72 936
TR FEI @D (ST W | IS IAC2A
@, Q35 AT 91 T TN Fddei o-
1Y IO 32X, GIR Q3 At MIPOIR IR
IE AT FAIPH NS I

Generated Summary (mBART): QId -
&I ) /I K iy AN Tt vt
TECE, TUE Q5 QI2 36 OF NI S f&a|
foa s ot T @@, I 9w 3, oI 9 |-
9T 9 @F PG 3@ QIR Afoge FAF
3@ IR IR fagrer ZaE [da 21 =231
Saft (e GFel 3T QIR AF6 T9d ANBIT
TSI T, T 3 (QF2 - R9TA36 + Q|2 +
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2afJf51) | @3 Sra I, 9 QI I JS
SR 11 18|

Generated Summary (mT5): Q3 WL AT
AT Q213 AR AT [ 1 @R | &I,
™ BIBIE o<y O+ 2], SR 936 9 I 3@
OF WAV Q361 IR, fage TR 2 9
FAF QIR ASUreF I ST IER, @A
fagrem 17 [T T 26w QIR 9397 fa-
gror ofN FHF 3@ Y, a3k aft ofF | 3 oif-
T, IM G 3, B A3 A 72T I R,
@wg @ {51, @ & 51 @3 [ 51 93 Jeay 9o
@ S IEE|

The fine-tuned BanglaT5 model generates a
more accurate and precise summary, which is use-
ful for the academic domain. Here, all the sum-
maries are inferred from the fine-tuned models
with our hand-made dataset.

A.9.3 Title
Expected Title: 2SI VO QIR AT O

aIR AT Qg

Generated Title (raw mT5-multilingual-XLSum):
TSRS 2T SIEFN ZSAOHSGA [T & -
FEIE TG 219

Generated Title (fine-tuned mT5-multilingual-
XLSum): SIRNIY Io: @GN ey a3
GI5 AR

Generated Title (fine-tuned BanglaT5): ]
o1 | 2@ BN O0g WIER OI% oG
@ e

A.9.4 Example of Final Output

The final output format includes the generated ti-
tle, compression ratio, generated summaries, and
added timestamps.

Title: BT cra1fe @I MfH61%HL woaiBe
15T T afAfses afert

Compression Ratio: 0.2276

[00:00 - 02:53] QI BI3F Crife wwoneafBe
ST a3 ifct51fF: Won e Srebas Ty
/1257 FEATEAT FIT IR | A6 AARIGR -
CB Uit Tra T afRfFOE 91 37, T Ty
f51fo13% WG A |1, QIR aft 2193 & -
G &) 3 W (13T 27| 93 aif Ty, 5ifore
HIBCG AP 91 a3 aft 9B 16 & f2-
TR G IE| QIHF, TUT G QPGB 7T,
T HfP13E 33 @ 2I7I0T IO B 1|
a3 aifFTe FaE, i3S w3 fSerest SioEt
3 QIR PIFIO ACTASTT Ty W8 [ 777-
B[

[02:47 - 05:15] Pres 9T T G TAE
HIEATBAT FACRA, FTLUE HAB0 Tk T8l ¢-
ST @Y, TF F& Yo AeaR T6F fics
Qe NG T @zl 397, Frss sGee-
BUI IR 2N FEE, ST &I (ST Ty
o (I 3 RN st ey, g @@ $ex
18Tl 2T | Q9 e I, 1 (G Wit
Ted e i, g ASHHB WA T I
T O (19 3995 AMSG[B IS TS
@3, o3 f5fF 79 @, T wo oIy 70w H1-
ﬁ@%wqmmmiwﬂﬁw@%ﬁam

|
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