FIRE 2022
Kolkata, India

Indian Language
Summarization using
Pretrained

Seguence-to-Sequence
Models

Authors: Ashok Urlana, Sahil Manoj Bhatt, Nirmal Surange and Manish Shrivastava

Language Technologies Research Center, KCIS, IIIT Hyderabad, India

Presenter: Sahil Manoj Bhatt



Problem Statement

Summarization — a widely explored NLP problem.

State of research in summarization for Indic languages; lack of
datasets.

ILSUM: Shared task for Indian Language Summarization.

Focus languages: Hindi (340 million+ speakers), Gujarati (56
million+ speakers) and 'Indian' English.

Source: https://en.wikipedia.org/wiki/List of languages by number of native speakers



https://en.wikipedia.org/wiki/List_of_languages_by_number_of_native_speakers

Challenges

Little work in Indic language summarization.

Primary reason - lack of quality data

Recent progress in terms of dataset availability — XL-Sum,
MassiveSumm.

IndicNLG Suite - sentence summarization and headline generation
tasks

TeSum - Telugu summarization dataset
Dataset provided for ILSUM has code-mixing and script-mixing.



Dataset

English Hindi Gujarati
#Pairs 12564 7957 8457
Text Summary Text Summary Text Summary
#Avg Words 595 36.24 553 40.17 414.43 32.26
(Min, Max) Words | (1,5717) | (1,113) | (17,5034) | (6,113) | (25,2839) | (1, 408)
#Avg Sentences 10.29 1.26 18.1 1.7 21.28 1.57
(Min, Max) Sentences | (1, 169) (1,17) (1,157) (1,9) (1,187) (1, 46)
Article: Trump rules out charjgmg. date of November presidential ele;t\on. US President Donald Trump has ruled out making any changes_in the Aﬁnicleﬁgﬁ;@mﬁqﬁ; AT aj%j i‘;ﬁ;ﬁg ?gﬁgﬂ :&g;@%ﬁ ﬁqgﬁ%a‘ﬁ 5 ﬁiﬁ ?éj%a; ;ﬂ a%m ‘%R‘ ?&iﬁ 3
date of the November 3 presidential election because of the coronavirus pandemic. ‘I never even thought of changing the date of the election. Why ety & PRI 35 el Ao Y SwTer 2 T &1 Rt 3 oAt 2 b B 78] FRI AR 96 % £, A TR 8 Y oree T8 215 e o
would | do that? November 3, it's a good number,” Trump told reporters at his White House news conference.His likely Democratic opponent Joe et 3 wareey it TRiE O 3 FE, A Ao T 2| # off % e & o foper &1 3 i ]%Eﬁ  arep gifaifed o o <& #1 e ¥ e
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something statement made per Joe Biden, Sleepy Joe,” Trump said.*He didn't make those statements. Somebody did but they said he made it. No, 8 D ST Her o % FRTIe & Wy 27.87 B ¥, S 0 o et 30.64 Wt ot Farvez fau o el H 7 PRI 1 &1 foeft H o

@\ |l & 20,718 AT T 317 & 31 30 A Bt Al g3 oft e R it 3R et Bl o am va 21 i 24 ¢ 7 2 3 58 &R 089 Y
el 1 g g% &1 9 IR 385 R 61 A1 g€ €1 T8, 1 T 51 &N 740 @i 19 g €1 37t Qa1 H 16 9 56 BN 341 UfFed o €1 iRt v
Summary: US President Donald Trump has ruled out making any changes in the date of the November 3 presidential election because of the 110.65 sfier Res 41 T &1 B &7 200 7 51 9fe g€ &1 et 7 16 73 ST 13 BT 113 &7 FFFet FFF T £
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let him know | am not thinking about it at all. Not at all,” he said.
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Approach

We experimented (abstractive approach) with various pretrained
models (PLMs) on the ILSUM dataset.

PLMs - pretrained using massive amounts of unlabeled text data;
stimulates universal representations and improved generation
quality.

Also shown to perform extremely well on most summarization
datasets.

We thus finetune PLMs on the ILSUM dataset and perform various
experiments to determine the best model for each language.



Experiments

In many cases, models finetuned on foldwise-data gave better
validation scores than models finetuned on the whole training data.

Tuning parameters and hyperparameters (epochs, learning rate,
dropout)

Using adapters on pretrained models.

Training on augmented data. Examples:
Hindi and Gujarati ILSUM datasets together
Hin./Guj. ILSUM dataset augmented with IndicNLG Hin./Guj. data



Experiments

Experimental setup and parameters settings

Parameters BART | T5 | ProphetNet | PEGASUS | BRIO | MBart | MT5 | IndicBART
Max source length | 512 512 512 512 512 512 512 512
Max target length 75 75 75 75 75 75 100 75

Batch Size 2 1 1 2 2 4 2 2

Epochs 5 5 5 5 5 5 10 10
Vocab Size 50265 | 32128 30522 96103 50264 | 250054 | 250112 64015

Beam Size 4 g 5 4 g 4 4 g
Learning Rate 5e-5 5e-5 5e-5 Se-4 5e-5 5e-5 5e-5 5e-5




Results

ILSUM Experiments on Validation Data. *Finetuned on the combination of Hindi and Gujarati Data

Validation Scores

Lang Model Full Data/ k-fold | R-1 | R2 | R4
PEGASUS Full Data 56.85 45.92 43.36
Tdiarge Full Data 56.05 45.03 4236

BART 41 ge k-fold 54.83 43,58  40.71
English PEGASUS xsum Full Data 54.66 4348 40.64
BRIO Full Data 53.57 41.86  38.81
BART,,, ;. Xsum k-fold 53.35 41.74 3875

TSpase + Adapter k-fold 51.91  40.07 37.1
ProphetNet k-fold 49.51 3698 33.83
IndicBART k-fold 60.73 51.26 47.57
MT505e k-fold 60.04 50.72 46.82
e MT5p,.0 " Full Data 58.65 49.09 45.08
IndicBART-SentSumm k-fold 58.09 47.99 43.72
MBart;qrge50 + Adapters Full Data 56.26  45.56  41.21
MBart;qyge50 Full Data 55.76 4496  40.59
MBart;rge50 Full Data 26.20 16.44 12.16
MT5p45e Full Data 2511 1581 11.68
Gujarati MT5p0e" Full Data 2416  14.68  10.79
IndicBART k-fold 2338 13.34 9.35

MBart;qr .50 + Adapter Full Data 21.63 13.04 9.56




Results

ILSUM scores on Test Data
Test Scores

Lang Model Full Data / k-fold R-1 R-2 | R4
English PEGASUS Full Data 55.83 | 44.58 | 41.8
TSlarge Full Data 54.73 | 43.08 | 40.12
. MT5 4.0 k-fold 60.72 | 51.02 | 47.11
IndicBART k-fold 58.38 | 48.31 | 44.25
| MBart;y;.,e50 Full Data 26.11 | 1651 | 1241

Gujarati g
MBart;,4.50 | Full Data (dropout=0.2) | 26.07 | 16.60 | 12.58

Our team (MT-NLP, IIIT-H), ranked 1st across all three language sub-tasks (Eng., Hin. and Guj.)



Results

Article: " Bda uzd, 2d : A&l 2is<) A 5 vl s1u2 Baisen (Fire Brigade) aige siiellall «f od a5 2iaa sz s, wfisid wz v & dal
[Rirci2i 24151 Aiciaaie] 513 Aoz (Fire Robot) s29.. 21 AlRs aisenii vcagyfeis 2ipia dhigjol S3=1 (Fire Robot Camera) asiell fcien &2), 24191 vs23idel Sl
sa1Adl caFauiel 2dell 215121 val s calEdda vier s18ld weieifial orid 2s12. 1 535 42 @vien wi vwidleida i Acllz (Fire Robot in Surat) gis=ai2 de
s2di i3] &d. A5 iz Fealetl uzislepi siu2 519201 Aoz, 3 Sh 53 diz2 2e52 Vel 2 51 Neyel, 2 diz? vlldReld vieq ysdpi Aic &g, Aoile Hellet 2018 7 s122
stuzzell a1l vel arziani et & AN S 2a1de] & 21 Acile H2ler. 211 Aolle veraiesd Suell widell 1.4 sAse] seturd vidle] ©.150 Aezell 2earai wiel < sel we
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disid aaiRrdl vg 263 8."

Generated summary: "Fire Brigade in Surat - 21 eil2s aigenii sicuiafeis aia digjar 321 (Fire Robot Camera) asizedl 2if@ien &21, 1191 ais23idell Sla
s2A1Ad) calEdasla 20l sl




Data Quality Assessment

ILSUM dataset — good step forward in the field of Indic language
summarization; certain limitations.

What makes a good summary? Subjective.
Are ROUGE scores the best way to go?

Filters to keep in mind while creating summaries. For example:
Empty article text and/or summary
Duplicate summaries

Presence of prefixes and/or ellipses (...)
Length of summary vs length of input article text (Summary compression)

We apply filters and carry out experiments as well.



Data Quality Assessment

Filtration counts of ILSUM data

Filters Hindi | Gujarati | English
Dataset Size 7957 8457 12565
Empty 0 0 1
Duplicate Pairs 23 0 0
Duplicate Summary 15 113 117
Prefixes 2518 135 486
Compression <50% 11 37 182
Final Valid 5390 8172 11779
Valid % 67.74% | 96.63% 93.74%




Data Quality
Assessment

Validation set ROUGE scores on ILSUM corpus. This table reports the mean ROUGE scores and its

standard deviation over 10 runs

| Lang | Model | Data composition | R-1 R-2 | R-L
Original Data 5251+ 1.1 4091 +1.36 | 47.81+1.16
Original + Filtered Data | 51.65+1.14 | 40.07 +1.25 46 + 3.67
PEGASUS Filtered Data 51.88+1.25 | 40.37 £1.39 47.32 +1.31
Filtered + Original Data | 53.28 £1.18 41.82+1.3 48.67 £ 1.2
Original Data 53.45 0,95 | 4216+ 1.13 | 48.97 £ 1.05
Enelish T5-larce Original + Filtered Data | 53.22+1.23 | 42.04 +1.41 | 48.85 £ 1.31
g >Tiarg Filtered Data 51.9+137 | 4049153 | 47.38+1.46
Filtered + Original Data | 53.33 £ 0.83 421 +0.96 48.92 + 0.86
Original Data 50.25+1.52 | 38.15+1.85 45.46 +1.63
BART-laree Original + Filtered Data | 51.42+0.88 | 39.85+1.11 46.93 £ 1
8 Filtered Data 51.21 + 1.3 39.83 +1.57 46.79 + 1.38
Filtered + Original Data | 52.45+1.05 | 40.98 +1.29 48 + 1.17
Original Data 26.36 +1.02 12.66 + 0.73 26.28 + 0.98
IndicBART Originc?ll + Filtered Data | 21.58 + 0.66 9.84 + 0.76 2145 + 0.6.
Filtered Data 21.27 £ 0.88 9.75 £ 0.56 21.12 £ 0.86
Hindi Filtered + Original Data | 25.67 +1.04 | 12.16 + 0.82 25.57 £1
Original Data 27.04 £1.22 | 13.21 £0.61 | 26.96 £ 1.22
Original + Filtered Data | 20.33 + 0.91 9.26 £ 0.8 20.2 £ 0.92
MT5-base . : . ,
Filtered Data 20.61 +1.55 9.47 + 0.67 20.51 +1.53
Filtered + Original Data | 26.73 £1.11 12.83 £ 0.61 26.64 + 1.1
Original Data 20.36 + 0.67 11.65 £1.13 20.01 £ 0.72
Original + Filtered Data | 16.04 +1.12 9.23 £0.76 15.83 +1.15
MBart L 50
art Large ¥ Filtered Data 12824228 | 66+154 | 12.38+236
Guiarati Filtered + Original Data | 19.55+0.74 | 11.42+0.43 19.2 £0.72
J Original Data 21.55+0.77 | 11.81+£0.78 | 21.19 £ 0.83
Original + Filtered Data | 18.63 +0.93 9.23+0.5 18.19 £ 0.92
MT5-base . . : )
Filtered Data 9.66 + 0.97 4.84 + 0.56 9.53 £ 0.92
Filtered + Original Data | 20.29 + 0.62 10.7 £ 0.52 19.84 + 0.56




Conclusion

For the ILSUM task, PEGASUS, MT5 and MBart give us the best
results for English, Hindi and Gujarati respectively. We conclude
that the transformer-based pretrained seq2seq models are capable
of generating high-quality summaries for the ILSUM shared task.

Better models finetuned exclusively on Indian languages - benefit
research in the area of Indian Language Summarization

Creation of larger, high-quality datasets for such languages will
surely lead to progress in this field.



Thank you

Rl
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