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NLP and NLU

ILDC for CJPE: Indian Legal Documents Corpus for Court Judgment
ACL, 2021

Prediction and Explanation

Legal NLP

Understanding and Processing Indian
Legal Texts, Legal Foundational models,
Summarization, Cross-Lingual, Cross
Domain Knowledge Transfer, Legal KG
Natural Language Retrieval
Retrieving information from databases
via natural language queries
Biomedical NLP
NER, Relation Extraction, Clinical Trials....
Machine Unlearning
Forgetting Unwanted information in LLMs,
Updating LLMs with latest facts without
training
Social Reasoning in LLMs
Teaching ethics and etiquettes to LLMs

Miscellaneous

Automatic Speech Recognition for noisy,

()

code-mixed speech
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Semantic Segmentation of Legal Documents via Rhetorical Roles
NLLP, EMNLP 2022

HLDC: Hindi Legal Document Corpus
ACL Findings 2022

Corpus for automatic structuring of legal documents
LREC 2022

U-CREAT: Unsupervised Case Retrieval using Events extrAction
ACL 2023

J‘—’ Candidates Events H ’% Common Events

etrieval Ranked
‘ Candidates

Interaction Matrices

BookSQL: A Large Scale Text-to-SQL Dataset for Accounting Domain
Under review, EACL 2023

EtiCor: Towards Analyzing LLMs for Etiquettes
EMNLP 2023

ASR for Low Resource and Multilingual Noisy Code-Mixed Speech
Interspeech, 2023
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Fine Grained Emotion Prediction by Modeling Emotion Definitions
Best Student Paper Award, ACII , 2021 / Modeling Human Behavior

Adapting a Language Model for Controlled Affective Text Generation and Decision Making
ColLING, 202¢

Affective Computing

An End-to-End Network for Emotion-Cause Pair Extraction * Multimodal Representations
WASSA, EACL, 2020 * Multimodal Multilingual

Contextualized Affect Prediction

Multimodal Generation

* Emotion and Decision Making:

Shapes of Emotions: Multimodal Emotion Recognition in Conversati
PIM3SM, COLING 2022

Multi-Task Learning Framework for Extracting Emotion Cause Prediction
Emotion Cause Span and Entailment in Conversations .
TL4ANLP, NeuRIPS 2022 RL Worlds (Towards Embodied Al)
* Decision Making by Agents in Text

Worlds
* Agents learn about real world without
o &= any explicit supervision via
=1, interactions with the environment
i simulating real world.
—d ; , Mental Health
COGMEN: COntextualized GNN based Multimodal Emoti * Study correlation between speech,
recognitioN, NAACL, 2022 language, neuro-imaging, and

/ Schizophrenia symptoms.
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There is an imminent need for development

of Sigh language Technologies

for promoting and protection of Linguistic
> rigkfs of the deaf community,

%( Y T SR S,

NATIONAL HUMAN RIGHTS COMMISSION, INDIA
Sign Language Translation

and Generation

/a Al For Social Good

* Sign language understanding

* Linguistic Analysis

* NLP Tools for Sign Language

* Translation within sign
languages and with natural
language

* Generation conditioned on
context and other modalities

(Z ;

Corpus for Indian Sign Language Recognition
EMNLP 2022

ISLTranslate: Dataset for Translating Indian Sign Language
ACL Findings 2023




Fine Grained Emotion Prediction by Modeling Emotion Definitions
Best Student Paper Award, ACII , 2021

Adapting a Language Model for Controlled Affective Text Generatig
CoLING, 202(

An End-to-End Network for Emotion-Cause Pair Extraction
WASSA, EACL, 2020

Shapes of Emotions: Multimodal Emotion Recognition in Conversat
PIM3SM, COLING 2022

Multi-Task Learning Framework for Extracting
Emotion Cause Span and Entailment in Conversations
TLANLP, NeuRIPS 2022

IamaojsuvaL
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COGMEN: COntextualized GNN based Multimodal Emoti
recognitioN, NAACL, 2022

Modeling Human Behavior
and Decision Making

Affective Computing

Multimodal Representations
Multimodal Multilingual
Contextualized Affect Prediction
Multimodal Generation
Emotion and Decision Making:
Emotion Cause Prediction

RL Worlds (Towards Embodied Al)

Decision Making by Agents in Text
Worlds

Agents learn about real world without
any explicit supervision via
interactions with the environment
simulating real world.

Mental Health
Study correlation between speech,
language, neuro-imaging, and
Schizophrenia symptoms.
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Why Affect (Emotion)?




Interaction with Personal Digital Assistants

Hey Buddy! ‘

How are you
doing?

Had a long day!

Awesome!!
Let’s Celebrate!




Interaction with Personal Digital Assistants

Hey Buddy! ‘

How are you
doing?
Had a long day! ‘

Awesomel!
Let’s Celebrate!

Currently, machines fail to understand Affects (emotions)




Why Study Emotions?

* Emotions are universal (Ekman, 1972, 1973).
* To interact seamlessly, it is important to understand underlying emotions.

* Emotions convey information beyond surface level features in communication

Emotion is not especially different from the processes that
we call thinking.

- Emotion Machine, 2007
M. Minsky (Al Pioneer)




Affective Computing

> Affective Computing: Study and
development of systems that
recognize, interpret, process and
simulate human feelings and
emotions (R.W. Picard, MIT, 1995)

* a.k.a. Artificial Emotional Intelligence
or Emotional Al

Image: https://www.scienceofpeople.com/microexpressions/




Applications

Customer Behavior Understanding Social Media Analysis

Real-time conversational guidance

Cogito detects human signals and provides live behavioral guidance to improve the quality of

every interaction.
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Image: https://www.searchenginejournal.com/content-seo-audience-understanding/386525/

FutureCar



https://digital.hbs.edu/platform-digit/submission/cogito-ai-for-a-better-human-customer-service-experience/
https://m.futurecar.com/2057/Affectiva-Launches-Automotive-AI-Software-to-Track-the-Emotional-State-of-Passengers
https://www.fiverr.com/aswintechguy/do-sentiment-analysis-for-any-data-nlp
https://www.searchenginejournal.com/content-seo-audience-understanding/386525/

Emotional Machines

* To develop machines that interact seamlessly with humans, machine should
understand the emotions as well as should be able to exhibit emotions.

* Two class of problems need to be addressed:

* Emotion Prediction or Recognition

* Emotion Generation

Fine-Grained Emotion Prediction by Modeling Emotion Definitions, ACIl 2020
Affect-Driven Dialog Generation, NAACL 2019
Adapting a Language Model for Controlled Affective Text Generation, CoLING 2019




Multimodal Affective Computing

* Affect is not an isolated phenomenon, it is
present across different modalities (Text,
Audio, Video, Pulse Rate, Eye Movement,
etc.)

* Modalities complement each other
regarding the affect information.




Multimodal Affective Computing

* Affect is not an isolated phenomenon, it is
present across different modalities (Text,
Audio, Video, Pulse Rate, Eye Movement,
etc.)

* Modalities complement each other
regarding the affect information.

* How does one fuse the information from
different modalities?

Generalized Product-of-Experts for Learning Multimodal Representations in Noisy Environments, ICMI, 2022




Multimodal Affective Computing

* Affect is not an isolated phenomenon, it is
present across different modalities (Text,
Audio, Video, Pulse Rate, Eye Movement,
etc.)

* Modalities complement each other
regarding the affect information.

* How does one fuse the information from
different modalities?

* Affect is contextualized




COG!VI=EN: COntextualized GNN based
ultimodal ==motion recognitioN

Abhinav Joshi, Ashwani Bhat,
Ayush Jain, Atin Vikram Singh,
Ashutosh Modi

NAACL 2022




Emotion Recognition in Conversations (ERC)

Speaker-1 Speaker-2
Conversation Instance taken from
IEMOCAP Dataset

...................................... o Text
. .
1 A rapper party ho. Yeah. Okay.
_______________________________________ :
| |lam just- Yeah. I'm sticking around, I'm just doing my thing. I'm |
. living here. I'm so glad you're going to stay, I'm so glad you're
: going to be here. Yeah. Woo. !
== == D = S =B B~~~ DR .
| It's a relief too. | mean | was thinking | was going to have to : Happy Uy “j Aud 10
N -
< u5 > : Yeah. Big time. E
B e e i
. Mmhmm. Mmhmm. Yay. So what mejor? What are you doing? | [Excited
<d7 >@ :- Yeah. I'm not sure. ‘:
' Is this a Masters or a P.n.D.? Or can you...? Nice ! t/us\\] Vlsual e
e e R N e e S S e e, = \/ e

| That's good. Don't you have to like teach a class, too, when you do that? | \@»‘

Given a multimodal conversation between different speakers,
predict the emotional state of the speaker after each utterance.




Model Intuition

s :ebmgcat’th;t why does it always

. . OMgG That's Y! tgot my reeg ain when ( do not get

G I (o) bal I nfo rm atl on: great, iswt itin paper accepted at have to cancel our ;thbrzm 2
Seattle this NAACL plans for dinmer

How to capture the impact of underlying context
on the emotional state of an utterance?

Local Information:

. . L~ yes, you'll get | was so excited
How to establish relations between the nearby S i
. amazing Sure, hopefully U be
utterances that preserve both inter-speaker and researohers there  isiting there soon

intra-speaker dependence on utterances in a
dialogue?




COGMEN Architecture
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COGMEN Architecture
[ ¥

...................... @ [ Graph Formation ‘
;

-------------------

' 1
R [ v
g ' .2 1
e 1 . L
' ..' - 1
% Ju i R s0 ol :

. 4 §
8 |1 Rysu s A
3 . e : U 'zgh) ) 1
Transformer 8 | Y By |
o - 1
Encoder - ] - —. '
( 1
m : & '
c , b A P L 1
S 1 1
(] 1 . Ny, :
: (51)_,, (82) 1
é < ' . u Y sul] | :
\ J = : (s1) \ 1
0 2 i & :

1

[ ] m_ ' @ .
I\ Rinter - !

1 1 )

[> Utterance 1 ||[>Utterance N > i — -’

--------------------

1 )
o Wi e o IR L RCE

W o )

N

Context Extractor Graph Formation




Graph Formation in COGMEN Architecture
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COGMEN Architecture
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...................... @ Graph Formation
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COGMEN Architecture
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Multimodal Emotion Datasets

CMU-MOSEI Benchmark

IEMOCAP Benchmark




Experiments on IEMOCAP Benchmark

IEMOCAP: Emotion Categories

Models Happy Sad Neutral Angry Excited Frustrated AVE-
F1 (%) F1 (%) F1 (%) F1 (%) F1 (%) F1 (%) Acc. (%) F1 (%)

bc-LSTM 35.6 69.2 53.5 66.3 61.1 62.4 59.8 59
memnet 33 69.3 55 66.1 62.3 63 59.9 59.5
TFEN 33.7 68.6 55.1 64.2 62.4 61.2 58.8 58.5
MFN 34.1 70.5 52.1 66.8 62.1 62.5 60.1 59.9
CMN 32.6 72.9 56.2 64.6 67.9 63.1 61.9 61.4
ICON 32.8 74.4 60.6 68.2 68.4 66.2 64 63.5

DialogueRN

N 32.8 78 59.1 63.3 73.6 59.4 63.3 62.8
CAN 31.8 71.9 60.4 66.7 68.5 66.1 63.2 62.4
Af-CAN 37 72.1 60.7 67.3 66.5 66.1 64.6 63.7
COGMEN 51.9 81.7 68.6 66 75.3 58.2 68.2 67.6

Ashutosh Modi




Multimodal Emotion Recognition

Multimodal Emotion Recognition on IEMOCAP

Leaderboard Dataset
View F1 v by Date v
0.875 =
0.85 COGMEN
0.825
= 0.8
PATHOSnet v2.(English
(English)
0.775 CHFusion (A+T+V)
.f
0.75
0.725
2018 2019 2020 2021 2022 2023

Other models -o- Models with highest F1

State Of The Art Model

https://paperswithcode.com/sota/multimodal-emotion-recognition-on-iemocap



https://paperswithcode.com/sota/multimodal-emotion-recognition-on-iemocap

Experiments on MOSEI Benchmark

Sentiment Class Emotion Class Multi-label Emotion Class
Accuracy(%) (weighted) F1-score (%) (weighted) F1-score (%)
Model 2 Class| 7 Class |Happiness|Sadness | Angry | Fear | Disgust |Surprise Happiness Sadness| Angry| Fear |Disgust Surprise

Multilogue-Net|T + A+ V| 82.88 | 44.83 | 67.84 | 65.34 |67.03 |87.79| 7491 | 86.05 70.6 70.7 | 744 1860 834 | 878
T 81.9 | 442 - - - - - - 63.4 658 | 75.3 | 84.0| 845 | 814
TBJE A+T | 824 | 4391 | 6591 | 70.78 |70.86 |87.79| 82.57 | 86.04 65.5 679 | 76.0 |87.2| 845 | 86.1
T+A+V| 815 | 444 - - - - - - 64.0 679 | 747 |84.0 | 83.6 | 86.1
T 84.42 | 4350 | 6928 | 70.49 |73.04 |87.80| 83.69 | 85.83 | 69.92 | 72.16 |77.34(86.39| 86.00 | 88.27
COGMEN | A+T |85.00 | 4431 | 6839 | 73.28 |74.98 |88.08) 83.90 | 8535 | 69.62 | 72.67 |76.93|86.39| 85.35 | 88.21
T+A+V| 8434 | 4390 | 7042 | 72.31 |76.20 88.17| 83.69 | 85.28 | 7274 | 73.90 |78.04 |86.71| 85.48 | 88.37




Comparison with Unimodal Approaches

Model Modality F1-score (%)
4-way
DialogueGCN T 71.58
DialogXL T 73.02
DAG-ERC T 78.08
COGMEN T 81.55
A+T+V 84.50
6-way
EmoBERTa T 68.57
DAG-ERC T 68.03
CESTa T 67.10
SumAggGIN T 66.61
DialogueCRN T 66.20
DialogXL T 65.94
DialogueGCN T 64.18
COGMEN T P
A+T+V 67.63




Importance of Local and Global Interactions

Modalities T A+T A+T+V
Actual 66.00 65.42 67.63
(6 way) w/o GNN 64.34 (11.66) | 61.69 (13.73) | 62.96 ({4.14)
w/o Relations | 60.49 ({5.51) | 65.32 ({0.10) | 62.13 (15.50)
Actual 81.55 81.59 84.50
(4 way) w/o GNN 81.18 (10.37) | 80.16 ({1.43) | 80.28 ({4.22)
w/o Relations | 76.76 (14.79) | 80.27 ({1.32) | 79.61 (14.88)

Dialogue divided into set of Utterances

) |

) (

Context

Extractor
& J

J
\Z i:
/

Classifier
. J

Emotion

Context

Y
\

Rel3#0ns

Extractor
& J

Classifier
. J

Emotion

\(
/A

# Utterances in Context

F1-score (%)

All Utterances in a dialogue

84.50

10 Utterances in a dialogue

77.43 (}7.07)

3 Utterances in a dialogue

75.39 (19.11)




Effect of GNN on Multimodal Features
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More detalls in the paper
Code Repository: https://github.com/Exploration-Lab/COGMEN

Special Thanks to Google Research India for the NAACL Travel Support
Google Research



https://github.com/Exploration-Lab/COGMEN

Shapes of Emotions:
Modeling Emotion Shift for Multimodal
Emotion Recognition in Conversations

Keshav Bansal Harsh Agarwal Abhinav Joshi

Ashutosh Modi

PIM3SM, ColLING 2022




Motivation: Shapes of Stories

Kurt Vonnegut (Vonnegut, 1995) proposed that every story has a shape plotted by ups and
downs experienced by the characters of the story. This defines the Emotional Arc of a story.

Visualizing Shapes of Popular Stories
Mahabharata

Bhim kills

/ Duryodhana

Arjuna kills

Visualizing Shapes of Popular Stories

Ramayana Happy

Everyone follows Dharma
in Bharata’s rule

Happy

Ravana is defeated.

Ram marries Sita

Hanuman sets Lanka on fire,
Krishna orders
sacrificing a horse to
cleanse the world

from the war

Lakshmann defeats

Kaikeyi plots to
Surpanakha.

exile Ram

]
Everyone is happy in
Ayodhya under
Dashrath’s rule

\/

Dashrath dies.
Ram, Lakshman and

Ravana kidnaps Sita

Ram meets Hanuman

Sita’s Agnipariksha

Karna.
Ram unites with
Luv and K h Y :
uvandKus Drona is tricked to think
Ram en route Lan ka Ashvatthama is dead.
Pandavas return to
have kingdom back.
[]

|

Yudhistir loses all his
riches in gambling.

\

Krishna recites
Gita. Arjuna takes
Bhishma down

[\

Yudhistira learns
Karna was his brother
at Kaurava's funeral

Yudhistir meets
Bhishma

4
/ Krishna dies.\

Dhritarashtra,
Gandhari and

Kunti die in a
\orest fire.

Yudhistir finds
Duryodhana in
heaven.

Sad Sita set on Vanwaas. INDIA Sad
PIXELS (L] Pandavas spend 12 The Kurukshetra war. INDIA
years in exile. I N
PIXELS

https:

Asvatthama murders Pandava
army, curses all Pandava wombs
to be barren.

Pandavas die
one by one on
their journey

twitter.com/indiainpixels/status 1181567180829278%15



https://twitter.com/indiainpixels/status/1181567180829278215

* Model the ebb
an d ﬂ ow Of Predicte? Emotion Predicte? Emotion
emotions

softmax(W7e;) softmax(Wle; 1)

* Take into account
speaker
interactions and
context
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More detalls in the paper
Code Repository:
https://github.com/Exploration-Lab/multimodal-emo-prediction-with-emo-shift



https://github.com/Exploration-Lab/multimodal-emo-prediction-with-emo-shift
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Future Directions

* Structure of Emotions

* Emotion Cause Prediction

Multi-Task Learning Framework for Extracting
Emotion Cause Span and Entailment in Conversations
Ashwani Bhat and Ashutosh Modi
TL4ANLP, NeurlPS, 2022
https://arxiv.org/abs/2211.03742



https://arxiv.org/abs/2211.03742

Future Directions

* Structure of Emotions

* Emotion Cause Prediction

* How does emotion play a role in decision making?




Future Directions

* Structure of Emotions
* Emotion Cause Prediction

* How does emotion play a role in decision making?

* Emotion Al for Indian Settings




Future Directions

* Structure of Emotions
* Emotion Cause Prediction
* How does emotion play a role in decision making?

* Emotion Al for Indian Settings

* Mental Health




Fine Grained Emotion Prediction by Modeling Emotion Definitions
Best Student Paper Award, ACII , 2021

Adapting a Language Model for Controlled Affective Text Generatig
CoLING, 202(

An End-to-End Network for Emotion-Cause Pair Extraction
WASSA, EACL, 2020

Shapes of Emotions: Multimodal Emotion Recognition in Conversat
PIM3SM, COLING 2022

Multi-Task Learning Framework for Extracting

-

DN

Modeling Human Behavior
and Decision Making

Affective Computing

Multimodal Representations
Multimodal Multilingual
Contextualized Affect Prediction
Multimodal Generation
Emotion and Decision Making:
Emotion Cause Prediction

Emotion Cause Span and Entailment in Conversations
TLANLP, NeuRIPS 2022

IamaojsuvaL

RL Worlds (Towards Embodied Al)

Decision Making by Agents in Text
Worlds

Agents learn about real world without
any explicit supervision via
interactions with the environment
simulating real world.

= (O—

COGMEN: COntextualized GNN based Multimodal Emoti
recognitioN, NAACL, 2022

Mental Health
Study correlation between speech,
language, neuro-imaging, and
Schizophrenia symptoms.

/
/
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ScriptWorld:
Text Based Environment For Learning Procedural
Knowledge

Abhinav Joshi, Areeb Ahmad, Umang Pandey,
Ashutosh Modi

LaREL, NeurlPS 2022 (Best Paper Runner-up)
AAMAS (EA) 2023
JCAI, 2023
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Teaching Daily Chores

* Can an agent learn to do the daily chores
that humans do effortlessly without
explicit supervision?

* Humans make use of the implicit common-
sense knowledge about the world.

* What is the nature of this knowledge and
how to impart it to agents?




Scripts

/ Washing Dishes \

. take dirty dishes to sink
. run warm water into sink
. add soap

. scrub dishes with
scrubber to remove food

Scripts are defined as sequences
of actions describing
stereotypical human activities,

A WODN -

for example, cooking pasta, stains
. 5. rinse dishes
maklng coffee, etc. 6. place clean dishes in rack

(Schank and Abelson, 1975) to air dry

\_ /

Event Sequence Description (ESD)




Scripts

Sc ri pts a re d Efi n e d a S Seq u e n ces :(:-ht;o.se- R.ec.ip-e . :.B-u; I;g-re.di;n-ts. ) : Prepare Ingredients

o

stereotypical human activities, ‘ -
— cho_ose _add prepare _put cake b e e e e e e
for example, cooking pasta,

* —place C into O :
L]

' ' ]
* —look up R : « —purchase ING : « — Stir to combine :
° ° ° ' find R ' — buy ING ' » — mix well '
Of aCtlons descrlblng :—getyourR : .—":—buyproperlNG ' :fmixINGtogetherinB :
""" e - cseeseeet —stir ING .
. ]

. c- - - e - , ' : —put Cin O
m a kl ng Coffee etc , Get Ingredients v T , B —bowl,pan = === °=°=°=--°¢
) ° s — take out box of ING  e*~ , Add Ingredients | O —oven
' from shelf ' + —pour ING in B ' C —cake
(SCha nk and AbEISon, 1975) : —gather all ING : : —add ING to B : ING - cake mix, cake ingredients, flour, sugar, ...
. —get ING ' . add ING . R - recipe, cake recipe

Wanzare et al., 2016




Scripts

Scripts are defined as sequences
of actions describing
stereotypical human activities,
for example, cooking pasta,

° .
mix well
making coffee, etc. TN | oy ishes st v e

bowl

1. Scrape off any large chunks of food from the plate. . .

. . 5. Then put delicate dishes
2. Submerge the dishes in warm water. .
(SChank and AbEIson' 1975) 3. Add dish soap to the warm water. g gear ::mdr'ull?bir gc;?vhes ith
4.Let the dishes soak for about 15-30 mins. - clean The E'ca e dishes wi
5. Scrub the dishes to make sure no food is sticking to sponge one by one
them. 8. Place them into another bowl

F

e

ScriptWorld

S

A OWON =

. take dirty dishes to sink
. run warm water into sink
. add soap

. scrub dishes with
scrubber to remove food
stains

5. rinse dishes
6. place clean dishes in rack

to air dry

- /

&
o/
/v

[oe]

1. Put dishes in the sink

2. Plug the drain of sink

3. Fill sink with water and
dish soap

4. Use sponge to wash
dishes

5. Rinse dishes off

6. Place dishes in rack to

dry

\ /

.Rinse the dishes under water to clean off the soap and

any other food particles.

. Gently dry the dishes with a dish cloth.
.Leave the dishes on the counter on top of the cloth (or

. Scrape dishes
.Fill the sink with water and soap
. Get a washcloth

. Wash each dish

.Rinse each dish

.Let dry

. Put dishes away when dry

NoOo g~ wWN =

1. Place a big size bowl in the
kitchen sink

2. Fill water to the half

3. Add dish washing powder and

9. Then clean the greasy dishes
with a scrubber

10. Start rinsing the dishes one by
one in running tap water

11. Store the washed dishes in a

Qn a dish rack) to dry.

\dry bowl /

ESDs for Washing Dishes Scenario




DeScript Corpus

Scenario
* A crowdsourced corpus capturing script ,
knowledge for about 40 scenarios taking a bath
baking a cake
flying in an airplane
* Each scenario is described by 100 going grocery shopping

going on a train
planting a tree
riding on a bus
repairing a flat bicycle tire
borrowing a book from the library
getting a hair cut

participants =2 100 Event Sequence
Descriptions (ESD)

* Semantically similar events manually
aligned for 10 scenarios

Wanzare et al., 2016
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ScriptWorld

* Text based Environment for teaching common sense (script) knowledge about
the world to agents

* Design Choices
* Complexity
* Flexibility
* Grounded in real world
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ScriptWorld

* Text based Environment for teaching common sense (script) knowledge about
the world to agents

* Solving the task requires an agent to maintain a memory and to take complex
sequential decisions in a dynamic environment.

* Step towards Embodied Al and towards creation of agents in the MetaVerse




ScriptWorld Creation

...........
. ., o
o . o

DeScript: ) ; DeScript Annotations:
ESDs for the same scenario Align (Cluster) similar events
1. Look for the nearest medical 1 1
., inmuldpleBSDs
2. : : [{
3. I Search for medical store, :
4. ; Look for the nearest store, !
g' ' Locate the medical store, !
7.Pay for the medicine. == mEmEmEm== _— e -
8. i Drive to store, 1\
i : 1 Drive by car, |
1. Search for the medical store in your location. FomEmEEEEE= ..I 1 Travel to medical |
g' i Walk to store, Walk to, \ _ _ store _ _!
4. Pay for the medicine. : the medical store !
5, i :
N mmm e e e m === == ===
P T ! Ask for the required I
T Imedicine, Inquire abouti:
R : fg= == = = = = =~ medicine, Check for I
3. Pay the bill. 0 Pay Bill, Pay at the || required medicine _ /i
4 i" counter, Pay for the; = = = = == == =
: i medicine
1. Locate medical store on internet : IV e e e e oo ~
2. Call them to find if they are open 1 . I
3. Ichke medicine, Eat
; i medicine

4.
5. Pay at the counter.
6.

- e o o Em = =
B

.,
........
''''''''
.............................................................................................................................................................




ScriptWorld

Scenario

Nodes Deg.

Paths

Taking a Bath
Baking a Cake
Flying in an Airplane
Going Grocery Shopping
Going on a Train
Planting a Tree
Riding on a Bus
Repairing Flat Bicycle Tire
Borrowing Book from Library
Getting a Haircut

525
542
528
544
427
373
376
402
397
528

3.7
3.6
3.6
3.7
3.7
3.7
3.8
34
3.7
3.7

3.1le + 27
4.0e + 26
2.6e + 30
2.3e + 26
3.1le + 21
1.6e + 16
1.0e + 17
8.4e + 18
3.1le + 19
4.0e + 28

DeScript:
ESDs for the same scenario

1. Look for the nearest medical
store

Ask for the required medicine
Pay for the medicine

O N oA LN

1. Search for the medical store in your location.

3, Ask for the required medicine
4.Pay for the medicine.
5.

1.

2. Inquire about medicine
3.Pay the bill.
4.

1. Locate medical store on internet
2. Call them to find if they are open
3.

4. Check for the required medicine
5.Pay at the counter.

il

DeScript Annotations:
Align (Cluster) similar events
in multiple ESDs

Search for medical store,
Look for the nearest store,
Locate the medical store,

-~ -

1 Drive by car, 1
e -I 1 Travel to medical !
Malk to store, Walk to, store ]

' the medical store : _______
1

Semmmmmm- 't Ask for the required 1
Imedicine, Inquire aboutl
e s I medicine, Check for 1
. Pay Bill, Pay at the |1 required medicine _
counter, Pay for the, = == ====="=
medicine )

! Take medicine, Eat |
medicine

Environment
Graph Formation

-~
’ A Y

1Start)
A ’

~




Point Acquired : ©
Total reward : -1

Lives Left : 4

Percentage completion: 87.5 %

ACTIONS:

Go shopping

Take a cart

Make a list of items you need at the grocery

Place items in cart on belt for cashier to scan

[Choose an Action: 2
You Chose : Leave
Point Acquired : 10

Total reward : 9

Lives Left : &

Percentage completion: 100.0 %

IR NN NN ENNNNRNENEE |

100.0 %

Ashutosh Modi



Point Acquired : ©
Total reward : -1
Lives Left : 4

Percentage completion: 75.0 %

ACTIONS:

Get the bill for groceries
Make a grocery list

Turn the car on

Take list to store

Drive to store

[Choose an Action: ©

You Chose : Get the bill for groceries
Point Acquired : ©

Total reward : -1

Lives Left : &

Percentage completion: 87.5 %

Right Answer!

K ok Sk 2k 2k ok vk 2k 3k 2k ok K vk vk ke vk vk ok vk ok ok vk ok ok ok ok ok ok ok

Ashutosh Modi



Baseline RL Agents

DQN
A2C

PPO

RPPO

Aim:
Learn
dr(s, a)or TT(a | s)
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pre-trained SBERT language model as a source of
prior real-world knowledge, which could be used
directly in RL algorithm

We consider a generalized scheme where a pre-
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available set of choices.

In the generalized scheme, a pre-trained language
model generates embeddings corresponding to
each of the provided options



Baseline RL Agents

DQN
A2C
PPO

RPPO

Ashutosh Modi

For reinforcement learning baselines, we consider
pre-trained SBERT language model as a source of
prior real-world knowledge, which could be used
directly in RL algorithm

We consider a generalized scheme where a pre-
trained language model is used to extract
information from the observations, i.e., the
available set of choices.

In the generalized scheme, a pre-trained language
model generates embeddings corresponding to
each of the provided options

The obtained embeddings are concatenated and
passed as input to the learning frame-work




Agent Performance

Aleori DQN A2C PPO RPPO
gorithm

handicap w/o handicap handicap w/o handicap handicap w/o handicap handicap w/o handicap
Shopping  9.60 (£ 0.62) -7.28 (4 13.15)  9.90 (& 0.30) -9.81 (£ 14.71) 9.84 (£0.39) -4.78(4 10.79) 9.71 (£ 0.57)  8.79 (£ 4.15)
Bus 8.98 (£ 0.79) -1.47 (£ 11.16)  9.89 (£ 0.34) -7.37 (£ 17.09) 9.93 (£ 0.25) 1.50 (£ 7.50) 997 (£ 0.17)  9.32 (£ 1.24)
Train 9.21 (£ 2.07) -3.10 (£ 11.16)  9.89 (£ 0.31) -8.13 (£ 14.99) 9.75 (4 0.49) -1.13 (£ 9.47) 9.56 (£ 0.80)  8.19 (& 4.70)
Library 9.51 (£ 0.68) -1.94 (4 9.87) 9.88 (£ 0.32) -3.03 (4= 9.84) 9.90 (£ 0.30) 1.12 (£ 7.31) 9.89 (£ 0.31)  8.41 (&£ 4.77)
Haircut 9.88 (£ 0.35) -9.30 (4 12.93)  9.89 (£ 0.34) -5.87 (£ 12.28) 9.85(£0.38) -430(4 10.84) 9.63 (4 0.64)  6.32 (£ 5.29)
Cake 9.32 (£ 0.84) -4.13 (£ 9.22) 9.48 (4 0.92) -7.58 (£ 13.18) 987 (£ 0.34) -446(4 12.32) 9.78(4+048) 7.18 (£ 4.97)
Bicycle 9.50 (£ 0.75) 0.07 (£ 7.89) 9.95 (£ 0.22) -3.49 (£ 12.39) 9.90 (£ 0.33) 1.17 (£ 6.93) 9.74 (£ 0.57)  7.85 (4 5.12)
Tree 9.94 (4= 0.24) -0.15 (£ 7.83) 9.86 (£ 0.44) -3.54 (£ 12.56) 9.98 (£ 0.14) 1.43 (£ 7.29) 9.96 (£ 0.19)  8.88 (£ 3.23)
Airplane 9.68 (£ 0.75) -4.21 (4 12.39)  9.86 (% 0.35) -8.66 (£ 12.66) 9.86 (£ 0.40) -4.74 (4 11.08) 9.54 (4 0.73)  6.85 (£ 6.12)
Bath 9.68 (4= 0.61) -6.49 (£ 13.23)  9.75(£ 0.57)  -10.02(£ 15.95) 9.84(£0.37) -535(£11.19) 945(£0.82) 6.35(4 5.59)




Agent Performance

~train  =cake  <haircut +bus ~grocery
~bicycle ~tree ~path  —=airplane - library

0 1000 2000 3000 4000 5000 6000
Episodes

RPPO, Choices =2, without Handicap




Agent Performance

y

YT VR v TV Y Y 'h“ m"“

ok 4k 6k 8k 10k 12k 14k
Episodes

Scenario= Repairing Bike Flat Tire, Choices =2, with Handicap

~PPO
~RPPO
~A2C
~DQN



Effect of Language Model

101
5 ~paraphrase-MiniLM-L3-v2
=paraphrase-albert-small-v2
n 0O
v +all-mpnet-base-v2
S-_10. +~GloVe
wn
_15
_20
-25+— . . . .
0 500 1000 1500 2000

Episodes

RPPO, Scenario= Repairing Bike Flat Tire, Choices =2, with Handicap




Generalization Across Scenarios

(O]
C
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Train Scenarios

With Handicap




Generalization Across Scenarios (2 Choices)

() ()
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Generalization Across Scenarios (5 Choices)

/.54 | -12.31 -33.29 -16.40

bicycle bath airplane
bicycle bath airplane

bus
bus
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Effect of Number of Choices
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RPPO, Scenario= Repairing Bike Flat Tire, without Handicap




Effect of Choices
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RPPO, Scenario= Repairing Bike Flat Tire, without Handicap




ScriptWorld

* ScriptWorld: An environment for teaching procedural knowledge to agents

* Prior knowledge obtained from a pre-trained language model helps to solve
real-world text-based gaming environments.

* Agent are still not able to solve the environment completely

* Development of Parser based environment that allows free-form text as action

* More scenario coverage required




More details in the paper
Code Repository:
https://github.com/Exploration-Lab/ScriptWorld
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https://github.com/Exploration-Lab/ScriptWorld

Future Directions

* Multimodal Environment

Source: https://www.quantamagazine.org/ai-makes-strides-in-virtual-worlds-more-like-our-own- 20220624/



https://www.quantamagazine.org/ai-makes-strides-in-virtual-worlds-more-like-our-own-20220624/

Future Directions

* Multimodal Environment

* Hierarchical Learning in Agents




Future Directions

* Multimodal Environment

* Hierarchical Learning in Agents

* Self Learning Agents




@ NLP and NLU > f Modeling Human Behavior
and Decision Making
Legal NLP Affective Computin g i
Understanding and Processing Indian . P . & Al For Social Good
e Multimodal Representations

Legal Texts, Legal Foundational models, Multimodal Multil |
Summarization, Cross-Lingual, Cross ultimodal Multilingua

i e Sign Language Translation

Domain Knowledge Transfer, Legal KG Contfextuallzed Affec't P S TEr = b .
. * Multimodal Generation and Generation
Natural Language Retrieval . - .
* Emotion and Decision Making: . .
Retrieving information from databases Emotion Cause Prediction *  Sign language understanding
i i ) e Linguistic Analysis

R ERTE (EL TR GV RL Worlds (Towards Embodied Al) 8 Y

Biomedical NLP * NLP Tools for Sign Language

* Decision Making by Agents in Text . ; i i
NER, Relation Extraction, Clinical Trials.... Worlds Eﬁ;ifé:ezna‘:\lét'\:\:irjc:ﬁgtural
Machine Unlearning e Agents learn about real world without language
Forgetting Unwanted information in LLMs, any explicit supervision via «  Generation conditioned on
Updating LLMs with latest facts without interactions with the environment

context and other modalities

training simulating real world.
Social Reasoning in LLMs ‘

Teachi hi d eti LM Mental Health
eaching ethics and etiquettes to > e Study correlation between speech,

Miscellaneous language, neuro-imaging, and
Automatic Speech Recognition for nOisy, 5chizophrenia symptoms. /
code-mixed speech

Contact: ashutoshm@cse.iitk.ac.in
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If you are interested in exploring the world with Al

Exploration Lab

3YOT TRINTMAT

Openings: MSR/Ph.D./PostDoc

Contact: ashutoshm@cse.iitk.ac.in
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