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ACL, 2021

Model
Dataset F1

SBERT-Shift
IT

0.60

SBERT-Shift
CL

0.49

SBERT-Shift IT+CL 0.47

BERT-SC
IT

0.66

BERT-SC
CL

0.64

BERT-SC
IT+CL 0.64

Table 2: Results for the auxillary task LSP upon dif-

ferent datasets (converted to LSP form) and models

SBERT-Shift and BERT-SC
predicts the rhetorical role of the sentence. In

352

this case, the context is ignored. We consider pre-

353

trained BERT (Devlin et al., 2019) and LEGAL-

354

BERT (Chalkidis et al., 2020) models for this. As

355

another set of baseline models, we consider the task

356

a sequence labeling task, where the sequence of all

357

the sentences in the document is given as input,

358

and the model has to predict the RR label for each

359

sentence. We used CRF with hand-crafted features

360

(Bhattacharya et al., 2019) and the BiLSTM.

361

Label Shift Prediction: Rhetorical role labels do

362

not change abruptly across sentences in a docu-

363

ment, and the text tends to maintain topical coher-

364

ence. Given the label y for a sentence si in the

365

document, we hypothesize that the chances of shift

366

(change) in the label for the next sentence si+1 is

367

low. We manually verified this using the training

368

set and observed that on average in a document,

369

if the label of sentence si is y, then 88% of the

370

times the label of the next sentence si+1 is same

371

as y. Note that this is true only for consecutive

372

sentences, but in general, label shift inertia fades

373

as we try to predict beyond the second consecu-

374

tive sentence. Since we are performing a sequence

375

prediction task, this alone is not a good model for

376

label prediction. Nevertheless, we think that this

377

label shift inertia can provide a signal (via an auxil-

378

iary task) to the main sequence prediction model.

379

Based on this observation, we define an auxiliary

380

binary classification task: Label Shift Prediction

381

(LSP), that aims to model the relationship between

382

two sentences si and si+1 and predict whether the

383

labels yi for si and yi+1 for si+1 are different (shift

384

occurs) or not. In particular, for each document

385

D 2 D, for sentence pair S = {si , si+1} 2 D, we

386

define the label of LSP task, Y = 1 if yi 6= yi+1 ,

387

where yi is the rhetorical role for sentence si . Sim-

388

ilarly, Y = 0 if, yi = yi+1 . Note for the full model

389

(described later) at the inference time, we will not

390

BERT
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Figure 2: LSP-BiLSTM-CRF Model: Injecting infor-

mation from models trained on auxiliary LSP task to

RR prediction
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Figure 3: MTL architecture for Rhetorical Role La-

belling and Shift Prediction.be provided with the true label of a sentence, hence
391

predicting a shift in label makes more sense then
392

the performing a binary prediction that the next
393

sentence has the same label or not. We model the
394

LSP task via two different models:

395

SBERT-Shift: We model the label shift via a
396

Siamese network. In particular, we use the pre-
397

trained SBERT model (Reimers and Gurevych,
398

2019) to encode sentences si and si+1 to get repre-
399

sentations ei and ei+1 . The combination of these
400

representations (ei � ei+1 � (ei � ei+1)) is passed
401

through a feed-forward network to predict the shift.
402

BERT-SC: We use the pre-trained BERT model
403

and fine-tune it for the task of LSP. We model the
404

input in the form of sentence semantic coherence
405

task, [CLS] � si � [SEP ] � si+1 � [SEP ] to
406

make the final prediction for shift. In general, the
407

BERT-SC model performs better than SBERT-Shift
408

(Table 2). We include BERT-SC to provide label
409

shift information to the MTL model.

410

Proposed Models: We propose two main models
411

for the rhetorical role prediction: Label Shift Pre-
412

diction based BiLSTM-CRF and MTL models.
413

LSP-BiLSTM-CRF: Signal from label shift is
414

used to aid the RR prediction in the LSP-BiLSTM-
415

CRF model. The model consists of (Figure 2) a
416

BiLSTM-CRF model with specialized input rep-
417

resentation. Let the sentence embedding (from
418

pre-trained BERT) corresponding to i th sentence
419

5

NLP and NLU

Legal NLP
Understanding and Processing Indian 
Legal Texts, Legal Foundational models, 
Summarization, Cross-Lingual, Cross 
Domain Knowledge Transfer, Legal KG

HLDC: Hindi Legal Document Corpus
                                 ACL Findings 2022 
   

Natural Language Retrieval
Retrieving information from databases 
via natural language queries

Biomedical NLP
NER, Relation Extraction, Clinical Trials….

Corpus for automatic structuring of legal documents
            LREC 2022

Semantic Segmentation of Legal Documents via Rhetorical Roles
                 NLLP, EMNLP 2022
   

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

Social Reasoning in LLMs
Teaching ethics and etiquettes to LLMs

Machine Unlearning
Forgetting Unwanted information in LLMs, 
Updating LLMs with latest facts without 
training BookSQL: A Large Scale Text-to-SQL Dataset for Accounting Domain

                  Under review, EACL 2023

EtiCor: Towards Analyzing LLMs for Etiquettes
                 EMNLP 2023Miscellaneous

Automatic Speech Recognition for noisy, 
code-mixed speech ASR for Low Resource and Multilingual Noisy Code-Mixed Speech

                                            Interspeech, 2023
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Context 
Extractor Generated Graph (node instance)

Graph
generator

Relational 
GCN

Graph
Transformer

Emotion
Classifier

Predicted
Emotions

Transform
er

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

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

gPOE for Learning Multimodal Representations in Noisy Environments

 

 

 

 

ICMI, 2022 

Modeling Human Behavior 
and Decision Making

Affective Computing

RL Worlds (Towards Embodied AI)

• Multimodal Representations
• Multimodal Multilingual 

Contextualized Affect Prediction
• Multimodal Generation
• Emotion and Decision Making: 

Emotion Cause Prediction 

• Decision Making by Agents in Text 
Worlds

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

ScriptWorld: 

Text Based Environment For Learning Procedural Knowledge

                                                            IJCAI-23, EA-AAMAS 2023, 

                     Outstanding Paper Award, LAREL NeuRIPS 2022

Multi-Task Learning Framework for Extracting 
Emotion Cause Span and Entailment in Conversations

                           TL4NLP, NeuRIPS 2022

Mental Health
• Study correlation between speech, 

language, neuro-imaging, and 
Schizophrenia symptoms.

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

Adapting a Language Model for Controlled Affective Text Generation
                                              CoLING, 2020

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

Pre-Trained Language Models as Prior Knowledge 

for Playing Text Based Games 

  

 

        AAMAS, 2022
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AI For Social Good

Sign Language Translation 
and Generation

• 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

There is an imminent need for development 
of Sign language Technologies 
for promoting and protection of linguistic 
rights of the deaf community. 

Corpus for Indian Sign Language Recognition
                                        EMNLP 2022
   

ISLTranslate: Dataset for Translating Indian Sign Language
                                                    ACL Findings 2023
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the changing emotions task. The response modus
was the same as for the changing emotions task;
that is, participants indicated whether emotion x
(y) was present or not. See Figure 3 for the
number of trials. There were no time constraints.

Results

Simple emotions
On average, participants identified 5.4 out of 7
expressions correctly. There were no gender
differences. Recognition rates out of 65 were 62

for happiness, 61 for sadness, 59 for anger and
surprise, 57 for disgust, and 30 for fear. Anger and
disgust, and fear and surprise were confounded.
Also, fear was seen as sadness five times. The
confusion matrix is available in the supplementary
materials.

Changing emotions
The analysis strategy was the same as for Study 1
without poser effects, and with Sample (a, b, and
c) and Task Order as additional between-subjects

Figure 4. Avatar emotion expressions generated with FACSGen 2.0 Swiss Center for Affective Sciences used in Studies 2 and 3. Shown are
apex expressions and examples of mixed expressions.

SACHARIN, SANDER, SCHERER

1286 COGNITION AND EMOTION, 2012, 26 (7)
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Figure 4. Avatar emotion expressions generated with FACSGen 2.0 Swiss Center for Affective Sciences used in Studies 2 and 3. Shown are
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the changing emotions task. The response modus
was the same as for the changing emotions task;
that is, participants indicated whether emotion x
(y) was present or not. See Figure 3 for the
number of trials. There were no time constraints.

Results

Simple emotions
On average, participants identified 5.4 out of 7
expressions correctly. There were no gender
differences. Recognition rates out of 65 were 62

for happiness, 61 for sadness, 59 for anger and
surprise, 57 for disgust, and 30 for fear. Anger and
disgust, and fear and surprise were confounded.
Also, fear was seen as sadness five times. The
confusion matrix is available in the supplementary
materials.

Changing emotions
The analysis strategy was the same as for Study 1
without poser effects, and with Sample (a, b, and
c) and Task Order as additional between-subjects

Figure 4. Avatar emotion expressions generated with FACSGen 2.0 Swiss Center for Affective Sciences used in Studies 2 and 3. Shown are
apex expressions and examples of mixed expressions.
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the changing emotions task. The response modus
was the same as for the changing emotions task;
that is, participants indicated whether emotion x
(y) was present or not. See Figure 3 for the
number of trials. There were no time constraints.

Results

Simple emotions
On average, participants identified 5.4 out of 7
expressions correctly. There were no gender
differences. Recognition rates out of 65 were 62

for happiness, 61 for sadness, 59 for anger and
surprise, 57 for disgust, and 30 for fear. Anger and
disgust, and fear and surprise were confounded.
Also, fear was seen as sadness five times. The
confusion matrix is available in the supplementary
materials.

Changing emotions
The analysis strategy was the same as for Study 1
without poser effects, and with Sample (a, b, and
c) and Task Order as additional between-subjects

Figure 4. Avatar emotion expressions generated with FACSGen 2.0 Swiss Center for Affective Sciences used in Studies 2 and 3. Shown are
apex expressions and examples of mixed expressions.
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(y) was present or not. See Figure 3 for the
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On average, participants identified 5.4 out of 7
expressions correctly. There were no gender
differences. Recognition rates out of 65 were 62

for happiness, 61 for sadness, 59 for anger and
surprise, 57 for disgust, and 30 for fear. Anger and
disgust, and fear and surprise were confounded.
Also, fear was seen as sadness five times. The
confusion matrix is available in the supplementary
materials.
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The analysis strategy was the same as for Study 1
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c) and Task Order as additional between-subjects

Figure 4. Avatar emotion expressions generated with FACSGen 2.0 Swiss Center for Affective Sciences used in Studies 2 and 3. Shown are
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that is, participants indicated whether emotion x
(y) was present or not. See Figure 3 for the
number of trials. There were no time constraints.

Results
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On average, participants identified 5.4 out of 7
expressions correctly. There were no gender
differences. Recognition rates out of 65 were 62

for happiness, 61 for sadness, 59 for anger and
surprise, 57 for disgust, and 30 for fear. Anger and
disgust, and fear and surprise were confounded.
Also, fear was seen as sadness five times. The
confusion matrix is available in the supplementary
materials.

Changing emotions
The analysis strategy was the same as for Study 1
without poser effects, and with Sample (a, b, and
c) and Task Order as additional between-subjects
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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 (AI Pioneer)
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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 AI

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

HBS

FutureCar

fiverr

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

Audience Understanding

Social Media AnalysisCustomer Behavior Understanding

Vehicular Technologies

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/
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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, ACII 2020 
Affect-Driven Dialog Generation, NAACL 2019

Adapting a Language Model for Controlled Affective Text Generation, CoLING 2019 
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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.

the changing emotions task. The response modus
was the same as for the changing emotions task;
that is, participants indicated whether emotion x
(y) was present or not. See Figure 3 for the
number of trials. There were no time constraints.

Results

Simple emotions
On average, participants identified 5.4 out of 7
expressions correctly. There were no gender
differences. Recognition rates out of 65 were 62

for happiness, 61 for sadness, 59 for anger and
surprise, 57 for disgust, and 30 for fear. Anger and
disgust, and fear and surprise were confounded.
Also, fear was seen as sadness five times. The
confusion matrix is available in the supplementary
materials.

Changing emotions
The analysis strategy was the same as for Study 1
without poser effects, and with Sample (a, b, and
c) and Task Order as additional between-subjects

Figure 4. Avatar emotion expressions generated with FACSGen 2.0 Swiss Center for Affective Sciences used in Studies 2 and 3. Shown are
apex expressions and examples of mixed expressions.

SACHARIN, SANDER, SCHERER

1286 COGNITION AND EMOTION, 2012, 26 (7)
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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?

the changing emotions task. The response modus
was the same as for the changing emotions task;
that is, participants indicated whether emotion x
(y) was present or not. See Figure 3 for the
number of trials. There were no time constraints.

Results

Simple emotions
On average, participants identified 5.4 out of 7
expressions correctly. There were no gender
differences. Recognition rates out of 65 were 62

for happiness, 61 for sadness, 59 for anger and
surprise, 57 for disgust, and 30 for fear. Anger and
disgust, and fear and surprise were confounded.
Also, fear was seen as sadness five times. The
confusion matrix is available in the supplementary
materials.

Changing emotions
The analysis strategy was the same as for Study 1
without poser effects, and with Sample (a, b, and
c) and Task Order as additional between-subjects

Figure 4. Avatar emotion expressions generated with FACSGen 2.0 Swiss Center for Affective Sciences used in Studies 2 and 3. Shown are
apex expressions and examples of mixed expressions.
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Generalized Product-of-Experts for Learning Multimodal Representations in Noisy Environments, ICMI, 2022 
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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

the changing emotions task. The response modus
was the same as for the changing emotions task;
that is, participants indicated whether emotion x
(y) was present or not. See Figure 3 for the
number of trials. There were no time constraints.

Results

Simple emotions
On average, participants identified 5.4 out of 7
expressions correctly. There were no gender
differences. Recognition rates out of 65 were 62

for happiness, 61 for sadness, 59 for anger and
surprise, 57 for disgust, and 30 for fear. Anger and
disgust, and fear and surprise were confounded.
Also, fear was seen as sadness five times. The
confusion matrix is available in the supplementary
materials.

Changing emotions
The analysis strategy was the same as for Study 1
without poser effects, and with Sample (a, b, and
c) and Task Order as additional between-subjects

Figure 4. Avatar emotion expressions generated with FACSGen 2.0 Swiss Center for Affective Sciences used in Studies 2 and 3. Shown are
apex expressions and examples of mixed expressions.
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Given a multimodal conversation between different speakers, 
predict the emotional state of the speaker after each utterance.



Model Intuition 

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

Local Information:
How to establish relations between the nearby 
utterances that preserve both inter-speaker and 
intra-speaker dependence on utterances in a 
dialogue?
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Multimodal Emotion Datasets

IEMOCAP Benchmark

CMU-MOSEI Benchmark
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Experiments on IEMOCAP Benchmark

Models
IEMOCAP: Emotion Categories

Avg.
Happy Sad Neutral Angry Excited Frustrated
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

TFN 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
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State Of The Art Model
https://paperswithcode.com/sota/multimodal-emotion-recognition-on-iemocap 
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Experiments on MOSEI Benchmark
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Comparison with Unimodal Approaches
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Importance of Local and Global Interactions 

Context 
Extractor GNN Emotion

Classifier

Context 
Extractor Relations Emotion

Classifier

Dialogue divided into set of Utterances
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Effect of GNN on Multimodal Features
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More details in the paper
Code Repository: https://github.com/Exploration-Lab/COGMEN

Special Thanks to Google Research India for the NAACL Travel Support
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Shapes	of	Emotions:	
Modeling	Emotion	Shift	for	Multimodal	
Emotion	Recognition	in	Conversations	

Ashutosh Modi

Abhinav JoshiKeshav Bansal Harsh Agarwal

PIM3SM, CoLING 2022
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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.

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

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


• Model the ebb 
and flow of 
emotions

• Take into account 
speaker 
interactions and 
context
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More details 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

Taxonomy 

Embedding Emotions in Hyperbolic Spaces
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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
TL4NLP, NeurIPS, 2022

https://arxiv.org/abs/2211.03742

https://arxiv.org/abs/2211.03742
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Future Directions

• Structure of Emotions

• Emotion Cause Prediction

• How does emotion play a role in decision making?
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Future Directions

• Structure of Emotions

• Emotion Cause Prediction

• How does emotion play a role in decision making?

• Emotion AI for Indian Settings
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Future Directions

• Structure of Emotions

• Emotion Cause Prediction

• How does emotion play a role in decision making?

• Emotion AI for Indian Settings

• Mental Health
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Extractor Generated Graph (node instance)

Graph
generator

Relational 
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COGMEN: COntextualized GNN based Multimodal Emotion 
recognitioN,   NAACL, 2022

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

gPOE for Learning Multimodal Representations in Noisy Environments

 

 

 

 

ICMI, 2022 

Modeling Human Behavior 
and Decision Making

Affective Computing

RL Worlds (Towards Embodied AI)

• Multimodal Representations
• Multimodal Multilingual 

Contextualized Affect Prediction
• Multimodal Generation
• Emotion and Decision Making: 

Emotion Cause Prediction 

• Decision Making by Agents in Text 
Worlds

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

ScriptWorld: 

Text Based Environment For Learning Procedural Knowledge

                                                                                     AAMAS 2023, 

                     Outstanding Paper Award, LAREL NeuRIPS 2022

Multi-Task Learning Framework for Extracting 
Emotion Cause Span and Entailment in Conversations

                           TL4NLP, NeuRIPS 2022

Mental Health
• Study correlation between speech, 

language, neuro-imaging, and 
Schizophrenia symptoms.

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

Adapting a Language Model for Controlled Affective Text Generation
                                              CoLING, 2020

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

Pre-Trained Language Models as Prior Knowledge 

for Playing Text Based Games 

  

 

        AAMAS, 2022



ScriptWorld: 
Text Based Environment For Learning Procedural 

Knowledge 

Abhinav Joshi, Areeb Ahmad, Umang Pandey, 
Ashutosh Modi

LaREL, NeurIPS 2022 (Best Paper Runner-up)
AAMAS (EA) 2023

IJCAI, 2023
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Teaching Daily Chores

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

Image generated using Stable Diffusion
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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.

Image generated using Stable Diffusion
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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?

Image generated using Stable Diffusion
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Scripts

Scripts are defined as sequences 
of actions describing 

stereotypical human activities, 
for example, cooking pasta, 

making coffee, etc. 
(Schank and Abelson, 1975)

1. Scrape off any large chunks of food from the plate.
2. Submerge the dishes in warm water.
3. Add dish soap to the warm water.
4. Let the dishes soak for about 15-30 mins.
5. Scrub the dishes to make sure no food is sticking to

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

any other food particles.
7. Gently dry the dishes with a dish cloth.
8. Leave the dishes on the counter on top of the cloth (or

on a dish rack) to dry.

1. take dirty dishes to sink
2. run warm water into sink
3. add soap
4. scrub dishes with

scrubber to remove food
stains

5. rinse dishes
6. place clean dishes in rack

to air dry

1. Scrape dishes
2. Fill the sink with water and soap
3. Get a washcloth
4. Wash each dish
5. Rinse each dish
6. Let dry
7. Put dishes away when dry

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
1. Place a big size bowl in the

kitchen sink
2. Fill water to the half
3. Add dish washing powder and

mix well
4. Put greasy dishes first into the

bowl
5. Then put delicate dishes
6. Wear thin rubber gloves
7. Clean the delicate dishes with

sponge one by one
8. Place them into another bowl
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

dry bowl

ScriptWorld

Washing Dishes
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Event Sequence Description (ESD)



Scripts

Scripts are defined as sequences 
of actions describing 

stereotypical human activities, 
for example, cooking pasta, 

making coffee, etc. 
(Schank and Abelson, 1975)

choose
recipe

buy
ingred.

add
ingred.

prepare
ingred.

put cake
into oven

get
ingred.

Choose Recipe
– look up R
– find R
– get your R

Get Ingredients
– take out box of ING 

from shelf
– gather all ING
– get ING

B – bowl, pan
O – oven
C – cake

ING – cake mix, cake ingredients, flour, sugar, …
R – recipe, cake recipe

Buy Ingredients
– purchase ING
– buy ING
– buy proper ING

Put cake in oven
– place C into O
– put C in O

Prepare Ingredients
– stir to combine
– mix well
– mix ING together in B
– stir ING

Add Ingredients
– pour ING in B
– add ING to B
– add ING

Figure 2: Example of an induced script structure for the BAKING A CAKE scenario.

Figure 3: Example clusters (event labels are underlined,
outliers are in italics).

Script events are temporally ordered by default, but their
order can vary. For example, when baking a cake, one
can preheat the oven before or after mixing the ingredi-
ents. MSA does not allow for crossing alignments, and
thus is not able to model order variation: this leads to an
inappropriately fine-grained inventory of event types.
Clustering algorithms using both semantic similarity and
positional similarity information provide an alternative
way to induce scripts. They can be made sensitive to or-
dering information, but do not use it as a hard constraint,
and therefore allow for an appropriate treatment of order
variation. We have experimented with several clustering
algorithms. Figure 3 shows an example output of the best-
performing algorithm, Affinity Propagation (AP, Frey and
Dueck (2007)). The outcome is quite noisy. For instance,
in the last cluster, which mainly consists of descriptions of
the “putting cake in oven” event, put the mix in the pans

and store any leftovers in the fridge clearly are outliers.
The noise is to some degree due to the complex nature of
script structures in general, but it is also the price one has
to pay for a gain in flexibility of event ordering.
Clustering algorithms rely on good estimates of similar-
ity among the data points. To appropriately group event
descriptions into paraphrase sets, the clustering algorithm
would need information on script-specific semantic simi-
larity that goes beyond pure semantic similarity. For in-
stance, in the FLYING IN AN AIRPLANE scenario, it is not
trivial for any semantical similarity measure to predict that
walk up the ramp and board plane are functionally simi-
lar with respect to the given scenario. To address this is-
sue, we collect partial alignment information that we will
use as seed data in future work on semi-supervised clus-
tering. The alignment annotations are also suitable for a
semi-supervised extension of the event-ordering model of
Frermann et al. (2014).
In this work, we have taken measures to provide a sound
empirical basis for better-quality script models, by ex-
tending existing corpora in two different ways. First, we
crowdsourced a corpus of 40 scenarios with 100 ESDs
each, thus going beyond the size of previous script collec-
tions. Second, we enriched the corpus with partial align-
ments of ESDs, done by human annotators. The result is
a corpus of partially-aligned generic activity descriptions,
the DeScript corpus (Describing Script Structure). More
generally, DeScript is a valuable resource for any task in-
volving alignment and paraphrase detection of events.
The corpus is publicly available for scientific re-
search purposes at this url: http://www.sfb1102.
uni-saarland.de/?page_id=2582.

2. Data Collection
2.1. ESD Collection
Scenario choices were based on previous work by Raisig
et al. (2009), Regneri et al. (2010) and Singh et al.
(2002). We included scenarios that require simple general
knowledge (e.g. WASHING ONE’S HAIR), as well as more
complex ones (e.g. BORROWING A BOOK FROM THE LI-
BRARY), scenarios showing a considerable degree of vari-
ablity (e.g. GOING TO A FUNERAL) and scenarios requir-
ing some amount of expert knowledge (e.g. RENOVATING
A ROOM).

3495
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ScriptWorld: Text Based Environment For Learning Procedural
Knowledge
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ABSTRACT
Text-based games provide a framework for developing natural lan-
guage understanding and commonsense knowledge about theworld
in reinforcement learning based agents. Existing text-based envi-
ronments often rely on �ctional situations and characters to create
a gaming framework and are far from real-world scenarios. In this
paper, we introduce ScriptWorld: A text-based environment for
teaching agents about real-world daily chores and hence imparting
commonsense knowledge. We leverage an annotated Scripts corpus
(DeScript) to create the environment for performing daily tasks. To
the best of our knowledge, it is the �rst interactive text-based gam-
ing framework that consists of daily real-world human activities
designed using scripts dataset. We provide gaming environments
for 10 daily activities and perform a detailed analysis to capture
the richness of the proposed environment. We develop reinforce-
ment learning based baseline models/agents to play the games in
ScriptWorld. To understand the role of language models in such
environments, we leverage features obtained from pre-trained lan-
guage models in the RL agents. Our experiments show that prior
knowledge obtained from a pre-trained language model helps to
solve real-world text-based gaming environments.

KEYWORDS
Text Based Games; Reinforcement Learning; NLP; Commonsense
Knowledge
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1 INTRODUCTION
Recently, there has been active research in the area of text based
games [9, 11]. These games provide the set-up for developing and
evaluating natural language understanding (NLU) and common-
sense knowledge capabilities in agents. A typical text-based game
consists of a textual description of states of an environment where
the agent/player observes and understands the game state con-
text using text and interacts with the environment using textual
commands (actions). For successfully solving a text-based game,
in addition to language understanding, an agent needs complex
decision making abilities, memory, planning, exploration and com-
monsense knowledge [9].

Existing text-based gaming frameworks (e.g., Jericho [11] and
Text-World [9]) have a rich �ctional setup (e.g., treasure hunt in

Proc. of the 22nd International Conference on Autonomous Agents and Multiagent Sys-
tems (AAMAS 2023), A. Ricci, W. Yeoh, N. Agmon, B. An (eds.), May 29 – June 2, 2023,
London, United Kingdom. © 2023 International Foundation for Autonomous Agents
and Multiagent Systems (www.ifaamas.org). All rights reserved.

1. Scrape off any large chunks of food from the plate.
2. Submerge the dishes in warm water.
3. Add dish soap to the warm water.
4. Let the dishes soak for about 15-30 mins.
5. Scrub the dishes to make sure no food is sticking to

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

any other food particles.
7. Gently dry the dishes with a dish cloth.
8. Leave the dishes on the counter on top of the cloth (or

on a dish rack) to dry.

1. take dirty dishes to sink
2. run warm water into sink
3. add soap
4. scrub dishes with

scrubber to remove food
stains

5. rinse dishes
6. place clean dishes in rack

to air dry

1. Scrape dishes
2. Fill the sink with water and soap
3. Get a washcloth
4. Wash each dish
5. Rinse each dish
6. Let dry
7. Put dishes away when dry

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
1. Place a big size bowl in the

kitchen sink
2. Fill water to the half
3. Add dish washing powder and

mix well
4. Put greasy dishes first into the

bowl
5. Then put delicate dishes
6. Wear thin rubber gloves
7. Clean the delicate dishes with

sponge one by one
8. Place them into another bowl
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

dry bowl

ScriptWorld

Figure 1: Di�erent descriptions for the "Washing Dishes"
script scenario. (the example from DeScript Corpus [48])

a fantasy world), and require an agent to take complex decisions.
This complex sequential decision making requires language un-
derstanding and commonsense knowledge. However, the existing
text-based frameworks are far from real-world scenarios and of-
ten require decision-making using �ctional characters and quests
that may not be grounded in the real world. For an agent to be
of practical utility in the real world, these should be trained in
real-world scenarios that involve daily human activities. Humans
carry out daily activities (e.g., making co�ee, going for a bath) with-
out much e�ort by making use of implicit Script knowledge [43].
Scripts are de�ned as sequences of actions describing stereotypical
human activities, for example, cooking pasta, making co�ee, etc.
[43]. Moreover, for a new task, humans are able to quickly and
e�ortlessly learn new skills for performing the task either by their
knowledge about the world or by reading about it. With the aim
to promote similar learning behavior in arti�cial agents, in this
paper, we propose ScriptWorld, a new text based game environ-
ment based on real-world scenarios involving script knowledge.
The agent is required to carry out daily activities (e.g., make a co�ee,
bake a cake, etc.) in order to succeed in the game.

The motivation for creating ScriptWorld environment is three
fold. Firstly, ScriptWorld environment is based on the concept of
scripts that encapsulates commonsense and procedural knowledge
about the world [21]. The environment is designed to enable agents
to learn this knowledge while participating in the game. Scripts
have non-linear structure [48]. A script scenario can be described
in multiple di�erent ways having large linguistic variation across

Scripts

ESDs for Washing Dishes Scenario

Scripts are defined as sequences 
of actions describing 

stereotypical human activities, 
for example, cooking pasta, 

making coffee, etc. 
(Schank and Abelson, 1975)
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DeScript Corpus
et al. [49], Yin and May [50]. Singh et al. [44] introduce a pretrained
language model �ne-tuned on the dynamics of the game to equip
the agent with language learning capabilities as well as acquire real
world knowledge. The baseline agents developed for ScriptWorld
comes close to the approach of Singh et al. [44].

3 SCRIPTWORLD ENVIRONMENT
ScriptWorld tries to bridge the gap between real-world scenarios
(via Scripts) and text-based games for RL.We take into consideration
three design choices for developing the environment: 1) Complex-
ity: The game environment should be complex enough to test an
agent’s capacity to capture, understand and remember reasonable
abstract steps required for performing a daily chore. 2) Flexibility:
The environment should be �exible in terms of di�culty levels and
handicaps to provide a good test-bench for reinforcement learning
agents. 3) Relation to Real-World scenarios: The environment
should consist of activities/tasks that are well generalized among
humans and represent an abstract understanding of the task.
DeScript: Given the nature of Script knowledge (§2), we use a
scripts corpus referred to as DeScript [48] for creating ScriptWorld
environment. DeScript is a corpus having telegram style sequential
description of a scenario in English (e.g., baking a cake, taking a bath,
etc.) DeScript is created via crowd-sourcing, for a given scenario,
annotators write a point wise and sequential short description of
various events involved in executing the scenario (this one complete
description is called as ESD (Event Sequence Description)). Fig 1
shows an example of 5 ESDs for Washing Dishes scenario. DeScript
collects data for 40 di�erent daily activities (scenarios) and for
each scenario 100 di�erent ESDs (written by di�erent crowd-source
workers) are collected. Additionally, for a given scenario, semanti-
cally similar events from di�erent ESDs are manually aligned by
human annotators. The alignment annotation is done for 10 sce-
narios (Table 1 gives the list of scenarios). In the present version of
ScriptWorld, we only include these 10 scenarios with gold align-
ment to have a reliable environment. Another line of work can be
to consider sequence alignment algorithms [7] to align sequences
for the remaining 30 scenarios. However, as observed in initial ex-
periments, the error rate of alignment algorithms gets propagated
to the graph formation leading to a less reliable environment. We
leave the automatic alignment of remaining 30 scenarios for future
work. The gold alignments present in the DeScsript corpus helps
to cluster similar events across multiple ESDs into a single abstract
generalized event. For example, Fig. 2 depicts the scenario, "get
medicine," where similar events from ESDs written by di�erent peo-
ple are combined to form generalized event categories. Further, the
combined set of events and the relation between the ESDs are used
to form a graph (as explained later) where each node represents an
abstract event.

In the ScriptWorld environment, the game begins by providing
a quest (goal) to the agent. The quest/goal is one-line description
of the scenario (e.g., bake a cake). The agent is also provided with
initial observations (in natural language: English). Since it is a
choice based game, at each step in the game, the agent is also
presentedwith list of actions (in English) that it could opt to advance
towards the goal. Based on the action selected by the agent, it is
awarded with a zero/positive/negative reward at each step. Every

Scenario Nodes Deg. Paths

taking a bath 525 3.7 2.2 ⇥ 1027
baking a cake 543 3.6 8.4 ⇥ 1026

�ying in an airplane 558 3.6 7.6 ⇥ 1030
going grocery shopping 512 3.7 8.3 ⇥ 1024

going on a train 394 3.7 1.9 ⇥ 1019
planting a tree 369 3.6 1.4 ⇥ 1016
riding on a bus 375 3.7 4.0 ⇥ 1016

repairing a �at bicycle tire 425 3.4 9.5 ⇥ 1017
borrowing a book from the library 386 3.6 1.4 ⇥ 1018

getting a hair cut 477 3.7 2.4 ⇥ 1027

Table 1: The table compares graphs of di�erent scenarios
present in ScriptWorld. (Deg. represents the average degree
for the nodes in the scenario graph.)

correct action takes the agent closer to the task completion, whereas
every wrong action results in a deviated path. Sample game-plays
for two scenarios are shown in App. 7.
GraphFormation:DeScript provides set of aligned ESDs (E8

1, E8
2, . . . , E8

# )
for a scenario S8 . Each ESD E8

: consists of sequence of short event

descriptions: e
(E8

: )
1 , e

(E8
: )

2 , . . . e
(E8

: )
= . Gold alignment in DeScript

results in events in di�erent ESDs that are semantically similar, get-
ting linked to each other, i.e., clustered together. For example, for

theWashing Dishes scenario, events “put dishes in sink” (e(E
,
1 )

1 ) in

E,1 and “take dirty dishes to sink” (e(E
,
2 )

1 ) in E,2 would be linked
(clustered) together.
Aligned events (from di�erent ESDs) are used to create a graph
having nodes as the event clusters (of aligned events) and directed
edges representing the prototypical order of the events. In particular,
a directed edge is drawn from node ? to @ if there is at least one
event in node ? that directly precedes an event in node @. We refer
to the created event node graph as the compact graph (example
in Fig. 3, also compact graphs for other scenarios in App. 8). The
alignment annotations in the DeScript also groups multiple set of
actions that belong to the same event. For example, an event “go
to the terrace” can be performed in two set of sequenced steps by
di�erent annotators. 1) call the elevator ! step in elevator ! step
out at the top �oor and 2) �nd stairs ! climb stairs ! reach top
�oor. We leverage the presence of such instances in the graph node
to enrich the complexity of our environment. We split all the event
nodes in the compact graph into two nodes, the entry event node
and the exit event node. Further, the multiple action sequences
result in parallel paths for reaching the exit node from the entry
node. For instance, the above example will result in two parallel
paths, where a player or an agent has to decide at the entry node
to either take the elevator or the stairs. If players chooses to take
stairs, they are expected to follow the next set of actions to reach
the terrace. Moreover, all the sub-steps in this event now result in
multiple graph nodes. We refer to this graph as the scenario graph.
This helps to capture the variability in performing daily chores,
making the environment more realistic.
To quantitatively judge the complexity of scenarios in ScriptWorld,
we calculate the total number of paths reaching the end node from
the start node. We �rst compute the total number of paths in the

Wanzare et al., 2016

• A crowdsourced corpus capturing script 
knowledge for about 40 scenarios

• Each scenario is described by 100 
participants è 100 Event Sequence 
Descriptions (ESD)

• Semantically similar events manually 
aligned for 10 scenarios
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the world to agents

Ashutosh Modi 
      

Exploration Lab

अ"ेषण  &योगशाला

<latexit sha1_base64="oGXwYVf+3EuAcWYSGvNha8ZKkQ8=">AAACPHicbVDLSsNAFJ3UV42vqEs3wVJwVRIRdWdRBBcuKtgHNKFMJpN26OTBzEQsQz7H3/AH3OrCvbgRt66dpFnY1gvDHM65j8PxEkq4sKx3rbK0vLK6Vl3XNza3tneM3b0Oj1OGcBvFNGY9D3JMSYTbggiKewnDMPQo7nrjq1zvPmDGSRzdi0mC3RAOIxIQBIWiBsZF3fFi6vNJqD7phFCMEKTyNst06RTrpUdTnC10eZ68zrJsYNSshlWUuQjsEtRAWa2B8en4MUpDHAlEIed920qEKyETBFGc6U7KcQLRGA5xX8EIhpi7snCSmXXF+GYQM/UiYRbs3wkJQ56bVJ25Rz6v5eR/Wj8VwbkrSZSkAkdoeihIqSliM0/N9AnDSNCJAhAxoryaaAQZREJlO3PlcWpVV8HY8zEsgs5xwz5tnNyd1JqXZURVcAAOwRGwwRloghvQAm2AwBN4Aa/gTXvWPrQv7XvaWtHKmX0wU9rPLxqcsYk=</latexit>E<latexit sha1_base64="yX+hLwbFAPdU81yl6AYC40uwGpI="></latexit>L



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.
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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 AI and towards creation of agents in the MetaVerse
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1. Look for the nearest medical
store.

2. Go to the parking area.
3. Start your Car.
4. Drive to the medical store.
5. Walk to the store 
6. Ask for the required medicine.
7. Pay for the medicine.
8. Take medicine.

1. Search for the medical store in your location.
2. Walk to the medical store.
3. Ask for the required medicine. 
4. Pay for the medicine.
5. Take medicine.

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

Drive to store,
Drive by car,

Travel to medical
storeWalk to store, Walk to

the medical store  

Pay Bill, Pay at the
counter, Pay for the

medicine 

Take medicine, Eat
medicine

DeScript: 
ESDs for the same scenario

DeScript Annotations:  
Align (Cluster) similar events

in multiple ESDs 

Environment 
Graph Formation 

Start

End

1. Travel to the medical
store.

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

1. Locate medical store on internet
2. Call them to find if they are open 
3. Drive by car to the store 
4. Check for the required medicine. 
5. Pay at the counter.
6. Eat medicine.

Ask for the required
medicine, Inquire about

medicine, Check for
required medicine

Figure 2: The �gure shows simpli�ed version of the scenario, "get medicine," and the process of creating an environment
graph (left diag.) from the ESDs (right diag.) and aligned events (middle diag.) for the scenario. The green directed edges in the
environment graph represent the correct paths, and the red edges denote the environment transition when a wrong option is
selected.

compact graph using a depth-�rst traversal. Further, we extend the
computation by adding the number of parallel paths present for
each entry and exit event node in the scenario graph. TotalPaths =
)Õ

?:=0

#Œ
8=1

=8 (?: ) , where) is the total number of paths in the compact

graph, # represents the total number of nodes in a path ?: and
=8 (?: ) denotes the number of splits for the 8th node. Table 1 shows
the total number of paths, as evident from the table, the number
of paths in each of the scenario is enormous and shows highly
complex nature of the environment. Overall, the scenario “�ying
in an airplane” turns out to be the most complex one in terms of
the number of correct possible paths, this is possibly due to more
variability in carrying out this activity.
Environment Creation:We create the game environment using
scenario graphs. For each state in the environment, the agent is re-
quired to pick the correct action (choice) from the available options.
Since the created scenario graph contains a wide variety of suitable
actions grouped in a node, we sample the right choice from the
available actions in a node. To create incorrect choices, we exploit
the temporal nature of the scenario graphs. As a scenario graph
contains a sequence of actions to perform a speci�c subtask, all
actions in nodes that are far from the current node become invalid
for the current state. For selecting this node distance, we manually
experiment with di�erent node distances and �nd the distance 5
suitable for sampling the invalid actions, i.e., we consider all nodes
at a distance greater than 5 hops from the current node. This strat-
egy of sampling the invalid choices makes the environment more
complex as all the options are related to the same scenario. When
an agent selects an incorrect choice, its location is displaced by hop-
ping it backwards in temporal domain. Due to presence of parallel
paths in graph, in case of an incorrect action, an agent hops to a
previous node and may not follow the same path again. Overall, a
correct choice in the game leads to the next node in the correct path,
increasing the task completion percentage. In contrast, a wrong

choice decreases the completion percentage as the player/agent’s
location is displaced randomly towards the start node. Rewards:
For all the scenarios in our environment, every incorrect action
choice results in a negative reward of -1, and every correct choice
returns a 0 reward. For the task completion the agents gets a re-
ward of 10. The game terminates whenever a player chooses 10
successive wrong actions.
Flexibility: To introduce �exibility in ScriptWorld, we consider
two settings in a game. 1) Number of choices: At each step, the
number of choices presented to an agent can be changed (1 correct
choice and rest all incorrect). As the number of options increases, it
becomes more challenging for an agent to choose the right action.
2) Number of backward hops for wrong actions: We choose
the number of backward hops as another game setting that decides
how many hops to displace whenever a wrong action is selected.
Increasing the number of hops also increases the di�culty as the
randomness in the displaced state grows exponentially with the
backward hops. Moreover, every wrong action comes with a penalty
of performing the same steps repeatedly, depending on the number
of backward hops. These two parameters introduce �exibility in our
environment, giving the freedom of creating a suitable test-bench
for the agents.
Handicaps (Hints): Text-based games are often complex for rein-
forcement learning agents, requiring prior knowledge. To mitigate
the complexity issue in our environment, we introduce a version
of the game with hints for each state. The hints of a state show
the abstract task for the current state. The presence of hints in the
environment makes the game-play relatively easier. To introduce
the variability in handicaps, the visibility of hints can come from a
uniform distribution using a threshold, where a higher threshold
results in nodes with more hints and vice versa. For experiments in
this paper, we consider only one handicap setting where hints are
visible at each state. There are other possibilities, e.g., one could
show hints at only selected nodes.

ScriptWorld Creation
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1. Look for the nearest medical
store.

2. Go to the parking area.
3. Start your Car.
4. Drive to the medical store.
5. Walk to the store 
6. Ask for the required medicine.
7. Pay for the medicine.
8. Take medicine.

1. Search for the medical store in your location.
2. Walk to the medical store.
3. Ask for the required medicine. 
4. Pay for the medicine.
5. Take medicine.
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3. Drive by car to the store 
4. Check for the required medicine. 
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Figure 2: The �gure shows simpli�ed version of the scenario, "get medicine," and the process of creating an environment
graph (left diag.) from the ESDs (right diag.) and aligned events (middle diag.) for the scenario. The green directed edges in the
environment graph represent the correct paths, and the red edges denote the environment transition when a wrong option is
selected.

compact graph using a depth-�rst traversal. Further, we extend the
computation by adding the number of parallel paths present for
each entry and exit event node in the scenario graph. TotalPaths =
)Õ

?:=0

#Œ
8=1

=8 (?: ) , where) is the total number of paths in the compact

graph, # represents the total number of nodes in a path ?: and
=8 (?: ) denotes the number of splits for the 8th node. Table 1 shows
the total number of paths, as evident from the table, the number
of paths in each of the scenario is enormous and shows highly
complex nature of the environment. Overall, the scenario “�ying
in an airplane” turns out to be the most complex one in terms of
the number of correct possible paths, this is possibly due to more
variability in carrying out this activity.
Environment Creation:We create the game environment using
scenario graphs. For each state in the environment, the agent is re-
quired to pick the correct action (choice) from the available options.
Since the created scenario graph contains a wide variety of suitable
actions grouped in a node, we sample the right choice from the
available actions in a node. To create incorrect choices, we exploit
the temporal nature of the scenario graphs. As a scenario graph
contains a sequence of actions to perform a speci�c subtask, all
actions in nodes that are far from the current node become invalid
for the current state. For selecting this node distance, we manually
experiment with di�erent node distances and �nd the distance 5
suitable for sampling the invalid actions, i.e., we consider all nodes
at a distance greater than 5 hops from the current node. This strat-
egy of sampling the invalid choices makes the environment more
complex as all the options are related to the same scenario. When
an agent selects an incorrect choice, its location is displaced by hop-
ping it backwards in temporal domain. Due to presence of parallel
paths in graph, in case of an incorrect action, an agent hops to a
previous node and may not follow the same path again. Overall, a
correct choice in the game leads to the next node in the correct path,
increasing the task completion percentage. In contrast, a wrong

choice decreases the completion percentage as the player/agent’s
location is displaced randomly towards the start node. Rewards:
For all the scenarios in our environment, every incorrect action
choice results in a negative reward of -1, and every correct choice
returns a 0 reward. For the task completion the agents gets a re-
ward of 10. The game terminates whenever a player chooses 10
successive wrong actions.
Flexibility: To introduce �exibility in ScriptWorld, we consider
two settings in a game. 1) Number of choices: At each step, the
number of choices presented to an agent can be changed (1 correct
choice and rest all incorrect). As the number of options increases, it
becomes more challenging for an agent to choose the right action.
2) Number of backward hops for wrong actions: We choose
the number of backward hops as another game setting that decides
how many hops to displace whenever a wrong action is selected.
Increasing the number of hops also increases the di�culty as the
randomness in the displaced state grows exponentially with the
backward hops. Moreover, every wrong action comes with a penalty
of performing the same steps repeatedly, depending on the number
of backward hops. These two parameters introduce �exibility in our
environment, giving the freedom of creating a suitable test-bench
for the agents.
Handicaps (Hints): Text-based games are often complex for rein-
forcement learning agents, requiring prior knowledge. To mitigate
the complexity issue in our environment, we introduce a version
of the game with hints for each state. The hints of a state show
the abstract task for the current state. The presence of hints in the
environment makes the game-play relatively easier. To introduce
the variability in handicaps, the visibility of hints can come from a
uniform distribution using a threshold, where a higher threshold
results in nodes with more hints and vice versa. For experiments in
this paper, we consider only one handicap setting where hints are
visible at each state. There are other possibilities, e.g., one could
show hints at only selected nodes.

ScriptWorld

Scenario Nodes Deg. Paths

Taking a Bath 525 3.7 3.1e + 27
Baking a Cake 542 3.6 4.0e + 26

Flying in an Airplane 528 3.6 2.6e + 30
Going Grocery Shopping 544 3.7 2.3e + 26

Going on a Train 427 3.7 3.1e + 21
Planting a Tree 373 3.7 1.6e + 16
Riding on a Bus 376 3.8 1.0e + 17

Repairing Flat Bicycle Tire 402 3.4 8.4e + 18
Borrowing Book from Library 397 3.7 3.1e + 19

Getting a Haircut 528 3.7 4.0e + 28

Table 1: The table compares graphs of different scenarios present in
ScriptWorld. Deg. represents the average degree for the nodes
in the scenario graph.

of the game to equip the agent with language learning capa-183

bilities as well as acquire real world knowledge. The baseline184

agents developed for ScriptWorld comes close to the ap-185

proach of Singh et al., 2022.186

3 ScriptWorld Environment187

ScriptWorld tries to bridge the gap between real-world188

scenarios (via Scripts) and text-based games for RL by creat-189

ing a suitable environment. We take into consideration three190

design choices for developing the environment: 1) Complex-191

ity: The game environment should be complex enough to192

test an RL algorithm’s capacity to capture, understand and193

remember reasonable steps required for performing a daily194

chore. 2) Flexibility: For an environment to help develop195

and debug RL algorithms, it becomes imperative to consider196

flexibility as a feature. The environment should be flexible197

regarding difficulty levels and handicaps (hints) to provide198

a good test bench for reinforcement learning algorithms. 3)199

Relation to Real-World scenarios: The environment should200

consist of activities/tasks grounded in the real world and well201

understood among humans.202

DeScript: Given the nature of Script knowledge, we use a203

scripts corpus referred to as DeScript [Wanzare et al., 2016]204

for creating ScriptWorld environment. DeScript is a cor-205

pus having a telegram-style sequential description of a sce-206

nario in English (e.g., baking a cake, taking a bath, etc.) De-207

Script is created via crowd-sourcing. For a given scenario,208

crowd-workers write a point-wise and sequential short de-209

scription of various events involved in executing the scenario210

(this one complete description is called an ESD (Event Se-211

quence Description)). Fig 1 shows an example of 5 ESDs for212

the Washing Dishes scenario. DeScript collects data for 40213

daily activities (scenarios), and 100 ESDs (written by differ-214

ent crowd-sourced workers) are collected for each scenario.215

Additionally, for a given scenario, semantically similar events216

from different ESDs are manually aligned by human annota-217

tors (more details about data collection and annotations are218

present in Wanzare et al., 2016). The alignment annotation219

is done for 10 scenarios (Table 1 gives the list of scenarios).220

In the present version of ScriptWorld, we only include221

these 10 scenarios with gold alignment. Another line of work222

can be to consider sequence alignment algorithms [Chatzou et223

al., 2016] to align sequences for the remaining 30 scenarios.224

However, as observed in initial experiments, the error rate of225

alignment algorithms gets propagated to the graph formation226

leading to a less reliable environment. We leave the automatic227

alignment of the remaining 30 scenarios for future work. The228

gold alignments in the DeScsript corpus contain cluster an- 229

notations of similar events across multiple ESDs into a sin- 230

gle abstract, generalized event. For example, Fig. 2 depicts 231

the scenario, “get medicine,” where similar events from ESDs 232

written by different people are clustered to form generalized 233

event categories. Further, the combined set of events and the 234

relation between the ESDs is leveraged to form a graph (as 235

explained later) where each node represents an abstract event. 236

To the best of our knowledge, the proposed method is the 237

first novel approach to create an environment (based on script 238

knowledge) that could be useful for training RL agents. 239

The ScriptWorld environment is created from scratch us- 240

ing Python. A typical game begins by providing a quest (goal) 241

to the agent. The quest/goal is one-line description of the sce- 242

nario (e.g., plant a tree). The agent is also provided with ini- 243

tial observations (in English). Since it is a choice-based game, 244

at each step in the game, the agent is also presented with a list 245

of actions/choices (in English) that it could opt to advance to- 246

wards the goal. Based on the action selected by the agent, it 247

is awarded a zero/positive/negative reward at each step. Ev- 248

ery correct action takes the agent closer to task completion, 249

whereas every wrong action results in a deviated path. Fig. 4 250

shows screenshots of the game interface (also see App. A). 251

Graph Formation: DeScript provides set of aligned 252

ESDs (ESi
1 , ESi

2 , . . . , ESi
N ) for a scenario Si. Each ESD 253

E i
k consists of sequence of short event descriptions: 254

e
(Ei

k)
1 , e

(Ei
k)

2 , . . . e
(Ei

k)
n . Gold alignment in DeScript results in 255

events in different ESDs that are semantically similar, get- 256

ting linked to each other, i.e., clustered together. For exam- 257

ple, for the Washing Dishes scenario, events “put dishes in 258

sink” (e(E
Wash
1 )

1 ) in EWash
1 and “take dirty dishes to sink” 259

(e(E
Wash
2 )

1 ) in EWash
2 are linked (clustered) together. Aligned 260

events (from different ESDs) are used to create a graph having 261

nodes as the event clusters (of aligned events) and directed 262

edges representing the prototypical order of the events. In 263

particular, a directed edge is drawn from node p to q if there 264

is at least one event in node p that directly precedes an event 265

in node q. We refer to the created event node graph as the 266

compact graph (Fig. 3, compact graphs for other scenarios 267

are in App. A). The alignment annotations in the DeScript 268

also group multiple sets of actions that belong to the same 269

event. For example, an event “go to the terrace” can be per- 270

formed in two sets of sequenced steps by different annotators. 271

1) call the elevator !, step in elevator !, step out at the top 272

floor, and 2) find stairs ! climb stairs ! reach top floor. We 273

leverage the presence of such instances in the graph node to 274

enrich the complexity of our environment. We split each of 275

the event node in the compact graph into two nodes, the entry 276

event node, and the exit event node. Further, multiple action 277

sequences result in parallel paths for reaching the exit node 278

from the entry node (see also App. A). For instance, the above 279

example will result in two parallel paths, where a player or an 280

agent has to decide at the entry node to either take the eleva- 281

tor or the stairs. If players choose to take the stairs, they are 282

expected to follow the next set of actions to reach the terrace. 283

Moreover, all the sub-steps in this event now result in multi- 284

ple graph nodes. We refer to this graph as the scenario graph 285
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Aim: 
Learn

q∏(s, a) or ∏(a | s)
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Algorithm DQN A2C PPO RPPO

handicap w/o handicap handicap w/o handicap handicap w/o handicap handicap w/o handicap

Shopping 9.60 ( ± 0.62) -7.28 (± 13.15) 9.90 (± 0.30) -9.81 (± 14.71) 9.84 (± 0.39) -4.78 (± 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) 9.97 (± 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 (± 0.49) -1.13 (± 9.47) 9.56 (± 0.80) 8.19 (± 4.70)

Library 9.51 (± 0.68) -1.94 (± 9.87) 9.88 (± 0.32) -3.03 (± 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 (± 12.93) 9.89 (± 0.34) -5.87 (± 12.28) 9.85 (± 0.38) -4.30 (± 10.84) 9.63 (± 0.64) 6.32 (± 5.29)
Cake 9.32 (± 0.84) -4.13 (± 9.22) 9.48 (± 0.92) -7.58 (± 13.18) 9.87 (± 0.34) -4.46 (± 12.32) 9.78 (± 0.48) 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 (± 5.12)
Tree 9.94 (± 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 (± 12.39) 9.86 (± 0.35) -8.66 (± 12.66) 9.86 (± 0.40) -4.74 (± 11.08) 9.54 (± 0.73) 6.85 (± 6.12)
Bath 9.68 (± 0.61) -6.49 (± 13.23) 9.75 (± 0.57) -10.02 (± 15.95) 9.84 (± 0.37) -5.35 (± 11.19) 9.45 (± 0.82) 6.35 (± 5.59)

Table 2: The table shows performance scores (averaged over multiple runs) of various agents for all the scenarios (number of choices = 2).
The number in brackets shows the standard deviation of the score. Paraphrase Albert Small V2 is used as the LM

Figure 3: The figure shows the “compact graph” created for the
scenario Going on a Train.

hops as another game setting that decides how many hops to
displace whenever a wrong action is selected. When an agent
selects an incorrect choice, its location is displaced by hop-
ping it backward in the temporal domain, and this back-hop
distance is another parameter in the environment. In our ex-
periments, agents played with the environment with a back-
hop distance of 1. Due to the presence of parallel paths in the
graph, an agent hops to a previous node in case of incorrect
action and may not follow the same path again, which acts
as a penalty. For the start node, since backward hop is not
possible, the agent remains at the same position; however,
both positive and negative choices are re-sampled, and con-
sequently, observations change. These parameters introduce
flexibility in our environment, giving the freedom to create a

suitable test bench for RL algorithms.
Handicaps (Hints): Text-based games are often challenging
for RL agents playing from scratch. To mitigate the com-
plexity issue, we introduce a version of the game with hints
(referred to as handicaps) for each state. The hint for a state
provides a short textual clue for the next action to take at the
current state. The presence of hints in the environment makes
the gameplay relatively easier. Hints are generated automat-
ically using GPT2 [Radford et al., 2019]. Scenario title con-
catenated with state node event description (separated by a
full-stop) is given as the prompt to GPT2 for generating a
large number of hints, and then a hint is sampled from them.
We manually examined the hints to ensure they did not repeat
(verbatim) any of the existing actions. To introduce variabil-
ity, one could also stochastically decide to show a hint, e.g.,
by sampling from a Bernoulli distribution at each state. How-
ever, in this paper, we consider only the setting where hints
are shown at every state. We leave this for future work.
Comparison with other text-based environments:
ScriptWorld environment is different from the existing
text-world-based environments (e.g., Text World, Jericho,
TWC, QAit). The primary novelty of ScriptWorld comes
from the inclusion of realistic scenarios made by leveraging
ESDs written by human annotators, and this requires proce-
dural knowledge to solve the game. The complexity (Table
1) of the ScriptWorld is much more than the existing
environments, requiring the agent to remember past events
and actions. We provide more details about ScriptWorld
and compare it with other environments in App. A.

4 RL Baselines
In the ScriptWorld environment, for every state, the en-
vironment returns a sample of a possible set of choices.
Since these choices provide feedback related to the current
state, the agent must keep track of all the observations re-
ceived after a particular choice. This property typically re-
sembles the Partially Observable Markov decision processes
(POMDP) [Kaelbling et al., 1998], where the agent can never
observe the complete state of the environment. Formally,
ScriptWorld is defined by (S,A,⌦, R, �), where S is the
set of environment states (nodes in the scenario graph), and A

is the set of all actions (choices), ⌦ is the set of observations,
i.e., description of various actions, R is the reward obtained
and � is the discount parameter. The goal of an agent is to
learn a policy ⇡(a | s), i.e., a mapping from a set of obser-
vations to actions leading to an optimal choice in a particular
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Figure 9: The figure shows the performance of RPPO algorithm on
all scenarios with setting (with handicap, choices=2).
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Figure 10: The figure shows the performance of RPPO algorithm on
all scenarios with setting (without handicap, choices=2).
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Figure 11: The figure shows the performance of PPO algorithm on
scenario Repairing a Flat Bicycle Tire (without hand-
icap) on multiple-choice settings, 2, 3, 4, 5 respectively. The plot
shows the increasing level of difficulty in the environment with an
increase in the number of choices provided to the agent.
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Figure 12: The figure shows the performance of PPO algorithm
with various language models on scenario Repairing a Flat

Bicycle Tire on setting (with a handicap, choices=2).
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Figure 13: The figure shows the performance of PPO algorithm with
various language models on scenario Taking a Bath on setting
(with handicap, choices=2).

Figure 14: The figure shows the performance of RPPO algorithm
trained on scenario Going on a Train on other scenarios with
setting (with handicap, choices=2).

RPPO, Choices =2, without Handicap
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Figure 4: The figure shows the performance comparison of multi-
ple RL algorithms on scenario Repairing a Flat Bicycle

Tire on setting (without handicap, choices=2). Paraphrase Albert
Small V2 is used as the LM. The plot shows moving average of per-
formance curves across various episodes

state. In some algorithms (e.g., DQN: Deep Q-Network), in-
stead of learning the policy, the agent learns q-values, which
can reveal the policy. Formally, q-value (q-function) Q⇡(s, a)
is the expected cumulative return if an agent starts from state
s and takes action a and thereafter follows a policy ⇡. Re-
cent developments in RL have proposed an approximation of
⇡(a | s)/q-value via a parameterized model that takes state
(features) and actions (features) as input and produces the
⇡(a | s)/q-value as the output [Sutton and Barto, 2018]. We
follow the same approach.
Recently, Language Models (LM) have shown promising re-
sults in almost all tasks in NLP (e.g., [Sancheti and Rudinger,
2022]). For the RL baselines for the ScriptWorld en-
vironment, we consider using pre-trained SBERT language
models [Reimers and Gurevych, 2019] as a source of prior
real-world knowledge, which could be used directly by an RL
algorithm to solve the environment. We consider a general-
ized scheme where a pre-trained language model extracts in-
formation from observations, i.e., the features extracted (hi =
LM(ci)) from the available set of choices c 2 {c1, . . . , cn}) is
used by the RL algorithms as input features. The pre-trained
language model generates embeddings (hi) corresponding to
each of the provided n options. The obtained embeddings are
concatenated (O) and passed as input to the RL algorithm,
i.e., c 2 {c1, . . . , cn}; hi = LM(ci)

O = h1 � h2 � . . .� hn

Subsequently, the RL framework generates ⇡(a | s)/Q values
for the available set of actions. With the help of this gener-
alized architecture, we run a detailed set of experiments with
combinations of multiple language models and different RL
algorithms. In particular, we use DQN [Mnih et al., 2013],
A2C [Mnih et al., 2016], PPO [Schulman et al., 2017], and
RPPO: Recurrent PPO (PPO + LSTM). More details about
RL agents, training, and other settings are provided in App.
B. Some of the other existing works for language-based RL
algorithms use knowledge-based agents. As these KBs do not
directly adapt to our setting, we could not experiment with
these approaches. In the future, we would explore how to
make use of external knowledge to incorporate into the agent.

5 Experiments, Results and Analysis
RL Agents Performances: To benchmark the performance
of existing RL algorithms on ScriptWorld we perform
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Figure 5: The figure shows the performance of the RPPO algorithm
with various language models on scenario Repairing a Flat

Bicycle Tire on setting (with handicap, choices=2). (highlight-
ing the importance of LMs (contextual embeddings) over GloVe
(non-contextual)).

an extensive set of experiments considering various combi-
nations of language model embeddings and popular RL al-
gorithms. Due to space limitations, we report the primary
findings here, and the remaining are discussed in the App.
D. Table 2 shows the performance of various RL algorithms
in all the scenarios. The performance score is the score (to-
tal reward) achieved by an agent till the point of termination.
As ScriptWorld was designed, keeping flexibility the pri-
mary feature, in Table 2, we report the performance of RL al-
gorithms using multiple flexibility settings, i.e., with/without
handicap and action choices = 2. The performance of algo-
rithms with a handicapped version of the environment seems
to be easier when compared to a non-handicapped version,
depicting the choice of keeping the handicap feature to be
useful. For settings without any handicap provided, we found
the RPPO algorithm to beat other RL algorithms by a signif-
icant margin. Fig. 4 shows the performance of algorithms
over multiple episodes, depicting the convergence rate. We
observe that RPPO convergence is faster at a higher score,
and DQN seems unstable during initial episodes. We also
plot performance curves for all the scenarios in App. D. As
our RL framework combines language embeddings with RL
algorithms, we also highlight the effect of different language
model embeddings. We choose RPPO for reporting perfor-
mance with different language models, as in extensive ex-
perimentation, we found RPPO to perform better than other
RL algorithms on multiple environment settings. Fig. 5 re-
ports the RPPO performance with different embeddings. We
consider various types of SBERT-based embeddings (https:
//www.sbert.net/docs/pretrained models.html). To judge the
effect of contextual embeddings, we also report the RPPO
performance with GloVe embeddings [Pennington et al.,
2014]. RPPO with GloVe embeddings (non-contextualized
word representations) performs poorly, depicting the impor-
tance of the context which is captured by contextualized LMs
(more results on LMs in App. D.)
Generalization across Scenarios: In ScriptWorld since
all the scenarios belong to real-life daily activities, an in-
teresting experiment is to test the generalization capability
of an algorithm trained on a specific scenario. We chose
two similar (in terms of commonsense knowledge required to
solve) scenarios, Going on a Train and Riding on

a Bus, for this experiment. Table 3 shows the evaluation

Scenario= Repairing Bike Flat Tire, Choices =2, with Handicap
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Figure 4: The figure shows the performance comparison of multi-
ple RL algorithms on scenario Repairing a Flat Bicycle

Tire on setting (without handicap, choices=2). Paraphrase Albert
Small V2 is used as the LM. The plot shows moving average of per-
formance curves across various episodes

state. In some algorithms (e.g., DQN: Deep Q-Network), in-
stead of learning the policy, the agent learns q-values, which
can reveal the policy. Formally, q-value (q-function) Q⇡(s, a)
is the expected cumulative return if an agent starts from state
s and takes action a and thereafter follows a policy ⇡. Re-
cent developments in RL have proposed an approximation of
⇡(a | s)/q-value via a parameterized model that takes state
(features) and actions (features) as input and produces the
⇡(a | s)/q-value as the output [Sutton and Barto, 2018]. We
follow the same approach.
Recently, Language Models (LM) have shown promising re-
sults in almost all tasks in NLP (e.g., [Sancheti and Rudinger,
2022]). For the RL baselines for the ScriptWorld en-
vironment, we consider using pre-trained SBERT language
models [Reimers and Gurevych, 2019] as a source of prior
real-world knowledge, which could be used directly by an RL
algorithm to solve the environment. We consider a general-
ized scheme where a pre-trained language model extracts in-
formation from observations, i.e., the features extracted (hi =
LM(ci)) from the available set of choices c 2 {c1, . . . , cn}) is
used by the RL algorithms as input features. The pre-trained
language model generates embeddings (hi) corresponding to
each of the provided n options. The obtained embeddings are
concatenated (O) and passed as input to the RL algorithm,
i.e., c 2 {c1, . . . , cn}; hi = LM(ci)

O = h1 � h2 � . . .� hn

Subsequently, the RL framework generates ⇡(a | s)/Q values
for the available set of actions. With the help of this gener-
alized architecture, we run a detailed set of experiments with
combinations of multiple language models and different RL
algorithms. In particular, we use DQN [Mnih et al., 2013],
A2C [Mnih et al., 2016], PPO [Schulman et al., 2017], and
RPPO: Recurrent PPO (PPO + LSTM). More details about
RL agents, training, and other settings are provided in App.
B. Some of the other existing works for language-based RL
algorithms use knowledge-based agents. As these KBs do not
directly adapt to our setting, we could not experiment with
these approaches. In the future, we would explore how to
make use of external knowledge to incorporate into the agent.

5 Experiments, Results and Analysis
RL Agents Performances: To benchmark the performance
of existing RL algorithms on ScriptWorld we perform

0 500 1000 1500 2000
−25
−20
−15
−10
−5
0
5

10
paraphrase-MiniLM-L3-v2
paraphrase-albert-small-v2
all-mpnet-base-v2
GloVe

Episodes

Sc
or
es

Figure 5: The figure shows the performance of the RPPO algorithm
with various language models on scenario Repairing a Flat

Bicycle Tire on setting (with handicap, choices=2). (highlight-
ing the importance of LMs (contextual embeddings) over GloVe
(non-contextual)).

an extensive set of experiments considering various combi-
nations of language model embeddings and popular RL al-
gorithms. Due to space limitations, we report the primary
findings here, and the remaining are discussed in the App.
D. Table 2 shows the performance of various RL algorithms
in all the scenarios. The performance score is the score (to-
tal reward) achieved by an agent till the point of termination.
As ScriptWorld was designed, keeping flexibility the pri-
mary feature, in Table 2, we report the performance of RL al-
gorithms using multiple flexibility settings, i.e., with/without
handicap and action choices = 2. The performance of algo-
rithms with a handicapped version of the environment seems
to be easier when compared to a non-handicapped version,
depicting the choice of keeping the handicap feature to be
useful. For settings without any handicap provided, we found
the RPPO algorithm to beat other RL algorithms by a signif-
icant margin. Fig. 4 shows the performance of algorithms
over multiple episodes, depicting the convergence rate. We
observe that RPPO convergence is faster at a higher score,
and DQN seems unstable during initial episodes. We also
plot performance curves for all the scenarios in App. D. As
our RL framework combines language embeddings with RL
algorithms, we also highlight the effect of different language
model embeddings. We choose RPPO for reporting perfor-
mance with different language models, as in extensive ex-
perimentation, we found RPPO to perform better than other
RL algorithms on multiple environment settings. Fig. 5 re-
ports the RPPO performance with different embeddings. We
consider various types of SBERT-based embeddings (https:
//www.sbert.net/docs/pretrained models.html). To judge the
effect of contextual embeddings, we also report the RPPO
performance with GloVe embeddings [Pennington et al.,
2014]. RPPO with GloVe embeddings (non-contextualized
word representations) performs poorly, depicting the impor-
tance of the context which is captured by contextualized LMs
(more results on LMs in App. D.)
Generalization across Scenarios: In ScriptWorld since
all the scenarios belong to real-life daily activities, an in-
teresting experiment is to test the generalization capability
of an algorithm trained on a specific scenario. We chose
two similar (in terms of commonsense knowledge required to
solve) scenarios, Going on a Train and Riding on

a Bus, for this experiment. Table 3 shows the evaluation

RPPO, Scenario= Repairing Bike Flat Tire, Choices =2, with Handicap
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Figure 15: The figure shows the performance of RPPO algorithm
on setting (with handicap, choices=2), trained on one scenario and
tested on all scenarios.

Figure 16: The figure shows the performance of RPPO algorithm on
setting (without handicap, choices=2), trained on one scenario and
tested on all scenarios.

Figure 17: The figure shows the performance of RPPO algorithm
on setting (with handicap, choices=5), trained on one scenario and
tested on all scenarios.

Figure 18: The figure shows the performance of RPPO algorithm on
setting (without handicap, choices=5), trained on one scenario and
tested on all scenarios.

With Handicap
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Figure 15: The figure shows the performance of RPPO algorithm
on setting (with handicap, choices=2), trained on one scenario and
tested on all scenarios.

Figure 16: The figure shows the performance of RPPO algorithm on
setting (without handicap, choices=2), trained on one scenario and
tested on all scenarios.

Figure 17: The figure shows the performance of RPPO algorithm
on setting (with handicap, choices=5), trained on one scenario and
tested on all scenarios.

Figure 18: The figure shows the performance of RPPO algorithm on
setting (without handicap, choices=5), trained on one scenario and
tested on all scenarios.

Figure 15: The figure shows the performance of RPPO algorithm
on setting (with handicap, choices=2), trained on one scenario and
tested on all scenarios.

Figure 16: The figure shows the performance of RPPO algorithm on
setting (without handicap, choices=2), trained on one scenario and
tested on all scenarios.

Figure 17: The figure shows the performance of RPPO algorithm
on setting (with handicap, choices=5), trained on one scenario and
tested on all scenarios.

Figure 18: The figure shows the performance of RPPO algorithm on
setting (without handicap, choices=5), trained on one scenario and
tested on all scenarios.

With Handicap Without Handicap
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Figure 15: The figure shows the performance of RPPO algorithm
on setting (with handicap, choices=2), trained on one scenario and
tested on all scenarios.

Figure 16: The figure shows the performance of RPPO algorithm on
setting (without handicap, choices=2), trained on one scenario and
tested on all scenarios.

Figure 17: The figure shows the performance of RPPO algorithm
on setting (with handicap, choices=5), trained on one scenario and
tested on all scenarios.

Figure 18: The figure shows the performance of RPPO algorithm on
setting (without handicap, choices=5), trained on one scenario and
tested on all scenarios.

Figure 15: The figure shows the performance of RPPO algorithm
on setting (with handicap, choices=2), trained on one scenario and
tested on all scenarios.

Figure 16: The figure shows the performance of RPPO algorithm on
setting (without handicap, choices=2), trained on one scenario and
tested on all scenarios.

Figure 17: The figure shows the performance of RPPO algorithm
on setting (with handicap, choices=5), trained on one scenario and
tested on all scenarios.

Figure 18: The figure shows the performance of RPPO algorithm on
setting (without handicap, choices=5), trained on one scenario and
tested on all scenarios.

With Handicap Without Handicap
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RPPO, Scenario= Repairing Bike Flat Tire, without Handicap

0 1000 2000 3000 4000 5000 6000

−80

−60

−40

−20

0 2woh
3woh
4woh
5woh

Episodes

Sc
or
es

Figure 6: The figure shows the performance of RPPO algorithm on
scenario Repairing a Flat Bicycle Tire (without hand-
icap) on multiple choice settings, 2, 3, 4, 5 respectively.
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Figure 7: The figure shows the performance of RPPO algorithm on
scenario Repairing a Flat Bicycle Tire (without hand-
icap) on choices, 3 and, 5 with respective node coverages across
learning. The increasing coverage slope (green) and the perfor-
mance dip (blue) coincide in both settings highlighting the role of
graph coverage in algorithm’s learning.

performance of RPPO on all scenarios trained on one sce-
nario. We observe that the RPPO algorithm generalizes more
across similar scenarios e.g., between Train and Bus (more
details in App. D). Results obtained in this experiment also
open up new research directions like test-time domain adap-
tation and continual learning.
Performance on different choice settings: To benchmark
the flexibility feature of choosing the number of actions in
the environment setting, we also report the results for RPPO
on various numbers of actions. Fig. 6 shows the training
curves for settings with choices = 2, 3, 4, 5, highlighting the
increasing difficulty level as the number of choices in the en-
vironment increases. We observe an interesting trend, the oc-
currence of a performance dip in all the scenarios for differ-
ent episode numbers. Notice the performance dip in Fig. 6
for all the runs with varying numbers of choices. As can be
observed, the episode for performance dip increases with the
increasing number of choices in the environment. We study
this behavior of RL algorithms in detail by analyzing the tra-
jectory followed by the RL algorithms. Fig. 7 shows the per-
centage coverage of scenario graph nodes along with rewards.
The point for a maximum dip (after which the algorithm starts
improving the score) directly coincides with the increasing
percentage of node coverage; we speculate that the algorithm
begins developing a mapping for each node after the entire
graph exploration and works on improving the node repre-

Training
Scenario

Performance on other Scenarios

Airplane Bath Bicycle Bus Cake grocery Haircut Library Train Tree

Bus -24.78 -15.07 -5.02 9.97 -23.39 -26.51 -20.85 -16.29 2.14 -21.78
Train -11.31 -13.22 -9.52 5.44 -4.42 0.22 -10.97 -6.79 9.56 -0.59

Table 3: The table shows performance on RPPO algorithm trained
one scenario and evaluated on all scenarios. RPPO trained on Bus
performs better on Train and vice versa (highlighted in red), de-
picting the generalization across scenarios.

sentation in the later episodes. Though the graph coverage
percentage is higher, it still remains a difficult task to opti-
mize for correct choice as the number of paths in the graph
is huge, and the choices generated for each node are random,
making each scenario node different at different time steps.

6 Discussion and Future Directions

ScriptWorld provides a suitable benchmark to test dif-
ferent settings as it provides flexibility to adjust the game’s
complexity. The environment has certain limitations. For ex-
ample, currently, the environment provides actions available
at any state in the form of choices and does not allow the
agent to generate actions in free-form text. This limitation is
also there in the current parser based text-games that restrict
the vocabulary size and sentence constructions that an agent
can use for interaction. Parsing and understanding free-form
text is a non-trivial task for the current state-of-the-art NLP
technologies. In the future, we plan to develop a parser-based
version (allowing free-form text) of the game, making use of
LLMs. ScriptWorld ’s current version only has 10 sce-
narios. This is mainly due to limitations from the DeScript
corpus. In future work, we will try to address this by in-
cluding more daily scenarios. Experiments show that agents
struggle in no handicap setting since they do not have any
prior knowledge about the real world. It would be interesting
to incorporate external knowledge into agents in the future
and explore the possibility of including human feedback for
learning a new scenario. Alternatively, another idea to ex-
plore would be to allow agents to gather information about
a task from the internet via search or by probing large lan-
guage models. Including multiple diverse scenarios in the
proposed environment can facilitate the validation of general-
ization and language understanding capabilities in fields like
continual learning, where a single algorithm learns various
tasks without catastrophic forgetting [Nguyen et al., 2019].

7 Conclusion

In this paper, we present a novel approach to building a text-
based game environment (ScriptWorld) involving differ-
ent daily scenarios. This is a step towards training RL agents
to develop NLU capabilities and commonsense knowledge
about the real world. We perform an extensive set of experi-
ments. Our experiments and analysis not only explore the en-
vironment in RL setting but also open up new ways in which
the environment is helpful for the research community.
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Figure 6: The figure shows the performance of RPPO algorithm on
scenario Repairing a Flat Bicycle Tire (without hand-
icap) on multiple choice settings, 2, 3, 4, 5 respectively.
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Figure 7: The figure shows the performance of RPPO algorithm on
scenario Repairing a Flat Bicycle Tire (without hand-
icap) on choices, 3 and, 5 with respective node coverages across
learning. The increasing coverage slope (green) and the perfor-
mance dip (blue) coincide in both settings highlighting the role of
graph coverage in algorithm’s learning.

performance of RPPO on all scenarios trained on one sce-
nario. We observe that the RPPO algorithm generalizes more
across similar scenarios e.g., between Train and Bus (more
details in App. D). Results obtained in this experiment also
open up new research directions like test-time domain adap-
tation and continual learning.
Performance on different choice settings: To benchmark
the flexibility feature of choosing the number of actions in
the environment setting, we also report the results for RPPO
on various numbers of actions. Fig. 6 shows the training
curves for settings with choices = 2, 3, 4, 5, highlighting the
increasing difficulty level as the number of choices in the en-
vironment increases. We observe an interesting trend, the oc-
currence of a performance dip in all the scenarios for differ-
ent episode numbers. Notice the performance dip in Fig. 6
for all the runs with varying numbers of choices. As can be
observed, the episode for performance dip increases with the
increasing number of choices in the environment. We study
this behavior of RL algorithms in detail by analyzing the tra-
jectory followed by the RL algorithms. Fig. 7 shows the per-
centage coverage of scenario graph nodes along with rewards.
The point for a maximum dip (after which the algorithm starts
improving the score) directly coincides with the increasing
percentage of node coverage; we speculate that the algorithm
begins developing a mapping for each node after the entire
graph exploration and works on improving the node repre-

Training
Scenario

Performance on other Scenarios

Airplane Bath Bicycle Bus Cake grocery Haircut Library Train Tree

Bus -24.78 -15.07 -5.02 9.97 -23.39 -26.51 -20.85 -16.29 2.14 -21.78
Train -11.31 -13.22 -9.52 5.44 -4.42 0.22 -10.97 -6.79 9.56 -0.59

Table 3: The table shows performance on RPPO algorithm trained
one scenario and evaluated on all scenarios. RPPO trained on Bus
performs better on Train and vice versa (highlighted in red), de-
picting the generalization across scenarios.

sentation in the later episodes. Though the graph coverage
percentage is higher, it still remains a difficult task to opti-
mize for correct choice as the number of paths in the graph
is huge, and the choices generated for each node are random,
making each scenario node different at different time steps.

6 Discussion and Future Directions

ScriptWorld provides a suitable benchmark to test dif-
ferent settings as it provides flexibility to adjust the game’s
complexity. The environment has certain limitations. For ex-
ample, currently, the environment provides actions available
at any state in the form of choices and does not allow the
agent to generate actions in free-form text. This limitation is
also there in the current parser based text-games that restrict
the vocabulary size and sentence constructions that an agent
can use for interaction. Parsing and understanding free-form
text is a non-trivial task for the current state-of-the-art NLP
technologies. In the future, we plan to develop a parser-based
version (allowing free-form text) of the game, making use of
LLMs. ScriptWorld ’s current version only has 10 sce-
narios. This is mainly due to limitations from the DeScript
corpus. In future work, we will try to address this by in-
cluding more daily scenarios. Experiments show that agents
struggle in no handicap setting since they do not have any
prior knowledge about the real world. It would be interesting
to incorporate external knowledge into agents in the future
and explore the possibility of including human feedback for
learning a new scenario. Alternatively, another idea to ex-
plore would be to allow agents to gather information about
a task from the internet via search or by probing large lan-
guage models. Including multiple diverse scenarios in the
proposed environment can facilitate the validation of general-
ization and language understanding capabilities in fields like
continual learning, where a single algorithm learns various
tasks without catastrophic forgetting [Nguyen et al., 2019].

7 Conclusion

In this paper, we present a novel approach to building a text-
based game environment (ScriptWorld) involving differ-
ent daily scenarios. This is a step towards training RL agents
to develop NLU capabilities and commonsense knowledge
about the real world. We perform an extensive set of experi-
ments. Our experiments and analysis not only explore the en-
vironment in RL setting but also open up new ways in which
the environment is helpful for the research community.



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
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More details in the paper
Code Repository: 

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

https://github.com/Exploration-Lab/ScriptWorld
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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/
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Future Directions

• Multimodal Environment

• Hierarchical Learning in Agents
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Future Directions

• Multimodal Environment

• Hierarchical Learning in Agents

• Self Learning Agents
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