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Goal-oriented script learning helps robots perform 
daily activities
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[1] https://www.technologyreview.com/2015/08/24/166434/robots-learn-to-make-pancakes-from-wikihow-articles/  
 

https://www.technologyreview.com/2015/08/24/166434/robots-learn-to-make-pancakes-from-wikihow-articles/


Multilingual T5[1]

• Input
• Obtain Travel Documents

• Output
1. Authority grants approval for travel documents.
2. Applicant takes a photograph if that is required 

to receive travel document.
3. Travel documents approved and granted to 

traveler.
4. Get and/or fill out all documents that must be 

submitted to apply for the travel document.
5. Traveler pays fees and submits application 

documents.
6. Applicant receives letter, passport, visa stamp, 

or whatever travel documents were requested.
7. Item is delivered to the destination.
8. Prepare required application documents.
9. Pay any required application fees.

Translated GPT-3 175B[2]

• Input
• Throw away paper

• Output
1. Walk to home office 
2. Walk to table 
3. Find table 
4. Turn to table 
5. Find paper 
6. Grab paper 
7. Walk to trashcan 
8. Open trashcan 
9. Put paper on trashcan 
10. Close trashcan
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[1] Lyu, Q., Zhang, L., & Callison-Burch, C. (2021). Goal-oriented script construction. INLG 2021.
[2] Huang, W., Abbeel, P., Pathak, D., & Mordatch, I. (2022). Language models as zero-shot planners: Extracting actionable knowledge for embodied agents. arXiv preprint arXiv:2201.07207.
 

Previous goal-oriented generative script learning tasks

Generate responses for unseen tasks

Cannot capture visual state



Multimodal procedure sequencing[1] Visual Goal-Step Inference[2]
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[1] Wu, T. L., Spangher, A., Alipoormolabashi, P., Freedman, M., Weischedel, R., & Peng, N. (2022, May). Understanding multimodal procedural knowledge by sequencing multimodal instructional manuals.. ACL 2022.
[2] Yang, Y., Panagopoulou, A., Lyu, Q., Zhang, L., Yatskar, M., & Callison-Burch, C. (2021). Visual goal-step inference using wikihow. EMNLP 2021. 

Previous multimedia script learning tasks

Capture multimedia state changes

Cannot generalize for new tasks



Multimedia Generative Script Learning
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[1] https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet

Domain Split # Task # Pair Avg # Step Step Len

Gardening Train 1,857 20,258 3.10 11.6

Valid 237 2,428 3.03 10.6

Test 238 2,684 2.88 11.2

Crafts Train 2,654 32,082 6.06 8.98

Valid 3,33 4,061 6.12 9.10

Test 3,33 3,937 5.91 9.00

Generate responses for unseen tasks

Capture multimedia state changes

https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet


A Good Script is Visual-state trackable

6
[1] https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet 

• Captions are abstract summaries of the 
image’s salient objects

• Selection gate helps focus on selected 
captions and steps that are related to 
the future step

https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet


A Good Script is Inductive
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[1] https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet 

• Previously observed similar tasks in that 
scenarios served as exemplars

https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet


A Good Script is Diverse
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[1] https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet 

• Pretrained transformer-based language 
models tend to repeat input or generate 
similar future steps for different tasks

• Diversity-oriented contrastive learning 
objectives help the model reduce 
repetition

https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet


Overview

9
[1] https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet 
[2] Li, J., Li, D., Xiong, C., & Hoi, S. (2022). Blip: Bootstrapping language-image pre-training for unified vision-language understanding and generation. ICML 2022.
 

https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet


Image Encoding
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[1] https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet 
[2] Li, J., Li, D., Xiong, C., & Hoi, S. (2022). Blip: Bootstrapping language-image pre-training for unified vision-language understanding and generation. ICML 2022.
 

• Use BLIP[2] , a large-scale vision-and-
language corpus with 129M images, to 
generate captions for each image in the 
step history

https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet


Selective Multimedia Encoder
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• Mask out steps or captions not directly 
relevant to the future steps 

[1] https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet 
 

https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet


Historical Relevant Step Retrieval
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• Use SentenceBERT[2] to obtain 
representations for each step

• Retrieve 𝑘𝑘 steps which have the top-𝑘𝑘 
similarity with the representation of the 
previous step from the training set

• Consider the immediate next step for 
those k steps as potential relevant steps

[1] https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet 
[2] Reimers, N., & Gurevych, I. (2019). Sentence-bert: Sentence embeddings using siamese bert-networks. ACL 2019.

https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet


Retrieved Step Encoder
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• Mask out retrieved steps not directly 
relevant to the future steps similar to 
selective multimedia encoder

[1] https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet 

https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet


Retrieval-Augmented Decoder
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• Capture the most relevant historical 
step based on the previous decoder 
hidden states
• Fuse the retrieved step encoder’s hidden 

states with multi-head attention
• Combine knowledge with a control gate
• Use cross-entropy loss to optimize the next 

step generation



Diversity-Oriented Contrastive Learning
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• Sample negatives from step history and 
retrieved steps from training corpus

• Given next step 𝑆𝑆0 and 𝐾𝐾 negative 
samples {𝑆𝑆1, 𝑆𝑆2, … , 𝑆𝑆𝐾𝐾}, compute 
InfoNCE loss

[1] https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet 
 

https://www.wikihow.com/Make-a-Bubbling-Brook-Bracelet


Evaluations

• Automatic evaluation
• Generation quality evaluation
• Inductive quality evaluation
• Multimodal-Retrieval based metric
• Diversity evaluation

• Human evaluation
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Baselines

• State-of-the-art pretrained text only generation models

• Retrieval baselines

• Multimodal generation baselines

• Ablation baselines
• CAP  is models with caption input
• ME is models with multimedia selective encoder
• RD is models with historical relevant step encoder and retrieval-augment decoder
• CL is models with diversity-oriented contrastive learning
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Generation Quality Results
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Inductive Quality Results
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Multimodal-Retrieval based Metrics
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Multimodal-Retrieval results
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Human Evaluation

• Four proficient English speakers to independently rank the 41 (gardening)/44 
(crafts) generated steps from 1 (best) to 5 (worst)
• next step correctness which measures whether the generated results match the next step
• future steps correctness measuring whether the generated results match any of the 

future steps
• diversity which measures the diversity of generated results under the same subgoal
• Executability which checks the generated results repeat or conflict with step history

22



Human Evaluation
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Impact of Selective Multimedia Encoder
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Impact of Retrieval Augmentation
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Impact of Contrastive Learning
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Conclusion

• Propose the first multimedia generative script learning task which combines 
illustrative images tracking visual state changes with step history

• Propose a novel approach to produce visually trackable, inductive, and diverse 
scripts, through a selective multimedia encoder, a retrieval augmented 
decoder, and a diversity-oriented contrastive learning objective

• Propose a new multimodal-retrieval based metric to evaluate the cross-modal 
semantic similarity and the inductive ability by checking factual correctness
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Codes and Data 
are public at:
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Thank you!

Codes and Data 
are public at:
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