
Group 6:

1. Reeshoon Sayera

2. Soumik Ghosh

3. Ifty Rezwan

4. Xiaohang Wang

5. Xitong Li

Neural Script Knowledge through Vision and Language and Sound

CVPR 2022, 170 citations

Rowan Zellers, Jiasen Lu, Ximing Lu, Youngjae Yu, Yanpeng Zhao, Mohammadreza Salehi, Aditya Kusupati, Jack Hessel, Ali Farhadi, Yejin Choi



1. Introduction and Related Work

2. Model Architecture

3. Experiments and Ablation Study

4. Qualitative Analysis

5. Limitations and Potential Ideas

2

Outline



Script knowledge:

• Proposed by (Schank and Abelson, 1977)

• is a body of knowledge that describes a typical sequence of actions people do in a particular situation.
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Introduction

Learning from re-entry:

• time-locked correlations enable one modality to educate others.

• crucial for how we as humans learn visual and world knowledge.
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MERLOT RESERVE learns from
• Video frames
• Subtitles
• Audio

Given a video:

• Replace subtitles and audio with MASK token.
• The model predicts by choosing the correct 

masked-out snippet.

Can we build machines that likewise learn vision, language, and sound together?

• Yes. MERLOT RESERVE.

Multimodal Event Representation Learning Over Time, with RE-entrant SupERVsion of Events.



Family of VisualBert models:

• Pretrain on images paired with literal captions

MERLOT:

• Learns a joint vision-text model but lacks audio

Pitfall:

• Complex inter-modal (image-text) interactions 
ignored

• Learning simpler intra-modal (text-text) 
interactions

MERLOT RESERVE combines these two lines of research.

Related Work
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Co-supervision between modalitiesJoint representations of multiple modalities

CLIP:

• Use objectives that cannot be 
shortcutted with simple intra-
modal(text-text) patterns.
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Inputs to the Model
• Videos of at most 40 seconds from YT-Temporal 1B

• Divide videos into segments of 5 seconds

• From each segment st

▪ Acquire middle frame vt

▪ Acquire ASR tokens wt

▪ Acquire audio at

frame v1 frame vt
frame vn

w1 so that's mainly why I turn the burner off..
wt ...try it anyway what...
wn ... going to pour these over top of ...

at

…..................... ….....................
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CLS CLS CLSC C C

Model Architecture
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How to avoid shortcut learning?

Train on two types of masked videos:

➢ Audio only as target:
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Avoiding Shortcut Learning

• Provide video frames and (text or audio)
• Infer only text representations in MASKed tokens

• Provide video frames and text
• Infer text and audio representations in MASKed tokens

➢ Audio as input:

Shortcut Learning: Low training loss, but poor representations



AST: Audio Spectrogram Transformer

https://arxiv.org/pdf/2104.01778.pdf

Split the audio 𝑎𝑡 in each segment into three equal-sized subsegments
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Contrastive Masked Span
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(Proposed Novel Loss)
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is the transpose of

is the transpose of

Total Text Loss:

Total Audio Loss:

Contrastive Masked Span (Text & Audio)
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• Consists of two parts:
oContrastive Masked Span (Proposed Novel Loss)

(Total Loss)

Contrastive Span Training
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o Contrastive Frame-Transcript Matching (From MERLOT)
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• Two models
o  Reserve-B

▪ Hidden layer size of 768

▪ 12-layer ViT-B/16 image encoder

▪ 12-layer joint encoder

o  Reserve-L
▪ Hidden size of 1024

▪ 24-layer ViT-L/16 image encoder

▪ 24-layer joint encoder

• Training setup
o Trained on 512 TPU v3 accelerators
o Reserve-B took 5 days
o Reserve-L took 16 days
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Pretraining Setup
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• New dataset

▪ 20 million English subtitled Youtube videos

▪ 1 billion frames

▪ Steps taken to protect user privacy

▪ Directly scraped from public, large and 
monetized channels

Pretraining Dataset

https://cove.thecvf.com/datasets/704



Ablations

o Model analyzes a movie image and question.
o Chooses correct answer from four choices (Q→A).
o Selects justification for answer from four rationales (QA→R).
o Success judged on accurate answer and rationale selection (Q→AR).

https://visualcommonsense.com/
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Trained for 10 epochs on YT-Temporal-1B

Visual Commonsense Reasoning – Image Task

https://visualcommonsense.com/
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GFLOPS

303

146

341



TVQA: Television Question Answering – Video Task

https://tvqa.cs.unc.edu/
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- Demonstrated a 1.7% improvement by integrating audio and visual data.
- Showcased the advantage of joint representation of video frames and sound.

Training – 390,000
Validation – 30,000

Testing – 60,000
No Transcripts Used

https://arxiv.org/abs/1808.01340

Kinetics-600 Activity Recognition
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Zero Shot Experiments
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• Situated Reasoning(STAR):
o Short Situations
o Four Classes

• Epic Kitchens:
o Predict Future Actions
o Long tail distribution

• LSMDC:
o Video & Description
o Fill in the Blanks

• MSR-VTT QA:
o Open Ended Video QA



Qualitative Analysis - Why does audio help?
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Qualitative Analysis - Why does audio help?
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Qualitative Analysis - Why does audio help?
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Inference Demo

In this video I'll be MASK

Making a lemonade

Making coffee

Going backpacking

Arm wrestling

Horseback riding

Archery

Baking cookies

PaintingCricketBrushing hair

Masked Dialogue

Possible Answers

Video images used

Making coffee

Starting a campfire

Making an omelette

Making a lemonade

Drinking coffee

99%

0.6%

0.1%

0.1%

0.1%

Top Five Answers with audio
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Inference Demo

In this video I'll be MASK

Making a lemonade

Making coffee

Going backpacking

Arm wrestling

Horseback riding

Archery

Baking cookies

PaintingCricketBrushing hair

Masked Dialogue

Possible Answers

Video images used

Making coffee

Making a cake

Starting a campfire

Making a lemonade

Drinking coffee

96.7%

2.1%

0.4%

0.3%

0.1%

Top Five Answers without audio



Limitations & Potential Ideas

• Privacy concerns and dataset access issues stem from YouTube videos.

• Noisy training text generated from YouTube's ASR.

• Use of a single frame per segment.
o Potential idea: Use a cheap learned pooling mechanism.

• Only contrastive losses were used in the model training. No generative loss.
o Potential ideas: Perform ablation studies based on above statements and also test the model with addition 

of generative losses.

• Model can only assess 40 seconds of a video.
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Thank you.
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