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Vision Transformers for Video Understandmg '
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Vision Transformers for Images or Videos '
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Vision Transformers for Images or Videos "

Transformer Encoder
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How can we make transformer
architectures more efficient?




Efficient Image and Video Understanding

A Transformers are very expensive (high GFLOP)
A Not all GFLOPS are needed for all videos or images
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Reduce number of tokens for inference
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Efficient Vision Transformers "

Input Stage 11 Input Stage 11

Use only as much
tokens as needed
for Inference

[ M. Fayyaz et al. Adaptive Token
Sampling For Efficient Vision
Transformers. ECCV 2022 ]




Efficient Vision Transformers

Image Tokens
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Efficient Vision Transformers

Input Tokens Token Score Assignment
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Efficient Vision Transformers

Token Score Assignment

Input Tokens
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Efficient Vision Transformers

Input Tokens Token Score Assignment
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Efficient Vision Transformers

Input Tokens Token Score Assignment
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Efficient Vision Transformers
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Efficient Vision Transformers

Input Tokens Token Score Assignment
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Qualitative Results
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Quantitative Results
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Quantitative Results
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Replace attention by state space model
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State Space Model for Video
Understanding
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State Space Model for Video
Understanding

L

Accuracy vs. Number of Parameters

A VideoMamba has major
shortcomings

A Does not scale
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State Space Model for Video

Understanding
A VideoMamba has major
shortcomings
A Does not scale
A Instable training

[ H. Suleman et al. Distillation-free Scaling of
Large SSMs for Images and Videos. arxiv 2024 ]
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State Space Model for Video "

Understanding

A VideoMamba has major s
shortcomings

A Does not scale

A Instable training

A More sensitive to image
corruption compared to

Performance on JPEG Compression Corruption
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State Space Model for Video
Understanding BONN _

Performance on JPEG Compression Corruption Accuracy vs. Number of Parameters
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Video Question
Answering

10&0, Video-Panda

Demos from MSVD-QA




Parameter-Efficient Video-Language
Models
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Parameter-Efficient Video-Language
Models

A No need for additional vision encoders
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Parameter-Efficient Video-Language "
Models

A No need for additional vision encoders

Model #Param.(M) Inference time (ms)
VideoChatGPT [26] 307 171
Video-LLaVA [22] 425 125

Video-Panda 45 41




Video Question
Answering

10&0, Video-Panda

Demos from TGIF-QA




Combine local and global attention
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Vision Transformers for Action Segmentation "

[ E. Bahrami et al. How Much Temporal Long-Term Context IS Needed for Action Segmentation? ICCV 2023 ]
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