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• The process of identifying actions that occur in video 
sequences.
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What is Action Recognition?

http://www.nada.kth.se/cvap/actions/

Sami Benzaid, 2009
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• Many applications in Movie production, Entertainment, 
Education, Surveillance footage, etc.
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Why Action Recognition?

Surveillance: Woman Throws Cat Into TrashOnline education: ABS Workout

Home EntertainmentMovie production: Avatar



Yufeng Xiong

❖ Computer Vision has a great potential to help daily lives 

• Searching for lost keys 

• Watering flowers 

• Monitoring a parking lot 

• …… 

❖ To build up such Computer Vision models: 

• Require a large-scale training dataset 

• Represent activities of human boring daily lives
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Motivation

Source: shutterstock
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How to find these boring videos?

source: YouTube

source: The Charades Dataset
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❖ Video Datasets Collection: 

• Downloaded from the Internet 

• Gathered from movies 

• Recorded in controlled environments 
❖ Cons: Lack of diversity and generality 
❖ A novel approach is proposed!
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Previous Approaches
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❖ Hollywood in Homes 

• Hollywood filming process 

• Amazon Mechanical Turk (AMT) 
❖ Three steps: 

• Generating Scripts 

• Generating Videos 

• Annotations
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Novel Approach
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❖ Three steps: 

• Generating Scripts 

• Generating Videos 

• Annotations
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Three Steps Overview
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Step 1: Generating Scripts

❖ Scripts seeds: 40 objects, 30 actions in 15 indoor scenes
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Step 2: Generating Videos

❖ Each video will be around 30 seconds long.
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Step 3: Annotations

❖ Description in contrast to the previous script. 
❖ The most frequent ones grouped into 157 action classes.
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Charades Dataset
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❖ Crowdsourcing brings in diversity 

• Essential for generalization 
❖ Enhances the coverage and reduces the bias 
❖ Control the composition and length of video scenes 

• Vocabulary of scenes, objects and actions
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Threefold Advantages
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❖ Using Hollywood in Homes approach 
❖ Focus on common household activities 
❖ An American word guessing game 

❖ Ingredients: 

• 40 objects, 30 actions  

• 15 indoor scenes 

• 30.1 second long on average 

• 9848 videos: 7985 training and 1863 test
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The Charades Dataset

source: fluentu.com

http://fluentu.com
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Statistics of Dataset
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Co-occurrence

❖ NPMI: Normalized Pointwise Mutual Information 
❖ T-SNE (T-Distributed Stochastic Neighbor Embedding)
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Actions Occurring

❖ Multiple actions 

occurring  
❖ Some are in 

common
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Selected Actions (I)
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Selected Actions (II)
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Datasets Comparison

❖ Human Activities: ActivityNet  
❖ Sports: UCF101, Sports1M, HMDB51, THUMOS 2015 
❖ Movies: MSVD, M-VAD, MPII-MD 
❖ Ego-centric: ADL 
❖ Limitations in diversity, generalizability or scalability
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❖ Run state-of-the-art algorithms on Charades 
❖ Split into train and test set 
❖ Constraints about the train/test set: 

• Do not use the same worker 

• Similar categories distribution 

• At least 6 test videos and 25 training videos 

• Test set not be dominated by a single worker
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Basic Ideas
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❖ Identify whether a video contains one or several actions 

out of 157 action classes. 
❖ Performance evaluation 

• Standard Mean Average Precision (mAP) 

• Single video assigned to multiple action classes 

• Label precision for the data is 95.6%, comparing 

against a ground truth
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Application 1: Action Classification
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❖ Improved Dense Trajectories (IDT) 

• MBH, HOG and HOF video descriptors 
❖ Static CNN features 

• VGG-16 and AlexNet 
❖ Two-stream networks 

• VGG-M model architecture, spatial, temporal network 
❖ C3D features 

❖ 3D convnet pretrained on Sports-1M dataset 
❖ Combined 

• Combine all the other methods with late fusion
�27

Baseline Methods
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• IDT Baseline: Encode the distribution of local descriptors 

over the video with Fisher vectors. 
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Baselines Comparison
• mAP (%) for action classification with various baselines.
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Results Analysis
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Actions are grouped by the object being interacted with.
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Confusion Matrix for Combined
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❖ Scripts 

• Sentences used to create videos 

• Biased by the vocabulary, due to the writer’s 

imagination  

• Generally describe different aspects of videos 
❖ Descriptions 

• Obtained manually for recorded videos 

• Generally simpler and to the point
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Application 2: Sentence Prediction
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❖ Random Words (RW) 

• Random words from the training set 
❖ Random Sentence (Random) 

• Random sentence from the training set 
❖ Nearest Neighbour (NN) 

• 1-Nearest Neighbour based on AlexNet’s outputs 
❖ S2VT (Sequence to Sequence - Video to Text) 

• Combination of a CNN and a LSTM
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Baselines
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❖ CIDEr metric offers the highest resolution 
❖ S2VT baseline gives the highest score
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Baselines Performance

Captions are evaluated using CIDEr, BLEU, ROUGE and 

METEOR metrics, as in the COCO Caption Dataset.
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❖ CIDEr metric: scored low (red); scored high (green) (S2VT) 
❖ Language model is accurate, captions lack sufficient relevance.
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Examples



Yufeng Xiong

• Introduction 
• Hollywood in Homes 

• Generating Scripts 

• Generating Videos 

• Annotations 

• Charades v1.0 Analysis 
• Applications 

• Action Classification 

• Sentence Prediction 

• Summary 
• References

�35

Outline



Yufeng Xiong

❖ Novel Hollywood in Homes approach 
❖ Novel large-scale Charades dataset 
❖ Contributions and Benefits: 

• Training data 

• A benchmark 

• Object-action interactions 

• A framework to explore novel domains 

• Understanding daily activities
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Summary
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