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• Project objective:

▫ Developing classifiers to aid in 
 Transfer learning

 Classify educational resources for the Ensemble portal.

• Machine learning (Text classification)

• Transfer learning
▫ Source data: 2012 ACM CCS

▫ Target data:  CS YouTube videos

Introduction



Learning process of transfer learningLearning process of traditional machine learning

Machine learning vs. Transfer Learning
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Big picture
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Tuning training data
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Multi-class vs. Single-class classification

• Multi-class classification:
▫ Each training point belongs to one of N different classes

▫ Predict the class(es) to which a training point belongs to

▫ 1 classifier

• Single-class classification:
▫ Determine whether a training point belongs to a given class or not

▫ N classifiers (one for each class)

▫ Better accuracy and performance Single-class

Multi-class



ACM taxonomy tree
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Pruning ACM taxonomy tree
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Pruned ACM taxonomy tree
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Target data collection approaches

Target data
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Transfer learning approaches
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Bootstrapping
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Evaluation - training
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Evaluation - training (contd.)
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Evaluation - target
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• Target data collection
▫ Availability and quality of target metadata.

▫ Reliability of search.

• Mismatch in ACM and YouTube vocabulary.

• Limited features set for target data (YouTube).

• Interdisciplinary nature of data poses difficulty in classification.

Challenges



• ACM CCS is generic and ambiguous

Challenges (contd.)



• “Do not trust anything!”

• Techniques and processes used in transfer learning and text 
classification.

• YouTube search by playlists – more relevant videos

• Identifying more relevant set of features 
▫ Voice-to-text conversion

• Classification in same domains is easier.

Lessons learned



• Avoid classification into multiple classes – probability of correctness

• Extend the target set to different domains such as slideshare

• Enhancing features selection
▫ NLP to refine the features

▫ Voice-to-text transformation

▫ Image processing
 CBIR

 Text extraction - subtitles, text embedded

Future work



Questions ?


