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1. Problem & Motivation
Problem: Learning unified binary codes for multiple retrieval tasks

Motivation:

 Low storage cost: images are indexed by compact binary codes

 Fast retrieval: retrieval can be done by hash table lookup or highly efficient bit operations

 Multi-functional: the learned binary codes can be used for multiple retrieval tasks

3. Loss Functions

Pipeline

 Train CNN models with multiple task-related loss functions and sigmoid 

relaxation to learn discriminative binary-like image representations.

 Quantize k-dim binary-like outputs to obtain binary codes.

Model description

 Compatible with most existing deep models.

 Explicitly dealing with partially labeled training data.

2. Framework (Dual Purpose Hashing, DPH)

4. Experiments

Datasets

 ImageNet-150K: 15,0000 images, 50,000 have attribute labels (25 attributes).

 CFW-60K: 60,000 images, 10,000 have attribute labels (14 attributes).

Partially-labeled data (relative improvement)

Retrieval by Category (mAP, 256-bit binary codes)

Retrieval by Attributes (mAP, 256-bit binary codes)

Combined Retrieval (recall@k, 256-bit binary code)

5. Conclusions

This paper contributes an end-to-end hashing method for

simultaneously dealing with multiple retrieval tasks

 Training the model on multiple tasks with partially labeled data can boost the 

performance of both tasks.

 Our method is comparable with state of the arts on individual retrieval tasks, while 

outperforms them on the combined task.

 Joint learning of attributes and classes is possible.
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Source code

http://vipl.ict.ac.cn/
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