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Streaming Data

Q: When do we update the hash table?
A: Only when hashing quality improves!

 Mutual Information: decrease in entropy of distance
distribution, when conditioned on neighborhood info.
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e Quality measure: integrate over feature space
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Trigger Update: Plug-in Module

Streaming Data

Sample Trigger

e Snapshot ®°, current ®;

o Update if
Q(P:) — Q(2°) >0

Monte-Carlo approximation of Q (sampling from stream):
e Reservoir Sampling [Vitter 1985]
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MIHash: Gradient-based MI Optimization
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Optimization approach: continuous relaxation
« Differentiable histogram binning [Usnitova & Lempitsky, NIPS’16]
« Binary bits: sigmoid approximation
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https://github.com/fcakir/mihash

Experiments: Online Hashing

Datasets: CIFAR-10 (60K), Places205 (2.5M), LabelMe (22K)
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Reduction: 22X
J ‘,l

0.28 1

£ o U % i
0.28 RIF WRT H Qo & 0.26 |
rey ¥'9 @ ‘-' ®
0-26 I'.' |I: (X A “‘:;: o Dl24
Q5 R
0-24 (W ¥ - e 0l2

Reduction: 20X

SketchHash [CVPR'15], OSH [ICIP‘15]

0357

033}

0.29 |

CIFAR-10, 32 bits, mAP

Reduction: 29X
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Reduction: 22X
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Experiments: Batch Hashing

Batch Hashing: CIFAR-10, mAP
Setting 1: 5K / 1K, VGG-F fc7. Setting 2: 50K / 10K, VGG-F end-to-end.

Code Length

Methods: Method 12 24 32 48
SHK [CVPR'12] o | o521 | 0576 | oss | 0392
SDH [CVPR15] _ VDSH 0523 | 0546 | 0537 | 0554
FastHash [CVPR’14] o DPSH 0.420 0.518 0.538 0.553
VDSH [CVPR'16] § DTSH 0.617 0.659 0.689 0.702
) , FastHash | 0.632 0.700 0.724 0.738
DPSH _-'JCA' 16] MIHash' 0.524 0.563 0.597 0.609
DTSH [ACCV'16] MIHash 0.683 0.720 0.727 0.746

Method 16 24 32 48
DPSH* 0.763 0.781 0.795 0.807
< DTSH’ 0.915 0.923 0.925 0.926
£ DPSH 0.908 0.909 0.917 0.932
2 DTSH 0.916 0.924 0.927 0.934
MIHash 0.929 0.933 0.938 0.942

! Trained for a single epoch. 2 Original reported results.
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