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Deep CNN'’s outstanding performance on vi-
sual tasks. Transfer takes advantage of it

Quantization: In h € [1,30] regular inter-
vals, using the minimum (min) and maximum
(max) scalar values in training set:
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Dimensionality Reduction: With n initial
dimensions, at each step 1 < ¢ < 20 we pre-
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Dropping strategy: (DR-1) randomly and
(DR-2) PCA-based.

A pretrained classifier (A) can be seen as a Dimensions Robustness pi = |

feature extractor, used by (B) for classifying 100 e VGG > BoVW. Its feature vec-
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% of preserved dimensions w.r.t. the original scores.

Supplementary experiments To keep original scores
BossaNova from (2]; ° 7 Valules fo7r (9;31][)) |
GoogLeNet from [3]: FEATURE COMPRESSION ) 1( ong | = 3 bits;
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e Their combination yields com- o 6.3% of # bits for (Q-2).

pact feature vectors;
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VGG-M GoogLeNet BossaNova retrieval and more: E Lo | Irepf‘requc"tion
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Dims. 4 % 10? 5 x 10 6 x 104 5 27" =~ 90 % e Deep features are highly redundant;
Detailed combination > P pecuction

e BoVW is not as robust as deep feat;
e Perf. depends on dataset complexity.
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