2018

CVPR

SALT LAKE CITY « JUNE 18-22

Mining on Manifolds: Metric Learning without Labels
Ahmet Iscen® Giorgos Tolias®. Yannis Avrithis?. Ondfej Chum’

Visual Recognition Group, CTU in Prague, “Inria

CTU

Ve ?“' {
R % V4
\y \ CZECH TECHNICAL W
J UNIVERSITY - ,
IN PRAGUE INVENTEURS DU MONDE NUMERIQUE

Goal: unsupervised mining of training samples

Image collection without labels
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the top 100 anchors according to node importance

PGS

Y TRE A

Randomly sampled anchors from
TETaTTE b ‘ 3

Il

. Lt r:“: ! i
P

i

Randomly sampled anchors from the top

LN o A -

Mining on Manifolds (MoM): Approach

1. Input: unordered collection of n images
2. Construct affinity matrix A = (a;;) € R™"
3. Compute stationary prob. distribution 7 of random walk on A.

4. Anchor selection: local maxima of m on A.

5. For each anchor y

. Top-k manifold (M (y)) and Euclidean (E(y)) neighbors.
. Choose positive images:

Sy)={xe X :xe M(y)\ Ey)}

. Choose negative images:

ST(y)=ixe X :xe E(y)\ M(y)}.

see poster 2778 for manifold search, a.k.a diffusion
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Particular object retrieval
» Training set: 1M unlabeled Flickr images
» Extract R-MAC descriptors with pre-trained network
» Mine 1k anchors
» Mine positive and negative pools per anchor (50 images per pool)
» Train MAC image descriptors as in Radenovi¢ et al. [6]
» Test sets: Oxford, Paris, Holidays, and Instre datasets

Fine-grained categorization
» Training set: images for 100 CUB200-2011 classes, as in [4] but unlabeled
» Extract R-MAC descriptors with pre-trained network

» Set each training image as anchor
» Mine positive and negative pools per anchor (50 images per pool)
» Train 64D image descriptors with triplet loss

» Test set: remaining 100 CUB200-2011 classes, standard benchmark [4]

Oxford

Particular object retrieval

Instre Oxford105k  Paris106k
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R-Oxford+1M R-Paris+1M
Il ImageNet Il SfM [6] |

See paper 2730 [5] for R-Oxford and R-Paris benchmarks.
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