Deep Transformation-Invariant Clustering
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Motivation

Goal — efficiently cluster images, even in the wild

Challenge — distances not invariant to image transformatlons
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Previous work
1. Clustering in a feature space
state-of-the-art  struggle with real images

2. Align images In pixel space before clustering them
highly interpretable  difficult optimization  simple alignments

hard to interpret

Contributions
1. Joint learning of clustering and deep alignment in pixel space
2. Approach with state-of-the-art and interpretable results

Results

Standard image clustering benchmarks
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Method Runs

Clustering on a learned feature
DEPICT [2] 5 avg 96.5 91.7 963 91.5 964 92.7 39.2 39.2
DSCDAN [3] 10 avg 97.8 94.1 98.0 94.6 869 85.7 66.2 64.5

Clustering on a learned feature with data augmentation and/or ad hoc data representation

IMSAT [4] 12 avg 9847 - - - - - 57371 10.6
IIC [5] S avg 9847 - - - - - - - - 10.6
5 minLoss 99.27 - - - - - - - - 10.6

Clustering on pixel values
K-means 10 avg 54.8 502 559 512 653 61.2 54.1 514 122 10.5
DTI K-means 10 avg 97.3 94.0 96.6 94.6 864 882 61.2 63.7 44.5* 96.7
10 minLoss 97.2 93.8 98.0 953 89.8 89.5 574 64.1 62.6" 96.8

Pytorch code

Method

Standard clustering

® sample x;

X prototype c;

X prototype co

X transformed T, () (c1)
X transformed Ty, (5,) (c2)

f1. deep predictor

Clustering loss
N

Standard L(c1.x) =

Deep Transformation-Invariant (DTI)

Loti(ci:x, f1:x) Zl

Filtered web images (MegaDepth [6])
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Transformation sequence 75~ ©

Transformation modules
- spatial transformers [1] — affine Taff |

projective 75" *  thin plate spline T P
- color transformatlon 7}3

- morphological transformation 75" (new)
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Key elements for training
— curriculum learning + cluster reassignment

Raw Instagram hashtags

#balitemple

#santaphoto

#yogahandstand #weddingkiss #trevifountain
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