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Figure 1. Two visually similar species from the iNat2017 dataset. Figure 2. Distribution of training images per species. 1Nat2017

Through close inspection, we can see that the ladybug on the left contains a large imbalance petween classes, }Vl.lere. the top 1%
has two spots while the one on the right has seven. most populated classes contain over 16% of training images.



Cole et al., When Does Contrastive Visual Representation Learning Work?, CVPR 2022
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Two-spotted ladybug Seven-spotted ladybu
Adalia bipunctata Coccinella septempunctata

Figure 1. Two visually similar species from the iNat2017 dataset.
Through close inspection, we can see that the ladybug on the left
has two spots while the one on the right has seven.
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Male and Female Blue Grosbeak (Passerina caerulea)
Image credits: Ed Schneider/Shutterstock.com (left), Steve Byland/Shutterstock.com (right)

Figure 2. Common data challenges: (1) Illumination: Animals
are not always salient. (2) Motion blur: common with poor illu-
mination at night. (3) Size of the region of interest (ROI): An-
imals can be small or far from the camera. (4) Occlusion: e.g.
by bushes or rocks. (5) Camouflage: decreases saliency in ani-
mals’ natural habitat. (6) Perspective: Animals can be close to
the camera, resulting in partial views of the body.
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Figure 3. Number of annotations for each location, over the two
classes. The distribution images per location is long-tailed, and
each location has a different and peculiar class distribution.



Why are these hard problems in computer vision?

Optimization Representation



Data Imbalance
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Imbalance

A few strategies



Over/under-sampling




Over/under-sampling




Over/under-sampling




Loss weighting

Loss x 10




LOSS weighting

| 0SS X 1 Loss x 10







Data augmentation/generation




In practice: What is “good”?
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In practice: What is “good”?

200
Correct predictions
Accuracy =

150 All predictions
S 100
S

o my classifier():

0
0 99.5% accuracy!

positive negative

example



In practice: What is “good”?
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Fine-Grained Classification



Two-spotted ladybug Seven-spotted ladybug
Adalia bipunctata Coccinella septempunctata
Figure 1. Two visually similar species from the iNat2017 dataset.
Through close inspection, we can see that the ladybug on the left
has two spots while the one on the right has seven.

Granularity spectrum




Representation challenges

t-sne on vggl6 features cifarl0
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Representation challenges
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Simple solution: More representation capacity

Image Classification on iNaturalist

Leaderboard
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Simple solution: More representation capacity
Caveat: need enough data to separate the classes

Image Classification on iNaturalist
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How do we get here?
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Metric / Contrastive Learning

distance of dissimilar pair(s) > distance of similar pair(s)

o Triplet loss (Schroff et al 2015):

Liripiet (%, X7, x7) = ) max (0, || f(x) — f(x")[|3 = [ £(x) = f(x)I3 +e¢)
e \margin




Importance of hard negatives

Easy
negatives

Semi-hard negatives




Beware the objective function

Cole et al., When Does Contrastive Visual Representation Learning Work?, CVPR 2022 Slide: Elijah Cole



Beware the objective function

Cole et al., When Does Contrastive Visual Representation Learning Work?, CVPR 2022 Slide: Elijah Cole
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Two-spotted ladybug Seven-spotted ladybug
Adalia bipunctata Coccinella septempunctata
Figure 1. Two visually similar species from the iNat2017 dataset.
Through close inspection, we can see that the ladybug on the left
has two spots while the one on the right has seven.
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Explicit feature matching
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+ more data
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Figure 8. Pre-trained models
. performance evaluation. We
({\(/)Impare DI.NOVZ (V1"[‘.—L/p14—518), CLIP (ViT-L/p14-336), and
egaDescriptor-L (Swin-L/p4-w12-384) on 29 selected datasets.
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