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We are using hyperbolic loss to learn this structure from real-world images!
Representation learned by our model.

Pre-train Bbox VOC IN-100 IN-1k
MoCo-v2 COCO - 6479 64.84 51.17
HCL w/o Lyy,  COCO SS 73.13 73.84 54.21
HCL w/o Ly,  COCO GT 75.55 76.22 54.52
HCL COCO SS 74.19 75.16 55.03
HCL COCO GT 76.51 76.74 55.63
MoCo-v2 Openlmages - 69.95 72.80 54.12
HCL w/o Ly, Openlmages SS 71.82 75.33 56.58
HCL w/o Ly, Openlmages GT 73.79 77.36 57.57
HCL Openlmages SS 74.31 78.14 58.12
HCL Openlmages GT 75.40 79.08 58.51

e Linear evaluation results.

Object images of the same class tend to gather near the center around similar directions, while the scene

images are far away in these directions with larger norms.







C
O
—

®
=
—

O
=




C
O
—

®
=
—

O
=




Motivation

® Objects from visually similar classes lie close to each other in the representation space.
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*Wu, Zhirong, et al. "Unsupervised feature learning via non-parametric instance discrimination." CVPR 2018.

e Real world images have much more diversity and structure in them as compared to ImageNet images.




e Hyperbolic distance:

Background
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(a) Geodesics of the Poincaré disk

(b) Embedding of a tree in B
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(c) Growth of Poincaré distance

* Nickel, Maximillian, and Douwe Kiela. "Poincaré embeddings for learning hierarchical representations." NeurlPS. 2017




Proposed approach
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* Two object regions are cropped to learn object representations with the euclidean loss.
e Scene region with a contained object region is used to learn scene representations using
hyperbolic space.



Proposed approach
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® Here zlhypand 22h jare the projected features on the Poincare ball.
® d isthe riemannian distance on the Poincare ball.



Results using HCL.

Pre-train Bbox VOC IN-100 IN-1k
MoCo-v2 COCO - 6479 64.84 51.17
HCL w/o Ly,  COCO SS 73.13 73.84 54.21
HCL w/o Lyy,  COCO GT 75.55 76.22 54.52
HCL COCO SS 74.19 75.16 55.03
HCL COCO GT 76.51 76.74 55.63
MoCo-v2 Openlmages - 69.95 72.80 54.12
HCL w/o Ly, Openlmages SS 71.82 75.33 56.58
HCL w/o Ly, Openlmages GT 73.79 77.36 57.57
HCL Openlmages SS 74.31 78.14 58.12
HCL Openlmages GT 75.40 79.08 58.51

AP APB, AP2, AP™ APZ APH
MoCo-v2 pre-trained on COCO:
Baseline 385 58.1 421 348 553 373
HCL w/o Ly, 39.7 60.1 434 360 573 388
HCL CC 40.6 61.1 445 37.0 583 39.7
Dense-CL pre-trained on COCO:
Baseline 39.6 593 433 357 565 384
HCL w/o Ly, 413 615 447 375 595 404
HCL 425 625 458 385 60.6 414
ORL pre-trained on COCO:
Baseline 40.3 602 444 363 573 389
HCL 414 614 455 373 585 40.0
Dense-CL pre-trained on Openlmages:
Baseline 382 589 426 348 553 378
HCL w/o Ly, 41.1 61.5 444 372 583 397
HCL 42.1 62.6 455 383 594 40.6

e Linear evaluation results.

* Object Detection and Semantic
Segmentation results on COCO.



Analysis

Largest norms (scenes)
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* The 5images on the left have the smallest representation norms among all the images from the
same class, and the 5 on the right have the largest norms.




Label Uncertainty quantification
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e Average representation norms of images with different number of labels in
ImageNet-Real



