PIEs: Pose Invariant Embeddings

Chih-Hui Ho, Pedro Morgado, Amir Persekian, Nuno Vasconcelos u
University of California, San Diego =

Introduction Proposed method

« Pose Invariant recognition is a difficult task, as an ideal embedding should map all Embedding
the images of an object collected from multiple views into a single point. configuration
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Experiment

« 5 evaluation tasks on 3 datasets (ModelNetll], Mirol®! and ObjectPI)
- Classification (Cls.): single view cls., multiview cls.
- Retrieval (Rtr.) : single view object rtr., single view class rtr., multiview class rtr.

Description

« The introduction of multiview synthetic datasets, such as ModelNet!l!, motivated a

. . L . * Designed for single view task
new wave of algorithms for multiview classification and retrieval.

* View embedding v of images from different objects but same
class can interleave with each other
* Not a good embedding for tasks such as retrieving other views

ModelNet (12 views)
Classification Retrieval
(Accuracy %) (mAP %)

Single Multi Avg. | Object Single Multi Avg.
RN[3] 80.2 89.0 846 | 226 202 639 356

Method Table 1. Comparison with state of the

art multiview methods on ModelNetlll
dataset. Shadow denotes that the

« One of the most popular architectures is the multiview-CNN![2l (MVCNN), which
complements a standard CNN embedding with a view pooling mechanism that

o .
produces a Shape embedding_ e o from same ObJECt MV-CNNJI2] | 71.0 879 794 | 29.6 417 T71.5 47.6 result of PIE is better than that of
. o o o » Loss for proxy based network using single view embeddin PLCNN | 854 80 867) 508 775 818 70.0 "
+ However, the multiview setting is not realistic for most real world applications, where ° e P exp{_d(vc )) J 59 J MV-TC[3] | 773 889 83.1| 366 635 840 614 | Multiview based.
. . . . . . | | - LosS = Cy PLTC | 812 889 851 | 414 715 842 657
there Is no guaranteed that all the views will be available during test time. Single view Sivy €XD(~d(v,C))) MV-Proxy | 797 89.6 847 | 350 661 851 621 08251
. . . L . Pl-Proxy | 85.1 887 869 | 40.6 799 851 686 .
* Previous works tend not to perform well for single view classification and retrieval, - -
: : . ' - - - . . . 0.775 -
because the embedding of a single image (or view embedding) Is not constrained to +  Designed for multiview task - | Table 2. Proxy based methods on ObjectP!. .
pe similar to the shape embedding of its associated object. « Assume all views are provided during inference time a =1, B = 1is used in pose invariant go°725
- To overcome this issue, we propose pose invariant embedding (PIE) by encouraging * No constraint between view embeddings v to its associated distance for PI-Proxy. £ 4700
- Different view embeddings from same object close to its shape embedding. shape embedding s | Task Proxy MV-Proxy PI-Proxy o675
- Different objects from same class close to its associated class embedding. * Performing worse on single view task | Single| 68.5  63.2 68.7 s — Pl-Proxy
« Loss for proxy based network using multiview embedding Class. - MV-Proxy
. . .o . MUltl 78.8 78.3 80.0 0.625 - — Proxy
« Experiments show that PIE achieves good performance for both 1) classification and _ exp(—d(s.cy)) | | | | | | , ,
. . L. - Loss = (Acc.) Avg | 73.7 70.7 74.4 1 2 3 4 5 6 7 8
ret”eval, and 2) S|ng|e and mU|t|V|eW |nference. Ziiy exp(—d(s,ci)) # of view given at inference time
| | Object| 47.7 493 49.4 | . .
» The concept of PIE can generalized to CNN, triplet center® and proxy-NCA4 based Retr. Single[ 597 579 6.6 Figure 2. Classification accuracy (y axis) of
approaches, as illustrated in the taxonomy of embeddings in Figure 1. _ _ _ - Multi (768747 7e5 — OblectPl as a function of number of views (x
« Applicable to both single view or multiview task APY A 61.4 60.6 63.4 axis) given at inference time. PIE (red) is more
 Better embedding structure in embedding space (MAP) Avg ' ' : robust to the number of views provided.

* Pose Invariant distance is proposed for training
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Dataset

A new multiview dataset, ObjectPlI, Is proposed for
real world multiview task evaluation.

- Containing 500 real world objects

- Each object is imaged at 8 viewing angles

- Image contains complex background

CNN Proxy-NCA

Triplet Center (TC)

Figure 1. Taxonomy of embeddings learned by different methods according to different level
of invariance. Green solid boxes represent methods in the literature and yellow dashed
boxes represent methods proposed in this work.

Website & dataset available at svcl.ucsd.edu/projects/OOWL




