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Introduction

Effective systens for visud reasonig mud cope with input variability cause by many differert factors In response,
a variety of approachsg have attempte to leam image representatianthat are invariart to photometr¢ and geometric
distortions Methods like Boost-SSC/PH [1], varians of Neighborhod Componerg Analysis (NCA) [2, 3, 4] ard Di-
mensionaliy Reductiao by Learnirg an Invariart Mapping (DrLIM) [5] use supervisd learnirg to map high-dimensional
imagesto alow-dimensionaspa® in which nearesneighbos are easily computablearnd obsevatiors tha are perceptu-
ally similar have high measurald similarity. However, thee method empby abinaly notion of pairwise similarity, either
throuch prede nal classs or by thresholdirg realvalued labels Sud labelings are expensgve to obtain often dif cul t to
de neand canna represehgradel similarity which may bene t learning.

In recen years Amazm Mechanica Turk and othe crowd-sourcirg platforms have emeged as away of accelerating
vision and othe tasks often for rapid labeling of mass$ve image dataset Most of thes technique ask the participants
to explicitly provide desirel ssgmentationsfeatuie points con gurations pose or class labels For coninuaus domains,
especialy for similarity measurespeopk have more dif cult y supplyirg consistehlabels We propo a new paradigm
for learnirg invariart mappingsactivecrowd sourcirg throudh imitation. Conside the problem of learnirg an embedding
in which peopkin similar pos lie close-ly. The rst step in thistak isto obtain many images of peopkin similar pose
but with differert clothing backgroundslighting and othe appearanechangesObtainirg this data is time-consuming.
Moreover, judging the degree of similarity betwe& obsevatiors is non-tivial and inconsistehacros obsevers Other
works (e.g [1, 6, 7]) have usel synthetc rendering to a modes degree of successbut we believe there is a bette source
of red dattha exhibits the sane amoun of variability a modé would obseve at teg time. Given an image of a person
in pose peopk have aremarkabé ability to mimic its content Therefore we can exploit the abundane of webcans to
quickly crowd-soure a massve dataseof peopk in similar pos by askirg peopk to imitate images (Fig. 1a).

A key aspetof our approad isthe use of temporécoherenein video to both increag the numbe of similar examples
and introduee gradel similarity, which we demonstrag improves the quality of the embedding Temporé coherene has
bean useal to leam invariart features [9] but in a very differert conext. Thee method directly lean from frames of
video whilewe use video only asasoure of seal images presentd to users Our mode learrs only from use-contributed
imitations many of which could correspod to asingle frame of the origind video. We use scere cuts and correspondence
by frame numbe to determire the gradel similarity of the imitations.

Method

Our online learnirg algorithm isbasel on DrLIM [5] and adapte to graded similarity. It istrained by stochast gradient
descentard can be used with arbitraly nonlinea mappings Our mapping shown in Fig. 1b, isasiame® network tha pro-

cesse pairs of images through two identicd pathways ead of which isastandad convnet, similar to ones used for object
recognition The lossis compute& on the output of ead image and its gradien is backpropgated throuch ead pathway.

We examire severd ways of mappirg discret distancs obtaina from frame numbes to realvalued similarity scores.

Experiments

We conside the problem of matchirg peopk in similar pose but in severely differert settings Rathe colled dat our-
selves weleverage an existing projed in an unintendé way. One Frame of Fame[8] isamusk video createl by the Dutch
bard C-Mon & Kypski. It contairs membes of the bard performirg avariety of poses choreographeito music However,
there isatwist: the bard aims to replae selecte frames of their video with imitations capturel from the webcam of an
anaymous visitor. The bard has createl a web applicatio to solicit frames A visitor to the websik is presentd with a
frame of the origind video ard they are asked to imitate tha pose using their own webcam At the time of writing, theband
had collectad 25,98 images Theimages are of su cient resolution to impeck linear or vecta-basel nonlinea mappings.
The numbe of images istoo large to work suitably with the batcdh method like NCA. Our modd istrained on a subsé of
24,065 (uncleanellimages ard testel on a subséof 1,28 (uncleanejlimages Sampé quely resuls are shown in Fig. 2.
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Figure 1: (a) Schemat of our approachWe assune for eat frame of video, there exists an unobseved low-dimensional
representatioof pose,Z. A seal image is generatd by mappirg from pose spae to pixels, X , through an interpretation
function Our methal learrs a nonlinea embeddingf (X j ) which approximate& with alow-dimensionavecta. In
the exampk above, uses are aked to imitate seal images taken from a music video [8]. (b) Convnet architectue for

learnirg anonlinea mapping.
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Figure 2: Sampe retrieval results Each row isaquer. We selet¢ ates image (colurm 1) ard n dits 10 nearesneighbors
using our learnel embedding Ord-Caw (simple) Text indicates seal id (left) and distan@ from the quew (right).
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