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Motivation

e Whois in the picture.
® Access to only weakly/Ambiguously labeled data.

® Learnfrom this Ambiguously labeled data.
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Dataset

® TV Videos: 100 episodes of LOST and CSI.

® Labeled Faces in the Wild.




What is Ambiguous
Labeling?

® Eachimage/example is supplied with multiple
potential labels.

e Only one of the labels is correct. (true label)



Formulation

For supervised multiclass setting:

X € X, the set of inputandy € {z, ..., L}, the set of

labels

S = {(x; Y}

I=1...m.

For the partially supervised setting:

Y. =

yiUZ

S= {(Xil Yi‘r Z|)}

I=1...

Y. €fa,..., L]

m.
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The Model

A mapping from inputs to d-real valued features.
f(x) : X — Rd

multi-linear classifier g(x), with L components, one
for each label.

g?(x) =w? - f(x), a € {a,...,L}
g?(x) is the class score and w? are L x d weights.

The prediction of the classifier is determined by:

g*(x) = arg max, g3(x)



Loss Functions

® The usual o/1 loss:
Lo:L(g(X); y)=1 (g*(x) £Y).

® Inourcase, the ambiguous o/1 loss:

L..(g(x),Y;) =1 (g*(x) €/ Y)).

® Need a way to upperbound the o/1 loss with the
ambiguous loss.



Ambiguity Degree

® ambiguity degree g(P) of a distribution P(x,y,Z):

i P = aUp Pla € Z |z y)
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Proposition 1

e Forany classifier g and distribution P with €(P) <1

Ep[Lolale). ¥)] < Bp|Ly lgle). w]]

1
< | A ), ¥
= 1P PlLoulglz), ¥ )]

® We can bound the unobserved o/1 loss by the
observed ambiguous o/1 loss.



Problem!

e unlikely pairs (x, y) might force € to be large, making
the bound very loose.



Solution

® (g, 0)-ambiguous distribution.

e A distribution P containing a subset of the space
A C X x {1,...,L} with probability mass at least 1 - §,
(i.e. P ((x, y) EA) 21 - 0), where

Sp Piloec £ | x40 <e
ETELE FEL=E N P

® Rewrite proposition 1 in terms of € and 0.



Proposition 2

® Forany classifier g and (g, §)-ambiguous P(Z | x,y),

_ . | : .
Ep|Cmlglx) w)| < l—Erf_-’:r-]': gl ]| + 4.
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® The bound now depends on € instead of &(P).



Label Specific bounds

® Further tighten the bounds by considering label
specific information.

® Define alabel specific ambiguity degree €3(P)

[Py = SUL| Pla € Z| 2,9 =a).
rEA ' E4{1,... L}



Proposition 3

® Forany classifier g and distribution P with €3(P) <1,

Er[lnlglz),w) |w=a] < Ep|fnlg(z), Y} |y = 1]

|



Convex Learning
Formulation

® Binary loss function Y(-) : R — R,

@ Combine binary losses to create a multiclass loss
function.

e Example of a binary loss function: Square hinge loss.

(g°(x)) = max(o, 1 - g?(x))



Proposed Loss function
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The Algorithm

® Select a classifier g which minimizes the loss.

® An optimization problem.

Solved using L2 regularization.
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Experiments

Dataset: Labeled Faces in the Wild.
Take first 5o images of 10 most frequent people.

Goal: correctly label faces from examples that have
multiple potential labels (transductive case), as well as
learn a model from ambiguous data that generalizes
to other unlabeled examples (inductive case).

Results report the average test error rate over 20
trials.



Baselines

Random model.

IBM Model 1

Discriminative EM

k-nearest neighbor (uniform weights)

k-nearest neighbor (linearly decreasing weights)
Naive model

Supervised models.



Inductive setting

e
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Increasing the ambiguity size.



Transductive setting

Increasing the ambiguity size






Original Problem

Labeling people in TV shows.
Dataset : 100 episodes of LOST and CSI.

Extract ambiguously labeled faces to learn models of
frequently occurring characters.

Experiment with top {8,16,32} characters.
Ambiguous bag size restricted to maximum of 3.

Same algorithm as used for Labeled faces in the wild
dataset.



Class confusion




Adding constraints

® Mouth motion

[i] \f mouth Eoion
¥ ot g Y ifrefse o prshct or | Y| = {a}
¥ —{at f ab=wnce of mouth midsn

® Gender constraints

¥ — o aismale} i gender predacts female

1 it gender unceriain
T
¥ — o ais kmale} i gender predicts male



Adding constraints

® Grouping constraints.

® y, #y;if face tracks x;,x; are in two consecutive shots

LOST (#labels. #eps.) | (8.16) | (16.16) | (32.16)

Maive 145% 16.5% | 1&E.5%
Ours {"mean’ 105 | 4% | 7%
CHIFS+Comnsirains hS 11% 135




Ablative analysis

® Foragivenrecall rate r € [0, 1], extract the r - m most
confident predictions and compute error rate on
those examples.




Examples classified as Kate in LOST. The precision is
97.5%.




Thank you!




