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Abstract V

Face identi cation is the problem of determining
whether two face images depict the same person or not.
This is dif cult due to variations in scale, pose, light-
ing, background, expression, hairstyle, and glasses. In
this paper we present two methods for learning robust dis-
tance measures: (a) a logistic discriminant approach which
learns the metric from a set of labelled image pairs (LDML)
and (b) a nearest neighbour approach which computes the
probability for two images to belong to the same class
(MKNN). We evaluate our approaches on tabeled Faces
in the Wild data set, a large and very challenging data set
of faces from Yahoo! News. The evaluation protocol for this
data set de nes a restricted setting, where a xed set of pos- Figure 1
itive and negative image pairs is given, as well as an unre- Labeled Faces in the Wildata set. We show pairs that were cor-
stricted one, where faces are labelled by their identity. We rectly (top) and incorrectly (bottom) classi ed with our method.
are the rst to present results for the unrestricted setting,
and show that our methods bene t from this richer train- ) ) S :
ing data, much more so than the current state-of-the-art scores for visual |der_1t| cation can also bg_apphed for o_ther
method. Our results of 79.3% and 87.5% correct for the problems' such as _V|s_uallsat|on, recogmthn_from a §|ngle
restricted and unrestricted setting respectively, signi cantly examp'e L4, assomatmg names ar)d faces |n.|mages. I
improve over the current state-of-the-art result of 78.5%. or video [7], or people oriented top|F: models.ﬂ.

Con dence scores obtained for face identi cation can be ~ Recently there has been considerable interest for face
used for many applicatione.g clustering or recognition ~ &nd visualidenti cation}, 8,12, 15, 20, 24]. Faces are par-
from a single training example. We show that our learned ticularly challenging due to possible variations in appear-

metrics also improve performance for these tasks. ance, see for example FiguteFurthermore, the analysis of
humans (identity, pose, actions, etc.) is an important topic

in computer vision. In this paper we propose two methods
1. Introduction for face identi cation based on learning Mahalanobis met-

rics over a given representation space. The rst method,

Face identi cation is a binary classi cation problem over LDML, uses logistic discriminant to learn a metric from a

pairs of face images: we have to determine whether or notset of labelled image pairs. Its objective is to nd a metric
the same person is depicted in both images. More genersuch that positive pairs have smaller distances than negative
ally, visual identi cation refers to deciding whether or not pairs. The second method, MKNN, uses a set of labelled im-
two images depict the same object from a certain class. Theages, and is based on marginalising-aearest-neighbour
con dence scores, ax posterioriclass probabilities, for the  (kNN) classi er for both images of a pair. The MKNN clas-
visual identi cation problem can be thought of as an object- si er computes the marginal probability that the two faces
category-speci ¢ dissimilarity measure between instancesare the same persong. marginalising over who that ex-
of the category. Ideally it is 1 for images of different in- actly is. For this second method we also use a learned met-
stances, and 0 for images of the same object. Importantly,ric, albeit one that is optimised for kNN classi catiof].




Metric learning has received a lot of attention, for re- 2. Metric Learning for Face Identi cation
cent work in this area seeg. [1, 6, 9, 10, 23, 25]. Most . :
methods learn a Mahalanobis metric based on an objec- In t_h|s seqtlon we .prese.nt three method; to learn Maha-
tive function de ned by means of a labelled training set, lanobis metrics for visual identi catlor?_. First we present
or from sets of positive (same class) and negative (dif- two state-of-the-art methods, LMNNEF and ITML [6].

D
ferent class) pairs. The difference among these methodsThen we propose our method, LDML. We note 2 R

mainly lies in their objective functions, which are designed Fhe representation of imageandy; its class label. Image

for their specic tasks (clustering?fp], kNN classi ca- | andj .form a positive pair'ifyi =Y and a negative pair
tion [23). Some methods explicitly need all pairwise dis- otherwise. The Mahalanobis distance betweeandx; is

tances between points(]], making large scale applications dw (Xi;X;) = (Xi X )” M (X; Xj); (1)
(say more than 1000 data points) more dif cult. Among the - ) N ) )
existing methods for learning metrics, large margin near- WhereM 2 R is a symmetric positive de nite matrix.
est neighbor (LMNN) 23] and information theoretic metric
learning (ITML) [6] are state-of-the-art. Surprisingly, there
is a lack of experimentation of these techniques on chal- Recently, Weinbergeet al. introduced a method that
lenging, large, real-world data sets of human faces. learns a matrixM designed to improve results kfnearest
Compared to other face identi cation methods, experi- neighbour (kNN) classi cation{]. The intuition is that
mental results show that our metric learning approaches ardor each data point such a metric should makekimearest
able to improve results signi cantly if more training data neighbours of its own class — target neighbours — closer than
is available. This is, for example, not the case for the cur- points from other classes. The objective is composed of two
rent best approach of{], as it does not learn parameters terms. The rst term minimises the distances between tar-
in a discriminative manner, but based on an estimate of theget neighbours, while the second term is a hinge-loss that

2.1. Large Margin Nearest Neighbour Metrics

covariance over all available face images. encourages target neighbours to be at least one distance unit
We report experimental results on thabeled Faces in ~ Closer than points from other classes. N
the Wild (LFW) data set[4], which is thede factostandard Rather than requiring pairs of images labelled positive or

dataset for face identi cation. It contains 13233 labelled N€gative, this method needs labelled tripleg | ) of tar-
faces of 5749 people, for 1680 people there are two or mored€t n€ighbourgi;j ) and points which should not be neigh-
faces. Furthermore, the data is challenging, as the faces ar0Urs(i;1). Itis thus not possible to use it in the restricted
detected in images “in the wild”, taken froitahoo! News ~ Setting. However, triples can be formed from the labelled
The faces exhibit appearance variations as they occur in unfraining data(xi;y;) in the unrestricted setting. This ap-
controlled settings, including changes in scale, pose, light-Proach may not be optimal when thresholding the distances,
ing, background, hairstyle, clothing, expression, color sat- _but is well suited to use as base metric to de ne neighbours
uration, image resolution, focus, etc. The data set comesn 0Ur MKNN approach that we present in Sectidn
with xed, fully independent training and test data sets, and
allows two forms of supervision. In the “restricted” setting
a subset of pairs are labelled as being the same person (posi- Daviset al. [6] have taken an information theoretic ap-
tive) or not (negative). In the “unrestricted” setting, one can proach to optimizéVl under a wide range of possible con-
use all available face labels, either by using them directly, straints and prior knowledge on the Mahalanobis distance.
or to generate larger sets of labelled pairs. This is done by regularizing the mati such that it is as

In Section2, we describe our logistic discriminant-based close as possible to a known pridro. This closeness is in-
metric learning method and existing state-of-the-art metrics terpreted as a Kullbach-Leibler divergence between the two
(LMNN [ 23], ITML [ 6]), and in Sectior8 our marginalised ~ Gaussian distributions correspondingMoandM o. Typi-
kNN method. We present the data set and experimentalcally, the other contraints will be of the fordw (xi; ;)
setup in Sectiort, and the experimental results for face U for positive pairs andiv (xi;X;) | for negative pairs.
identi cation in Section5. In the restricted setting, we nd ~ The trade-off between satisfying the constraints and regu-
slightly improved performance, 79.3%, as compared to thelarization is controlled in the objective function using an
current state-of-the-art result of 78.5%/, but only our ~ additional parameter. The parameterd o, upper bound
method bene ts from the larger training set of the unre- U, lower bound and have to be provided, although it is
stricted setting, pushing the accuracy to 87.5%. also possible to resort to cross-validation techniques.

Additional experiments presented in Secti®show that
our learned metrics also lead to improvements in cluster-
ing and recognition from a single example. We present our  Our proposed method is based on the idea that we would
conclusions and directions for further research in Section like the distance between images in positive pairs to be

2.2. Information Theoretic Metric Learning

2.3. Logistic Discriminant based Metric Learning



smaller than the distances corresponding to negative pairs,
and obtain a probabilistic estimation of whether the two im-
ages depict the same object. Using the Mahalanobis dis-
tance between two images, we model the probahjljtthat
pairn = (i;j ) is positive,i.e. the pair labet, is 1, as:

Pn = P(Yi = YjiXisxjsMi = (b du (xi5xj)); (2)
where (z) = (1 +exp( 2z)) !is the sigmoid function
andb a bias term. Interestingly for the visual identi cation Figure 2. Schematic representatiorkaf 10 neighbourhoods for
task, the bias will directly work as a threshold value and is x; andx;, and the 24 neighbour pairs (out of 100) that have the
learned together with the metric parameters. same name and contribute to the score.

Note thatdw (Xi;X;) is linear with respect to the ele-
ments oM , and thus, whenwe rewrify = (b W~ X,,)

whereW is the vector containing the elementsMf and Pyi = gxi) = nc=k, whereng is the number of neigh
X, the entries ofx;  x;)(xi x;)” , the model in Eq.%) bours ofx; of classc. Here, we have to predict whether a
n A R R q: pair of imagegx;; x; ) belongs to the same class, regardless

appears as a standard linear logistic discriminant model. We . J . .
. oo C of which class thatis, and even if the class is not represented
use maximum log-likelihood to optimize the parameters of

. . } in the training data. To answer this question we compute the
the model. Thexlog-llkellhood can be written as: marginal probability that we assign andx; to the same

L thlnpn + (L ta)IN(L  pn) 3) class using a kNN class)l(er, which equals:

X plyi = YjiXi;xj) = plyi = ¢ixi)p(y; = c¢jX;)
(th  Pn)Xn; (4) ¢ x
n =k 2 nin: (5)
which is known to be smooth and concave. The optimiza- c
tion process, using gradient ascent, is therefore simpler and  Alternatively, we can understand this method directly as
faster than ITML or LMNN. a nearest neighbor classi er in the implicit binary labelled
Several convex constraints can be imposed on the ma-=set of N2 pairs. In this set, we need a measure to de ne
trix M, such as diagonality or positive de niteness, without neighbours of a pair. One choice to do so for a |f&ir x; )
losing the smoothness or concavity of the log-likelihood. In is to take all the pairs we can make using one oktineigh-
this case, the maximum likelihood estimates for the metric bours ofx; and one of thé neighbours ok; . The proba-
M and bias ternb are obtained using the projected gradient bility for the positive class given by this classi er for a pair
method of B]. Positive de niteness is required in appli- is then determined by the number of positive and negative
cations where the data needs a vectorial representation. Fomieighbour pairs, and is precisely given by E9). (
our experiments, we did not constréih, as we only use the Either way, the score of our Marginalized kNN (MkNN)
probabilities given by Eq.2). A prior can also be added so  binary classier for a pair of imagegx;;x;) is based
as to obtain a MAP estimate bf . We refer to this method  on how many positive neighbour pairs we can form from

rL

as LDML, for logistic discriminant metric learning. neighbours ok; andx; . In Figure2 we illustrate the proce-
dure with a simple example. We expect this method to ben-
3. Identi cation with Nearest Neighbors e t from an LMNN base metric to de ne the neighbours, as

it is designed to improve kNN classi cation.

In the previous section we presented methods to learn Using this approach, we pro t from the amount of avail-

Mahalanobis metrics, which are always linear transforma- e gata and exibly model non-linearities, at the expense
.tlons Of, an original space. W'th this Ilmltat_|on, It may be of a higher computational cost at test time. It is not “local”
impossible to separate positive and negative pairs, as apj, the sense of usual kNN classi ers or other “local learn-
pearance variations for a single person might be non-llnearing., methods [, 9], as MKNN measures the correspondence
and larger than the inter-person variations for a similar POS€patween two distinct local neighbourhoods. It implicitly

and_ expression. In this s_ectlon, we Sh‘?W how kNN clgssp uses all pairs we can generate from the labeled faces.
cation can be used for visual identi cation. The resulting

non-linear, high-capacity classi er implicitly uses all pairs
that can be generated from the labelled data.

Normally, kNN classi cation is used to assign single The Labeled Faces in the WildLFW) data set con-
data point; to one of a xed set ok classes associated tains 13233 face images labelled by the identity of the per-
with the training data. The probability of clasdor x; is son [L4]. In total 5749 people appear in the images, 1680

4. Data Set, Experimental Setup, and Features



of them appear in two or more images. The faces were de-  Descriptor H L2 Hellinger
tected in images dO\.anoa'ded 'frOMhOO! Newsih 2002— LBP 67.65 0.7 | 68.13 0.7 | 68.33 0.6
2003, and_ show a bl_g variety in pose, expression, lighting,  1p gp 6690 04| 6682 04! 6658 02
etc. An aligned version of all faces is available, referred to FPLBP 6652 05| 6737 046710 05
as “funneled”, which we use throughout our experiménts. SIFT 67'78 0.6 68'50 0'5 68'77 0'4
The data set comes with a division in 10 fully indepen- ' ' ' ' ' '
dent parts (folds) that can be used for cross validation exper-Table 1. ROC-EMC classi cation results for L2, Hellinger anl
iments. The folds contain between 527 and 609 different distances for different descriptors.
people each, and between 1016 and 1783 faces. From all Method / PCA dim.H Original
possible pairs, a small set of 300 positive and 300 negative

Square Root

image pairs are provided for each fold. Using only these LDML /6.6 071 775 05
pairs for training is referred to as the “restricted” paradigm; ITML 3 (| 752 07) 758 05
in this case the identity of the people in the pairs cannot be LDA-based 738 04] 742 04
used. The “unrestricted” paradigm is used to refer to train- LDML 728 06| 728 04
ing methods that can use all available data, including the ITML 55 || 75.6 0.6 | 76.2 0.5
identity of the people in the images. This allows us to use LDA-based 749 08| 753 0.3
the labels directly as MkNN and LMNN do, or explicitly LDA-based 600l 786 04| 794 0.2

generate amuch larger numb(—?‘r of pairs per fold (thousandsrable 2. ROC-EMC performances for LDML, ITML and the
in each fold). Inturn, each fold is held-out to measure, on its | pa_pased method of 1] in the restricted setting (600 train-

600 pairs from the restricted setting, performance of classi-ing pairs per fold) using SIFT. The parameters for ITML are
ers learned on the 9 other folds. Below, we presentresultSy = | = =1 andMo = |. ITML and LDML are intractable
following both training paradigms. when using 600 PCA dimensions.

The results are reported based on the operating points
of the ROC curves at equal misclassi cation cost (ROC-

EMC). This standard performance measure slightly differs the histogram values),? and L2 distances. Perhaps sur-
from the accuracy used to report results on the LFW web- prisingly, the results in Tablé show that all descriptors and
site where a separate threshold is learnt for each fold. Fordistances lead to comparable ROC-EMC of 66% to 69%.
direct comparison with the state-of-the-art in Sectiof As the SIFT based descriptor performs slightly better than
we report performance using the LFW accuracy. the others, we use it hereafter to compare methods.

We have experimented with several feature sets for faces To apply our LDML approach we pre-process the data
used in recent work: Local Binary Patterns (LBR)], and using PCA (separately for each fold), as otherwise the num-
its variations proposed ir?f]]. For details on these descrip- ber of parameters is too large (almost 6 million). We tried
tors we refer the reader t@4]. Following [11] we have several dimensionalities for the PCA projection and found
also used SIFT descriptors computed at xed points on  that performance dropped when using more than 35 dimen-
the face (corners of the mouth, eyes, and nose) found usingsions, as shown in Tabl2 This is explained by the large
a facial feature detector]. We compute 128 dimensional number of parameters to estimate when using larger dimen-
SIFT descriptors at three scales, centered on 9 points, leadsional PCA spaces, which causes over-tting as we only
ingtoa3 9 128 = 3456dimensional face descriptor. have 5400 training samples in the restricted paradigm: 600

pairs from each of the 9 folds. We also nd that taking the
5. Experimental Results on Face Identi cation square root of_the data va!ues gives a small improve_ment.
For comparison, we trained an ITMI[6] metric and im-

In Section5.1 we present face identi cation results on plemented the state-of-the-art Linear Discriminant Analy-
the LFW data set in the restricted setting, and in Sedi@n  sis (LDA) based method?fl]. The performance levels re-
we present the rst results ever published on the unrestrictedported in Table2 show that, using the same descriptor and

setting. We compare to related work in Sectiof the same PCA dimensions, our method can outperform the
LDA-based method and ITML when over- tting is avoided.
5.1. Image Restricted Training Paradigm Using more PCA dimensions increases the performance of

) ) the LDA-based method and ITML, at the expense of a larger
We rst evaluate an unsupervised baseline method; re- face representation and higher training times.

sults are obtained by thresholding standard metrics. Since |nterestingly, SIFT based features yield better results

all our descriptors are histograms we applied the Hellinger ihan any of the descriptors reported ], where the best
(obtained as the L2 distance after taking the square root Ofsingle descriptor results in 74.6% accuracy.

1Data set available atittp://vis-www.cs.umass.edu/lfw/ 2Cf: http://www.cs.utexas.edu/users/pjain/itml/
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Method / PCA dim.|  1.000 2.000 | 10.000 90

T T T
LDML 763 0.6|77.2 05|77.4 05
ITML 35| 756 0.7|76.2 06]|759 0.6 i
LDA-based 740 06739 05|73.9 0.6 < 80 ’
LDML 76.2 0.4|785 05|804 04 § ‘ ‘
ITML 55| 77.3 05|783 04|784 0.6 B TO
LDA-based 748 0.6|748 04| 750 0.6 § -----------
LDML 713 0.8|76.7 08|832 04 % oL S TN
ITML 100 || 776 03| 784 05|80.5 05 w ‘ i
LDA-based 76,5 03|764 05|764 05 8 MkNN—IIZ% -
LDA-based 600] 79.3 0.3|79.1 0.2|79.1 0.3 o 50 F combined MKNN-L2 ------- -
Table 3. ROC-EMC classi cation results of LDML, ITML and MKNN-CMNN ———
LDA-based method in the unrestricted setting, when varying the combined MKNN-LMNN -------
number of training pairs per fold, and the PCA dimensionality of 40 R —
the SIFT descriptor. ITML and LDML are intractable with 600 1 10 100 1000
PCA dimensions. Number of nearest neighbours
Figure 3. ROC-EMC performance using the MkNN classi er, with
L2 and LMNN as base metrics.
5.2. Unrestricted Training Paradigm ITML | LDA-based| LMNN | LDML | MKNN

In the unrestricted setting more image pairs are avail- 80-° 05793 03805 05[832 04[831 05
able for ”a'”'”g- This reduces over- tting and allows us to Table 4. Comparison of ROC-EMC classi cation results for meth-
use models with more parameters. TaBlshows perfor-  4s in the unrestricted setting (SIFT).
mance of LDML when using an increasing number of train-
ing pairs: 1000, 2000 and 10000 pairs per cross-validation
fold, instead of the 600 provided in the restricted setting. As
expected, we see that the models with the largest number o
parameters bene t the most from an increased number of
training pairs. When using a 100 dimensional PCA pro-
jection of the SIFT datai.e. 5050 parameters, more than
10% increase in ROC-EMC is obtained by using 10 times
more training examples (90000 in total). Interestingly, us-
ing more training data signi cantly increases the perfor-
mance of our LDML model (up to 83.2%), but only slightly

impacts ITML and does not impact the current state-of-the- 83.5% for LMNN. Furthermore, for LMNN, this improve-

art LDA-based approach at all. This is because LDA is nhot . . . .
ment is consistent over all neighbourhood sizes, as shown

learning parameters in a discriminative manner, but relies. . .
. . . ; in Figure3. Figure4 shows some of the examples that were
on the leading eigenvectors of the covariance matrix over.

. . ) incorrectly classi ed using the LMNN metric, but were cor-
all available face images. These can be estimated accuratel ; . .
L g, : ectly classi ed using the MKNN classi er. The bene t of
based on a limited number of training pairs.

Using the labels of th icted . the MkNN classi er can be seen most for pairs with large
| Slirll/gllh}N%’ a gs 0 T\Ail\mreﬁ”ae hsetgng,L\Kv/ﬁ\lc,:\Ian em- pose and or expression changes.
ploy and our approach. - -or we Table 4 summarises the performance of the different

used a PCA_prolectlon O.f the data to 200 dlmensmr!s; USINGhethods in the unrestricted setting using SIFT features. We
less dimensions gave slightly worse results, and using more

. ) ) can observe that the performance of the MKNN classi er
dimensions gave slightly better results at the cost of much

: 9 ) with LMNN as a base metric is comparable to the best per-
higher training times. We used 5 target neighbours to Iearnformance we have obtained using LDML. Moreover, both
the LMNN metric; using between 3 and 20 target neigh- ’

. ; our approaches outperform the state-of-the-art methaeds,
bours gave similar performance, other values gave Sl'ghtlyLDA-based ITML and LMNN

worse results. This resulted in a best performance of 80.5%.

We, then, applled the MKNN classi er using L2, LMNN, 5.3. Comparison to the state-of-the-art
and LDML as base metrics. In the case of L2 and LDML

as base metric, the MKNN classi er did not give as good re-
15u|ts as the base metric. However, when using LMNN, de-
signed for kNN classi cation, as a base metric, the MKNN
classi er performs better when between 100 and 200 neigh-
bours are used: 83.1% instead of 80.5%, see Figui&fe

also considered a variant where a weighted sum of the base
metric and the class probability is learnt using a logistic dis-
criminant classi er. This combination brings a small im-
provement over the base metric from 67.8% to 69.2% for
L2, from 83.2% to 83.3% for LDML and from 80.5% to

In this section, we compare with previously published
3We used code available &tttp://www.weinbergerweb.net results on LFW [3, 20, 24]. We used the strict protocol



http://www.weinbergerweb.net

A

Figure 4. Examples of positive pairs correctly classi ed using the
MKNN classi er with LMNN as a base metric, but wrongly clas-
si ed using the LMNN metric alone.

true positive rate

LDML+MKNN (unresfricted) —_—

02 F LDML (restricted) ------- —

to calculate the ROC curve and accuracy for our method. Eg% ........
Note that each published result combines its own feature o , , , [20] e
extraction with its own machine learning technique, making 0 0.2 0.4 0.6 0.8 1
any conclusion harder to draw than in the previous sections. false positive rate

Following recent work 22, 24], we have linearly com- Method Accuracy
bined different scores to improve ClaSSI- cation per.for— Nowak, restricted{(] 73.93 05
mance. In the.restrlcted setting, we comblne.4_descr|ptors MERL+Nowak, restricted{] 7618 06
(cf. Table 1) with the LDML metrics on the original data . . .
and its square root (8 scores). In the unrestricted setting, Hybrid descrlptor-based, restricted] | 78.47 0.5
we combine the same inputs with the LDML, LMNN, and LDML, restricted 792106
MKNN metrics (24 scores). The linear combinations are ~ LDML*+MKNN, unrestricted 87.50 0.4

learnt using a logistic discriminant model for each fold in- Figure 5. Comparison of our results with best results to date on the
dependently. In the following and in Figufe we refer to LFW data: ROC curves, and average accuracy and standard error.

these combined methods as LDML and LDML+MKNN.

The best result reported to date’] attains 78.47% ac-  merged. To compare clustering results we de ne a cost that
curacy in the restricted setting also by combining several .o octs the labelling effort needed for a user to label the
descriptors. LDML on the restricted setting obtains an faces,e.g. for a personal photo album. We assume the user
accuracy of 79.27%. Shifting to the unrestricted setting, 55 two buttons: one to assign a single label to all faces in a
LDML+MkNN obtains a performance of 87.50%, which  ¢j,ster, and one to assign a label to a single face. The most
Is signi cantly better than any previous result reported On &t cient way to label all faces in a cluster is to rst label
this data set, showing the bene t of our metric learning ap- e cjuster with the name of the most frequent person, and
proaches when using more training data. We observe that §en, 1o correct the errors. For a clusteMoffaces, the cost
combination of descriptors and metrics improves over using g 1 + (N max(fnig)), wheren; denotes the number of
only one metric and one descriptor, highlighting the com- ¢, a5 of personin the cluster. The cost to label all faces is
plementarity of our two approaches. We refer to Figlire o the sum of the costs to label the faces in each cluster.
for classi cation examples using our combined method.  The gptimal clustering has cost 17, a trivial over-clustering

with a cluster for each face yields a cost of 411, while using
6. Applications of learned face metrics a single cluster of all faces yields a cost of 341 as we have

_ ) 71 images of the most frequent person.
Here we show the merit of learned metrics for two ap- ; .
lications: unsupervised clustering of face images, and face In Figure6 we .ShOW the costs as a funct|.on of the num-
P o . ' .~ _ber of clusters using the L2 and LDML metrics on the SIFT
recognition from a single exemplar. We learn our metrics data. the LDML+MKNN combination. the average for ran-
on 90000 pairs from 9 of the LFW folds, and apply them to ’ ' 9

faces in the held-out fold. The test fold contains 1369 facesdom cIusterl_ng, and the minimum a_md maximum Costs that
) . can be obtained. Clearly, LDML yields much better clus-
from 601 people. In the following experiments, we focus

on the 17 most frequent people (411 faces). We comparetermg results than L2 for a wide range of number of clus-

L2 and LDML on SIFT, and LDML+MKNN of Sectios.3. ters. For LDML the minimum cost of lQ9 is obtained with
only 25 clusters, most of which are fairly pure. If we la-

bel the faces in each cluster by the identity of the most
Unsupervised hierarchical clustering of face images. frequent person in that cluster then 75% of the faces are
We cluster the faces using complete-linkage hierarchical correctly classi ed. For the L2 metric the minimum cost is
clustering. This method yields a hierachy of clusters by 233 for 135 clusters (92% correct but over-clustered). Com-
varying the maximum distance with which clusters can be bining the different descriptors with LDML leads to a de-
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Figure 6. Labelling cost of clusterings using different metrics.
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creased cost of 88 with 28 clusters (85% correct), and with
LDML+MKNN the cost drops to 71 with 29 clusters (90%
correct). In Figure we show three example clusters from

this clustering. Note that the clustering is successful despite

big changes in expression, pose, and lighting.

Multi-class face recognition from single face exemplars.
Here, we perform multi-class face recognition using a sin-
gle, random training exemplar for each of the 17 people. We
test classi cation accuracy on the remainihg69 17 =
1352faces. A test face is assigned to the exemplar with

the best score, or rejected if all scores are below a certain

threshold. From the 1352 test faces odlyl 17 = 394

should be accepted as one of the 17 classes, and the re=gyre 7. Three example clusters obtained using LDML+MKNN
maining 95_8_5h0U|d be rejected. We measure performancescores. The top two clusters are pure, and only few faces of these
using precision at equal error rate, where the number ofpersons are assigned to incorrect clusters. The last cluster is typi-

wrongly rejected faces equals the number of wrongly ac-
cepted faces. In Tablé we present quantitative results

showing that, as with the clustering, LDML leads to sig-
ni cantly better performance than L2 on the SIFT features:

39% of the accepted faces are correctly recognised, com-

pared to only 14%. The LDML+MKkNN combination boosts
precision to 53%. In Figur8 we show classi cation exam-
ples for LDML+MKNN.

7. Conclusion

We have introduced two new methods for visual identi-
cation: Logistic Discriminant Metric Learning (LDML),
and Marginalised kNN classi cation (MKNN). We note that
LDML can be trained from labellegairs as provided in
the restricted paradigm of LFW, where MKNN requires la-
belled training data and implicitly uses all pairs. The MkNN
classi er is conceptually simple, but in practice it is compu-
tationally expensive as we need to nd nearest neighbours
in a large set of labelled data. This computational cost can

cal, it contains a few faces from other people (the last 2).

& iy
(b) 9
© %

Figure 8. lllustration of face recognition of 7 (out of 17) people
using one training exemplar, with one person in each column. For
each person we show: (a) the exemplar image, (b) a correctly
recognised face of that person, (c) a non-recognised face of that
person, and (d) another failure: an erroneously accepted face of
another person.



Metric | L2 | LDML | LDML+MKNN

Precision 14:0% | 38:8% 53:3%
Faces of the 17 targets
correctly recognised (b 55 153 210
wrongly recognised 107 81 40
wrongly rejected (c) 232 160 144
Faces of other people
correctly rejected 726 798 814
wrongly accepted (d) 232 160 144

Table 5. Comparison of one-exemplar classi cation performances.
The test faces are broken down over the ve possible situations.
The labels (b)—(d) refer to the example images shown in Fi§ure

(5]

(6]
(7]

(8]

9]

S. Chopra, R. Hadsell, and Y. LeCun. Learning a similarity
metric discriminatively, with application to face veri cation.
In CVPR, 2005.

J. Davis, B. Kulis, P. Jain, S. Sra, and I. Dhillon. Information-
theoretic metric learning. ICML, 2007.

M. Everingham, J. Sivic, and A. Zisserman. “Hello! My
name is... Buffy' - automatic naming of characters in TV
video. InBMVC, 2006.

A. Ferencz, E. Learned-Miller, and J. Malik. Learning to
locate informative features for visual identi cationlJCV,
77:3-24, 2008.

A. Frome, Y. Singer, F. Sha, and J. Malik. Learning globally-
consistent local distance functions for shape-based image re-
trieval and classi cation. INCCV, 2007.

be alleviated by using ef cient and/or approximate nearest [10] A. Globerson and S. Roweis. Metric learning by collapsing

neighbour search techniques.

LDML in combination with our descriptors yields a clas-

si cation accuracy of 79.3% on the restricted settind-af

beled Faces in the Wildlata set, where the best reported
result so far was 78.5%. LDML and MkNN yield compa-

[11]

[12]

rable accuracies on the unrestricted setting, around 83%.

Remarkably, the gain when using the unrestricted setting is

not observed with the current state-of-the-art method. [

To our knowledge, we are the rst to present results on the

classes. IINIPS, 2006.

M. Guillaumin, T. Mensink, J. Verbeek, and C. Schmid.
Automatic face naming with caption-based supervision. In
CVPR, 2008.

A. Holub, P. Moreels, and P. Perona. Unsupervised cluster-
ing for Google searches of celebrity images.|EHEE Con-
ference on Face and Gesture RecognjtR08.

3] G.Huang, M. Jones, and E. Learned-Miller. LFW results us-

LFW data that follow and make good use of the unrestricted [14]

paradigm. Combining our methods, the accuracy is further
improved to 87.5%. We also showed that metric learning

leads to great improvements as compared to a simple L2

metric for applications of face similarities like clustering

and recognition from a single exemplar.

Looking at the examples of failure cases of our method

[15]

in Figure 1, pose changes remain one of the major chal- [16]

lenges to be tackled in future work. Explicit modeling of

invariance due to pose changes using techniques like those

in [17] is an interesting option. Furthermore, we plan to

[17]

apply our methods for automatic association of names and

faces, and to other visual identi cation problems.
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