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1. Introduction

of experimental results on the “Labeled Faces in the Wild”
dataset [9], the de facto standard dataset for uncontrolled
face recognition. Results show that our approach improves
over previous local and global metric learning methods.

Metric learning is used to obtain distance measures that
are meaningful to a certain task at hand. It has many applications in computer vision, e.g. in local descriptor matching [5], fine-grained object comparison [15], and face verification [7]. The latter is important for forensics to match
face images acquired from, e.g., surveillance cameras to a
database of faces with known identity. Forensic face recognition is extremely challenging since images are acquired in
a setting where variations in pose and expression can not be
controlled. Metric learning suppresses effects due to such
nuisance factors in face signatures, so that better matching
results can be obtained.
Most work on metric learning considers supervised
learning of Mahalanobis metrics, see e.g. [4, 6, 7, 13, 19].
Supervision is typically given by positive and negative pairs
that should be close and far apart respectively according
to the learned metric. Mahalanobis metrics are equivalent
to the `2 metric after linear projection of the data. For
complex data distributions, however, linear projection of
the data might not be sufficient to obtain a suitable metric. To overcome this restriction non-linear projections can
be obtained using the “kernel trick” [6], by learning (convolutional) neural networks [3], or by learning local Mahalanobis metrics that each operate in a different part of the
input space [1, 2, 8, 10, 14, 16, 18, 19, 22].
Most existing local metric learning approaches, however,
do not allow to compute distances between points assigned
to different clusters, or distances are defined in an asymmetric manner. Unlike global metric learning, they can not be
interpreted as computing the `2 distance after a linear projection of the data, which hinders data visualization, and the
use of efficient `2 -based retrieval techniques such as product quantization and multiple-assignment retrieval [11].
The contribution of our approach is that we embed local
metrics in a global representation, in which the `2 metric
can be used. This allows us (i) to compute distances between points regardless to which local cluster they belong,
(ii) visualize data in a single view, and (iii) use efficient `2 based retrieval methods.
In this abstract we present our approach and a selection

2. Coordinated Local Metric Learning
Since any positive definite D × D matrix M can be decomposed as M = L> L, the Mahalanobis distance between two points xi and xj can be written as the `2 distance
between these points after projection with L, i.e.
(xi − xj )> M (xi − xj ) =k Lxi − Lxj k22 .

(1)

To obtain a more general class of metrics, we define multiple local Mahalanobis metrics. We cluster the data using a
k-component Gaussian mixture model (GMM), and learn k
separate metrics associated with the clusters. We can compute distances between points assigned to the same cluster
s using a local metric learned for that cluster, defined by a
local projection matrix Ls .
The local metrics can be interpreted as the `2 distances
after locally mapping the data points x to different, local,
coordinate systems via projections Ls x. Since the `2 metric is invariant to translation, rotation, and reflection of the
coordinates, we can arbitrarily modify the projection of xi
to a local coordinate system to
zis := Rs Ls xi + bs ,

(2)

where Rs denotes an orthonormal matrix, i.e. for which
Rs> Rs = I, which can implement rotations and reflections,
and bs denotes a translation. Using these transformation we
can coordinate the local projections so that they align across
different local models.
To learn both local metrics and their alignment parameters in a joint manner, we absorb Rs into Ls without loss
of generality. We map the data points xi to a global coordinate system using the weighted average of the projections
obtained using the different local models

zi :=

k
X
s=1

1

qis zis =

k
X
s=1


qis Ls xi + bs ,

(3)
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Table 1. Retrieval mAP while varying the number of local metrics.

where qis is the GMM soft-assignment of xi to cluster s.
In the global coordinates given by the zi we can compare
any pair of points, regardless of whether they are assigned
to different clusters or not.
Our goal is now to learn {Ls , bs } so that zi and zj are
close for positive pairs, and far away for negative pairs
for a given fixed clustering. Note that we can rewrite this
weighted average of locally linear projections as a single
linear projection
zi = L̃x̃i ,
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# local metrics

(4)

where L̃ := (L1 , b1 , . . . , Lk , bk ) collects the local linear
>
>
projections, and x̃i := qi1 (x>
coni , 1), . . . , qik (xi , 1)
tains k copies of xi appended with a one, each weighted
by the corresponding soft-assignment. Since the zi are a
linear projection of the transformed input vectors x̃i , the
`2 distance between the zi ’s is equivalent to a Mahalanobis
distance between the x̃i ’s. Therefore, learning a globally
aligned ensemble of local metrics is similar to learning a
global Mahalanobis metric. The difference is that we use
the expanded data representation given by the x̃i , which is
k times higher dimensional than the original data representation. In practice the x̃i do not need to be explicitly stored
in memory, by using Eq. (3) to compute the zi directly from
the xi . The computational cost also grows sub-linearly in k,
since the soft-assignments are typically sparse.
In practice, we use the LDML [7] objective function to
learn our coordinated local metrics parameterized by L̃. Let
the label yij ∈ {−1, +1} denote whether (xi , xj ) is a positive or a negative pair. LDML then minimizes the log-loss
X 

L(L̃, b) =
ln 1 + exp −yij (b − ||zi − zj ||2 ) , (5)
i,j

where b is a scalar (estimated along with L̃) that determines
at which distance pairs are considered positive or negative.

3. Experimental Evaluation
We report results for the Labeled Faces in the Wild
(LFW) [9] dataset, which is the most widely used one for
uncontrolled face recognition. It contains 13,233 faces of

CLML FV
LDML FV
CLML CNN
LDML CNN
CLML LBP
LDML LBP

40

30

20

16

32

64
Projection dimension

128

256

Figure 1. Performance in mAP of local and global metrics for FV,
CNN, and LBP features, using different projection dimensions.

5,749 people collected from the web. We use the retrievalbased evaluation protocol of Bhatterai et al . [1]. There are
423 queries, one for each person in LFW with five or more
images. We report the mean average precision (mAP) and
the 1-call@n measure which gives the fraction of queries
for which at least one of the top n results is correct.
We consider three face representations: the LBP feature
of Bhattarai et al . [1] (9,860 dimensional), the Fisher vector
(FV) feature of Simonyan et al . [17] (16,896 dimensional),
and the penultimate layer of a convolutional neural network
that was learned on the CASIA WebFace dataset [21] (320
dimensional).

3.1. Experimental evaluation results
For comparability with [1], we use matrices Ls that
project to d = 32 dimensions unless stated otherwise.
In Table 1 we evaluate our coordinated local metric
learning (CLML) approach while varying the number of local metrics. We also state results when cross-validating the
number of local metrics, and compare to a global LDML
Mahalanobis metric and the `2 metric. The results lead to
the following observations. (i) CLML generally improves
when using more local metrics. (ii) Cross-validation over
the number of local metrics successfully selects a (near) optimal number of local metrics. (iii) For all tested settings,
CLML consistently improves over global Mahalanobis metrics learned with LDML. Below we cross-validate the number of local metrics for CLML.
In Figure 1 we compare CLML and LDML across a
range of projection dimensions. The results show that
CLML consistently improves over LDML for all projection
dimensions and features. The improvements are particularly large for the CNN and LBP features.
In Figure 2 we compare to the local metric learning results of Bhattarai et al . [1], using the LBP features and
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Figure 2. Retrieval on LFW dataset, the results marked with
[1] correspond to those reported therein. Results for SCML and
LDML have been produced using publicly available code.

d = 32 as before for direct comparability. We report the
results for their “256D4” setting, which they found to give
best results and uses eight local metrics, and also include
their global metric learning results obtained with PCCA
[13]. We also compare to the recent state-of-the-art SCML
approach [16].1
Our CLML results substantially improve over the results
of Bhatterai et al ., e.g. from under 40% to over 70% for
n = 10 (Figure 2). The improvement of the global LDML
metric over the global PCCA metric of is in part due to the
`2 regularization that was not used by Bhatterai et al .
SCML [16] obtains the worst retrieval results. This is
because SCML learns metrics that are a linear combination
of a limited set of rank-1 base metrics, which is detrimental
for high-dimensional data.
Additional experiments, not presented here, show that
efficient `2 -based multiple-assignment retrieval [11] can
speedup our approach by a factor 16 without loss in performance, and upto a factor 100 for a loss of 4 mAP points.
Bhatterai et al . report a factor 10 speedup compared to exhaustive search using their hierarchical clustering approach,
but obtain substantially worse results. These results, as well
as results on the YouTube Faces video dataset [20] and the
MOBIO mobile-phone video dataset [12] will be presented
at the workshop.
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