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ABSTRACT
Mahalanobis distance metric learning becomes an especially chal-
lenging problem as the dimension of the feature space p is scaled
upwards. The number of parameters to optimize grows with space
complexity of order O (p2), making storage infeasible, interpretabil-
ity poor, and causing the model to have a high tendency to overfit.
Additionally, optimization while maintaining feasibility of the solu-
tion becomes prohibitively expensive, requiring a projection onto
the positive semi-definite cone after every iteration. In addition to
the obvious space and computational challenges, vanilla distance
metric learning is unable to model complex and multi-modal trends
in the data.

Inspired by the recent resurgence of Frank-Wolfe style optimiza-
tion, we propose a new method for sparse compositional local
Mahalanobis distance metric learning. Our proposed technique
learns a set of distance metrics which are composed of local and
global components. We capture local interactions in the feature
space, while ensuring that all metrics share a global component,
which may act as a regularizer. We optimize our model using an
alternating pairwise Frank-Wolfe style algorithm. This serves a dual
purpose, we can control the sparsity of our solution, and altogether
avoid any expensive projection operations. Finally, we conduct an
empirical evaluation of our method with the current state of the
art and present the results on five datasets from varying domains.
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• Theory of computation → Semidefinite programming; Semi-
supervised learning; • Computing methodologies→ Supervised
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1 INTRODUCTION
Distance metrics are the core of many machine learning algo-
rithms, including k-Means clustering[34], ranking[27], k-Nearest
Neighbors[33] and many others. In this paper, we address the prob-
lem of learning a locally-adaptive distance metric for data with
high dimensional input (i.e. feature) spaces. Specifically, we pro-
pose a method for local distance metric learning which learns the
matrix parameterizing the metric directly in the input space. A
distinguishing property of our proposed method is that it is both
locally adaptive and scalable with respect to the dimension of the
input space.

Learning a distance metric is a well-studied problem, refer to
the surveys [1] and [20] for a summary of recent works. In general,
learning a distance metric is a computationally expensive proce-
dure, with most existing algorithms having from O (p2) to O (p6.5)
computational complexity, where p is the dimension of the input
space. This computational expense stems from the requirement
that the metric matrix M ∈ Rp×p must be symmetric and posi-
tive semi-definite (p.s.d). The most common approach to maintain
that M is p.s.d is via a projection onto the positive semi-definite
cone after each iteration, with a computational cost on the order
of O (p3). In addition, as p is scaled upwards it may simply become
infeasible to store M in memory. Finally, learning on the order of
O (p2) parameters greatly increases the chance of over-fitting.

In light of the above challenges, relatively little work has been
done on learning M directly in the high dimensional feature space
[6, 9, 25, 26]. Until recently, most work on distance metric learning
has addressed high dimensional input spaces by first compressing
the space via a projection onto a low-dimensional manifold[5, 24,
32, 33, 36]. This is typically done via an eigen-decomposition, the
computational cost of which is obviously prohibitive. Additionally,
projections of this nature are sensitive to unit changes or re-scaling
of the data, and may not preserve information which is well-suited
to learning a distance from. This is in contrast to our work, which
does not compress or reduce the input space dimension via a pro-
jection or other means.

A number of works address the case of metric learning for high-
dimensional data by taking a low-rank(structured) approach [10,
18, 33]. These works operate by indirectly learning an L such that
M = LT L, this removes the need to enforce that M is positive semi-
definite, and the rank of L can be controlled by selecting the trailing
dimension of L. This reduces the total number of independent
parameters to be learned, but also introduces some drawbacks. The
matrix L is typically full rank and may have challenging storage
requirements. Additionally, virtually all works of this type result in
a non-convex objective, which may be difficult to optimize and is
often plagued with many local minima [20]. One work has resulted
in a convex objective[4], but limits the solution space to the span
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of L. These works also have no means to control the sparsity of M ,
which may harm the interpretability of the model. Our proposed
method is convex, has no restrictions introduced by the range of
a low-rank projection operator, and encourages interpretability
through the use of sparsity inducing penalties.

Traditional approaches to metric learning take a global approach,
and make the assumption that feature interactions are consistent
across the input space. In cases where the decision boundary is too
complex, or the data is multi-modal, a global metric may be too in-
flexible. A popular approach is to focus on learning multiple metrics,
each of which is local to a different spacial area of the input space.
Works of this type have the ability to capture non-heterogeneous
feature interactions, and have in many cases been show capable
of outperforming their global counterparts [6, 8, 12, 32, 33, 37]. In
our work we propose the use of a two part compositional metric
consisting of both global and local components. Our approach is
to separate portions which model global data trends, and those
interactions which are confined to a local area. We structure the
metric such that the global portion is limited to the diagonal, and
the local portion is sparse and positive semi-definite.

Specifically, we introduce a sparse compositional metric for high-
dimensional data which is locally adaptive. We propose a two part
compositional metric, allowing it to capture global trends, while
remaining sensitive to local interactions. We develop an efficient
Frank-Wolfe style alternating optimization algorithm which main-
tains that M remains within the constraint region between all
iterates. This allows us to avoid any expensive projections onto
the positive semidefinite cone, enforces our choice of structure on
the global portion of the metric, and removes the requirements
of ever having to store a full matrix M . Finally, because of the
compositional design of our algorithm, it lends well to an efficient
implementation.

In summary, in this paper we claim the following contributions:

• We propose a new algorithm for learning a sparse composi-
tional metric for high-dimensional data, which consists of
both global and local components.
• To our knowledge, our proposed method is the first locally-
adaptive distance metric which is learned directly in the
input space.
• We provide an empirical evaluation of our method against
the current state of the art via a classification scenario.
• Finally, we make our code freely available for download, to
aid in research reproducability.

2 BACKGROUND & RELATEDWORK
2.1 Frank-Wolfe Style Optimization
Frank-Wolfe optimization (also referred to as the conditional gradi-
ent method) [7] has recently experienced a resurgence of interest,
primarily due to its capability of producing projection-free updates.
Much recent work has focused on variants of Frank-Wolfe methods
and their convergence properties ([14, 15, 21] and others), with
numerous applications including video co-localization [17], particle
filtering [22], any many others. Updates in the Frank-Wolfe method
are typically much cheaper in comparison to full projections, but
often require many more iterations for convergence. Additionally,

Frank-Wolfe suffers from sublinear convergence rates when the
solution lies on the border of the constraint region [21].

Frank-Wolfe based techniques operate on problems of the form:

min
x⃗ ∈S

f (x⃗ )

where f is a convex function with a smooth Lipshitz continuous
gradient and S is a compact convex set. Each Frank-Wolfe update
is calculated by linearizing f about the current iterate x⃗ ∈ S and
solving a linear subproblem for the descent direction. The solution
to each subproblem is given by the linearminimization oracle (LMO)
(equation 1), where < ·, · > denotes the inner Frobenius norm and
∇f (x⃗ ) is the gradient of f at x⃗ .

At any point during the Frank-Wolfe optimization procedure, the
solution may be given by the combination α1x⃗1 +α2x⃗2 + ...+αk x⃗k ,
where∑ki=1 αi = 1 and αi > 0, i ∈ {1, ...,k }. Each x⃗i is a solution
found by solving the LMO at some point in the optimization. Note
that the vectors x⃗i are commonly referred to as “atoms”. The power
of this method lies in the fact that as long as S is convex and
compact, the solution will never leave the constraint region.

min
x⃗ ∈S
< x⃗ ,∇f (x⃗ ) > (1)

Sparsity may be induced by the Frank-Wolfe technique in two
ways:

(1) During each iteration, a single atom is added to the solution.
The total number of atoms is upper-bounded by the maxi-
mum number of iterations, the solution is then the result of
a sparse combination of basis atoms.

(2) In the case where each atom x⃗ ∈ S itself is sparse, sparsity
is produced as a combination of sparse basis atoms. In this
situation the solution need not be stored directly, only the
basis atoms and their corresponding weights are stored. This
is the approach we take in this paper.

Finally, the quality of the solution may bemonitored via an upper
bound on the duality gap (equation 2), this is often referred to as
the Frank-Wolfe gap. In equation 2, d⃗FW denotes the Frank-Wolfe
direction found by the linear minimization oracle.

Frank-Wolfe Gap = < −∇f (x⃗ ), d⃗FW > (2)

2.2 Distance Metric Learning in High
Dimensional Input Spaces

The majority of metric learning has been done under the framework
of the Mahalanobis distance function (see the surveys [1, 20]). With
many local metric learning works shown capable of outperforming
their global counterparts [13, 16, 23, 28, 30, 35, 37, 38]. However,
these works are not able to scale to very high dimensions. Until
recently, very few works have concentrated on metric learning
directly in high dimensional input spaces [6, 9, 25, 31]. We restrict
our discussion of the related work only to those papers which focus
on handling the case of high dimensional data.

The work of [6] learns a Mahalanobis distance metric from only
dissimilarities, and shows that this problem is equivalent to learning
a Support Vector Machine(SVM) with a quadratic kernel. The other
contribution of [6] is that of local invariance to transformations
of the data. However, the type of transformation must be known
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apriori and only the case of rotational invariance for image data is
studied.

In [9], online distance metric learning is considered in the sce-
nario of multimedia content retrieval. They accelerate the opti-
mization process by constraining the metric matrix M such that
all off-diagonal matrix entries are equal to zero. This prevents the
metric from learning any iterations between features, whether on a
local or global level. It is our belief that this assumption is too restric-
tive, as large and complex data spaces may have many 2nd-order
interactions which could be pertinent for performance.

The recent works [25, 36] also focus on the case of metric learn-
ing via a Frank-Wolfe style optimization procedure. The work of
[36] is a sparse compositional metric learning technique. While
similar in name to this work, the approach is quite different. They
focus finding a sparse combination of basis functions with which to
construct the overall metric matrix M . Each basis function is found
as the leading eigenvector of the gradient matrix, the expense of
solving for the leading eigenvector may limit its scalability. The
solution of [36] consists of a sparse combination of basis atoms
(each possibly full), while in our proposed technique the solution is
a composition of sparse atoms.

Finally, the work of [25] learns a similarity metric directly in the
high dimensional feature space. The method of this paper shares
some similarities with this work in that both utilize Frank-Wolfe
optimization techniques. Besides the obvious difference in the met-
ric learned(similarity vs. Mahalanobis), there are several contrasts.
In [25], a single global similarity is learned, and local information
in the dataset is not considered. In our work, we learn a set of local
metrics which share a global component. The objective of [25] is to
solve a method in a high dimensional input space quickly, in this
paper we go beyond [25] through the addition of local adaptability.

3 METHOD
3.1 Overview
Given a subset of the sample space, we wish to learn a Mahalanobis
distance metric of the form d (x⃗ , y⃗) = (x⃗ − y⃗)T M (x⃗ − y⃗), where
M = MG + ML consists of a diagonal metric MG capturing long
range trends and ML modeling local interactions between variables.
We constrain both matrices MG and ML to be symmetric positive
semi-definite MG , ML ∈ S

d
+.

Following many previous works in metric learning [29, 33], we
make use of relative distance constraints in the form of triplets
(equation 3). In 3, x⃗i and y⃗i share the same label, and z⃗i has a
different label.

T = {x⃗i should be close to y⃗i than to z⃗i }Ti=1 (3)
For each point x⃗i , a set of triplet constraints may be formed by

finding the nearest neighbors to that point, and labeling points
as either similar or dissimilar, depending on the similarity to the
label of x⃗i . Alternatively, in the case where there are too many
samples to form a distance matrix, points can be sampled randomly
to form constraints. We choose to take a large-margin approach,
and constrain the distance between dissimilar points to be larger
than the distance between similar points by some marginmi . Once
the triplet constraints are formed, we guide the learning process of
M with constraint violations.

Given a Mahalanobis distance function parameterized by M
dM (·, ·), a set of triplet points (x⃗i , y⃗i , z⃗i ) and the corresponding mar-
ginmi , the constraint is violated whendM (x⃗i , y⃗i )+mi > dM (x⃗i , z⃗i ).
This may be represented as a hinge loss function to be minimized
(equation 4).

[dM (x⃗i , y⃗i ) +mi − dM (x⃗i , z⃗i )]+ (4)

The hinge loss (equation 4) has a discontinuous gradient and is
ineligible to be solved with first-order techniques. To alleviate this
we approximate the hinge loss with a smooth version (equation 5).
Note that equation 4 may accommodate different margin values
by simply shifting the input to the smooth hinge loss function by
some desired amount.

h(x ) =




x − 1
2 x ≥ 1

1
2x

2 0 < x < 1
0 x ≤ 0

(5)

3.2 Sparse Compositional Local Metrics
Given L local areas, each of which contains a set of samples Xi , i ∈
{1, ...,L}, the constraint set and associated margins may be con-
structed. The set of constraints associated with each sample set Xi
is denoted as Ci . Each element of Ci is a 4-tuple consisting of three
samples x⃗ , y⃗, z⃗ and the desired marginm. For local sample set Xi ,
we learn a compositional metric which consists of an exclusive local
component parameterized by the local metric matrix Mi ∈ S

d
+ and

a shared component MG ∈ S
d
+ which is constrained such that all

non-diagonal elements are equal to zero.
Integrating the above information, the objective is formed to opti-

mize over(equation 6). Sparsity is introduced in each metric through
the use of L1-regularization, with the variables λ1, ..., λL , λG form-
ing the boundaries of the constraint region associated with each
metric matrix. Note that in equation 6 the local and global portions
of the metric have been separated, as (x⃗ − y⃗)T (MG + Mi ) (x⃗ − y⃗) ≡
(x⃗ − y⃗)T MG (x⃗ − y⃗) + (x⃗ − y⃗)T Mi (x⃗ − y⃗).

min.
L∑
l=1

Cl∑
i=1

[dMG (x⃗ , y⃗) + dMl (x⃗ , y⃗) +m
l
i

− dMG (x⃗ , z⃗) − dMl (x⃗ , z⃗)]+
s.t. MG ∈ S

d
+

MG (i, j ) = 0, ∀i , j

Ml ∈ S
d
+ , ∀l ∈ {1, 2, ...,L}

| | MG | |1 < λG

| | Ml | |1 < λl , ∀l ∈ {1, 2, ...,L}

(6)

3.3 Maintaining Feasibility of Iterates
A pair-wise variant of the Frank-Wolfe procedure was selected to
minimize equation 6. Besides removing the need for projection
operators, the pair-wise variant only requires the update of two
atoms per iterate, in contrast with vanilla Frank-Wolfe, which re-
quires the weights of all atoms to be updated at every iteration.
Our objective function (equation 6) is a function of L+1 matrices
(M1, ..., Ml , MG ). The function is convex in each matrix with re-
spect to the other matrices. We optimize this using an alternating
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pairwise Frank-Wolfe method where the local matrices are updated,
followed by the global metric. We leave the variables λ1, ..., λL , λG
which determine the constraint region bounds as tunable parame-
ters.

Projections are avoided by careful selection of the update di-
rections and step sizes, ensuring that M1, ..., ML never leaves the
constraint region. We use the following rank-1 update matrices
P (i, j ) , N (i, j ) in updating M1, ..., ML and restrict the updates of
MG to P

(i, j )
λ where i = j. These update types were first proposed

by [14] and subsequently used in [25]. Updating the matrices in
this manner allows us to maintain the positive semi-definiteness of
M1, ..., Ml , MG while still producing a sparse iterate. This is key
to the scalability of our algorithm with respect to the size of the
feature space.

P
(i, j )
λ = λ(e⃗i + e⃗j ) (e⃗i + e⃗j )

T =

*......
,

· · · · ·

· λ · λ ·

· · · · ·

· λ · λ ·

· · · · ·

+//////
-

N
(i, j )
λ = λ(e⃗i − e⃗j ) (e⃗i − e⃗j )

T =

*......
,

· · · · ·

· λ · −λ ·

· · · · ·

· −λ · λ ·

· · · · ·

+//////
-

The design of the update steps handles the constraint, leaving a
smooth unconstrained objective function to minimize 7, where h(·)
denotes the smooth hinge loss function 5. The gradient for each
Mi is calculated on a per-constraint basis, with each constraint
violation contributing a direction and a scaling factor determined
by the gradient of the smooth hinge loss function. This is shown in
equations 8 and 9.

min.
L∑
l=1

Cl∑
i=1

h(dMG (x⃗ , y⃗) + dMl (x⃗ , y⃗) +m
l
i

− dMG (x⃗ , z⃗) − dMl (x⃗ , z⃗))

(7)

д( f (x ),
∂ f (x )

∂x
) =




∂f (x )
∂x x ≥ 1

f (x ) ·
∂f (x )
∂x 0 < x < 1

0 x ≤ 0
(8)

∂dMl (x⃗ , y⃗, z⃗)

∂ Ml
= (x⃗ − y⃗) · (x⃗ − y⃗)T − (x⃗ − z⃗) · (x⃗ − z⃗)T (9)

3.4 Algorithm
Given the desired number of local metrics c , we begin by clustering
the samples into c distinct groups. This may be accomplished via
any clustering method, in our experiments we use either a sparse
k-means approach or k-means clustering with the cosine distance.
Constraints are formed for each point, this is done by taking the
nearest neighbors which are “friends” (same label) and “impostors”
(different label), then generating relative distance constraints in the
form of triplets.

Given the metric matrices Mi , i ∈ {1, .., c} corresponding to each
cluster and the global metric matrix Mд , the task is to minimize the
objective. The objective is convex with respect to each Mi when the
others are held constant, allowing us to conduct the optimization in
an alternating fashion. (Note that the local components M1, ..., Mc
are independent when Mд is held constant and may be updated
simultaneously if desired.)

The iterates M1, ..., Mc , Mд must be initialized to lie within the
feasible set. This is accomplished by initializing each Mi to any
valid atom in S+d and assigning it a weight of one. Note that the
matrices M1, ..., Mc , Mд are never formed explicitly, instead each
matrix Mi is represented by a set of atoms Ai and atom weights
Wi such that ∑Wi = 1. This allows the addition, removal, and
weight manipulation of individual atoms in a fast and efficient
manner which pairs naturally with Frank-Wolfe style algorithms.

min
S
⟨∇f (MG ), S⟩

S (i, j ) = 0,∀i , j s .t . S ∈ S+d

(10)

Once each Mi has been initialized, the algorithm proceeds by
alternating through each local metric and the shared diagonal met-
ric, updating each in turn. Each update consists of a calculation of
the gradient, then solving the corresponding global or local linear
minimization oracle (equation 10 & 11, respectively) for the Frank-
Wolfe direction dFW . In the pairwise variant of Frank-Wolfe, the
best atom is identified from which to pivot weight away from. The
advantage of this approach is that only two atoms must be manipu-
lated for each iteration, this is in contrast to the full Frank-Wolfe
method in which the weight of every atom in the active set must
be adjusted at every iteration.

min
S
⟨∇f (Ml ), S⟩

s .t . S ∈ S+d

(11)

The global linear minimization oracle is simple to optimize, as it
consists of p Frobenius inner products between each P (i, i ) ∀i ∈
{1, ..,d } and the elements of the gradient. The linear minimization
oracle for each local metric does not scale as easily, as there are

Table 1: Summary of Data Characteristics

Dataset # classes # Features # Samples
CNAE-9 9 856 1080

BBC-Sports 5 4613 737
BBC-News 5 9635 2225
TDT2-30 30 36771 9394
Madelon 2 500 2600
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p2 atoms to consider. In cases where p is rather large, we use the
heuristic proposed in [25]. The general idea of the heuristic is to
randomly select a row of the matrix, and consider all columns. Once
the column containing the lowest LMO score is found, that column
is used while all rows are considered. This technique has orderO (p)
complexity and we find that it works relatively well in practice.

Once an atom SFW has been selected to increase the weight on,
an atom must be selected to remove weight from (the “away” atom
). This problem is extremely similar to the linear minimization
oracle problem, and consists of calculating the inner Frobenius
norm between the gradient and each atom in the active set, taking
that which has the maximum value. This is shown as the following,
with G representing the gradient at the current iterate.

max
S
⟨G, S⟩, ∀ S ∈ A

Within a small number of iterations of the algorithm, it is com-
mon for the number of active constraints to quickly drop to a
fraction of the original number. Inactive constraints have no con-
tribution to the gradient and may be ignored. We leverage this fact
in our implementation which results in significant speedups.

We provide a Matlab implementation of our code available for
download1.

4 EXPERIMENT
The proposed metric learning technique, Sparse Compositional
Local Metric (SCLM) learning is evaluated under a classification
scenario using a K-Nearest Neighbors(K-NN) approach. There are
few sparse metric learning techniques capable of handling high
dimensional data. The high dimensional similarity learning (HDSL)
algorithm developed in [25] is selected as the current state of the art
algorithm for comparison. The support vector machine (SVM) with
a linear kernel is included in the experimental evaluations to serve
as a baseline algorithm. In our experiments the implementation
provided by the LIBSVM library [3] is used.

1https://github.com/jstamand/
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Figure 1: Reportedmicro-averaged F1 scores of classification
experiment on CNAE-9 dataset.

4.1 Datasets for Evaluation
Five datasets were selected to run the experimental evaluations on,
the characteristics of these datasets are summarized in Table 1.

4.1.1 CNAE-9. The classification nacional de atividae econam-
icas(CNAE) dataset2 consists of 1080 documents of text business
descriptions from Brazilian companies. Each of the companies is
placed into one of nine categories, based on their national economic
activities. The data is preprocessed such that punctuation and the
most frequently occurring words are removed. Each document is
then represented as a vector with each entry weighted occurring
to word frequencies.

4.1.2 BBC-Sports & BBC-News. The BBC-Sports and BBC-News
datasets[11]3 originate from BBC News. The BBC-Sports dataset
consists of 737 documents, and the BBC-News dataset consists of
2225 documents. We use the provided pre-processed form, where
each dataset is given as a term-document frequency matrix. Each
of the two datasets have five distinct classes.

4.1.3 TDT2-30. The TDT2-30 dataset4 is a subset of the original
NIST Topic Detection and Tracking corpus. The version we use was
prepared by [2], and contains only the 30 most frequently appearing
labels. The dataset consists of 9,394 documents, each with 36,771
features.

4.1.4 Madelon. The Madelon5 dataset is an artificial dataset
created for the NIPS 2003 feature selection challenge. It consists of
2500 samples which form 32 separate clusters, each cluster is lo-
cated on a vertice of a five-dimensional hypercube. The data points
are randomly assigned a binary label, making this an especially
challenging classification task.

2https://archive.ics.uci.edu/ml/datasets/CNAE-9
3http://mlg.ucd.ie/datasets/bbc.html
4http://www.cad.zju.edu.cn/home/dengcai/Data/TextData.html
5https://archive.ics.uci.edu/ml/datasets/Madelon
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Figure 2: Reportedmicro-averaged F1 scores of classification
experiment on Madelon dataset.
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4.2 Experimental Setup
A cross validation procedure is utilized to separate the model selec-
tion and model evaluation processes. The dataset is partitioned into
training and testing sets using a five fold cross validation procedure.
The training set is then further partitioned into additional training
and validation sets using an internal round of cross validation. The
training and validation sets are used optimize the model using a
grid search over the parameter space. After the best performing
model is located, it is trained on the combined training and valida-
tion sets, and predictions are made and evaluated on the test set.
This is repeated for each of the five folds of cross-validated data.

The Support Vector Machine is trained using a linear kernel
with the regularization parameter c is tuned to the best value
such that c ∈ {1c − 6, 1e − 5, 1e − 5, 1e − 4, 1e − 3, 1e − 2, 1e −
2, 1e0, 1e1, 1e2, 1e3, 1e4, 1e5}. The high dimensional similarity learn-
ing algorithm does not have many tunable parameters, we vary the
scaling parameter γ such that γ ∈ {1e0, 1e1, 1e2, 1e3, 1e4}. The pro-
posed algorithm has two tunable parameters (λдlobal , λlocal ) con-
trolling the balance between local adaptivity and global consistency,
we allow both parameters to vary on the set of {1e0, 1e1, 1e2, 1e3, 1e4}.

The proposed and state of the art techniques (SCLM and HDSL,
respectively) both utilize a Frank-Wolfe style optimization tech-
nique. It is well known that Frank-Wolfe optimization converges
at a sublinear rate when the solution lies on the boundary region
[21]. We observed that for SCLM and HDSL, the objective value is
quickly reduced in the first hundred or so iterations and then makes
minimal progress towards the solutions. The maximum allowable
number of iterations was set to 500 to ensure both algorithms ter-
minated in a reasonable amount of time.

The SCLM algorithm relies on an external technique to provide
the subset of samples which correspond to each local metric. In
the experiments we cluster the data using unsupervised clustering
methods. The CNAE-9, BBC-Sports, and Madelon datasets were
clustered using the Sparse and Robust K-means Clustering (RSKC)
algorithm of [19]. We found that RSKC had difficulty operating
on the larger datasets, so the k-NN clustering algorithm with the
cosine similarity function was utilized to cluster the BBC-News
and TDT2-30 datasets.

The HDSL and SCLM algorithm share several similarities, our
aim was to train them in the same fashion. Both algorithms are
trained using relative distance constraints in the form of triplets,
which are formed for each point using 3 friends (same-label points)
and 8 impostors (different label points). After training, test points
are classified using a k-NN approach based on the learned metric
with k = 3.

We evaluate each classfier using the micro-averaged F1-score.
The vanilla F1-score is the harmonic mean of precision and recall.
Precision and recall may be calculated on a per-class basis by taking
the predicted and true label values and calculating the number of
positive (P) and negative (N) samples, and the number of true posi-
tive (TP), true negative (TN), false positive (FP), and false negative
(FN) predictions. One found, precision and recall are calculated as
follows:

precision = TP

TP + FP
recall = TP

TP + FN
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Figure 3: Reportedmicro-averaged F1 scores of classification
experiment on BBC-Sports dataset.

The F1-score is the harmonic mean of precision and recall, and
is calculated as shown below:

F1-score = 2 · precision · recallprecision + recall (12)

Typically, the F1-score is calculated on a per-class basis, simple
averaging may bias the score towards the classes which contain
fewer samples. This effect is alleviated by calculating the micro-
averaged F1-score, which is the F1-score found by calculating pre-
cision and recall in a global manner (by summing the TN, TP, FN,
FP from each class). Finally, the micro-averaged F1-scores for each
cross validation fold are averaged, which is how the reported metric
is calculated for each experiment.

4.3 Results
In the results, we refer to our proposed method as Sparse Composi-
tional Local Metrics (SCLM) and the method of [25] as High Dimen-
sional Sparse Learning (HDSL). When compared with the support
vector machine baseline algorithm, our proposed technique was
able to outperform it on all datasets except for BBC-News. Though
support vector machines typically perform well on sparse datasets,
we found that it had a particularly hard time on the CNAE-9, Made-
lon and TDT2-30 datasets. It was observed that in these cases, it
had a tendency to make predictions nearly all of one type, which
brought the performance measure averages down significantly.

An inspection of the results show that for the CNAE-9, BBC-
Sports, and TDT2-30 datasets, the HDSL method has a clear ad-
vantage. The Madelon dataset was particularly challenging, with
HDSL and SCLM producing around the same level of performance
on average. We note that the performance of SCLM on the Madelon
dataset was extremely good for some folds, and comparative to
the HDSL method on others. Finally, in the BBC-News dataset, the
SCLM method appears to have the advantage. The complete per-
formance results of all methods and datasets are shown as Figures
1, 2, 3, 4, and 5.
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5 DISCUSSION & FUTUREWORK
5.1 Impact of Top-level Clusterings
The HDSL method outperformed the SCLM method by a good mar-
gin on the TST2-30 and BBC-Sports datasets, in these cases the
SCLM method demonstrated a larger variance. One source of this
phenomenon could be the overlying clustering algorithm which de-
termines the ”local groupings” or clustering of the data. Clustering
algorithms are typically not convex and are often sensitive to the
initialization. Widely varying clusterings of the data between cross
validation folds could be one source of the variance in classification
performance.

In cases where SCML underperformed HDSL, one explanation
could be that the data may not be multi-model. Given a dataset
which exhibits a single mode, one can expect that splitting the
data and training two (or more) classifiers will not produce the
same results as training a single classifier on the complete data,
especially in the case of a high-dimensional feature space. A less
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Figure 4: Reportedmicro-averaged F1 scores of classification
experiment on BBC-News dataset.
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Figure 5: Reportedmicro-averaged F1 scores of classification
experiment on TDT2-30 dataset.

extreme version of this scenario could be a mismatch between
the number of modes and the target number of local groups. In
summary, the top-level clustering method has no knowledge of
the labels and the metric to be learned, and could be creating local
groups which are not useful.

A promising direction for future work is the integration of the
top-level clustering procedure with the local metric learning algo-
rithm. The ability to exchange information between the clustering
and the local metrics could result in local groups which are mean-
ingful with respect to the metric learning task.

5.2 Algorithm Acceleration
To accelerate the runtime of the HDSL algorithm and our own, we
both make use of a stochastic estimate of the gradient. As noted
in [25], the accuracy of this approximation is bounded and works
relatively well in practice. However, we point out that this approxi-
mation also serves to prevent the gradient matrix from “filling-in”.
This is particularly noteworthy, as it may be infeasible to store a
non-sparse gradient matrix. For the diagonal matrix in our tech-
nique, we only calculate the diagonal elements of the gradient,
upper bounding the space complexity to O (p). However, for the
local metric matrices(and that in [25]), as the number of constraints
grows, it could be possible to get a full gradient matrix. Placing a
limit on the number of constraints used in estimating the gradient
could prevent this, depending on the sparsity level of each sample.

The proposed work and others [14, 25] make use of updates
using “Jaggi atoms”. Another promising direction of research could
be the development of a specialized Frank-Wolfe technique which
takes advantage of updates with this structure. This type of work
would be widely applicable, as there are many positive semi-definite
programming problems in machine learning.

6 CONCLUSION
In this paper, we presented an algorithm for sparse compositional
local metric learning, where each local metric consists of a local
and shared global component. A pairwise alternating Frank-Wolfe
style optimization algorithm was used to optimize the objective
in an efficient projection-free manner. The proposed method was
able to maintain sparsity of the solution through the optimization
process, which allowed scaling to datasets with over 30,000 features.
An empirical evaluation of the proposed technique was executed
against a solid baseline algorithm and the current state of the art
in sparse similarity metric learning. The results of the empirical
evaluation demonstrate that our method is more effective than the
baseline measure, and is comparable to the competing method for
some datasets. Finally, a discussion was presented and directions
for future work in this area was outlined.
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