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Abstract—Support Vector Machines (SVM) are widely used as supervised learning models to solve the classification problem in
machine learning. Training SVMs for large datasets is an extremely challenging task due to excessive storage and computational
requirements. To tackle so-called big data problems, one needs to design scalable distributed algorithms to parallelize the model
training and to develop efficient implementations of these algorithms. In this paper, we propose a distributed algorithm for SVM training
that is scalable and communication-efficient. The algorithm uses a compact representation of the kernel matrix, which is based on the
QR decomposition of low-rank approximations, to reduce both computation and storage requirements for the training stage. This is
accompanied by considerable reduction in communication required for a distributed implementation of the algorithm. Experiments on
benchmark data sets with up to five million samples demonstrate negligible communication overhead and scalability on up to 64 cores.
Execution times are vast improvements over other widely used packages. Furthermore, the proposed algorithm has linear time
complexity with respect to the number of samples making it ideal for SVM training on decentralized environments such as smart
embedded systems and edge-based internet of things, IoT.
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1 INTRODUCTION

MACHINE learning is at the core of solving real-world
challenges in sectors like energy, transportation, fi-

nance, business analytics, health-care and manufacturing.
With the influx of huge amount of digital data from sensors,
social media, mobile devices and online transactions, it
has become increasingly challenging to store, process and
analyze data for predictive analytics.
Support vector machines (SVMs) [1] fall under the realm of
supervised machine learning wherein a mathematical model
is trained on a prior dataset and associated class labels.
SVMs are commonly used for classification and regression
analysis. In binary SVM classification, the goal is to opti-
mally compute a hyperplane that maximally separates the
two classes. In regression, one attempts to find a function
that is an optimal fit to the data with minimum deviation
in the function value. Real-world applications give rise to
datasets that have a non-linear structure for which kernel
SVMs are used. In linear SVM problems, the training data is
used in its original feature space, thereby, enabling the adop-
tion of coordinate gradient methods [2] to achieve the above
described optimization goal. In contrast, for non-linear SVM
problems the data is transformed to a higher dimensional
space which represents the feature space. Subsequently the
classifier can be learned by simply computing the inner
products between all pairs of datapoints in the feature space
without explicitly calculating their transformed coordinates.
This is commonly referred to as the kernel trick [3]. Since the
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higher dimensional coordinates of the datapoints are not
explicitly computed, applying coordinate gradient methods
is infeasible for non-linear SVMs.
Mathematically, SVM is a constrained convex optimization
problem with a quadratic objective function. The Hessian
of the quadratic function is the kernel matrix which poses
major computational and scalability issues. Computation
and storage of the kernel matrix grows as O(n2) for n
datapoints, making it impractical to compute the matrix for
large sized problems. To tackle these challenges, a variety
of SVM algorithms, e.g., SMO [4], [5] have been proposed
and implemented in packages such as LIBSVM [6] and
SVM light. While these packages have been used widely,
they are not scalable to large datasets since they are based
on sequential algorithms.

It has become necessary to design parallel and dis-
tributed algorithms to train kernel SVMs for large-scale
problems. A number of attempts have been made to par-
allelize kernel SVM training. Cascade-SVM [7] is one of
the earliest works that presents a parallel SVM training
algorithm in which the global SVM problem is divided into
local sub-problems. The cascade framework is designed in a
hierarchical reduction-tree-like structure in which each layer
uses independent SVM solvers. The drawback of the frame-
work is that for large datasets it either leads to more re-
source requirements (SVM solvers) or longer training time.
In addition, one has to always ensure that the SVM solver
at the last stage is capable of handling the output of the
previous layers (called support vectors) which have trickled
down through the cascade. Communication Avoiding SVM
(CA-SVM) [8] is based on k-means clustering technique to
partition datasets. The partitioned data are stored locally
on the cluster nodes and solved independently. Since it
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uses the local solution from one of the nodes to predict
a test sample, the methodology does not compute the
global SVM solution. PSVM [9] and P-packSVM [10] are
among the most popular parallel algorithms to solve global
kernel SVM. PSVM exhibits limited scalability due to its
quadratic dependence on the training sample size. More-
over, PSVM works with kernel matrix approximation using
Incomplete Cholesky Factorization (ICF), which is difficult
to parallelize, making it unfit for large datasets. In contrast,
P-packSVM computes the primal form of SVM using a
stochastic gradient descent method wherein the gradient
is approximated at a single sample [10]. Since the primal
SVM problem can be prohibitively large while its Wolfe dual
problem is considerably smaller, the convergence rate of the
primal solver is slower than the dual solver [11]. Hence, it is
important to find alternative distributed approaches that are
highly scalable and exhibit faster convergence for the dual
form of kernel SVMs.
To exploit the potential of faster convergence of dual solvers
we proposed a distributed QRSVM framework [12] that
projects the problem onto a reduced subspace via QR fac-
torization to minimize computation and storage needs. At
present, however, it has significant communication over-
heads which limits its ability to achieve higher speedups
in the training phase. In this paper, we propose a fast and
communication-efficient algorithm for distributed QRSVM
training that is scalable to large data sets and is memory-
efficient. The paper has the following contributions.

1) We devise both memory and communication-
efficient implementation for the distributed QRSVM
framework [12] to train kernel SVM faster. The im-
proved design significantly reduces the communica-
tion overhead by making it insignificant compared
to the computation time. As a result, the resulting
framework is feasible for efficient parallelism across
multiple computing cores and trains SVM faster
than the prior framework [12]. For instance, with the
proposed approach and a computed optimal step
size of 0.9 [12], we are able to train the SVM for
covtype dataset on 16 cores in 18 seconds compared
to 261 seconds in a prior implementation in [12],
which represents an improvement of 14x.

2) We evaluate the performance of our algorithm on
three real world benchmarks, covtype (geography),
webspam (electronic) and SUSY (physics). The al-
gorithm attains speed improvement of 45x, 29x
and 136x, respectively, on these benchmarks on a
64 core multiprocessor with respect to sequential
implementation.

3) We demonstrate through experiments that the pro-
posed training algorithm outperforms state-of-the-
art algorithms such as PSVM and P-packSVM. For
instance, the distributed QRSVM algorithm was 71x
faster than PSVM and 57x faster than P-packSVM on
the covtype benchmark using 16 cores. In addition,
our algorithm scales linearly with the sample size
and hence can handle extremely large datasets such
as SUSY (5M samples) with ease.

The rest of the paper is organized as follows. In Section 2,
we introduce SVM as a quadratic optimization problem for

non-linear classification. In Section 3 we review the QRSVM
framework [12] and the dual ascent method to iteratively
solve the above optimization problem. In section 4, we
present the distributed version of the QRSVM framework.
In Section 5 we report the experiments on three benchmark
datasets. Finally, we conclude in Section 6 with possible
future research directions.

2 PRELIMINARIES

2.1 Support Vector Machines
In a typical Support Vector Machine for the binary clas-
sification problem, the goal is to determine an optimal
hyperplane that maximally separates the two classes. The
hyperplane rests on a set of support points that determine
the shape of the classifier.
For classifier training, one is given a training dataset S =
{(xi, yi), ∀i = 1, . . . , n} with n number of samples. Each
input data point xi ∈ Rd (Rd is the d−dimensional input
space) and yi ∈ {−1, 1} is the corresponding data label (or
class).

An `2-regularized primal version [1] of this problem is

min
w

1

2
||w||22 + C

n∑
i=1

ξi(w;xi; yi), (1)

where w ∈ Rd represents the normal to the hyperplane
separating the data points and C > 0 is the penalty
parameter that determines the trade-off between margin
maximization and training error minimization. The term
ξi(w;xi; yi) represents the squared hinge loss function
associated with the optimization problem. A bias term,
b ∈ R is typically associated with w representing the
separating hyperplane, wTx+ b = 0.

The dual formulation of Equation (1) is:

min
α

1

2
αTZα+ eTα, (2)

subject to L ≤ αi ≤ U,

where, Z = (G+D) ∈ Rn×n is dense and positive definite,
e = −1n, L is the lower bound of each lagrangian multiplier
αi and U is its upper bound. G = {yiyjκ(xi, xj)}, where,
κ() represents the Mercer kernel function.
For SVM, G is derived from the kernel matrix, K =
{κ(xi, xj),∀i, j = 1, . . . , n}which is a positive semi-definite
matrix. The diagonal matrix D, lower bound L and upper
bound U are dependent on the type of loss function associ-
ated with the SVM problem. For L2-SVM with

`2-loss : ξi(w;xi; yi) = max(0, 1− yiwTxi)2,

we have D = (2C)−1In, L = 0 and U =∞.

There are two major types of SVMs based on the nature of
the decision boundary to be learnt for any given dataset.
Linear SVMs are used for finding the linearly separable
hyperplane whereas Kernel (or non-linear) SVMs are
used to learn complex and non-linear decision boundaries
between the two classes present in the dataset. For kernel
(or non-linear) SVMs, it is advantageous to solve the
problem using its dual form to leverage the benefits of the
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kernel trick [3]. In addition, by using the dual formulation,
the loss function vanishes from the objective function
making its optimization simpler.

For a kernel (or non-linear) SVM problem, the kernel
function κ(xi, xj) = 〈φ(xi), φ(xj)〉 is a similarity measure
between a pair of data points, xi and xj in the dataset
which has a non-linear decision boundary. Here, φ() rep-
resents a mapping that transforms the original data point,
xi from input space to the Reproducing Kernel Hilbert
Space (RKHS) where it can be linearly separable. It should
be noted that φ() need not be explicitly available as one
has a representation of the above defined kernel function
κ(xi, xj). Some examples of non-linear kernel functions are
polynomial kernel, radial basis function, etc.
In contrast, the kernel matrix K for linear SVM is directly
separable in terms of original data-points, i.e., K = XXT ,
where X = {xi ∈ Rd, i = 1, . . . , n}. Our goal is to solve
the non-linear problems since most of the datasets that exist
have non-linear decision boundaries inherently.

We focus on the radial basis function (RBF) as the non-
linear kernel function, i.e.,

κ(xi, xj) = exp(−γ‖xi − xj‖2),

which transforms the data to infinite dimensional space.
Unlike the linear SVM, the kernel matrix K for non-
linear problems is not trivially separable. Moreover, K is
associated with O(n3) computation for factoring the matrix
and O(n2) memory to store the factors, which makes it
challenging to scale to large n. A popular solution is to
use a low-rank kernel approximation which speeds up
kernel-based solvers while consuming limited memory.
Kernel approximation techniques attempt to find the best
rank−k approximation K ≈ AAT , with A ∈ Rn×k (k � n),
which has the added benefit that the non-linear kernel
matrix can now be written in a separable form just like
the linear one. The L2-SVM formulation for kernel SVM in
Equation (2) can be written as

min
α

1

2
αT
(
ÂÂT

)
α+

1

2
αT
( 1

2C
In
)
α+ eTα, (3)

subject to − Inα ≤ 0n,

where, Â = diag(y) × A and y = {yi ∈ {−1, 1}, i =
1, . . . , n}. L2-SVM provides a simpler constraint formula-
tion which specifies that each αi corresponding to xi must
be non-negative. The data points corresponding to positive
αi’s are the support vectors on which the separating hyper-
plane rests.

The QRSVM is based on the use of a rank-k approxi-
mation of the kernel matrix K for which we use MEKA,
a ”Memory Efficient Kernel Approximation” technique [13].
MEKA uses nearly same amount of storage as other approx-
imation techniques like incomplete Cholesky decomposition
[14] , Greedy basis selection techniques [15] and Nyström
[16] methods, while achieving lower approximation error.

2.2 Challenges

The matrix Â ∈ Rn×k with k � n, has a tall and skinny
(TS) structure. For SVM problems involving large n, ÂÂT
is a dense square matrix (Hessian component of the SVM

objective function) requiring O(n2) memory to store and
O(n3) computation. Furthermore, this square matrix can
not be decomposed into independent and separable sub-
matrices. Hence, it is difficult to parallelize the training
while using this matrix. In addition, ÂÂT is a rank deficient
matrix that can lead to instability when minimizing the
Lagrangian of the dual SVM problem in Equation (6).
QRSVM framework addresses these issues by employing
the QR decomposition technique to efficiently transform
the dense coefficient matrix into a sparse form followed by
the dual ascent method to solve the resulting optimization
problem iteratively until convergence is achieved.

3 QRSVM FRAMEWORK

We review the fundamentals of a sequential QRSVM frame-
work presented in [12]. In particular, we will discuss the op-
timization formulation based on QR decomposition factors
and present the dual ascent method to solve such optimiza-
tion problem. Finally, we will analyze the computational
complexity of the QRSVM framework.

3.1 QRSVM formulation
QR decomposition of the matrix Â yields Â = QR. Here,
Q is an orthogonal matrix of size n × n and R is a upper
trapezoidal matrix of size n × k. The cost function of the
non-linear SVM problem in Equation (3) now becomes

1

2
αT
(
QRRTQT

)
α+

1

2
αT
( 1

2C
In
)
α+ eTα .

Defining α̂ = QTα, ê = QT e and using QTQ = In, the
L2-SVM quadratic programming (QP) problem becomes

min
α̂

1

2
α̂T
(
RRT +

1

2C
In
)
α̂+ (ê)

T
α̂ (4)

subject to −Qα̂ ≤ 0n .

In Equation (4), RRT is a symmetric sparse matrix of size n
where the non-zeros are restricted to the first k × k subma-
trix. Thus, the Hessian of the cost function in Equation (4) is
a block diagonal matrix comprising of two diagonal blocks:

1) a k × k symmetric and dense submatrix,

(RRT )k + (1/2C)Ik

2) a diagonal submatrix (1/2C)In−k.

The key benefits of the QRSVM formulation are:
Sparsity: It transforms the Hessian from a dense n×nmatrix
ÂÂT + (1/2C)In to an overall sparse matrix which consists
of a small dense k × k block. Thus, it requires lesser storage
of O(k2) compared to earlier dense representation of O(n2).
Separability: It also renders the aforementioned non-
separable Hessian matrix into a block separable form. One
further leverages this separability to independently solve
the two sub-problems in parallel using the dual ascent
algorithm.
Stability: Training an SVM requires solving the quadratic
programming problem defined in Equation (3) which is nu-
merically stable [17]. QRSVM incorporates a stable MEKA
[13] technique as a pre-processing stage followed by House-
holder [19] method for QR decomposition. On applying QR
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Fig. 1: QRSVM framework comprises of two main stages, namely, (1) QR decomposition of the approximated input matrix
Â that yields Householder reflectors and a matrix R, and (2) Dual ascent method to solve the QRSVM problem for obtaining
w, which is the normal to the hyperplane (for linear SVM), and identifying set of support vectors.

decomposition, the low-rank Hessian matrix, ÂÂT becomes
block-separable where the two sub-diagonal blocks are now
invertible. The first block (RRT )k + (1/2C)Ik is full-rank
and the second block (1/2C)In−k is trivially invertible. The
invertibility of the Hessian ensures stable computation of
the minimization step, Equation (6), in the dual ascent stage.
Overall, the QRSVM formulation is numerically stable.

3.2 Dual ascent for QRSVM

Dual ascent is a gradient method which involves iterating
through the update steps until convergence [18]. The La-
grangian L of the QP problem in Equation (4) is written as
follows

L(α̂, β) = 1

2
α̂T
(
RRT +

1

2C
In
)
α̂+(ê)

T
α̂+βT (−Qα̂), (5)

where, β ≥ 0n is the Lagrangian dual variable.
Dual ascent update steps for QRSVM are as follows.

Step 1: Minimization of Lagrangian

α̂t+1 = argmin
α̂
L(α̂, βt)

= −
(
RRT +

1

2C
In
)−1

(−QTβt + ê) .
(6)

Step 2: Dual variable update

βt+1 = βt + η(−Qα̂t+1) . (7)

Here η > 0 is the step size and the superscript t = 0, 1, 2...
is the iteration counter. β0 is initialized to 0n. To satisfy
the non-negativity constraint on each βi, it is replaced with
max(0, βi) during every iteration.

3.3 Computational Complexity of QRSVM

In this subsection we present the computational complexity
associated with the QRSVM framework. The framework is
illustrated in Figure 1 comprising of two major stages: QR
decomposition and dual ascent.

For implementing the QR decomposition of Â, House-
holder transformation [19] is chosen since it has better
numerical stability than the Gram-Schmidt process [20] and
requires fewer arithmetic operations compared to Givens
rotations. As discussed in [19], orthogonal matrix Q is

never explicitly computed. Rather, it is stored as a set of k-
Householder reflectors. The computational complexity for
QR factorization is O(nk2).

In the dual ascent stage, the computational complexity
of a single iteration of QRSVM is the combined cost of the
two update steps defined in Equations (6) and (7). Premul-
tiplying Q (or QT ) to any vector v by using Householder
reflectors requires O(nk) operations, where n is the size of
vector v and k is the number of Householder reflectors [21].
Thus, the cost of computing (−QTβt + ê) in Equation (6)
and (−Qα̂t+1) in Equation (7) is O(nk). The multiplication
of the block diagonal structure of (RRT + 1

2C In)
−1 with the

precomputed (−QTβt + ê) in Equation (6) can be split into
Subproblem 1: The first k components of α̂t+1 are com-
puted by solving a system with the k × k coefficient matrix
(RRTk + 1

2C Ik). By computing and storing Cholesky factors
of this matrix before starting the iterations, the system can
be solved in O(k2) operations. Cholesky factorization of the
coefficient matrix is a one time calculation that is carried out
in the beginning of the dual ascent algorithm at the cost of
O(k3).
Subproblem 2: Calculation of the remaining (n − k) com-
ponents of α̂t+1 requires O(n − k) ≈ O(n) operations as it
is reduced to scalar multiplication with 2C .

Solving these subproblems in Equation (6) incurs O(k3+
k2 + n) cost. Since, the pre-computation of (−QTβt + ê)
mentioned earlier requires O(nk) cost, the overall com-
putational cost per iteration incurred in Equation (6) is
O(nk + k3 + k2 + n) ≈ O(nk), since k � n. Also, the
computational cost of Equation (7) is trivially O(nk) for a
single iteration as mentioned earlier. Combining the cost for
Equations (6) and (7), the effective computational complex-
ity for dual ascent is O(nk) per iteration.

The overall QRSVM [12] with both the stages requires
O(nk2 + nktc) operations, where tc is the number of itera-
tions required for convergence of the dual ascent. The trend
is empirically illustrated in [12] which depicts training time
is linearly dependent on the number of samples, n.
To identify support vectors for prediction, the values of α
are recovered from α̂ by simply pre-multiplying α̂ with Q
via k−Householder reflectors in O(nk) operations. For ker-
nel SVMs where k−rank kernel approximation techniques
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such as the one in [22] are used, QRSVM finds the prediction
for a test sample in O(k2) cost using the simplification
RTk α̂k.

4 DISTRIBUTED QRSVM
With increase in the quantity of data and challenges asso-
ciated with it in terms of computation and storage, it has
become necessary to look for distributed algorithms that
can solve SVM problems efficiently. For a given low-rank
approximation of a kernel matrix, QRSVM scales linearly
with the training dataset size n which makes it scalable to
large datasets, unlike other state-of-the-art solvers such as
PSVM which suffers due to quadratic time complexity. In
this section, we first review the two stages of the distributed
QRSVM [12] framework. Then, we describe the memory
and communication-efficient implementation with improve-
ments over the earlier distributed implementation [12].

4.1 Stage 1: Distributed QR decomposition

In the QRSVM framework, Â is decomposed into factors
Q and R. To deal with large data sizes, one partitions the
data matrix Â = [Â1

T
, .., Âp

T
]T across p computing cores

such that each core receives n
p rows of Â (assume n is a

multiple of p). The number of cores p should be less than
n
k to ensure each block has more rows than columns. It is
preferable to have p � n

k to maintain a tall and skinny
structure on each core. We now discuss how Q and R can
be generated from the partitioned matrices Âi, i = 1, . . . , p
and stored in a distributed manner similar to parallel Tall-
Skinny QR (TSQR) algorithm [23].

Assume Âi = QiRi is the QR decomposition of Âi in
the core i. Define Ag = [R1

T , .., Rp
T ]T where Ag ∈ Rn×k

and denote the block diagonal matrix by diag(Q1, .., Qp).
Further, let Ag = QgRg be the QR factorization of Ag . It is
easy to see that

Â = diag(Q1, .., Qp)Ag = diag(Q1, .., Qp)QgRg .

Thus, Â = QR, where

Q = diag(Q1, .., Qp)×Qg, and R = Rg .

The partitioning strategy for Â guides the parallelization of
the QR decomposition. Core i computes Ai = QiRi. Core
1 is designated as the master core, which is responsible for
assembling Ag and computing Ag = QgRg . However, for
the sake of implementation we focus on memory-efficient
representation of Ag which is Âg and computing its QR
decomposition, Âg = QfRf . Implementation details are
provided in Section 4.3 along with the pseudocode in Al-
gorithm 1.

This distribution is a two-level approach where the first
level involves QR factorization at each core locally and
in parallel, followed by a second level which computes a
single QR factorization at the master core. The approach is
illustrated in Figure 2. Alternatively, one can use a multi-
level approach TSQR [23] in the form of binary reduction
tree with log2 p levels in which, at each level, pairs of
Ri’s from the preceding level are combined into a single
matrix. QR factorizations of these matrices are computed in

a distributed manner using half as many cores compared to
the preceding level in the hierarchy. In principle, this scheme
yields the maximum amount of parallelism and highest
processor utilization, albeit at the expense of greater algo-
rithmic complexity. We opted for the two-level implemen-
tation approach due to its simplicity as depicted in Figure
2. As seen from the experimental results in Section 5.2, the
impact of our choice of implementation on the distributed
QR factorization (Figure 4(a)) is negligible. Specifically, the
time spent by the master core at the second level is minimal
compared to the local QR computations at the first level.
The overall Q is represented in terms of local Qi’s in the
worker cores (i > 1) and Qg in the master core (i = 1). This
leads to the following distributed formulation of matrix-
vector multiplication involving the matrix Q.
For a vector v ∈ Rn, computing Qv in the distributed
QRSVM framework can be formulated as

Qv = diag(Q1, .., Qp)× (Qgv) .

The vector v exists as partitions across the p cores in a
manner identical to Â. Thus, core i owns block vi of size
(np ) elements. To compute Qv, v is assembled at the master
core by gathering vi from all the cores. Multiplication with
Qg is computed by the master core, which is followed
by distribution (scattering) of the resulting vector across
cores. Subsequently, each core applies its Qi to the sub-
vector assigned to it. Pseudocode for such computation is
presented in Algorithm 3.

Multiplication with QT is done in a reverse flow. Firstly,
each core applies its Qi

T to vi. This is followed by as-
sembling (gathering) the resulting sub-vectors at the master
core and finally multiplying with Qg

T . Pseudocode for such
computation is presented in Algorithm 4.

QT v = Qg
T × (diag(Q1

T , .., Qp
T )v)

As observed from Algorithms 3 and 4, each of the above
two calculations inherently requires communication (gather
and scatter) across the distributed network. Again, the com-
putation of the product between the Householder reflectors,
representing Qg (or Qg

T ) and Qi (or Qi
T ), and the vector

in these formulations are local to the respective cores in the
cluster.

4.2 Stage 2: Parallel Dual ascent
With the distributed QR decomposition technique, it is
possible to calculate the dual ascent steps, Equations (6) and
(7), in parallel across the computing cores.
Let us define the Hessian matrix in Equation (5) as

F = −
(
RgRg

T +
1

2C
In
)
,

where we substitute,R =Rg . F is sparse and invertible. Due
to its separable structure, it can be block-partitioned as F =
diag(F1, .., Fp) such that the diagonal block Fi ∈ R

n
p ×n

p is
allocated to core i. Since k � n

p due to choice of p, the dense

and symmetric block
(
(RgRg

T )k +
1
2C Ik

)
of size k × k lies

entirely within F1 at the master core (i = 1). It is also worth
noting that there is no need to actually partition the Hessian
F at the master core and communicate it to other worker
cores i = 2, . . . , p. In fact, the other diagonal blocks Fi in
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Fig. 2: A two-level implementation of distributed QR decomposition of Â. The orthogonal matrices are stored as sets of
their Householder reflectors, denoted as {q}. (Ri)k×k are gathered from all the cores and Âg is assembled at the master
core. Âg = {qf}Rf is computed which can be converted to original global factors, {qg} and Rg by appending appropriate
rows of zeros as depicted [12]. However, in this work the proposed implementation uses memory-efficient representations
of the global factors for Âg , i.e., {qf} and (Rf )k×k.

the respective worker cores are simply the constant diagonal
matrix −( 1

2C )In
p

which is never constructed, rather directly
used as scalar multiplication in Equation (8).

The parallel version of the dual ascent method at itera-
tion (t+1) for any core i is given below. Here, it is assumed
that vectors α̂ and β̂ have been partitioned and distributed
across cores, analogous to the approximation matrix Â.
Step 1: Minimization of Lagrangian

α̂i
t+1 = F−1

i (−β̂i
t
+ êi) (8)

where, β̂t = QTβt and

Fi
−1 =

{
F1

−1 if i = 1

diag(−2C) if i = 2..p

Step 2: Dual variable update

β̂i
t+1

= β̂i
t
+ η?(−α̂it+1) (9)

Here, the optimal step size η? defined in [12] is used for
faster convergence. The iterative updates continue until the
stopping criterion, (‖β̂i

t+1
− β̂i

t
‖1 ≤ threshold ) is met.

It is worth noting that by changing the dual variable
from β to β̂, the updates to α̂i

t+1 and β̂i
t+1

occur locally
(in parallel) without requiring any communication among
the computing cores. However, after every iteration,
the original dual variable β has to be checked for non-
negativity as discussed earlier in Section 3.2. This requires
transformation from β̂ to β = Qβ̂, then zeroing out
the negative β values and finally transforming back to
β̂ = QTβ. Such transformations from β̂ to β and back to
β̂ require communication across the computing cores as
described in Section 4.1. The pseudo-code for this stage of
parallel dual ascent is given in Algorithm 2.

4.3 Implementation of distributed QRSVM

The distributed implementation of QRSVM presented in
[12] performs well for small and medium-sized problems
than the competing algorithms, but like others it is infeasible
for large datasets. The major limitations of [12] affecting its
scalability to large datasets have been identified as follows

• Large memory needed to construct and store global
factors at the master core, namely, Householder re-
flectors for Qg and the upper trapezoidal matrix Rg .

• Significant communication overhead incurred dur-
ing Qβ̂ and QTβ operations in each iteration of the
parallel dual ascent.

In this section, we describe the efficient implementation
for distributed QRSVM along with the improvements
done over [12] to address the above limitations. These
improvements are significant in both memory savings and
communication efficiency thereby ensuring faster speedup
and highly scalable framework for training SVM on large
datasets.

(a) Distributed implementation of QR decomposition
We propose a novel implementation of the distributed
QR decomposition technique (Stage 1) wherein memory-
efficient representations of the global factors at the
master core are generated. Figure 2 illustrates the above
implementation and Algorithm 1 presents the pseudo-code.

Firstly, local QR decompositions are done in parallel
across all the cores (Step 4 in Algorithm 1) using
Householder transformation to generate two local factors.
The first local factor is an orthogonal matrix Qi in each of
the computing cores. It is stored as a set of k−Householder
reflectors [19], which we denote as {qi} of size (n/p) × k.
Here, each column is a reflector in the set. The second local
factor of the decomposition is the upper trapezoidal matrix
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Ri of size (n/p)× k. It comprises of k × k upper triangular
block followed by zero-blocks. We denote the upper
triangular block as (Ri)k×k. Next, as per the formulation
described in Section 4.1, the local factor, Ri, from all the
cores needs to be gathered at the master core. However, to
ensure communication-efficient implementation, each of the
worker cores communicates only its local upper triangular
block (Ri)k×k to the master core (see Step 5 in Algorithm
1) rather than sending the complete matrix Ri comprising
of redundant zero-blocks. Through this strategy, we reduce
the communication volume across the distributed network
from O(np ) to O(k) per core. Then, at the master core, all
these local upper triangular blocks (Ri)k×k which have
been gathered from all the computing cores p are stacked
to generate Âg of size pk × k (see Step 7 in Algorithm 1).
This is significantly smaller memory footprint than storing
the original Ag of size n × k which would have required
gathering the complete Ri with redundant zero-blocks.
Finally in the master core, QR decomposition of Âg using
Householder transformation generates memory-efficient
global factors; a set of Householder reflectors {qf} and an
upper trapezoidal matrix Rf , as illustrated in Figure 2 and
in Step 8 of Algorithm 1.
Memory improvement over [12]: In the prior
implementation of the distributed QRSVM as described
in [12], large memory was required to construct and store
these global factors (set of Householder reflectors and
upper trapezoidal matrix) at the master core. Firstly, the
set of k−Householder reflectors for the orthogonal matrix
Qg , denoted as {qg} of size n × k, was constructed by
appending (np − k) rows of zeros to each {qf}i block.
In addition, the second global factor, namely, the upper
trapezoidal matrix, Rg , was generated by appending
(n − k) rows of zeros to (Rf )k×k. Figure 2 illustrates these
constructions at the master core. For large sample size n, the
memory consumption for {qg} and Rg increases linearly
with n, posing a serious challenge to its performance. Such
large memory requirement at the master core limits the
capabilities of [12] to small and medium-sized datasets
only. However, in the proposed implementation we avoid
constructing these global factors, {qg} and Rg . Rather,
we retain their memory-efficient representations, denoted
as {qf} and (Rf )k×k, respectively. Figure 2 depicts the
construction of these memory-efficient representations at
the master core while Algorithm 1 lists those as Steps 8-9.
By retaining the global reflector set as {qf} of size pk × k
rather than constructing {qg} of size n × k at the master
core, we now achieve significant memory savings worth
( npk ) times compared to [12], where, p� n

k . Henceforth, the
distributed QRSVM framework will be designed only using
these memory-efficient representations, {qf} and (Rf )k×k.

(b) Parallel implementation of Dual ascent
As mentioned in Section 4.2, update Equations (8) and
(9) are trivially parallelized across the cores (see Step 4
and Step 5 in pseudo-code in Algorithm 2). However,
transformations from β̂ to β and back needs to be
done in every iteration to ensure the non-negativity
of β for guaranteed convergence of the algorithm.
Such transformations require communication across the

Algorithm 1 Distributed QR decomposition of Â

1: k ← rank
2: for each core i do
3: Âi ← local partitioned data
4: Parallel Compute {qi}, Ri ← Âi
5: GATHER (Ri)k×k at Master core
6: end for
7: Âg ← gathered or stacked (Ri)k×k
8: Compute {qf}, Rf ← Âg at Master core
9: Use (Rf )k×k

Algorithm 2 Parallel Dual ascent

1: iteration t← 0
2: for each core i do
3: while error > threshold do
4: Parallel Compute Equation 8: α̂i

t+1

5: Parallel Compute Equation 9: β̂i
t+1

6: Compute βi ← Qβ̂ //Algorithm 3
7: Parallel Compute βi ← max{0, βi}
8: Compute β̂i ← QTβ //Algorithm 4
9: error ← |β̂i

t+1
− β̂i

t
|

10: t← t+ 1
11: end while
12: end for

computing cores. So, we focus on the calculation of the
following two distributed matrix-vector products that
involve inter-core communication processes gather and
scatter.

β = Qβ̂ = diag(Q1, .., Qp)× (Qf β̂)

and
β̂ = QTβ = Qf

T × (diag(Q1
T , .., Qp

T )β)

In each iteration of the Stage 2 (Steps 3-11 in Algorithm 2),
these two multiplication modules are invoked to transform
β̂i to βi and vice-versa, respectively (see Step 6 and Step 8
in Algorithm 2). This can lead to large communication over-
head. Algorithms 3 and 4 describe how to transform β̂ to β
and β to β̂, respectively, in an efficient manner. It is worth
restating that Qi’s and Qf are never calculated explicitly,
rather, are stored as sets of k−Householder reflectors; as
{qi}’s in the worker cores and as {qf} in the master core.
The implicit matrix-vector multiplication involving these
reflectors is described in [21].

To compute β = Qβ̂ in Algorithm 3, we first gather
local β̂i from the worker cores and calculate (Qf β̂) vector
at the master core. Next, the partitioned vector (Qf β̂)i is
scattered to the cores. Core i uses its local Qi in the form
of reflector set {qi} that was pre-computed during the QR
decomposition of the partitioned data Âi to multiply Qi to
(Qf β̂)i in order to obtain βi. These multiplications with Qi
proceed concurrently at each core.
To compute β̂ = QTβ in Algorithm 4, however, we
first calculate local (Qi

Tβi) in each core i. This compu-
tation can be trivially parallelized. Then, these local vec-
tors are gathered at the master core. The gathered vector
(diag(Q1

T , .., Qp
T )β) is multiplied with Qf

T to generate β̂
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Algorithm 3 Compute βi ← Qβ̂ ,in each core i

1: GATHER β̂i at Master core
2: β̂ ← gathered β̂i
3: Compute (Qf β̂) at Master core
4: SCATTER (Qf β̂) to all cores
5: (Qf β̂)i ← scattered (Qf β̂)
6: Parallel Compute βi ← Qi × (Qf β̂)i

Algorithm 4 Compute β̂i ← QTβ ,in each core i

1: Parallel Compute (Qi
Tβi)

2: GATHER (Qi
Tβi) at Master core

3: (diag(Q1
T , .., Qp

T )β)← gathered (Qi
Tβi)

4: Compute β̂ ← Qf
T×(diag(Q1

T , .., Qp
T )β) at Master

5: SCATTER β̂ to all cores
6: β̂i ← scattered β̂

at the master core. Finally, we scatter it to all the cores such
that each core gets its β̂i.

Communication improvement over [12]: In the prior
implementation [12], significant communication overhead
was incurred during Qβ̂ and QTβ operations in each it-
eration of the parallel dual ascent. Specifically, it required
communicating large volume of data of size (np ) per core
via gather and scatter processes in the distributed network.
Increasing the number of cores resulted in more interactions
across the network. As a result, the training time became
prohibitive for large datasets thereby limiting the benefits
of the distributed QRSVM framework. In the proposed
implementation which is based on memory-efficient repre-
sentation {qf}, it is sufficient to communicate (via gather
and scatter) only the first k−elements of the partitioned
vector, βi or β̂i in each of the above computation operations
(Algorithms 3 and 4). This is a key step to achieve near-
negligible communication overhead. As a result, in each iter-
ation of the parallel dual ascent, the communication volume
is reduced by a factor of ( npk ) per core compared to [12],
without incurring any computation error. Moreover, the
proposed implementation is rendered computation-bound
only which can be handled efficiently by employing more
number of parallel computing cores. Due to above com-
munication improvements, we achieve large speedup in the
SVM training and can handle significantly larger workloads,
thereby making the framework scalable than [12].
An alternative implementation for Qβ̂ and QTβ in the
parallel dual ascent method (Stage 2) can be used to avoid
the frequent gathering and scattering of the k−sized vectors
βi and β̂i from each of the cores. One can scatter the
reflector set {qf} ∈ Rpk×k present in the master core across
all the worker cores as {qf}i on completion of distributed
QR decomposition (Stage 1). Each core can now locally
compute (Qfi β̂i) and (Qfi

Tβi) via implicit multiplication
described in [21]. With distributed {qf}i in each core, it
is possible to parallelize the implicit matrix-vector (Qv)
multiplication while simply using All Reduce on the locally
computed {qf}Ti βi (scalar) values with SUM operation.
In every iteration of the update steps, All Reduce will be
invoked k−times within every core for computing (Qfi β̂i)

TABLE 1: Benchmark Dataset Description

Dataset
#training
samples

(n)

#features
(d)

k-rank
approx.

covtype.binary 464,810 54 64
webspam(unigram) 350,000 254 128

SUSY 5,000,000 18 128

TABLE 2: Distributed-QRSVM

Parameters covtype webspam SUSY
C 1 1 1
γ 23 20 2−3

#cores, p 16 32 64
stopping threshold 10−3 10−3 10−3

optimal step size, η∗ 0.9 0.9 0.9
#iterations, tc 1075 569 2096

and (Qfi
Tβi). This alternative is expected to be beneficial

for sufficiently large k. The experimental evaluation with
this alternate design is beyond the scope of the current
work.

5 RESULTS AND DISCUSSIONS

5.1 Experimental Setup
For our experiments, we use datasets which are available
in LIBSVM datasets repository 1 for binary classification.
Specifically, we focus on large datasets with number of train-
ing samples in hundreds of thousand and above to justify
the need for a distributed and scalable SVM framework. The
RBF kernel function is used for SVM training to represent
the Kernel matrix. The dataset description is provided in
Table 1. We also report the k-rank approximation selected
for the kernel matrix computed by MEKA. The distributed
QRSVM framework has been implemented in C/C++ using
the Armadillo library [24] integrated with LAPACK/BLAS
for linear algebra calculations. We run our parallel imple-
mentation on the Ada supercomputing cluster at the Texas
A&M High Performance Research Computing2 facility. The
cluster consists of 792 compute nodes each equipped with
two 10-core Intel Xeon E5-2670 v2 (Ivy Bridge) processors
and 64 GB memory. The interconnect used is Infiniband. We
use Message-Passing Interface (MPI) [25] for inter-process
communication.

5.2 Discussions for distributed QRSVM
Here, we present our discussion on the various performance
measures, namely, convergence, scalability, computation
time, communication time and overall training time, of the
improved and efficient implementation of the distributed
QRSVM framework.
Convergence: The convergence of the distributed QRSVM
technique is guaranteed by the parallel dual ascent method
discussed in Section 4.2. The authors in [12] have derived
an optimal step size for faster convergence, which has
been adopted in our experiments. Figure 3 illustrates the
convergence trend of the proposed algorithm for the three

1. https://www.csie.ntu.edu.tw/∼cjlin/libsvmtools/datasets/
binary.html

2. http://hprc.tamu.edu/

https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/binary.html
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/binary.html
http://hprc.tamu.edu/
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Fig. 3: Convergence rate of distributed QRSVM algorithm:
Training error on benchmark datasets (covtype, webspam
and SUSY) approaches the stopping threshold (10−3) in tc =
1075, tc = 569, and tc = 2096 iterations, respectively, using
the optimal step size η∗ = 0.9 [12].

benchmarks. It exhibits a sharp decrease in the training
error ‖β̂t+1 − β̂t‖1 as the dual ascent algorithm converges
to the optimal solution. A stopping threshold of 10−3 has
been used for convergence. Various parameters for the
selected benchmarks are shown in Table 2.

Scalability: Table 3 lists the training time and speedup
achieved by distributed QRSVM on p cores, where,
p ∈ {2, 4, 8, 16, 32, 64}. Since a processing node on Ada
consists of two 10-core processors, we use one node for
p ∈ {2, 4, 8, 16}, two nodes for p = 32, and four nodes
for p = 64. When using more than a single node, the
number of cores used on each node was identical. The only
exception to this rule is the execution of SUSY, where the
number of cores was restricted to 2 per node in order to
leverage caches effectively on each node for large dataset. It
is found that SVM on covtype, webspam and SUSY can be
trained in as fast as 6 seconds , 9 seconds, and 210 seconds,
respectively, on 64 cores. This results in speedup of around
45x, 29x and 136x over sequential QRSVM implementation
on a single core. Speedup (Sp) is computed as the ratio of
training time (Ttrain) on p cores to that on a single core, i.e.,

Sp =
Ttrain|p
Ttrain|p=1

,

where, Ttrain|p is the QRSVM training time on p cores.
Since Stage 1 (distributed QR decomposition) and Stage
2 (parallel dual ascent) of the distributed technique have
been parallelized efficiently, we are able to achieve very
high speedups with respect to the sequential execution.
The two smaller benchmarks show near-linear speedup on
up to 16 cores. The speedup observed for SUSY is highly
dependent on cache utilization by the cores due to large
problem size. SUSY demonstrates near linear speedup for
p = {16, 32, 64} when p = 8 is used as the base case since
the subproblem on each core fits within the local cache.
However, when p < 8 cores are used, the subproblem size
on each core is too large to fit the local cache which results
in relatively larger training time. As a result, one observes
super-linear speedup as we increase the number of cores
when p = 1 (sequential implementation) is used as the base
case.

Computation time, Tcomp : The distributed QRSVM

framework for parallel training has three major
computational requirements:
1) Low-rank kernel approximation
2) Distributed QR decomposition (Stage 1)
3) Parallel Dual ascent (Stage 2)
For computing the low-rank kernel approximation we
use MEKA [13] which is a sequential code. The time to
compute these approximations, denoted as TLRA, has
values 2.1 seconds, 5.93 seconds and 29.66 seconds for
the benchmarks covtype, webspam and SUSY, respectively.
Kernel approximation is a one-time pre-processing step
prior to the other two more computationally dominant
stages of the proposed framework. Therefore, we do not
include TLRA in the overall training time, and instead focus
on the time spent on the other two stages. As a side note,
it is also possible to use alternative kernel approximation
techniques like [14], [15], [16], etc., but we recommend
MEKA for its superior properties of memory-efficiency and
low approximation error [13].

In the distributed QR decomposition stage (Algorithm
1), partitioned data Âi is decomposed locally in each
core into Qi and Ri concurrently (Step 4 in Algorithm
1). We denote its worst-case computation time as
TlocalQR. Then, at the master core the gathered data
Âg is further factorized (see Step 8 in Algorithm 1), and
its computation time is denoted as TmasterQR. Figure
4(a) depicts the timing distribution of the distributed
QR decomposition, where TlocalQR = {2.15, 2.82, 11.6}
seconds and TmasterQR = {0.02, 0.24, 0.56} seconds for
benchmarks covtype (p = 16), webspam (p = 32) and SUSY
(p = 64), respectively. It can be seen that most of the total
execution time for Stage 1 is spent on computing the local
QR decomposition, TlocalQR.
Finally, for each iteration in the parallel dual ascent stage,
we locally compute the update steps given in Equation
(8) and Equation (9) in parallel across the cores. They are
denoted as Step 4 and Step 5 of Algorithm 2, respectively.
Later, we compute the transformation from β̂ to β and
back to β̂ in Step 6 and Step 8 of Algorithm 2 which
are separately tagged as Algorithm 3 and Algorithm 4,
respectively. Note that, Step 3 and Step 6 in Algorithm 3
and Step 1 and Step 4 in Algorithm 4 are the computation
steps in the above transformations. We combine the above
mentioned computation times for all the iterations of
the parallel dual ascent until convergence and denote as
Tupdate. Figure 4(b) presents the total execution time for
the Stage 2 which includes both the computation and
the communication time. Here, the computation time is
Tupdate = {16.29, 7.49, 192.44} seconds for benchmarks
covtype (p = 16), webspam (p = 32) and SUSY (p = 64),
respectively. It is observed that more than 99% of the
execution time of parallel dual ascent (Stage 2) is spent on
computation. Hence, the proposed algorithm is amenable
for full parallelism by incorporating more cores.

Communication time, Tcomm : The distributed QRSVM
framework has two necessary communication requirements.
The first communication occurs during Stage 1, i.e.,
distributed QR decomposition, when local (Ri)k×k are
gathered at the master core (Step 5 in Algorithm 1). This is
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TABLE 3: Scalability of distributed-QRSVM.
Training time (in seconds) and Speedup, Sp wrt sequential-QRSVM (Sp is shown in parenthesis).

Dataset sequential p=2 p=4 p=8 p=16 p=32 p=64
covtype 268 (1x) 132 (2x) 64 (4x) 33 (8x) 18 (15x) 10 (27x) 6 (45x)

webspam 258 (1x) 120 (2x) 58 (4x) 32 (8x) 19 (14x) 11 (23x) 9 (29x)
SUSY 28,614 (1x) 11,284 (2x) 4,405 (7x) 1,686 (17x) 804 (36x) 380 (75x) 210 (136x)

also depicted in Figure 2. Let us denote this communication
time as TgatherR. As seen in Figure 4(a) the communication
overhead, TgatherR = {0.01, 0.04} seconds hardly impacts
the Stage 1 execution time for benchmarks covtype and
webspam on p = 16 and p = 32 cores, respectively. It is due
to minimal inter-node communication where the number of
Ada nodes required are 1 and 2, respectively based on our
experimental setup. In the case of larger benchmark SUSY,
the inter-node communication is higher as 32 Ada nodes are
used. Here, the communication requirement in Stage 1 is
TgatherR = 4.52 seconds on p = 64 cores, which is around
27% of the execution time of Stage 1. However, for such
large datasets requiring more number of nodes, the increase
in inter-node communication time for Stage 1 is largely
compensated by the computation time for Stage 2, as seen
in Figure 5.
The second communication occurs during each iteration
of the parallel dual ascent method (Step 6 and Step 8
in Algorithm 2). There are two gather and two scatter
processes in each iteration as discussed in Sections 4.2 and
4.3. These communication processes, gather and scatter,
first occur in Step 1 and Step 4 of Algorithm 3, respectively
and again in Step 2 and Step 5 of Algorithm 4, respectively.
Let T2g+2s denote the time involved for gathering (g) and
scattering (s) twice during all the iterations of the parallel
dual ascent until convergence. From Figure 4(b), we observe
that T2g+2s = {0.05, 0.03, 0.73} seconds for benchmarks
covtype (p = 16), webspam (p = 32) and SUSY (p = 64),
respectively, has insignificant impact (< 1%) on execution
time of Stage 2 in comparison to its computation time,
Tupdate.

Training time, Ttrain : The overall training time, denoted
as Ttrain = Tcomp + Tcomm, for the distributed QRSVM
algorithm is observed to be Ttrain = {18.52, 10.62, 209.85}
seconds on benchmarks covtype (p = 16), webspam
(p = 32) and SUSY (p = 64), respectively. In the
proposed framework, Ttrain comprises of computation
time, i.e., Tcomp = TlocalQR + TmasterQR + Tupdate =
{18.46, 10.55, 204.60} seconds, and communication time,
i.e., Tcomm = TgatherR + T2g+2s = {0.06, 0.07, 5.25}
seconds. Figure 5 depicts the analysis of Ttrain where
the time for communication is around 0.3%, 0.6% and
2.5% of the total training time for benchmarks covtype,
webspam and SUSY respectively. Moreover, in Figure 5,
it is also observed that parallel dual ascent (Stage 2) in
the QRSVM algorithm is more computationally dominant
stage than the distributed QR decomposition (Stage 1).
On Ivybridge processor, parallel dual ascent achieves
around 700 MFLOP per second per core for the chosen
benchmarks. These results validate our communication-
efficient implementation of distributed QRSVM where
negligible amount of SVM training time is spent in

(a) Stage 1: Distributed QR decomposition

(b) Stage 2: Parallel Dual ascent

Fig. 4: Timing (in seconds) analysis for computation and
communication in different stages of distributed QRSVM.
(a) Stage 1: TlocalQR and TmasterQR are the computation
time, whereas Tgather is the communication time. (b) Stage
2: Tupdate denotes the computation time for all iterations of
parallel dual ascent, while T2g+2s refers to the communica-
tion time spent in transformations β̂ to β. Datasets: covtype
(p=16), webspam (p=32), SUSY (p=64).

communicating data across the network. Hence, our
framework is a step towards distributed training on the
edge for applications in IoT without the need to transfer
all the data to a central server for training. In essence, our
framework offers decentralization of SVM training with
guaranteed convergence.

Fig. 5: Overall training time, Ttrain analysis (in seconds)
for benchmarks covtype (p = 16), webspam (p = 32) and
SUSY (p = 64). A majority of the training time is spent
in iterative computations in Stage 2 (parallel dual ascent),
while communication overhead is negligible.
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TABLE 4: Comparing dis-QRSVM with PSVM, P-packSVM
and [12] on Ttrain (in seconds) for covtype dataset.

Algorithm p=2 p=4 p=8 p=16 p=32 p=64
PSVM 8,562 4,396 2,352 1,270 635 341

P-packSVM - - 2,019 1,022 295 110
dis-QRSVM [12] 390 309 271 261 256 454

dis-QRSVM 132 64 33 18 10 6
- data unavailable

TABLE 5: Comparing proposed dis-QRSVM with [12] on
Stage 2 computation time, Tupdate and communication

time, T2g+2s (in seconds) for covtype dataset.

Time p=2 p=4 p=8 p=16 p=32 p=64
Tupdate [12] 379 304 269 259 252 448

Tupdate(proposed) 122 59 30 16 8 5
T2g+2s [12] 1.63 1.81 0.34 0.05 1.19 3.02

T2g+2s(proposed) 0.02 0.02 0.14 0.05 0.03 0.11

5.3 Comparison with other parallel methods

In Table 4, we compare the training time of the proposed
framework with state-of-the-art parallel solvers, namely,
PSVM [9] and P-packSVM [10] on covtype benchmark.
Moreover, we also evaluate the performance improvement
over the prior implementation of distributed QRSVM frame-
work [12]. It is observed that for a given benchmark, the
proposed implementation of the distributed QRSVM trains
much faster than PSVM ,P-packSVM and prior implemen-
tation [12]. Both PSVM and the distributed QRSVM opti-
mize the dual form of the SVM cost function, making our
comparison fair. We have used the default setting for PSVM
parameters as reported in [9]. In our experiments, the dual
residual threshold for convergence was set to 10−3.

PSVM is the foremost parallel SVM solver available
as open source. It employs parallel incomplete cholesky
factorization (PICF) to approximate n × n kernel matrix
with a k− rank representation. PSVM then performs parallel
Interior-Point Method to solve the quadratic optimization
problem. As per [9], the computational complexity of PSVM
is O(nk2/p). To ensure good accuracy, the authors in PSVM
[9] recommend the rank of the ICF of kernel matrix as
k =
√
n, where n represents the number of training samples.

As a result, the cost of executing PSVM becomes quadratic
in n which results in large training time and hinders its
scalability to large datasets.

In contrast to PSVM, the proposed distributed QRSVM
framework builds on the current state-of-the-art kernel ap-
proximation, MEKA [13], which is both memory-efficient
and has the least kernel approximation error amongst vari-
ous approximation methods such as ICF. Since the accuracy
of our framework is directly related to the quality of kernel
approximation, we can safely argue that accuracy of our
MEKA-based distributed QRSVM will be at least at par or
better than the traditional ICF-based PSVM. In the light of
above, the k-rank approximation of the kernel matrix is
chosen empirically through MEKA [13]. We ensure rank
k � n as discussed in Section 2.1. Since the dominant
computations in both stages of the distributed QRSVM
framework can be fully parallelized, the time complexity
of the proposed framework is O(nk2/p + nktc/p). With
the above choice of k � n, the computational cost for the

distributed QRSVM is linear in number of samples n unlike
PSVM which shows quadratic behavior. Therefore, the pro-
posed framework converges faster and is more scalable than
PSVM. For instance, it can be observed from Table 4 that on
p = {2, 4, 8, 16, 32, 64} cores for covtype benchmark, PSVM
takes Ttrain = {8562, 4396, 2352, 1270, 635, 341} seconds
while the proposed distributed QRSVM framework trains in
Ttrain = {132, 64, 33, 18, 10, 6} seconds with performance
improvement of {65x, 69x, 71x, 71x, 63x, 57x}.

Due to lack of availability of P-packSVM code as open
source, we estimate its results based on its training time
ratio with respect to PSVM obtained from [10]. We report the
training performance of P-packSVM on p = {8, 16, 32, 64}
cores since the base number of cores used in [10] is 8.
As observed in Table 4, our implementation performs
{61x, 57x, 30x, 18x} faster than P-packSVM for training cov-
type on p = {8, 16, 32, 64} cores, respectively.

We also compare and evaluate the performance of the
proposed implementation with our prior work [12]. Sec-
tion 4.3 discusses the communication improvement over
[12] during the parallel implementation of the dominant
stage of iterative dual ascent (Stage 2). Hence, we com-
pare Stage 2 computation time, Tupdate and communication
time, T2g+2s of both the implementations in Table 5. It can
be empirically observed that the proposed implementation
significantly improves over [12] in computation of Stage
2 with relatively lower communication overhead, leading
to faster overall training time. From Table 4, we achieve
performance improvement of {3x, 5x, 8x, 14x, 25x, 75x} in
training time compared to [12] on p = {2, 4, 8, 16, 32, 64}
cores, respectively. While [12] could train datasets just as
large as covtype with n = 464, 810 samples, the proposed
implementation is demonstrated to work for same and
even larger datasets such as SUSY with n = 5M samples.
Moreover, the results in Table 5 also validate that [12] was
unable to scale on large number of cores while the proposed
approach exhibits better parallel speedup, owing to both
memory and communication-efficient implementation.

6 CONCLUSION

We propose a fast and efficient implementation to im-
prove the distributed QR decomposition framework [12]
for training kernel support vector machines. The framework
comprises of two stages: distributed QR decomposition and
parallel dual ascent, to accelerate the training. Householder
transformation is used to convert a dense and low-rank
approximation of the kernel matrix into a highly sparse and
separable structure, with easily invertible diagonal blocks.
Moreover, we efficiently implement these two stages of the
framework to achieve significant memory and communi-
cation benefits over [12]. We empirically demonstrate that
the proposed distributed implementation of the framework
achieves considerable speedup over its sequential counter-
part. In addition, it substantially reduces the communication
overhead to a negligible fraction of the total training time.
These characteristics make the framework suitable to han-
dle large data problems while being scalable across large
number of computing cores, unlike [12]. We also achieve
performance benefit on training time compared to state-of-
the-art parallel SVM solvers. As a future work, extension
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of this work to incremental SVMs for real-time training
can be explored. We are also designing efficient hardware
accelerator based on distributed QRSVM for applications in
edge computing and smart embedded systems.
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