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Abstract

Asynchronous stochastic algorithms with various variance reduction techniques (such as
SVRG, S2GD, SAGA and ¢-SAGA) are popular in solving large scale learning problems.
Recently, Reddi et al. (2015) proposed an unified variance reduction framework (i.e., HSAG)
to analyze the asynchronous stochastic gradient optimization. However, the HSAG frame-
work cannot incorporate the S2GD technique, the analysis of the HSAG framework is
limited to the SVRG and SAGA techniques on the smooth convex optimization. They
did not analyze other important various variance techniques (e.g., S2GD and ¢-SAGA)
and other important optimization problems (e.g., convex optimization with non-smooth
regularization and non-convex optimization with cardinality constraint). In this paper,
we bridge this gap by using an unified g-memorization framework for various variance
reduction techniques (including SVRG, S2GD, SAGA, ¢-SAGA) to analyze asynchronous
stochastic algorithms for three important optimization problems. Specifically, based on the
g-memorization framework, 1) we propose an asynchronous stochastic gradient hard thresh-
olding algorithm with g-memorization (AsySGHT-gM) for the non-convex optimization
with cardinality constraint, and prove that the convergence rate of AsySGHT-¢M before
reaching the inherent error induced by gradient hard thresholding methods is geometric.
2) We propose an asynchronous stochastic proximal gradient algorithm (AsySPG-¢M) for
the convex optimization with non-smooth regularization, and prove that AsySPG-gM can
achieve a linear convergence rate. 3) We propose an asynchronous stochastic gradient
descent algorithm (AsySGD-gM) for the general non-convex optimization problem, and
prove that AsySGD-¢gM can achieve a sublinear convergence rate to stationary points. The
experimental results on various large-scale datasets confirm the fast convergence of our
AsySGHT-¢M, AsySPG-¢M and AsySGD-¢M through concrete realizations of SVRG and
SAGA.
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1. Introduction

Large-scale learning problems are ubiquitous in the current era of big data. For example,
Flickr (a public picture sharing site) daily received 1.8 million photos on average from
February to March in 2012 (Michel, 2012; Wu et al., 2014). If we want to learn a classifier
based on these cumulative photos (Wang et al., 2012), it is inevitable to design a large-scale
learning algorithm to handle the massive amounts of photo data. Parallel computation
and stochastic optimization are the dominant techniques for solving this kind of large scale
learning problems.

Parallel Computation. Parallel computation techniques were recently proposed to
address large-scale learning problems, benefiting from the popularity of multi-core proces-
sors and GPU-accelerators. Parallel computation techniques can be roughly divided into
synchronous and asynchronous models, according to whether the reading or writing lock is
used. As pointed out in many literatures (Lian et al., 2016; Liu and Wright, 2015; Zhao
and Li, 2016; Lian et al., 2015), the synchronous parallel model reduces parallel efficiency,
because all other computational resources need to wait the ongoing computational resource
when reading or writing a variable. On the other hand, the asynchronous parallel model
is much more efficient than the synchronous parallel model, because it keeps all compu-
tational resources busy all the time. It should be noted that, the convergence analysis
for the asynchronous parallel algorithm is much more difficult than the one for the syn-
chronous parallel algorithm, due to the inconsistent reading'. In this paper, we focus on
the asynchronous parallel model on the parallel environment with shared memory (such as
multi-core processors and GPU-accelerators).

Stochastic Optimization. Stochastic optimization is the other important big data
computation technique. For the full gradient descent algorithm, the full gradient is used to
update the solution, which is quite computational costly for large-scale data. Different to
the full gradient descent algorithm, stochastic gradient descent (SGD) algorithm (Bottou,
2010) uses the stochastic gradient on a sample or a subset of samples to update the solution,
instead of the full gradient. Thus, the SGD algorithm has a cheap computation for each
iteration. However, compared to the linear convergence rate of the full gradient descent
algorithm, the SGD algorithm has a low sublinear convergence rate O(%) due to the variance
of stochastic gradients introduced by random sampling, where T is the iteration number.

To accelerate the SGD algorithm, there have been several variance reduction techniques
proposed to reduce the variance of stochastic gradients. Basically, these variance reduction
techniques use different strategies to combine the full gradient and the stochastic gradient.
Specifically, the variance reduction techniques include SVRG (Johnson and Zhang, 2013),
S2GD (Konecny and Richtérik, 2017), SAGA (Defazio et al., 2014) and ¢-SAGA (Hofmann
et al., 2015), SAG (Schmidt et al., 2017). We give a detailed comparison of the representative
unbiased variance reduction techniques (i.e., SVRG, S2GD, SAGA and ¢-SAGA) in Section

1. Because the asynchronous parallel algorithm does not use the reading and writing locks, the variables
read into the local memory may be inconsistent to the ones in shared memory. It is the so-called
inconsistent reading.
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2.1 and Table 2. From the comparison, we find that SVRG and S2GD have a low space cost
and a high computational cost for each epoch. On the other hand, SAGA and ¢-SAGA have
a low computational cost and a high space cost for each iteration. In addition, S2GD and
¢-SAGA are the general and adjustable versions to SVRG and SAGA respectively. Thus,
each variance reduction technique has its specific merit. Note that, we only consider the
unbiased variance reduction techniques in this paper. The SAG technique (Schmidt et al.,
2017) uses biased stochastic gradients which is out of scope of this paper.

Asynchronous stochastic optimization algorithms with various variance reduction tech-
niques have been proposed to solve large scale learning problems. Specifically, for smooth
convex optimization problems, Zhao and Li (2016) proposed an asynchronous stochastic
algorithm with SVRG, and proved its linear convergence rate. Mania et al. (2017) proposed
a perturbed iterate framework to analyze the asynchronous stochastic SVRG algorithm
with sparse gradients. Leblond et al. (2017) proposed an asynchronous SAGA algorithm,
and proved its linear convergence rate. Huo and Huang (2017) extended the asynchronous
stochastic SVRG algorithm to non-convex optimization problems and proved its sublinear
convergence rate. Gu et al. (2018) proposed an asynchronous stochastic zeroth order gra-
dient algorithm with SVRG technique to non-convex optimization problems and proved
its sublinear convergence rate. For convex optimization problems with non-smooth regu-
larization, Meng et al. (2017); Gu and Huo (2018) independently proposed asynchronous
stochastic proximal gradient algorithms with SVRG, and proved their linear convergence
rates. Pedregosa et al. (2017) proposed an asynchronous stochastic proximal gradient al-
gorithm with SAGA, and proved its linear convergence rate. For non-convex optimization
problems with cardinality constraint, Li et al. (2016) proposed asynchronous stochastic gra-
dient hard thresholding algorithms with the SVRG and SAGA techniques, and proved the
linear convergence rate to an approximately global optimum for the SVRG case. Gu et al.
(2019) proposed asynchronous stochastic Frank-Wolfe algorithm and its SVRG variant, and
proved their convergence rates. We also summarize these representative (asynchronous)
stochastic gradient descent algorithms in Table 1.

As mentioned previously, different variance reduction techniques have their specific
merit. Thus, it is highly desired to propose an unified variance reduction framework to
asynchronous stochastic optimization. To the best of our knowledge, the only unified vari-
ance reduction framework for asynchronous stochastic optimization is (Reddi et al., 2015).
Specifically, Reddi et al. (2015) proposed an unified variance reduction framework (i.e.,
HSAG) to analyze the asynchronous stochastic gradient algorithm for the smooth convex
optimization, and proved its linear convergence rate. However, the HSAG framework cannot
incorporate the S2GD technique, and the analysis for the HSAG framework is limited to the
SVRG and SAGA techniques for smooth convex smooth optimization problems. They did
not analyze other important variance reduction techniques (e.g., S2GD and ¢-SAGA) and
other important optimization problems, such as the non-convex optimization with cardi-
nality constraint, the convex optimization with non-smooth regularization, and the general
non-convex optimization problem.

To bridge this gap, we introduce a more unified and general variance reduction frame-
work (i.e., g-memorization) (Hofmann et al., 2015) which is originally proposed for analyzing
the sequential stochastic gradient algorithm for the smooth convex optimization. In this
paper, we use the unified g-memorization framework to analyze asynchronous stochastic gra-
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Table 1: Representative (asynchronous) stochastic gradient descent algorithms with various
variance reduction techniques. (C, SC, NC, S, NS, RSS and RSC are the abbreviations of
convex, strongly convex, non-convex, smooth, non-smooth, restricted strong smoothness
and restricted strong convexity respectively.)

Reference

Johnson and Zhang (2013)

Koneény and Richtarik (2017)

Defazio et al. (2014)

Hofmann et al. (2015)

Schmidt et al. (2017)

Reddi et al. (2016a)

Allen-Zhu and Hazan (2016)

Reddi et al. (2016b)

Lei et al. (2017)

Zhao and Li (2016)

Mania et al. (2017)

Huo and Huang (2017)

Leblond et al. (2017)

| Meng et al. (2017); Gu and Huo (2018)

Pedregosa et al. (2017)

Li et al. (2016)

Reddi et al. (2015)

Lian et al. (2015)

Gu et al. (2018)

Problem Technique | Parallel | Asynchronous
S&SC+NS SVRG No No
SC S2GD No No
SC+NS SAGA No No
SC g-SAGA No No
SC SAG No No
S&NC SVRG No No
S&NC SVRG No No
S&NC SAGA No No
S&NC SCSG No No
S&SC SVRG Yes Yes
S&C/SC SGD/SVRG Yes Yes
S&NC SVRG Yes Yes
S&SC SAGA Yes Yes
S&SC+NS SVRG Yes Yes
B S&SC+NS SAGA Yes Yes
RSS&RSC+lg SVRG Yes Yes
S&SC HSAG Yes Yes
S&NC SGD Yes Yes
S&NC SVRG Yes Yes
NC SGD/SVRG Yes Yes

(2
Gu et al. (2019)

dient algorithms for three classes of important optimization problems (i.e., the non-convex
optimization problem with cardinality constraint, the convex optimization problem with
non-smooth regularization and the general non-convex optimization problem). Specifically,
based on the g-memorization framework,

1) we propose an asynchronous stochastic gradient hard thresholding algorithm with
g-memorization (AsySGHT-¢gM) for the non-convex optimization problem with cardi-
nality constraint. We prove that the convergence rate of AsySGHT-¢gM before reaching
the inherent error induced by gradient hard thresholding methods is geometric.

2) we propose an asynchronous stochastic proximal gradient algorithm (AsySPG-qM)
for the convex optimization problem with non-smooth regularization. We prove that
AsySPG-gM can achieve a linear convergence rate.

3) we propose an asynchronous stochastic gradient descent algorithm (AsySGD-¢gM) for
the general non-convex optimization problem. W prove that AsySGD-gM can achieve
a sublinear convergence rate to stationary points.

The experimental results on various large-scale datasets confirm the fast convergence of our
AsySGHT-gM, AsySPG-gM and AsySGD-gM through concrete realizations of SVRG and

SAGA.
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In the following, we give more details to the non-convex optimization problem with
cardinality constraint, the convex optimization problem with non-smooth regularization,
and general non-convex smooth optimization problem, which will be addressed in this paper.

1.1 Non-convex Optimization with Cardinality Constraint

Sparse learning plays an important role in machine learning. First, high-dimensional data
(such as DNA microarray data, recommendation data, social network data and so on) are
becoming increasingly available as data collection technique evolves. One truth is that
most features in high-dimensional data are non-informative or noisy. Second, by substi-
tuting high dimensional sparse data by low-dimensional representations, the generalization
ability of the models can be improved. Third, a sparse model can lead to a simplified de-
cision rule which can lead to faster prediction which is especially important for large scale
problems. Finally, sparse learning can lead to a model with better interpretation because
a small set of important features is selected. Sparse learning is normally conducted by
sparsity constraints on the model parameter. There are several sparse constraints, such
as [;-norm constraint (Tibshirani, 1996), [; ,-norm constraint (Liang et al., 2013) and car-
dinality constraint (Régin, 1996), and so on. Among them, cardinality constraint is the
intrinsic way for sparse learning. to stationary points

To implement the sparse learning, we consider the following generic non-convex opti-
mization problem with cardinality constraint in this paper.

l
1
min o> filx) st lzllo <k (1)
=1

where F'(z) is a smooth and non-strongly convex function with the additive form 7 Zi-:l fi(x),
each function f;(z) is a smooth function. The formulation (1) covers many machine learn-
ing problems, such as sparsity-constrained linear regression model (Tropp and Gilbert,
2007), sparsity-constrained logistic regression model (Tropp and Gilbert, 2007), sparsity-
constrained graphical model (Jalali et al., 2011).

Directly solving the problem (1) is NP-hard (Natarajan, 1995). Existing works (Yuan
et al., 2014; Jain et al., 2014; Nguyen et al., 2017; Li et al., 2016; Shen and Li, 2018) try to
obtain a good approximation of the global solution to (1). Specifically, Yuan et al. (2014)
and Jain et al. (2014) proposed the gradient hard thresholding (GHT) algorithm which offer
a fast and scalable batch algorithm. To further scale up the GHT algorithm, Nguyen et al.
(2017) proposed the stochastic gradient hard thresholding (SGHT) algorithm. Li et al.
(2016) and Shen and Li (2018) proposed the SGHT algorithm with SVRG, and prove its
linear convergence rate before reaching the inherent error induced by GHT-style methods. In
this paper, we design a new generalized variance reduction asynchronous stochastic gradient
hard thresholding algorithm (AsySGHT-gM) based on the g-memorization framework.

1.2 Convex Optimization with Non-smooth Regularization

Many regularized empirical risk minimization problems (such as Lasso (Tibshirani, 1996),
elastic net (Zou and Hastie, 2005), regularized logistic regression (Lee et al., 2006)) consists
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of a finite sum of smooth convex functions and a convex (possibly non-smooth) regularized
function. Formally, we present this kind of problems as a composite objective function as
follows.

l

min F(x) = 33 fi(x) +h(z) @)
=1
f(z)

where f; : R" — R is a smooth and convex function, and h : R™ — R U {oo} is a convex
but possibly non-smooth function. Without loss of generality, we further assume that there
exists a partition {Gi,---,Gx} on n features (i.e., coordinates) of =, where each G; is also
called as block. Thus, we can write the function h(z) as h(x) = Z?Zl hg,(wg;)-

To solve the problem (2) with £ = 1, Xiao and Zhang (2014); Nitanda (2014) pro-
posed proximal stochastic gradient algorithms with SVRG. Defazio et al. (2014) proposed
a proximal stochastic gradient method with SAGA. To solve the problem (2) with k£ > 1,
Hong et al. (2017) proposed a batch randomized block coordinate descent method which
runs with full gradient on the randomized block coordinates. Zhao et al. (2014) proposed
a double stochastic proximal gradient algorithm (DSPG) with SVRG. In addition to these
sequential stochastic algorithms, Meng et al. (2017) and Gu and Huo (2018) independently
proposed asynchronous stochastic proximal gradient algorithms with SVRG, and proved
their linear convergence rates. Pedregosa et al. (2017) proposed an asynchronous stochastic
proximal gradient algorithm with SAGA, and proved its linear convergence rate. In this
paper, we design a new generalized variance reduction asynchronous stochastic proximal
gradient algorithm (AsySPG-gM) based on the g-memorization framework.

1.3 General Non-Convex Smooth Optimization

Non-convex optimization has become increasingly popular in machine learning because of
two inevitable trends, i.e., robust learning and deep learning (Huo et al., 2018b,a). Take
robust learning for example, we normally minimize an empirical or regularized risk problem
with non-convex loss functions (e.g. ramp loss (Huang et al., 2014), sigmoid loss and
correntropy induced loss (He et al., 2011)), instead of optimizing convex surrogate loss
functions. Formally, we present this kind of problems as follows.

——
o F@

~| =

l
> fil@) (3)
=1

where f; : RV +— R is a smooth and non-convex function. Note that one may absorb a
regularizer in the definition of the function f;(z).

To solve the problem (3), Reddi et al. (2016a); Allen-Zhu and Hazan (2016) proposed
SVRG algorithm to solve (3)), and proved the sublinear convergence rate of SVRG to sta-
tionary points under the general non-convex setting. Reddi et al. (2016b) proposed SAGA
algorithm to solve (3) and proved the sublinear convergence rate of SVRG to stationary
points under the general non-convex setting. Lei et al. (2017) proposed a variant of S2GD
(stochastically controlled stochastic gradient (SCSG)) to solve (3), where the full gradient
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in S2GD is replaced by a mini-batch of samples). They proved the sublinear convergence
rate of SCSG to stationary points under the general non-convex setting, and proved the
linear convergence rate under the Polyak-Lojasiewicz condition. Lian et al. (2015) proposed
an asynchronous parallel stochastic gradient algorithm to solve (3)), and proved the ergodic
convergence rate under the general non-convex setting. Huo and Huang (2017); Gu et al.
(2018) proposed the asynchronous stochastic SVRG algorithm to to solve (3)) and proved
its sublinear convergence rate under the general non-convex setting. In this paper, we design
a new generalized variance reduction asynchronous stochastic gradient descent algorithm
(AsySPG-gM) based on the g-memorization framework.

1.4 Contributions

The main contributions of this paper are summarized as follows:

1. We analysis the limitations of the HSAG framework, and introduce a more unified and
general variance reduction framework (i.e., g¢-memorization) (Hofmann et al., 2015)
for analyzing the convergence rates of asynchronous stochastic algorithms.

2. Based on the g-memorization framework, we propose an asynchronous stochastic gra-
dient hard thresholding algorithm with g-memorization (AsySGHT-¢M) for the non-
convex optimization problem with cardinality constraint. We prove that the conver-
gence rate of AsySGHT-gM before reaching the inherent error induced by GHT-style
methods is geometric. The experimental results on various large-scale datasets con-
firm the fast convergence of our AsySGHT-¢M through concrete realizations of SVRG
and SAGA.

3. Based on the g-memorization framework, we propose an asynchronous stochastic prox-
imal gradient algorithm (AsySPG-gM) for the convex optimization problem with non-
smooth regularization. We prove that AsySPG-gM achieves a linear convergence rate.
The experimental results on various large-scale datasets confirm the fast convergence
of our AsySPG-¢M through concrete realizations of SVRG and SAGA.

4. Based on the g-memorization framework, we propose an asynchronous stochastic gra-
dient descent algorithm (AsySGD-gM) for the general non-convex optimization prob-
lem. We prove that AsySGD-gM achieves a sublinear convergence rate to stationary
points. The experimental results on various large-scale datasets confirm the fast con-
vergence of our AsySGD-gM through concrete realizations of SVRG and SAGA.

1.5 Outline

We organize the rest of the paper as follows. In Section 2, we present a general variance
reduction framework (i.e., g-memorization). In Section 3, we propose our AsySGHT-¢M,
and provide its linear convergence rate to reach the inherent error induced by GHT-style
methods. In Section 4, we propose our AsySPG-¢M algorithm, and provide its linear
convergence rate. In Section 5, we propose our AsySGD-gM algorithm, and provide its
sublinear convergence rate. In Section 6, we present the experimental results on a variety
of datasets. In Section 7.2, we prove the convergence rates of AsySGHT-¢gM, AsySPG-qgM
and AsySGD-gM. Finally, we give some concluding remarks in Section 8.
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1.6 Notations

In order to make notations easier to follow, we give a summary of the notations in the
following list.

llzlo the number of nonzero entries in z.
llz|li = > |zi| the ¢1-norm of x.

1(m|t), L(m ft) L(m|t) is the boolean value determining whether ¢ is divisible by m.
1(m [ t) is the inverse boolean value of 1(m|t).

I, the p-dimensional identity matrix.

supp(x) the index set of nonzero entries of x.

Vfi(x) V fi(x) is the gradient of the function f;(x) at the point x.

Siy @, S; is the support of V f;(z). ®; is the extended support of V f;(x), which

is the set of blocks that intersect S;, and formally defined as ®; = {S; N
g/7 g/ S {g17 o 7gk}}

a= %ka:l ap  the average gradient of oy over k=1,--- ,n.
OF (z) the set of all subgradinets of the function F'(x) at the point x.
T the complementary set of Z, i.e., Z = {1,2,...,n} — Z.

(i), Vzfi(x)  the vectors same with the vectors a; and V f;(x) respectively, except that
the entries indexed by Z are zero.

Hi () the hard thresholding operator that keeps the largest k entries in magni-
tude and sets the other entries equal to zero.

2. Unified Variance Reduction Framework

Stochastic gradient algorithm uses the updating rule 2™ « z — vV f;(z) which minimizes
the problem f(z) = %22:1 fi(x), where v is the step size, i is an index of the sample
selected uniformly at random and x* denotes the updated solution z after one algorithm
iteration. However, as mentioned previously, the standard stochastic gradient algorithm
has a low convergence due to the variance of stochastic gradients introduced by random
sampling. To reduce the variance of stochastic gradients, various variance reduction tech-
niques and frameworks have been proposed to accelerate the stochastic gradient algorithm.
The updating rule of these variance reduction techniques have the following form.

27+ x—~yv, where v=Vfi(z) - +a (4)

where «; denotes the outdated gradient on the i-th sample. Different variance reduction
techniques have different strategies to update the outdated gradient «;. Note that we
consider the unbiased variance reduction techniques such that Ev = V f(x).
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In this section, we first present the representative variance reduction techniques, and
then present the HSAG framework. Finally, we introduce a more general variance reduction
framework (i.e., g-memorization) which will be used to analyze our AsySGD-¢M, AsySPG-
gM and AsySGHT-gM.

2.1 Representative Unbiased Variance Reduction Techniques

In this subsection, we give the descriptions of representative unbiased variance reduction
techniques (i.e., SVRG, S2GD, SAGA, and ¢-SAGA).

As mentioned above, different variance reduction techniques have different strategies
to update the outdated gradient c;. Technically, we define two elements (i.e, index set J
and iteration number of one epoch) to define the different variance reduction techniques.
Specifically, . We present the different variance reduction techniques as follows.

1. SVRG: SVRG updates all «; after m iterations, where m is fixed. Thus, the index
set J = () for the iterations {1,--- ,m — 1}, and J = {1,--- , 1} for m-th iteration.

2. S2GD: S2GD updates all «; after ¢ iterations, where ¢t € {1,--- ,m} is a random

(L—vy)m~t ; i
5 where v is a nonnegative constant

variable obeying the distribution P(t) =
not greater than the strong convexity parameter of the objective function, « is the
steplength parameter, and 8 = Y ;" (1 — vy)™*. Thus, the index set J = () for the

iterations {1,--- ,t — 1}, and J = {1,--- 1} for ¢t-th iteration.

3. SAGA: SAGA updates o; with V f;(z) for each iteration, where i is the index of the
sample used in (4). Thus, the size of the index set J is one.

4. ¢-SAGA: ¢-SAGA randomly selects an index set J C {1,--- 1} such that |J| = ¢ for
each iteration. ¢-SAGA updates oy with V f;(z) for each iteration.

We also summarize these variance reduction techniques in Table 2.

Table 2: Representative unbiased variance reduction techniques. (J is the index set for
updating the stochastic gradient, P(¢) denotes the probability of the value ¢.)

Technique Iteration number Index set J for Space cost Time cost
AU€ for an epoch each iteration for an epoch |for an epoch
SVRG m J=A{1---,1}vJ=10 O(N) O(NI1)
te{l,---,m},
S2GD P(1) = (17Vg)m—t J={1,---,1}vJ=0 O(N) O(NI)
SAGA 1 |J|=1AJCA{L,--- 1} O(NI) O(N)
¢-SAGA 1 |J|=gNJ CA{L,--- 1} O(N1) O(gN)

2.2 HSAG Framework

Reddi et al. (2015) proposed an unified variance reduction framework (i.e., HSAG) to ana-
lyze the asynchronous stochastic gradient algorithm, and proved its linear convergence rate.
The HSAG framework is presented in Algorithm 1. Because the iteration numbers of an
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epoch for SAGA and SVRG are different, the HSAG framework uses two different rules to
update {a! é:l‘ Specifically, the SAGA and ¢-SAGA techniques correspond to the rule in
the case of i € J in (5), and the SVRG technique corresponds to the rule in the case of
1 ¢ Jin (5). Because the HSAG framework uses the above two different updating rules, the
HSAG framework is not unified enough. In addition, the HSAG framework assumes that
the iteration number for an epoch is fixed. Thus, the HSAG framework cannot incorporate
the S2GD technique, where the iteration number for an epoch is a random variable obey-
ing a distribution as discussed in Section 2.1. Thus, the HSAG framework is not general
enough.

Because the HSAG framework is not unified and general enough as mentioned above,
the analysis for the HSAG framework of (Reddi et al., 2015) is limited to the SVRG and
SAGA techniques for the convex and smooth optimization problems. They did not analyze
other important variance reduction techniques (e.g. S2GD and ¢-SAGA) and other impor-
tant optimization problems, such as the convex optimization problem (2) with non-smooth
regularization and the non-convex optimization problem (1) with cardinality constraint. In
this paper, we will try to address these challenges.

Algorithm 1 HSAG({al}l_,, J, m, t)

Input: {af ézl, the index set J, the iteration number for an epoch m, and the current
iteration number ¢.
Output: {a;&l L.
1: fort=1,2,--- .l do
2:  Update

ot :{ 1(iy = i)V fi(zh) + L(ie £ i)al if i€ J

' L(m[)Vfi(zt) + L(m ft)al if i g J ()

3: end for

2.3 Unified ¢-Memorization Framework

As mentioned above, the HSAG framework is not unified and general enough. In this paper,
we introduce a more unified and general variance reduction framework (i.e., g-memorization)
which is originally proposed by Hofmann et al. (2015) to analyze the sequential stochastic
gradient algorithm for the convex and smooth optimization problems.

To formulate the variance reduction techniques such as SVRG, SAGA and ¢-SAGA,
Hofmann et al. (2015) proposed an unified g-memorization framework. In this paper, we
present the unified g-memorization framework in Definition 1 by highlighting its two con-
ditions. As mentioned above, S2GD cannot be included in the HSAG framework (Reddi
et al., 2015). According to the two conditions in Definition 1, we show that S2GD can be
viewed as a special case of the unified g-memorization framework which was not discussed
in (Hofmann et al., 2015).

10
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Definition 1 (Unified ¢-Memorization) A stochastic gradient algorithm is satisfied with
the unified g-memorization framework, if each iteration of the algorithm satisfies the follow-
ing two conditions:

1. The algorithm selects a random index set J C {1,--- I} in each iteration to update
o; as

o { Vi) if i€
a; = t

o otherwise

(6)

2. Any «; has a same probability % to be updated. It means that, Viy,is, and i1 # io, we

def
have that 3 ;5 P{J} =3 ;5 P{J} = 4.

It is easy to verify that SAGA and ¢-SAGA satisfy the two conditions of Definition 1. In
the following, we give a brief explanation to show how SVRG and S2GD satisfy the two
conditions of Definition 1.

1. SVRG: As mentioned in Section 2.1, standard SVRG updates all «; after m iterations,
where m is fixed. It is not compatible with the 1st condition of Definition 1 (i.e.,
randomly select a index set J). Same with (Hofmann et al., 2015), we give a variant
of SVRG to adapt Definition 1. Specifically, fixing ¢ > 0 and generating a random
variables r from a uniform distribution on the interval [0,1]. If r < ¢, we choose
J ={1,---,1}. Otherwise, we choose J = (). Thus, any «; has a same probability of
1 of being updated. For simplicty, we also use SVRG to refer to the g-memorization
variant of SVRG in this paper. That means SVRG standards for the ¢g-memorization
variant of SVRG if SVRG is used with ¢g-memorization. Otherwise, SVRG standards
for the classical variant.

2. S2GD: As mentioned in Section 2.1, standard S2GD updates all a; after t itera-
tions, where ¢t € {1,--- ,m} and P(t) = (1_'/;# It is also not compatible with
the randommness of the index set J in the 1st condition of Definition 1. Thus, we
give a variant of S2GD. Specifically, fixing ¢ > 0 and generating a random vari-
ables r from a uniform distribution on the interval [0,1]. If r < T%, we choose

J ={1,---,1}. Otherwise, we choose J = (). Thus, any «; has a same probability of
~xm m—t —~ —u —(1—v m—1
g def qzmlﬁf” = g (m_l _ (=m)(1=(1-vy) )> of being updated.

vy V22

3. Asynchronous Stochastic Gradient Hard Thresholding Algorithm with
Generalized Variance Reduction

In this section, to solve the non-convex optimization problem (1) with cardinality constraint,
we first propose our AsySGHT-gM algorithm based on the unified ¢g-memorization frame-
work. Then, we prove the linear convergence rate of AsySGHT-¢M to an approximately
global optimum.

11
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3.1 AsySGHT-¢gM

Based on the unified g-memorization framework, we propose our AsySGHT-gM algorithm
in this section. AsySGHT-¢M is also designed for the parallel environment with shared
memory, such as multi-core processors and GPU-accelerators, but it can also work in the
parallel environment with distributed memory.

In the parallel environment with shared memory, all cores in CPU or GPU can read and
write the vectors x and «; in shared memory simultaneously without any lock. AsySGHT-
gM is to parallelly and repeatedly read and update the vectors x and «; in shared memory.
Specifically, all cores repeat the following steps independently and concurrently without any
lock:

1. Read: Read the vectors x and «; from shared memory to local memory without
reading lock. We use T and @; to denote their values respectively.

2. Compute: Randomly pick i € {1,...,1} with equal probability, and locally compute
0=Vi@E) —a+ 1Y a

3. Update: Update the vector z in shared memory as x < Hy (¥ — ), and the vectors
«; in shared memory without writing lock.

Based on the three above steps, we present our AsySGHT-¢gM in Algorithm 2.

Algorithm 2 Generalized Variance Reduction Asynchronous Stochastic Gradient Hard
Thresholding Algorithm (AsySGHT-¢M)

Input: Steplength v, parameter q.
1: Initialize shared variables z, and {a;}!_;.
2: keep doing in parallel
3:  Inconsistent read of x and «; as T and @; respectively.

4:  Randomly pick i € {1,...,{} with equal probability.
5:  Compute 0 =V f;(Z) — &; + 7 22:1 Qaj.
6: Update x < Hj (¥ — yv) using coordinate atomic operation.
7. Update {ai}ézl using coordinate-wise atomic operation based on the g-memorization
framework.
8: end parallel loop
Output: =z.

3.2 Convergence Analysis of AsySGHT-¢M

In this section, we first give several preliminaries, and then prove the convergence rate of
AsySGHT-gM.

3.2.1 PRELIMINARIES

In this subsection, we introduce the conditions of restricted strong smoothness (RSS) for
the functions f;(z) and the restricted strong convexity (RSC) for the function F'(z), which
are widely used in the analysis for the non-convex optimization problem (2) with cardinality

12
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constraint (Li et al., 2016; Shen and Li, 2018; Nguyen et al., 2017). We also discuss the
global time counter ¢, coordinate-wise atomic write operation and 2! which are important
for analyzing the convergence of asynchronous parallel algorithms.

1. RSS: For the differentiable functions f;(x), we assume that the function f;(z) is with
the restricted strong smoothness as follows.

Assumption 1 (RSS) The differentiable function f;(x) is restricted p -strongly smooth
at sparsity level s if there exists a generic constant pf > 0 such that for any x and y
with ||z —yllo < s, we have

(@) < £i0) + (). — ) + 25 2 — o] ™

2. RSC: For the convex functions F'(z), we assume that the function F(z) is with the
restricted strong convexity as follows.

Assumption 2 (RSC) The convez function F(x) restricted p3 -strongly convez at spar-
sity level s if there exists a generic constant p; > 0 such that for any x and y with
llx —yllo < s, we have

F(z) 2 Fy) + (VF(y), 2 —y) + 2 flo =y (8)

3. Global Time Counter ¢: As discussed in (Leblond et al., 2017), formalizing the mean-
ing of x; and Z; highlights a subtle but important difficulty arising when analyzing ran-
domized parallel algorithms: what is the meaning of t? Thus, the global time counter ¢
plays an important role in the convergence rate analyses of AsySGHT-¢M. In this paper,
we follow the strategy of “after read” labeling proposed in (Leblond et al., 2017), in
which we update our iterate counter ¢ as each core finishes reading the parameters x
and «;. This means that Z; is the (¢t 4+ 1)th fully completed read. The advantage of this
approach is that it guarantees both that the i; are uniformly distributed and that i; and
7, are independent.

4. Coordinate-Wise Atomic Write Operation: Because AsySGHT-¢gM does not use
any locks in the write operation. Thus, while x in shared memory is currently updated
by a thread as shown in the line 7 of Algorithm 2,  may be overwritten by other threads.
The phenomenon of overwriting is also called as write-write conflict which means that the
uncommitted data is overwritten by other interleaved execution of transactions. In this
paper we use compare-and-swap to implement coordinate-wise atomic write operation
which can avoid the phenomenon of overwriting and is used in Leblond et al. (2017); Ma-
nia et al. (2017); Pedregosa et al. (2017). Note that hardware provides write operations
such that they will be successfully recorded in shared memory at some point. Atomic
write on float or doubles can be strictly enforced through compare-and-swap operations.

13
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5. z': Because x! updated in shared memory may be inconsistent with the ideal one com-
puted in the local memory due to the coordinate-wise writing which will make the con-
vergence analysis more difficult. To address this issue, we only consider the ideal ones
2! in the analysis which is defined as

' Hy (3 — A0t 9)

It is noted that, if T is the last iteration of AsySGHT-¢gM, z” is exactly what is stored
in shared memory. Thus, although the ideal ones 2! is considered in the analysis, we
can still build the convergence rate for AsySGHT-¢M. Similarly, we define a; = V f; ("),
where u is the last iteration number for updating «;.

3.2.2 CONVERGENCE ANALYSIS

Because AsySGHT-gM is an asynchronous parallel stochastic algorithm without any lock,
the inconsistent reading could arise to the vectors x and {ai}ﬁzl in shared memory, which
makes the convergence analysis of AsySGHT-¢M more challenging. To address this chal-
lenge, we provide the relationships between x and 7, and between «; and @; as follows,
which are also summarized in Fig. 1.

Real ones Ideal ones without the overwriting

v

e 100 .
Equal . . .
« 2, Virtual gradient gt
for
th +
e T Bounded overlap assumption
+--last-> il R
iteration (11) -
Shared memory Local memory

Figure 1: The relationships between x and Z, and between «; and @;.

Before building the relationships between the ideal ! (af) and z* (af), we first define
a virtual gradient g; for the t-th iteration of AsySGHT-¢M, which will be used to build
the relationships between the ideal 2! (a!) and Z' (a!). Let z' be a sparse vector with

|zt||o < k and define Z' = supp(z?). For the t-th iteration of AsySGHT-gM, we define the
virtual gradient g; as

ge=— (2" —a') (10)

1
Y
where Zt*! denotes the support set of x'*1. 2! — (2!)711 is a subset of nonzero elements
of z'. Note that the virtual gradient g; is only used for the analysis, not computed in the
implementation. We can provide an upper bound of ||g;|* based on | (ﬁt“)IHz (i.e., Lemma
2). The detailed proof of Lemma 2 is provided in Section 7.2.
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Lemma 2 If ||(0"™ )7 H2 < c|[@ ) o4 | ® where ¢ > 0 is constant, the virtual gradient

gt can be bounded by H(@\HI)ZHQ for any T 2 I' UTI* with a coefficient ¢ = % +2 as
follows.

lgel® < ]| @Yz (11)

In addition to the virtual gradient g;, we also give the bounded overlap assumption (i.e.,
Assumption 3). In the asynchronous computation, the iteration ¢; and 9 overlap if they are
processed simultaneously. We make an assumption of bounded overlap (i.e., Assumption 3)
which is widely used in the asynchronous parallel analysis (Mania et al., 2017; Lian et al.,
2015; Huo and Huang, 2017; Zhao and Li, 2016).

Assumption 3 (Bounded overlap) We assume that there exists a bound T on the mazi-
mum difference of the numbers of iterations that overlap. The bound T means that iteration
t1 cannot overlap with iteration to for t1 > to + 7+ 1.

Based on the bounded overlap assumption (Assumption 3) and the virtual gradient g;, we
have the relationship between the ideal 2! and Z' as follows.

t—1
B-at=vy > Sig (12)

u=(t—7) 4

where S!, are n x n diagonal matrices with terms in {1,0} (please refer to (Leblond et al.,
2017) for more details). According to the the definitions of global time counter ¢ and z*
as mentioned previously, we know that 0 denotes that every update in z! is already in x!.
Conversely, 1 denotes that some updates might be late. Z! may be lacking some updates
from the “past” in some sense, whereas according to our rule of global time counter defined
by the strategy of “after read” labeling proposed in (Leblond et al., 2017), it cannot contain
updates from the “future”. Based on (12), we have the relationship between the ideal of

and at as follows if [|zt~1 — 2071y < s.

lat = a1]|* = [V £ia'™") = VAGEH|® < (o) |1 = 27|

2
t—2

= M D, Si'e (13)
kZ(thfl)_F

Based on the relationship between the ideal ! and Z! as (12), and the relationship
between the ideal af and a! as (13), we can prove that the convergence rate of AsySGHT-
gM before reaching the inherent error induced by GHT-style methods is geometric as shown
in Theorem 3. The detailed proofs are provided in Section 7.2. Corollary 6 provides the
convergence result of sequential version of AsySGHT-gM (i.e., 7 = 0, denoted by SGHT-
gM).

Theorem 3 Let z* denote any optimal sparse solution of the problem (1) with ||x*|jo <
k*. We define T* = supp(x*) which denotes the support of x*. Assume that the func-
tion F satisfies the RSC condition and the functions f; satisfy the RSS condition with
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s = 2k + k*. Define T = supp(Hp(VF(z*)) U supp(z*)). Let @ = 1+ %, g e (0,1),
s _ 2 _
0= a(l+p5) <1 —'y%), max{o,1 — %} < p <1, v = oG w =

p7'+1 lp2‘r+2

o <(1 + %)727? +2(1 + B)sTpf3(1 + 3pj’y)) and = z/wp—(T+1)+121’"‘(”5)5‘1(”;)2747p—(2T+2)7

where ¢ is define in Lemma 2. Suppose the nonnegative steplength parameter ~ satis-

< L - 2 r | <o.
ﬁes 7= 6<T2(Pj)2+12§q(ﬁ7j)27—3 and ay + 12(204(1 T IB)PY T F) (1 + 1,& - 0 For
p‘r+1 lp27'+2 P
AsySGHT-gM, under Assumptions 1, 2 and 3, we have that
EF(a1) — F(z*) (14)

(2p — o) ||lzo — =*||?
(1 - g) (a(1+ B)y — 24a(1 + B)y2 — 12T
N 3(2a(1+ B)y* +1T)
(= )1 = o)(a(l + Ay — 24a(l + )72 — 12T
Remark 4 The convergence rate of Theorem § is built on the iteration number t, instead

of the epoch number like in Theorem 4.1. of (Li et al., 2016) (the result for SVRG). Thus,
although the parameter of p may be close to 1, we can still obtain a linear convergence rate

N T 51t/ 2p—0)llzo—z*|? 3(20(1+8)y%4T) (||
BRE-FE) <o) m(1—%)(a(1+6)7—24a(1+6)72—121“)+(1—0)(1—@)(a(1+ﬁ)7—24a(1+6)72—12F)E HVIF(x )H

<pt

JE[VzR@E)]

before reaching the inherent error, where m = log p(%) is the iteration number of each epoch,

and (17/))(179)(i(?ﬂ;;ﬁ;zz(rﬁmﬁfur)E HViF(x*)Hz is the inherent error induced by GHT-
style methods. To the best of our knowledge, there is still no work that has proven the con-
vergence rate of asynchronous stochastic gradient hard thresholding algorithm with SAGA.
Our result in Theorem (9) is the first one to provide the convergence rate of asynchronous
stochastic gradient hard thresholding algorithm with SAGA because AsySGHT-qM covers

the case of SAGA.

Remark 5 For the smooth convex problem mingegn F(z), we have VzF(x*) = 0 if x* is
a global minimizer of mingern F(z). However, the problem (1) considered in this paper is
with a cardinality constraint. Thus, x* is normally not a global minimizer of mingern F(x),
and the second term on the R.H.S of (14) is nonzero, which is same with the results of the
convergence rates in (Li et al., 2016; Shen and Li, 2018).

Corollary 6 Let x* denote any optimal sparse solution of the problem (1) with ||x*[lo <
k*. We define T* = supp(x*) which denotes the support of x*. Assume that the function
F satisfies the RSC condition and the functions f; satisfy the RSS condition with s =
2k + k*. Define T = supp(Hyp(VE(2z*)) U supp(z*)). Let o = 1 + i‘_/gi, g€ (0,1), o=

a(l + B) (1 — 7%), max{o,1 — 7} < p < 1, where < is define in Lemma 2. Suppose the

nonnegative steplength parameter ~ satisfies v < ! . For SGHT-qM, under
24(14-8) (1+ Ls )
1171

Assumptions 1 and 2, we have that

EF(z") — F(x*) (15)
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|2
(2p — ) [lzo — 2]

< t
T a1 ) (W 8- 201+ B
6(1+ B)y B (|2
A=+ s —aarpy Vel

4. Asynchronous Stochastic Proximal Gradient Algorithm with
Generalized Variance Reduction

As mentioned above, AsySGHT-¢M is designed to solve the non-convex optimization prob-
lem (1) with cardinality constraint. In this section, to solve the convex optimization problem
(2) with non-smooth regularization, we first propose our AsySPG-¢gM algorithm based on
the unified ¢g-memorization framework. Then, we prove the linear convergence rate of our
AsySPG-¢gM. Note that, our AsySPG-¢M algorithm follows from (Pedregosa et al., 2017),
effectively utilizes the sparsity of the data, and is much more efficient than the traditional
asynchronous stochastic proximal gradient algorithms (Meng et al., 2017; Gu and Huo,
2018) for the sparse data.

4.1 Sparse Proximal Updating

In this section, we first discuss the necessity of the sparse proximal updating for the asyn-
chronous parallel stochastic proximal gradient descent algorithm, and then present the
sparse proximal updating which will be used in our AsySPG-gM algorithm.

Due to the fact that the sparse data widely exists in the real world applications, the
gradient V f;(x) on the i-th training sample would be sparse correspondingly. For example,
if the function f;(x) (e.g. square loss, logistic loss) is with the form of f/({a;,z)), it is easily
to derive that the gradient V f;(x) has the same sparsity with the data a;. Thus, how to
leverage this sparsity is crucial for the efficiency of our AsySPG-¢M algorithm.

To utilize the g-memorization variance reduction technique, we only need to read and
update the blocks of coefficients that intersect with the support of the current partial
gradient as shown in (4). Thus, some blocks might be read and updated more frequently
than others, which leads to an unbalanced number of updates per block. Following the
works of (Leblond et al., 2017), we define a block-wise reweighting matrix D; on the the
average gradient @ to counterbalance the frequency of updating each block. Specifically,
the new sparse stochastic gradient with variance reduction technique can be formulated as

v = sz(.%') —a; + D (16)

It is time to give the definition of diagonal matrix D;. First, we let dgr = nﬂg/ if ngg >0
and 0 otherwise, where ng: is the number of times that G’ € ®;. Based on dg/, we define
the diagonal matrix D; as [Ds]grgr = dgrI g/ if G’ € ®; and 0 - I|g/| otherwise.

The traditional proximal gradient algorithm requires computing the proximal opera-
tor of h(x) as Prox,,(z') = arg minmeRn% |z — 2/||> 4+ h(z), which involves a full pass on
the coordinates. Obviously, operating on all coordinates is a bottleneck for designing a
sparse proximal gradient algorithm. To address this issue, we replace h(z) by a block-

wise reweighted function ;(z) = > gicq, dgrhg/(z), similar with the work of (Pedregosa
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et al., 2017). Thus, we compute the new sparse proximal operator Prox,,, (z’) instead of
Prox,,(2'). Note that, it is easy to verify that Ep;(x) = h(x).

4.2 AsySPG-¢gM

AsySPG-gM is designed for the parallel environment with shared memory, such as multi-
core processors and GPU-accelerators, but it can also work in the parallel environment with
distributed memory.

In parallel environment with shared memory, all cores in CPU or GPU can read and
write the vectors x and the historical gradients {ai}ézl in the shared memory simultaneously
without any lock. AsySPG-¢M is to parallelly and repeatedly read and update the vectors
x and the historical gradients {ai}f;:l in shared memory. Specifically, all cores repeat the
following steps independently and concurrently without any lock:

1. Read: Read the vectors z and «; from shared memory to local memory without
reading lock. We use T and @; to denote their values respectively.

2. Compute: Randomly pick i € {1,...,1} with equal probability, and locally compute

A~

[Ple, = V/i([z]e,) - [@i]s, + Dila]e,, and Aze, = [T]e, — [Proxy,([z]e, —7[v]s,)]e,-

3. Update: Update the vector x and the historical gradients {a;}!_, in shared memory
without writing lock.

Based on the three above steps, we provide two versions (i.e., the analyzed version and the
implementation version) of our AsySPG-¢gM in Algorithm 3.

4.3 Convergence Analysis of AsySPG-¢M

In this section, we first give several preliminaries, and then prove the convergence rate of
our AsySPG-¢gM.

4.3.1 PRELIMINARIES

In this subsection, we introduce the Lipschitz smoothness for the function f;(z) and the
strong convexity for the function F'(z), which are widely used in the optimization analysis
(Mania et al., 2017; Lian et al., 2015; Huo and Huang, 2017; Zhao and Li, 2016).

1. Lipschitz smooth: For the smooth functions f;(z), we have the Lipschitz constant
L for V f;(x) as follows.

Assumption 4 L is the Lipschitz constant for V fi(x) (Vi € {1,--- ,1}) in (2). Thus,
YV and Yy, L-Lipschitz smooth can be presented as

IVfi(z) = Vfi(y)l < Lllz -yl (17)

Equivalently, L-Lipschitz smooth can also be written as the formulation (18).
L 2
filx) < fily) + (Vfily), z = y) + 5 lle =y (18)
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Algorithm 3 Asynchronous Stochastic Proximal Gradient Algorithm with Generalized
Variance Reduction (AsySPG-¢gM) (Left: analyzed version. Right: implementation ver-
sion)

Input: Steplength ~, parameter q.

Input: Steplength arameter q.
P DICHSA > D i 1: Initialize shared variables x and {ov; }}_,.

1: Initialize shared variables z and {o; }!_;.

2: keep doing in parallel

2: k doing i llel -
eep dolng mm para’le Inconsistent read of x and «; as * and

3:  Inconsistent read of x and «; as 7 and
Q; respectively.
:  Pick ¢ randomly from [ samples.
5. Let ®; be the extended support of
Vfi(x) in {Gi,---,Gx}.

Q; respectively.
Pick ¢ randomly from [ samples.
Let ®; be the extended support of

Vi) in {1 o).

~ ~ : ale, =i i f @ on 9.
6 Blo =150 Tale.. 6 [g]@z lnCOHSftent reid 0 @
[A]q)l . Zkil[ kh}? = 7 [V, = V/fi([Z]e,) — [aile, + Di[a]e,.
Plo, = Villgle,) —[Qilo, + Dildle, o ppy 2 @y, — [Proxe,([Fle, —
Azg, = [Z]o, — [Proxy,([Z]e, — 5] ¢ ) i #i i
[©]a,)] Je
7 q)i, i 9: for G' € ®; do
9: for G’ € ¢; do 10: for be G d
10: for b € ¢ do ' ° o
v R W [aly < [oly+ [Aal.
’ [l ¢ [a]y + [A. 12: end for
12: end for

13:  end for

14:  Pick a subset J of the size of ¢ ran-
domly from [ samples.

15.  Let S; be the support of V f;(Z).

16: forie J do

13:  end for

14:  Pick a subset J of the size of ¢ ran-
domly from [ samples.

15:  Let S; be the support of V f;().

16: forie J do

17: for b e S; do 17: for b€ S; do

' V@ & iy < (V@)
18: [i]p < [V fi(Z)]p- . * LR P
19: end for ;3 en[((i)é]i)b(; [@ly+ 1 ([VF(@)]y — [@ls).

20: end for
21: end parallel loop
Output: =z.

21: end for
22: end parallel loop
Output: x.

2. Strong convexity: For the convex functions f(z), we assume that the function
f(x) is p-strongly convex as follows.

Assumption 5 (Strong convexity) The convex function F(x) has the condition of
strong convexity with parameter p > 0, which means that, Vr and Yy, we have

F@) 2 1) +(T7w) 2 — o)+ 5 o =l (19)

We use the notation x = £ to denote the condition number for the L-Lipschitz smooth and
u-strongly convex function. In addition, we also follow the global time counter ¢ and the
coordinate-wise atomic write operation as described in Section 3.2.1.
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4.3.2 CONVERGENCE ANALYSIS

As mentioned above, AsySPG-¢M is an asynchronous parallel stochastic algorithm without
any lock, the inconsistent reading could arise to the vectors x and {ai}ézl in shared memory.
In other words, some components of x («;) in shared memory are different to the ones of
Z (@;) in the local memory, which makes the convergence analysis of AsySPG-¢M more
challenging. To address this challenge, we build the relationships between z and Z, and
between «; and @; similar to AsySGHT-gM.

First, we can define x and «; as the ideal x and «; similar to AsySGHT-¢gM. Then, we
define a virtual gradient g; for the ¢-th iteration of AsySPG-¢M, which will be used to build

the relationships between the ideal 2! (al) and Z* (a!). Specifically, the virtual gradient g;
is defined as

1

1 be
gt = 5 (z' — Prox,, (2! — 0'1)) (20)
Because z!™! = arg minm% |z — (2t —~2**1)|| 4 h(z), based on the optimality condition, we

have that % (=2 + (2! — 420')) € Oh(Z'T!). Thus, we have

g = — (2t — 2't1) = 1 4 ¢t (21)

1
v
where ¢! € On(z'*!). Note that the virtual gradient g; is only used for the analysis, not
computed in the implementation.

Based on (12), we have the relationship between the ideal af and a! as follows.

2
t—2

lof —at]]* = VA ) - VEE I < Lo = # P =22 | 3D s e (22)
k:(t—’r—l)+

Based on the relationship between x and Z as (12), and the relationship between «;
and @; as (22), we can prove the linear convergence of AsySPG-gM in Theorem 9. Before
presenting Theorem 9, we first give the definition of block sparsity in Definition 7 which
will be used in Theorem 9.

Definition 7 (Block Sparsity) Let A = max;—; w which is the normalized
mazximum number of data points that share a specfic block in their extend support. We call
A as the block sparsity of the training set.

Remark 8 According to Definition 7, we have that % < A < 1. Specifically, if a block
appears in all ®;, we have that A = 1. If there are not two ®; sharing a same block, we
have that /\ = 1.

Theorem 9 Suppose 7 < ﬁ, the nonnegative steplength parameter v = ¢ with a <

min{ﬁg’s, 121—”7}, and q < 5V1. For AsySPG-qM, under Assumptions 3, 4 and 5, we have

that E||zt —2*|| < (1—p(a))'Co, where p(a) = %min{%, 2}, and Cy is a constant independent
of t.
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Theorem 9 can be proved in a similar way than the proof of ProxASAGA in (Pedregosa
et al., 2017). We provide a brief proof to Theorem 9 in Section 7.2. Next, we provide a
variant of Theorem 9 for a SAGA version of AsySPG-¢gM (i.e., ¢ = 1) in Corollary 10.

the nonnegative steplength parameter v = 7 with a <

Corollary 10 Suppose T < ﬁ,
min% {1, 67"} For SAGA version of AsySPG-qM (i.e., ¢ = 1), under Assumptions 3, /
and 5, we have that Ellz" — z*|| < (1 — p(a))'Cy, where p(a) = tmin{7,2}, and Cy is a

constant independent of t.

The conclustion of Corollary 10 is exactly same to the conclusion of ProxASAGA in (Pe-
dregosa et al., 2017).

5. Asynchronous Stochastic Gradient Descent Algorithm with
Generalized Variance Reduction

In this section, to solve the general non-convex smooth optimization problem (3), we first
propose our AsySGD-gM algorithm based on the unified g-memorization framework. Then,
we prove the convergence rates of our AsySGD-gM.

5.1 AsySGD-¢M

Similar to AsySGHT-¢gM and AsySPG-gM, AsySGD-¢M is to parallelly and repeatedly read
and update the vectors x and the historical gradients {ai}ézl in shared memory. Specifically,
all cores repeat the following steps independently and concurrently without any lock:

1. Read: Read the vectors x and «; from shared memory to local memory without
reading lock. We use T and @; to denote their values respectively.

2. Compute: Randomly pick i € {1,...,1} with equal probability, and locally compute
0=Vi@E) —ai+ 13 a5

3. Update: Update the vector x and the historical gradients {ai}ézl in shared memory
without writing lock.

Based on the above three steps, we present our AsySGD-¢M in Algorithm 4.

5.2 Convergence Analysis of AsySGD-¢M

In this section, we first provide the sublinear convergence rate of AsySGD-¢M, then provide
the linear convergence rate of AsySGD-¢M under different assumptions. In the analysis of
this section, we follow the global time counter ¢, the coordinate-wise atomic write operation
(please refer to Section 3.2.1), the relationship between z and Z as (12) and the relationship
between «a; and &; as (22) where g is replaced by .

5.2.1 SUBLINEAR CONVERGENCE RATE

Under Assumptions 3 and 4, we can prove the sublinear convergence of AsySGD-¢M in
Theorem 11. The detailed proofs are provided in Section 7.2.
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Algorithm 4 Generalized Variance Reduction Asynchronous Stochastic Gradient Descent
Algorithm (AsySGD-¢gM)
Input: Steplength v, parameter ¢.
1: Initialize shared variables z, and {a;}!_;.
2: keep doing in parallel
3:  Inconsistent read of x and «; as T and @; respectively.
Randomly pick i € {1, ...,1} with equal probability.
Compute 0 = V f;(Z) — @; + } 22:1 Qj.
Update x < x — v using coordinate atomic operation.
Update {ai}ézl using coordinate-wise atomic operation based on the g-memorization
framework.
8: end parallel loop
Output: (in theory): z°, s is randomly chosen from {0,...,T}, where both of the total
iteration number 7" and the vector 2! are defined in Section 3.2.1.
Output: (in practice): x.

. P 1 _ 2
Theorem 11 Under Assumptions 8, 4 andy < W' Leta = TN 1qu21sz3 ,
!

cr = 0, ¢; = al?y? + 2al’ciiy (72 + 7(1—6%)7) + ar?LA? + Ct+1l_T1(1 +96), It = 3 —
2a (LTVQ + ¢ (72 + (l;)v) + 721573). For AsySGD-qM, we have that

BNV )2 < L&) =G (23)

- T minOgtSTfl I';

where T is the total iteration number.

5.2.2 LINEAR CONVERGENCE RATE
We firstly give the assumption of a-Polyak-Lojasiewicz in Assumption 6.

Assumption 6 Let a > 0 and f be a differentiable function. The function f is a-Polyak-
Lojasiewicz. Specifically, a-Polyak-Lojasiewicz can be presented as, for every x, we have

SIVF@) > a(f@) - f6) (24)

Based on the assumption of a-Polyak-Lojasiewicz and Theorem 11, we can obtain the linear
convergence rate for AsySGD-¢M as follows.

Theorem 12 Under Assumptions 3, 4, 6 andy < ——————. Leta = 2
\/ 672024 12aL272
cr = 0, ¢; = aly? + 2al%ci 1 (72 + 7(1_6%)7) + ar?L*y? + ct+1l_71(1 +96), I't = § —
L 2 1—1 2L2 3
2a (% + cti1 (72 + ¢ 61)7) + 57 ) For AsySGD-qM, let T > m, and p =
& < 1 we have that

AT rE—
Ef(z®) = f(a*) < p (f(2°) — f(z")) (25)

where T is the total iteration number.

1—672L242— 12qL2lW27'3 ’
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Remark 13 If we call AsySGD-qM for multiple times, we can obtain the multi-stage ver-
sion of AsySGD-qM which has the linear convergence rate as proved in Theorem 12.

6. Experiments

In this section, we first give the experimental setup, then present our experimental results
and discussion.

6.1 Experimental Setup
6.1.1 DESIGN OF EXPERIMENTS

In the experiments, we verify the fast convergence of our AsySGHT-¢M, AsySPG-¢M and
AsySGD-¢gM through concrete realizations of asynchronous SVRG and SAGA. In the follow-
ing, we give the design of experiments for the AsySGHT-gM, AsySPG-¢gM and AsySGD-gM
algorithms respectively.

AsySGHT-¢qM: For the experiments to the AsySPG-¢M algorithm, we consider the
sparse logistic regression (26) with cardinality constraint for binary classification problem.

l
1 —baTa
7 E bi ) oste zllo <k (26)

where a; € R™ is the input of a sample, and b; € {+1, —1} is the label of a sample. To verify
the fast convergence of our AsySGHT-¢M, we compare the following three asynchronous
stochastic gradient hard thresholding algorithms.

1. AsySGHT: AsySGHT without any variance reduction technique (Nguyen et al., 2017).
2. AsySGHT-¢gM(SVRG): Our AsySGHT-gM with SVRG.
3. AsySGHT-gM(SAGA): Our AsySGHT-gM with SAGA.

Specifically, we observe the convergence of the objective function (26) w.r.t. the running
time and iterations, respectively, for the three implementations of asynchronous stochastic
gradient hard thresholding algorithms, to verify the fast convergence rate of our AsySGHT-
gM. In addition, we test the speedup of our AsySGHT-gM(SVRG) and AsySGHT-gM(SAGA),
to show that asynchronous parallel computation can achieve a near-linear speedup.
AsySPG-gM: For the experiments to the AsySPG-¢gM algorithm, we consider the logistic
regression (27) with /;-norm and lo-norm for binary classification problem.

I
1 Cata
m;HYZIOg(l—i-e biz™ D 4 Al z]3 + Xo|z|y (27)
i=1

where a; € R"™ is the input of a sample, b; € {+1,—1} is the label of a sample, and A;
and Ay are two regularization parameters. For the implementation of AsySPG-¢gM with
the dense norm ||z||3, we treat \i||z||3 + A\2||z||; as the functlon of h( ). Thus, we can use
the sparse proximal operator Prox,,(z') = argmin, gn 5= ||x — 2/||* + h(x) to update the
solution. To verify the fast convergence of our AsySPG- qM we compare the following three
asynchronous stochastic proximal gradient algorithms.
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1. AsySPG: AsySPG without any variance reduction technique.
2. AsySPG-¢M(SVRG): Our AsySPG-¢gM with SVRG.

3. AsySPG-¢gM(SAGA): Our AsySPG-gM with SAGA, which is exactly same with the
AsySPG with SAGA.

Specifically, we observe the convergence of the objective function of (27) w.r.t. the running
time and iterations, respectively, for the three implementations of asynchronous stochastic
proximal gradient algorithms, to verify the fast convergence rate of our AsySPG-¢gM. In
addition, we test the speedup of our AsySPG-¢M(SVRG) and AsySPG-gM(SAGA), to
show that asynchronous parallel computation can achieve a near-linear speedup.
AsySGD-gM: For the experiments to the AsySGD-gM algorithm, we consider the non-
convex correntropy induced loss (Feng et al., 2015; He et al., 2011) for robust regression.

l
1 o2 (b;—2Ta;)?
in Z _ o -2
min - ;1 2 <1 e ) (28)

where a; € R" is the input of a sample, b; € R is the label of a sample. To verify the fast
convergence of our AsySGD-gM, we compare the following four asynchronous stochastic
proximal gradient algorithms.

1. AsySGD: AsySGD without any variance reduction technique.
2. AsySGD-gM(SVRG): Our AsySGD-gM with SVRG.

3. AsySGD-¢M(SAGA): Our AsySGD-gM with SAGA, which is exactly same with the
AsySGD with SAGA.

Specifically, we observe the convergence of the objective function of (28) w.r.t. the running
time and iterations, respectively, for the three implementations of asynchronous stochastic
gradient descent algorithms, to verify the fast convergence rate of our AsySGD-gM. In
addition, we test the speedup of our AsySGD-¢gM(SVRG) and AsySGD-¢gM(SAGA), to
show that asynchronous parallel computation can achieve a near-linear speedup.

6.1.2 IMPLEMENTATIONS

We implement our AsySGHT-gM, AsySPG-¢gM and AsySGD-gM (including SVRG and
SAGA) using C++, where the shared memory parallel computation is handled via OpenMP
(Chandra, 2001). Note that the SVRG implementations for AsySGHT-gM and AsySPG-
gM follow the unified g-Memorization framework as mentioned in Definition 1, where ¢ is
set as 10. In the experiments, the steplength v for all compared methods is selected from
{10%,10,1,1071,1072,1073,107%,107°} according to the optimal value of objective funtion
reached in a fixed number of iterations, and the number of iterations for each epoch is the
number of training samples. For the experiments of AsySPG-¢gM, we fix the parameter of
A1 to 1076, Our experiments are performed on a 32-core two-socket Intel Xeon E5-2699
machine where each socket has 16 cores.
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6.1.3 DATASETS

Table 3 summarizes the six large-scale real-world binary classification datasets (i.e., the
Ala, Covtype, Phishing, Criteo, Kdd2012, and URL datasets) used in our experiments.
They are from LIBSVM website(Chang and Lin, 2011)2,

Table 3: Summary of large-scale real-world binary classification dasetsets used in the ex-

periments.

Dataset Features Samples Sparsity
Ala 123 30,956 0.58%
Covtype 54 581,012 22.00%
Phishing 68 11,055 44.12%
Criteo 1,000,000 45,840,617 0.004%

Kdd2012 54,686,452 149,639,105 0.00002%
URL 3,231,961 2,396,130 0.004%

6.2 Experimental Results and Discussion

In this section, we present the experimental results and discussion to AsySGHT-¢M, AsySPG-
gM and AsySGD-gM respectively.

6.2.1 AsYSGHT-gM

Figure 2 presents the convergence of objective values of AsySGHT, AsySGHT-¢M(SVRG)
and AsySGHT-gM(SAGA) w.r.t. the epoch and running time on the Ala dataset, where
k is set as 10, 30 and 50 respectively. Figures 3 and 4 present the convergence of ob-
jective values of AsySGHT, AsySGHT-¢gM(SVRG) and AsySGHT-¢gM(SAGA) w.r.t. the
epoch and running time on the Covtype and Phishing datasets, where k is set as 10, 20
and 30 respectively. Note that the convergence of AsySGHT, AsySGHT-gM(SVRG) and
AsySGHT-gM(SAGA) with different values of k£ (i.e., K = 10,20,30 or k = 10,30, 50) are
different slightly. The results show that AsySGHT-¢M(SVRG) and AsySGHT-¢M(SAGA)
have similar convergence on the Ala dataset. The reason is that the Ala dataset has high
sparseness which makes the hard thresholding operators based on variance reduced gradi-
ents of SVRG and SAGA on different samples of Ala dataset have similar values. Finally,
the results of Figures 2, 3 and 4 confirm the fast convergence of our AsySGHT-¢M.

To estimate the scalability of our AsySGHT-¢gM, we perform AsySGHT-¢M(SVRG)
and AsySGHT-gM(SAGA) on 1, 2, 4, 8 and 16 cores to observe the speedup. Figures
5 and 6 present the objective values of AsySGHT-gM(SVRG) and AsySGHT-gM(SAGA),
respectively, w.r.t. the epoch and running time on the Ala, Covtype and Phishing datasets.
The results show that AsySGHT-¢M can have a near-linear speedup on a parallel system
with shared memory. This is because that we do not use any lock in the implementation of
AsySGHT-gM.

To verify the effect of ¢ to the convergence rate of AsySGHT-¢gM in Theorem 3, we
test the convergence of AsySGHT-¢gM (including AsySGHT-¢M(SVRG) and AsySGHT-

2. The datasets are available at: https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/.
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Figure 2: Convergence of AsySPG-¢M and AsySPG on Ala dataset.
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Figure 3: Convergence of of AsySPG-¢gM and AsySPG on Covtype dataset.
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Figure 6: Speedup results of AsySGHT-¢M(SAGA).

gM(SAGA)) with ¢ = 1, 5, 10 and 20 in Figure 7. The results show that AsySGHT-gM
has a faster convergence rate if ¢ is larger. The experimental results support the theoretical
result in Theorem 3.

6.2.2 AsySPG-gM

Figure 8 presents the convergence of objective values of and AsySPG, AsySPG-¢M(SVRG)
and AsySPG-¢gM(SAGA) w.r.t. the epoch and running time on the Criteo dataset, where
Ao = 1073, 107* and 107°. Figure 9 presents the convergence of objective values of and
AsySPG, AsySPG-gM(SVRG) and AsySPG-¢gM(SAGA) w.r.t. the epoch and running time
on the URL dataset, where Ay = 1073, 107* and 107°. The results confirm the fast
convergence of our AsySPG-¢M no matter what the value of Ay is..

To estimate the scalability of AsySPG-¢M, we perform AsySPG-gM(SVRG) and AsySPG-
gM(SAGA) on 1, 2, 4, 8 and 16 cores to observe the speedup. Figure 12 presents the objec-
tive values of AsySPG-¢gM(SVRG) and AsySPG-gM(SAGA) w.r.t. the epoch and running
time on the Criteo and URL datasets, which show that AsySPG-¢gMR can have a near-
linear speedup on a parallel system with shared memory. Similarly to AsySGHT-¢gM, this
is because that we do not use any lock in the implementation of AsySPG-gM.

6.2.3 AsySGD-¢gM

Figure 11 presents the convergence of objective values of and AsySGD, AsySGD-¢gM(SVRG)
and AsySGD-¢M(SAGA) w.r.t. the epoch and running time on the Ala, Covtype, Criteo
and URL dataset. The results confirm the fast convergence of our AsySGD-gM.
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of AsySPG-¢M and AsySPG on the URL dataset.

30



A UNIFIED q¢-MEMORIZATION FRAMEWORK FOR ASYNCHRONOUS STOCHASTIC OPTIMIZATION

—1 thread
——2 threads
4 threads
—38 threads
o5 ——16 threads

—1 thread

—2 threads
e 4 threads

—38 threads
05 ——16 threads

Objective Function Value

Objective Function Value

—1 thread
—2 threads
4 threads
—8 threads
——16 threads

Objective Function Value

085
o 2 4 6 8 0 12 1

Epoch

(a) Criteo: obj. vs epoch

1 18 o 2 4 6 8 10 12 1 16 18

Epoch

obj. vs epoch

055
0 s0 10 150 20 250 30 30 400 450 50

Time

(c) Criteo: obj. vs time

01
—1 thread —1 thread —1 thread
——2 threads 058 —2 threads —2 threads
g 4 threads g 4 threads 4 threads
= oss
Gl —38 threads 3 —38 threads —38 threads
E 05 ——16 threads > ——16 threads ——16 threads
S
]
S o
=
<
B oa
2
=
o
0z
054
01 052 01
0 s 1 15 2 2 w0 % w0 4 % o 2 4 5 s 0 2 w1 » ) 2 4 6 s 0 2 w1 1

Time

(d) URL: obj. vs tim

Epoch

e (e) Criteo: obj. vs epoch

Epoch

(f) URL: obj. vs epoch

—1 thread
—2 threads 085
4 threads
—8 threads
—— 16 threads

Objective Function Value

Objective Function Value

—1 thread
—2 threads
4 threads
—8 threads
—— 16 threads

o s 10 150 20 2%

a0 30 a0 40 50 o 5

Time

(g) Criteo: obj. vs time

o 15 2 25 % a0 45 w0
Time

(h) URL: obj. vs time

Figure 10: Speedup results of AsySPG-gM. (a)-(d) AsySPG-gM(SVRG). (e)-(h) AsySPG-

gM(SAGA).
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To estimate the scalability of AsySGD-gM, we perform AsySGD-¢M(SVRG) and AsySGD-
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gM(SAGA) on 1, 2, 4, 8 and 16 cores to observe the speedup. Figure 12 presents the objec-

tive values of AsySGD-gM(SVRG) and AsySPG-¢gM(SAGA) w.r.t. the epoch and running
time on the Criteo and URL datasets, which show that AsySPG-¢MR can have a near-linear
speedup on a parallel system with shared memory. Similarly to AsySGD-¢gM, this is because

that we do not use any lock in the implementation of AsySGD-¢M.
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Figure 11: Convergence of AsySGD-¢M and AsySGD on different datasets.

7. Proofs to Theorems 3, 9 and 11

In this section, we first provide the proof to Theorem 3, then give a brief proof to Theorem
9. Finally, we provide the proof to Theorem 11.
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Figure 12: Speedup results of AsySGD-¢M. (a)-(d) AsySGD-gM(SVRG). (e)-(h) AsySGD-

gM(SAGA).
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7.1 AsySGHT-¢M

In this section, we provide the convergence analysm for AsySGHT-gM. Specifically, we
first give the upper bounds to [g||%, E |t =V fi,(x H E ||(v'*h)z > and E | (@t IHz
in Lemmas 2, 14, 15 and 16 respectively. Then based on Lemma 14 15 and 16, we give
the recursive relationship between E th“ x H and E ||z; — *||* in Theorem 18. Finally,
based on Theorem 18, we prove the linear convergence of AsySGHT-¢gM to an approximately
global optimum in Theorem 3.
We first provide the proof to Lemma 2 as follows.
Proof Firstly, we have that

1 1 1 .
g = . (xt B :th) . (x — (az B th+1)) _ . ($t B (xt B 7(thrl))ItH)
1 1
- ? (xt - (xt)IHl) + (@\Hl)lt“ - §($t)zt+1 + (6t+1>zt+1 (29)

Let Zt+1 be the subset of Zt+! such that (z'); =0,Vi e Tt+1 and (x%); # 0, Vi € TH1 — Tt
Thus, we have the upper bound of H(xt)WHQ as follows.

|tz + 0l < [T mac (@) + (0P (30)
< 7] min, 1@ + @ < [T i (5440
ieZttl iEI/{Il
< 6z
In addition, we have that
~ 1 5
H( t)zt+1 + ( t+1 It+1 ” Py H(xt)ztﬁHQ - ||(Ut+1)zt+1 H2 (31)
2
Based on (30) and (31), we have that
|@)gemrll” < 2T | @)z | + 2| (@)l (32)

Based on the above inequalities, we have that
2

_ 2 _
ol < | Hahgmr + @z < Nzl 4 2@l 33)
It+1
< +2 @)z ||+ = SIGas 7|
y
4 ‘It-‘rl
< #2 | @zl + 23 6 e
<4n—|—4c ) 16z
This completes the proof. |
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Lemma 14 Suppose that the functions fi(x) satisfy the RSS condition with s = 2k + k*.
For AsySGHT-qgM, we have that

. N +t 1 g\t-u-1 t o,
Bl (of)r = Vsl < = 1(1—5) @) +apf (1=1) e (34)
where e(z*) = EF (2*) — F(z*).
Proof Firstly, we have that
!
]EMEH a;, I_va’Lt 2 }g I_vaZ( )H (35)
!
_ %Zzﬁ(ag—wi(x*))j

i=1 deT

l t—1
- % DD EY gy (V") = Vfila™)g

i=1deZ u=0

t—1 1
- % Z Z ZEl{ug,d:u} (Vfi(z") — Vfi(z*))]

u=0 i=1 deZT

where u! ; denote the time of the iterate last used to write the [a}];. We consider the two
cases u > 0 and u = 0 as follows.
For w > 0, we have that

E (Lt (V") = V1i(2)3) (36)
< E (Lo Lisi ot wisose 1) (Vi) = Vfila)3)
< Pliy=i}P{i, #i,Yv st. u+1<v <t —1E(Vfi(z*) - Vi(z*))3
< 1= B (VAEY - VAE)

where i,, and 7, denote that the random picked index uniformly at random in {1,...,1} for
the u-th and v-th iterations respectively, P{i, =i} = 7 and P{i, # i} = 1— 7 are obtained
from the condition 2 of Definition 1, the second 1nequality holds because i, is independent
to z*.

For v = 0, we have that

E (10,0 (V/i(a") = Vi(a"))}) (37)
< E (1{iv¢i,vv st. 0zv<e—1} (Vila®) = Vfi(x*))z>
< Pliy #i,Yv s.t. 0 < v <t — 1}E (Vfi(2*) — Vfi(a"))
< (1- D) E(VA) - VAE)):
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Substituting (36) and (37) into (35), we have that

E(of,)z — Vzfi, ()| (38)

IA
— =
M\
[~
™
&
<

£

<]
=
<]
e

u=0 i=1 deT
< 1 t—1 1 q ) q t—u—1 v v
-1 Z((_z) (Vfi(z") = V fi( >))
u=1 i=1 deZ
l
XS (-0 B (TR - Vi)
1=1 deT
t—1 e )
B }u=1 (1_%)t 1E‘|vzfi(xu)_vai(I*)"2+(1_%>t 1EHVIfi(-TO)_vZfi(JU*)H2
At t—1 e
< X (D) e e (1) e

where the second inequality uses (36) and (37), the last inequality uses (8.16) in (Li et al.,
2016). This completes the proof. |

Lemma 15 Suppose that the functions f;(x) satisfies the RSS condition with s = 2k + k*.
For AsySGHT-qM, we have that

Bl o
192,+ &1 t—u—1 t
< lps uz_:l (1 - %) e(z") + 12p7 (1 - %) e(2”) +12¢(z") + 3E || VF (a")|

where e(z") = EF (z*) — F(z*).

Proof Define v'*! = Vf;, (:rt)—ozﬁt—i-% 22:1 of, we first give the upper bound to EE || (vt+1)IH2.

2

E H(UHI)IHQ =E||Vzfi.(z") — (af)z + ;zl:(aﬁ)I (40)
=1 l )
= E|Vzfi(a") = Vzfi,(a") — (05)z + Vz [ir (2 %Z )z — VIF(a") + VZF(z")
l =
< 3E|Vzfi(z* %Z )z — VzF (")
+3E [|Vzfi () — Vi, (z*)|* + 3E | V2 F ()|
< 3E||(ad)z — Vzfi(z*)|]” + 3B || Vi, (2') — Vzfi,(z*)|]” + 3B ||V F (2*)|?
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t—1

12pF g\t + a\* o t (12
< — = _ =
; E (1 l> e(z") + 12p;] (1 l) e(z”) + 12e(z") + 3E |V F(z¥)||

u=1

where the first inequality uses || 3% ai]|? < nd> ", [lail|?, the second inequality follows
from E ||z — Ez||* < E |||/, and the third inequality uses Lemma 14. This completes the
proof. |

Lemma 16 Suppose that the functions f;(x) satisfies the RSS condition with s = 2k + k*.
For AsySGHT-qM, we have that

E @)z’ (41)
12 2 — i1y 12, 125q(p —ka1y |2
< Gor(ptpe? YD B[y 4 20T z 5 E [|@ )|
u=(t—7)+ =({t—7)+ k=(u—7—1)4

+2E || (")

Proof Next, we have that

E[|@*)z - (o"*)z]|” (42)
~ 1 ! 1 2
= B|[V2fu@) - @)z + g X (@) - Vefule) + (s = gj
l 1 2
< 3E Hva’it (53\15) —Vzfi, (xt)H2 +3E H(O‘Z) IH +3E Z Z &ﬁ)z
Q1 Q2 =1 i=1

Qs

where the second inequality uses || Y1, a;[|> < n Y ", [|a;]|*. We will give the upper bounds
for the expectations of @)1, Q2 and ()3 respectively.

2

t—
EQ1 =E || V£, (@) — Vzfi, ()" < (b1)E |7 — 2'|]* = (014 E|| D

u=(t—7)4
t—1 -1
< 10 Y E|SLalf <or(ph)*? Y E| @) (43)
u=(t-7)+ u=(-7)+

where the first inequality uses the L-Lipschitz continuity, the second inequality uses || Y1 ; a;]|* <
n> i, |lai||?, the third inequality uses the upper bound of virtual gradient (i.e., Assumption

EQ> =E|(af)z - @})z|* = ZEH — (@)z||” (44)

37



Gu, XIAN, Huo, DENG, AND HuAaNG

-1, 1 -1 !
1 e~ 1 U ~U,
= DY EY N wleb—ati= Y 7Y (Bl - @)zl
u=0 =1 deZ 7 u=(t—7)4 =1
q t—1 q t—1 )
= 7 > E||(a$)z—(a$)z||2:7 Y. E|Vzfi@ ) - Vofizt Y|
u=(t—7)+ u=(t—7)+
2
WD? N~ gt e 40DR =
< WP S gt S ) S g,
u:(t*T)-F u=(t—7)+ k=(u—7—1)4+
< /03 221 Z Z EH(@\I@—H)IW

u=(t—7)+ k=(u—7-1)+

where u! ; denotes the time of the iterate last used to write the [a¥]4, the sixth equality
holds because o' = a}' if u < t — 7, according to Assumption 3.

l l
i e
}Ele l(at)z = @z
cqps Z Z EH e H

u=(t—7)4+ k=(u—7—1)4+

2

EQs; = (45)

IA

IN

where the first inequality uses || Y1, a;l|* < n >l [|ail|?, the second inequality uses (44).

E[|@ )zl < 2B |0z = " Dal|” + 28 |0 e (46)
< 6EQ: + 6EQs + 6EQ3 + 2 || (v )|
< 6o7(p}) Z E||@)z]* + —12“1 Z Z E[|@ )]
u=(t—7)4+ u=(t—7)+ k=(u—7-1)+
+2E || (v") IH
where the second inequality uses Lemma 14. This completes the proof. |
Lemma 17 (Li et al. (2016)) For k > k* and for any vector x € R, we have
2
7 () — 27 < (1 ¥ kc> |- 27 (47)
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Lemma

17 is proved in (Li et al., 2016).

Theorem 18 Assume that the function F' satisfies the RSC condition and the functions f;
satisfy the RSS condition with s = 2k + k*. For AsySGHT-qM, we have that

where o

Proof According to (7.24) in (Li et al., 2016), we have the the upper bound to —E ((0"1)7, 2!

Let 7+l =

IN

IN

IN

E e+ -2 (48)
2
< gE|l — o+ a1+ ) 2AEDT 5 S sf@
u=(t—7)4 k=(u—7—1)+
1 t—1 )
+a ((1 + 5)7271 +2(1 + B)stpi 3 (1 + 3pj'y)> Z E H(@uﬂ H
u=(t—7)+

+2a(1 + B)y°E H(vt“)IHQ — a1+ B)vye(zh)

— a(1+B) (1 —p;) and e(a") = EF(a") — F(a*).

t—1
—E <(@t+1)z’xt _ $*> < _e(xt) + G,O:_T’)/Q Z E H(@u—&—l)IH2 (49)
u=(t—7)+
— 40!t We have that
E ||z —x*||2 :E\\ft—y(ﬁt+1)z—x*||2 (50)

E Hft _ xtHZ 1 E th — (@ — I*HZ + 2.zt — 2t 2t — (@) — 2%)

1 . ~ *
(l—i-B)IEth—:pt“Q%—(1+ﬁ)Eth—’y(vt+1)1—x H2
2
S I R T P
u=(t—7)+
1 s 2
(1+B)’727 > Elgul®+ 1+ BE [|a* —v@ )z — 2|
u=(t—7)4+
L o = 1 2 t ~t41 2
(1+B)’Y TS Z E||@*)z||” + 1+ B)E ||z — @)z — 27|
u=(t—7)+
w12 12¢q(p N
(14 B)E | — 2*|| +(1+ﬂ)— Z Z ]EH k1) H
u=(t—7)4 k=(u—7—1)4+
t—1
+ <(1+;)’727§+6(1+/3)§7—(/02—>274+2(1+/3)§p5+7'73> S E|@E e
u=(t—7)4+

+2(1 4 B)VE || )z ||” = 2(1 + B)ye(at)
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where the first inequality uses Lemma 16 and (49). In addition, according to the RSC
condition, we have that

e(z) = EF(z') — F(a*) > %E |2t — 2*|* (51)

Let a =1+ i\/;, according to (50), (51) and Lemma 17, we have that

Eflat*t — | (52)

12 N 2
< a(l1+p8) (1—’)/pS_)EHl‘t—ZL‘*H2+ —I—ﬁ)gq— Z Z E“(UkJrl)Z“
u=(t—7)4+ k=(u—7—1)4
1 t—1
a <(1 + B)VQW +2(1+ B)sTpiv* (1 + 30?7)) S E[@
u=(t—7)+
+2a(1+ B)7E | (" )z * - a(1 + B)re(a’)
This completes the proof. |

Based on Theorem 18, we provide the proof to Theorem 3.
Proof We will first give the upper bound of ZZ:O PR H(ﬁ““)zH? Let 0 < p <1, we
have that

t
> AE|E )’ (53)
u=0
t u—1 9
< Yoo e Y E|@ |
u=0 k=(u—7)+
12(1 4 B)sq(pH) T i E |1y [P 4 o [l (pu+y |12
l > Y E|@ | 2k @t
ki=(u—7)4+ ko=(k1—7—1)+
t u—1 9
= D eer(ei? Y E| @
u=0 k=(u—T7)+
t 1\2. 2 u—1 k1—2 t
D T D M ¥ ) o (B
u=0 k1 :(u77)+ k‘2=(k‘17T71)+ u=0
t
< 6er2(ph) 22 pt WHTHDE || (70 |

u=0

2,23 1 t
+12§Q(psl) T Zpt—(u-‘rQT—i—Q)E H(@\kg—i—l)IHZ + QZpt_uE H(UU+I)IH2
= u=0

= 672 (pd)Py P Y Zpt “E || @)z
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V223 t t

+Wp_(27+2) Z PR H@uH)IHQ +9 Zpt—uE H(vuﬂ)IH?
u=0 u=0

1

672(pd)2 | 126q(pd)273
P S P

and

where the first inequality uses Lemma 16. Based on (53), if v <

V= e 2 12§q(p+>2 75> the upper bound of Zu 0P TUE H (vt IH can be obtained
- T+1 p27+2
as follows. : :
t t
Zpt—u]E H(@ujtl)z‘}? < Vzpt—uE H(Uuﬂ)IH? (54)
u=0 u=0

Define a*! = E th — :U*HQ, and L! = ZZ:O p!~%a%, we have that

L1

— il 0+Zpt uutl

u—1
< 0+ o +a((1+;)v 75 +2(1+ B)sToly (1+3p:v>> > E|@
u=0 k=(u—7)+
+12a(1+ﬁ)§QQ(pj)2/747- Z Z EH(@%—H) H2
I s
v=(u—7)4 k=(v—7—1)4
+2a(1+5)72EH(v“+1)zH — a1+ B)ye(a”)]
< pitt O+Zpt “[Qa +2a(1 4 B)7°E || (02| = a(l + B)ye(x )}
u=0
t
wp—(7+1) Z pt—uE H(i}\u_‘_l)IHQ
u=0
+12 44 t
+12a(1 +5)Z§Q(PS) g Tp—(27+2) Zpt—uEH(ﬁuH)zHQ
u=0
< P O—i-Zpt “[oa" +20(1 + B?E || )z |* - a1 + B)re(")]
u=0
t
t (vaprteeh o SO IAORIIT o) 57 o o0
u=0
T
= o't °+Zpt “loa" + (2a(1+ 8)7? + DE[| " )z|* = a1 + B)re(")]
u=0
o o+zpt [ 4 2072004814 i( D ety

k=1
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+12p7 (1 - %)" 2a(1 + B)Y2 + D)e(z) + 12(2a(1 + B)Y2 + De(z)
+32a(1+ B)7 + T)E | V2F(2")|* - a(1 + B)ye(s")]
< P + oLs — (a1 4 B)y — 24a(1 + B)y* — 12D)e(a")

t
+32a(1+ B)? + 1) > o R ||V ()|
u=0

where the first inequality uses Theorem 18, the third inequality uses (54), the fourth in-
equality uses Lemma 15, the fifth inequality holds by appropriately choosing v such that

the terms related to e(z") (u = 0,--- ,t — 1) are negative, because the signs related to the
lowest orders of e(z*) (u=0,--- ,t— 1) are negative. In the following, we give the detailed
analysis for how to choose v such that the terms related to e(z*) (u = 0,--- ,t — 1) are

negative. We first consider u = 0. Assume that C(e(z?)) is the coefficient term of e(z°) in
(56), we have that

Cle(a?) (57)

= (—a'y+12(2a(1+5)’y +T) 4 12pF (20(1 + B)? +T) Zp “(1 > )

=  —ayp' +122a(1 + B)Y* +1)p' + 12pF (2a(1 + B)y* + 1) Zpt v (1

NNQ

1-2\*t

= o' | —ay +12(2a(1 + By + 1) + 1207 (2a(1 + By + D) —— 22
1_ L

p

q
l
< P —ay+122a(1 4+ B8V 4T) |1+

Based on (57), we can carefully choose «y such that —ay+12(2a(1+8)7y2+T) <1 +

.
”f_q> <
1——1L

P

Assume that C(e(z")) is the coefficient term of e(z*) (v = 1,--- ,¢—1) in the big square
brackets of (55), we have that

0.

Cle(z")) (58)

120F (2a(1+ B)y2 +T) gy v—u-1
)+ ! Z (1 B 7)

= —avy+12(2a(1 + B2 4T
v=u+1
12pF (20(1 + B)y2 + 1) 1 — (1 — 4)t-u=D+
l 1-(1-9)
1203_(204(1 + 5)72 +I)1— (1— )(t—uﬂ)Jr
l

= —ay+122a(1+ )2 +T) +

= —ay+122a(1+ )2 +T) +

~Q~
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< —ay+12 (1 + qu) (2a(1+ B)y* +71)

where the inequality holds due to 0 < (1 — %)(t_“_1)+ < 1. Based on (58), we can carefully
choose 7 such that —ay + 12(2a(1 + 8)72 +T) (1 + %) <0.

In addition, assume that C(e(z?)) is the coefficient term of e(z) in (56), we have that
—ay 4+ 12(2a? +T') < 0. Combing the two above cases, we have that the terms related to

e(x®) (u=0,---,t—1) are negative if —ay + 12(2a(1 + B)y? +T) <1 + plj_g ) <0.
[
P

Thus, based on (55), we have that

(a(1 4 B)y — 24a(1 + B)y* — 12T )e(a?) (59)
< (a(l+B)y - 24a(1 + A2 — 120)e(a!) + Lon
¢
< P+ oLy +3(20(1+ )P + 1) Y PR || V()|
u=0
t+1 k 2 t
3(2a(1 T
< Qt+1£0+pt+laoz (9> + (221 + 8" + )EHVfF(fU*)HQZQk
k=0 \F 1=p k=0
o<p a®  32a(1+B)y2+T) 9
S gt—i-la0 +pt+l E||VsF x*
e ]
(2—9a’  3(2a(1+ B2 +T1) 2
< el 7 E||V;F (2"
< T g IV
From (60), we have the conclusion of Theorem 3. This completes the proof. |
7.2 AsySPG-¢gM
Lemma 19 For AsySPG-qM, under Assumptions 3, 4 and 5, we have that
~t 2qL g\ (t—27—u—1)4 L, g\ =)+ _
E|ai, — Vfi,(z")] < Z ( —7> B (zy,z") + (1—7) e (60)
=1

where Bf(Ty,x*) = f(@u) — f(z*) — (Vf(2*), Ty — 2*), and &y = E||a) — V f;(z*)]|.

The Lemma 19 can be got similarly to Lemma 2 of (Leblond et al., 2017). Based on Lemma
19, we provide the brief proof to Theorem 3.

Proof Define a' = E Ha:t - a:*‘ 2, according to Lemma 19 and (50) in (Pedregosa et al.,
2017) we have that

gt (61)

< (1) B st -1+ VB el
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t
+ [PVB P+ VAN Y Bl - 29EB; @ a7)
49°L
B

where H' = Y02 (1 - %)(t_27_u_1)+ Bj(Zy,2*). Define £8 = 37! (1 — p)i~"a*, we have
that

£t+1 (62)
t 2
t+1 0 t—u Y o AL 9\ (u—1)s~
O W [ e L A
2(B— 1+ /ATE|gul® + (72\/A + (1 + vAT)) > Elgl?
v=(u—7)+
442 L 4v2qL
—29EBf(Zy, ") + EB¢(Ty,2™) + H"
B pl
After regrouping similar terms, we get
L1 < (1= p) T (a® + A&) + (1 - 2L + ZS Ellgull* + ZT EBj(7y,x")  (63)
= u=1

where s!, 7{ and A are defined as follows.

s < (U=p) ™ [PB -1+ VAT + (1= p) T (PVE + (1 + VD) (64)

49°L  ALA? 1
o< g e TR g (o ) (65)
492 L _ 1
A= TR (rrae ) (66)
where p = 1;1[{ L Now, provided that we can prove that under certain conditions the s!,

and r!, terms are all negative (and that the A term is not too big), we can drop them from
the right-hand side of (63) which will allow us to ﬁnish the proof

We consider s, here. Firstly, we assume p < 4, and 7 < T \F \/ thus we have
that
1 1 1-— 1- 42 4l
== P _ l (67)
L=p -1 qfl—p afl—5 =3
1 1 1
(1—p)F " < < — (68)
=kt 1) T 1= fkpViH1) 1M -

If k€ {0,1,2} and ¢ <

we have

\/ < 51, we have that (1 — p)~ %1 < %. Thus, setting § = %,

s, < (1—p)' |- \fr+ (VAT +ypr(1+\/Ar)) (69)
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1 1 4 411
s (=0 7[ 2 "0 T3 T 310]
Thus, the condition under which all s!, are negative boils down to yur < 13
Next, we consider 7!, as follows.

_ 8v2qL4 (V1 4l
t < 1— t—u -9 2L =
r, < ( p) v+ 8v*L + sl +—3q (70)
8y2qL4 (1 4l
< (1-— 2 ’L
< (1-p)t [ v+ 8V L+ ——— z 3< +3q

Thus, the condition under which all r! are negative boils down to v < ﬁ If we add
vB¢ (T, x*) to both s1des of (63), r! is replaced by r! + v, which makes for a slightly worse
bound of v as v < 5 48 5157 b0 ensure linear convergence.

Thus, if v = ¢, a<m1n{248,117} and ¢ < 5V, we have that

L < £ By (@, et) < (1 p) (a0 + A%) + (1 - Lt (71)

By unrolling the recursion (71), we can carefully combine the effect of the geometric term
(1 — p) with the one of (1 — %*) which yields the overall rate:

%EII@ — 2| < 9Bj(@,a%) < (1 - p") ' Co (72)

where p* = : min{%, 2}, Co = % (on —z*?+ s S e — Vfi(a:*)||2>. This com-
pletes the proof. |

7.3 AsySGD-¢M

In this section, we provide the convergence analysis for AsySGD-¢M under the smooth
assumption (i.e., Assumption 4). Firstly, we give an upper bound to Zt 0 Lo H (%) H
Lemma 20.

Lemma 20 Under Assumptions 3 and 4 and v < éﬂ Let {ct}tho be a mono-
\/672L24 124L°T%

tonically decreasing sequence and a = 1_672L2722_ 12‘1L2ﬂ273 . For AsySGD-qM, we have that
T—1 , T-1 ,
DGR [[@)|" <a) Ee ()] (73)
t=0 t=0
Proof Similar to (73), we can obtain
E ) (1)
=l 12¢ L T 2
< ot S Efen s R SS g amu
u=(t—7)+ u=(t—7)4 k=(u—7—1)+
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By summing the the inequality (74) over t =0,...,T — 1, we obtain

T—1
> aE[@)° (75)
=0
2 2T_1 — it 1 12qL 12qL%y*T 1|
< 6Ty Y E[@E |+ Z Z Z e o]
t=0 u:(t—‘r)+ t=0 u—(t 7’)+k‘ (u T— 1
T-1
+22ctEHth2
=0
T-1 ) 120gL22 T-1
< 672L2fy2;ctEH(ﬁt)H +lt§%ctEH@tH +2t§%ctEHth

According to (75), we have that

12127 —
(1—672L272 g 7 >thEH 2 <2 Bl (76)
t=0
1 272,.2 _ 126qL*473
If v < - ————==, we have that 1 — 67°L"y* — =5~ > 0. Thus, we can have the

)
27192 12qL272
672 L2+ = —

conclusion. This completes the proof. |

Based on Lemma 20, we provide the proof to Theorem 11.
Proof We define the Lyapunov function as Rt = E (f(xt) + ¢ Z§=1 |zt — aﬂ]z). Firstly,
we give the upper bound to Ef(2!*!) as follows.

(:Ct+1 (77)
< E <f t) xt-i—l _ xt> + gnxt-l-l _ l’tH2>
SN /e
- & (s~ <xt>,vt>+;||vtu2)
t ~t Ly ey
= Ef(a) —E(VS (@), V@) + T
_ t v NI (|12 t V)12 Ly? ~t12
= Ef@@) = SE(IV/@)IF+ V@) = IV(") = VIE)IF) + =Bl
. Ly? L? R
< Ef(') = 2E(IVF@)IP + V@) + S-Ele'* + LEW -
t v NI ity (2 Ly® ~t(2 ~u|(2
< BJ) - ZE(VIEOR ISR + e+ 2 S EI
u=(t—7)
Secondly, we give the upper bound to Zizl Ellz*! — alt1||2 as follows.
1 1 -1
G112 12 T 1 b2
DB ol = 3 (Gl i Rl (79)
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IN

~| =

~| =
. . .
”MN ”MN ”MN
— — —

~| =

[—1
t||2+7

E||:I:t+1 — l

1 [—1 5o
(7E1t+1 = 2112 + B (1t = 2P+ ! = ol — 200", — o))
1 v l—1
L (lEuvtml E (P10 + ot = alf? + J101P + 981" - ol ) )

l
Yo~ -1 N -1
TP+ (2 +5)Eu 2+ 008 S Bl — o
=1

| —
(7 + S mee + a9 ZEux ofl?

Based on (77) and (78), we have that

R (f B+l Ct+1 Z |zttt — §+1\|2>

t—1

E (e — o[ + [l — ol |2 + 20" -t 2" a§>))

(79)

v . Ly? 7L o
< Ef(z") — E (IVFE@)? + IV FEYI?) + TIEIWII2 +— > Epv)?

u=(t—7)4

I—1)y . -1
v (1 + ST B + e (1 498) ;Eux ol

By summing the the inequality (79) over t =0,...,T — 1, we obtain

IN

IN

T—1
Rt-‘rl
t=0
- gl 7
Ef(a") = SE (VAP +IVFEDI) + =Bl + Z E[
t=0 u=(t—7)+
Yo (72 + M) E[72 + copr s (1 -+ 75) ZEHw '§H2>
Al 12 %
T—-1 ~ T—-1 — _
D _Ef@) =5 D E(IVAEDIP+IVFEIP) o2

t=0 t=0 q

t=0
T—1 "}/T 1 1

Ef@) -5 ) E(IVi@ OIP+IVFEDIP) + Z Ct—i—l (1+18) ZEHSU
t=0 t=0 i=1
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T—1
Ly? I—1 T2L2PN\
+ <7 +Ct+1 (72 + ( )7) + i )EHthQ

o\ 2 Bl 2
-1 T-1
< B -2 S E(VAOI +IVIEI) +th+ll L1+ 48) 3 Bl —
= 2 7,
t=0 t=0 i=1
T-1
-1 2128
+Za(+ct+l (7 + E52) + 5 ) mor
t=
T-1 T-1
t i 2 ot t)|2
< D Ef@) =5 Y E(IVAEIP+IVIEI +th+1 ~(1478) ZEHx ail
t=0 t=0 i=1
T-1
Ly® 2, (L=1)y T2 2 2L” t)2
#3 0 (Gwen (7 4 )+ ) (miw s +7ZIEH95 o]
T-1 "}/T 1
= Y Ef@) -3 Y EIVI@)I
t=0 t=0
T-1

(1-1)
3l

l
-1
1) b ar L et (14 98) ) Bl - ol

o 1=1

Ct

T-1 I I—1 2243
) <;_2a(2+cm <72+< m”)ﬂ al ))Enwwm?

Iy
T—-1

T-1
~ YR - ZEHVfAt ))? - ZFtEHVf (=")]?
t=0

where the first inequality uses (79), the third inequality uses Lemma 20, the fourth inequality
uses Lemma 2 of Reddi et al. (2016b). If we carefully choose 7 such that I';y > 0 over
t=0,...,7 — 1, we have that

0 _ pT SL‘Of T*
—ZEHW e PR ) - fa) s

~ Tminp<<r—1 Iy Tming<i<r—1 I

This completes the proof. |

8. Conclusion

In this paper, we introduced an unified g-memorization framework for various variance
reduction techniques (including SVRG, S2GD, SAGA, ¢-SAGA) to analyze asynchronous
stochastic algorithms for three important optimization problems. Specifically, based on
the g-memorization framework, 1) we propose an asynchronous stochastic gradient hard
thresholding algorithm with g-memorization (AsySGHT-gM) for the non-convex optimiza-
tion with cardinality constraint, and prove that the convergence rate of AsySGHT-gM

48



A UNIFIED ¢-MEMORIZATION FRAMEWORK FOR ASYNCHRONOUS STOCHASTIC OPTIMIZATION

before reaching the inherent error induced by GHT-style methods is geometric. 2) We pro-
pose an asynchronous stochastic proximal gradient algorithm (AsySPG-gM) for the convex
optimization with non-smooth regularization, and prove that AsySPG-gM can achieve a
linear convergence rate. 3) We propose an asynchronous stochastic gradient descent al-
gorithm (AsySGD-gM) for the general non-convex optimization problem, and prove that
AsySGD-¢gM can achieve a sublinear convergence rate. The experimental results on various
large-scale datasets confirm the fast convergence of our AsySGHT-¢M, AsySPG-¢gM and
AsySGD-¢gM through concrete realizations of SVRG and SAGA.

Besides the non-convex optimization problem with cardinality constraint, the convex
optimization problem with non-smooth regularization and the general non-convex smooth
optimization problem, we believe that our analysis scheme based on the g-memorization
framework can be extended to the asynchronous stochastic algorithms for other optimization
problems.
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