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Abstract—Wall-clock convergence time and communication
load are key performance metrics for the distributed implemen-
tation of stochastic gradient descent (SGD) in parameter server
settings. Communication-adaptive distributed Adam (CADA) has
been recently proposed as a way to reduce communication
load via the adaptive selection of workers. CADA is subject
to performance degradation in terms of wall-clock convergence
time in the presence of stragglers. This paper proposes a novel
scheme named grouping-based CADA (G-CADA) that retains the
advantages of CADA in reducing the communication load, while
increasing the robustness to stragglers at the cost of additional
storage at the workers. G-CADA partitions the workers into
groups of workers that are assigned the same data shards. Groups
are scheduled adaptively at each iteration, and the server only
waits for the fastest worker in each selected group. We provide
analysis and experimental results to elaborate the significant
gains on the wall-clock time, as well as communication load and
computation load, of G-CADA over other benchmark schemes.

Index Terms—Adaptive selection, coding, distributed learning,
stochastic gradient descent (SGD), grouping.

I. INTRODUCTION

TOCHASTIC gradient descent (SGD)-based distributed
learning has become an enabling technology for many ar-
tificial intelligence applications [1][2]. Wall-clock convergence
time and communication load between workers and parameter
servers (PS) are key performance indicators for distributed
learning [3][4][5]. Wall-clock time performance is affected
by workers that may be straggling [6], since in the standard
implementation the PS needs to wait for all workers to respond
at each iteration. Also, the communication overhead between
the PS and the workers for the standard implementation grows
linearly with the number of workers.

To address these issues, several techniques have been devel-
oped, including gradient coding (GC) and grouping [7], which
leverage storage and computation redundancy to mitigate the
impact of stragglers, and adaptive selection, which selects
workers adaptively to reduce the communication load [8]. This
paper proposes for the first time to combine grouping with
adaptive selection for the distributed implementation of SGD
(see Fig. 1).
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Condition check

Fig. 1. Illustration of the proposed adaptive worker grouping technique with
M = 6 workers and M = 2 workers per group, assuming G is the selected
group.

A. Related Work

1) Stochastic Gradient Descent (SGD): In large-scale ma-
chine learning, SGD has become the primary algorithm to
trade convergence rate for computation complexity [9]. Many
algorithms aiming to reduce the variance of SGD have been
designed. Notable examples include the works in [10], [11]
and [12] that introduce stochastic variance reduced gradient
(SVRG), stochastic average gradient (SAG) and stochastic
dual coordinate ascent (SDCA), respectively. Also, adaptive
SGD algorithms like AdaGrad [13], Adam [14] and AMSGrad
[15] have been demonstrated to be effective and efficient
improvements of SGD for deep learning tasks.

2) Gradient Coding and Grouping: GC and grouping were
introduced in [7] as means to speed up iterations in distributed
gradient descent (GD) at the cost of storage and computation
redundancy by allowing the PS to wait only for a subset of
fastest workers. This work has been extended in several di-
rections. In [16], the authors developed algorithms to leverage
partial computations at the stragglers; the communication and
computation properties of GC were studied in [17], [18] and
[19]; while GC was extended to distributed SGD in [20] and
[21].

3) Adaptive Selection: Adaptive worker selection was in-
troduced in [8] for distributed GD with the lazily aggregated
gradient (LAG) scheme. The work [22] combined the idea of
GC and LAG to develop lazily aggregated GC (LAGC), which
achieves good results both in countering stragglers and in
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reducing communication load. The idea of LAG was extended
to SGD via the lazily aggregated stochastic gradient (LASG)
in [23]; while Adam was substituted for the standard SGD
in LASG to develop the communication-adaptive distributed
Adam (CADA) in [24].

B. Main Contributions

This paper proposes a novel straggler-tolerant and
communication-efficient scheme for SGD-based distributed
learning, which combines the advantages of adaptive selection
and grouping. The main idea is to adaptively schedule groups
of workers at each iteration and then wait only for the fastest
worker in each selected group. The proposed scheme can be
interpreted as a grouping-based version of CADA [24], and
is hence referred to as grouping-based CADA (G-CADA). It
can also be viewed as a generalization of LAGC [22] from
distributed GD to SGD. Importantly, unlike LAGC, G-CADA
does not increase the computational load at the workers, since
the mini-batch size does not depend on the storage redundancy.
To gauge the performance of the proposed scheme, complexity
analysis and numerical results are provided in terms of wall-
clock time, as well as communication and computation loads.

The rest of this article is organized as follows. Section II
presents the system model; the CADA scheme is reviewed in
Section III; and Section IV introduces the proposed G-CADA
scheme. Section V includes the analysis of different schemes
in terms of different metrics; numerical results are given in
Section VI and conclusions are drawn in Section VII.

II. SYSTEM MODEL
A. Setting

The PS has available a global training dataset D = {z,, =
(T, yn)YN_,, with ,, being a d-dimensional vector and ,,
being a scalar label, and the objective here is to address the
empirical risk minimization problem

Zzaz (1)

zED

min £(6; D)
6cRr

for some smooth loss function ¢(6; z). To this end, SGD is
applied by the PS as

0" — 9% — oF RV L), 2)

where o is the stepsize, superscript k denotes the iteration

index, @kﬁ is an estimate of the gradient Vgﬁ(@k;D),
and F*(-) is some function that can be used to implement
memory mechanisms such as Adam [14]. The estimate @kﬁ is
obtained by leveraging parallel computing on multiple workers
as discussed next.

Prior to the start of the iterations (2), the PS distributes the
dataset D among the set of M workers in set M 2 {1,..., M}.
Each worker m € M is assigned a sub-data set D, of
rN/M samples, where integer > 1 is defined as the storage
redundancy factor. In particular, » > 1 implies that all data
points are stored, and hence can be processed, at r > 1
workers. Following the principle of adaptive selection [8], at
the beginning of each iteration k, the PS selects a subset of

workers M’B C M, and it sends them the current global
iterate 8%, Each selected worker m € M¥ computes the local
gradient Vo/(0";¢" ) = Vo(>_.cer (87 2)) where ¢F isa
mini-batch of fixed size randomly "selected from the dataset
D,,, at iteration k.

Due to the fact that some workers might be straggling, only
a subset MF C MH& of fastest workers that complete the
computation upload the gradients. The PS then aggregates the
uploaded gradients from the workers in subset M¥; along with
stale gradients from the workers in subset M 2 M\M¥,, and
arrives at the estimated gradient

-k

vic= Y veetieh)+ Y veer gk, 3)
meMy, meM

where 7% > 1 is the number of iteration elapsed since the last

update from worker m, which we refer to age of information
(Aol) of worker m at iteration k. Finally, parameter 0F is
updated through (2).

B. Performance Metrics

We explore the performance of different distributed SGD-
based schemes in terms of wall-clock time, communication,
and computation complexities as in [22]. To this end, for each
iteration k, the computing time of each worker m, denoted
by TF%, is assumed to be an exponential random variable
with mean 7 > 0. Note that the mini-batch size is fixed,
and hence the distribution of time 7* does not depend on
the redundancy 7, unlike in [22]. The variables {T%},,cm
are independently and identically distributed (i.i.d.) across all
workers and iterations. Since the PS has to wait for the slowest
worker in subset M’g that needs to upload the gradient, the
wall-clock time complexity per iteration is given as

T=E

max {T } 4

memMp

The communication load per iteration is defined as the average
sum of the number of workers that download the global
parameter from the PS and the number of workers uploading
their fresh gradients, i.e.,

C =E[IMy]+ ME]]. (5)

Finally, the computation load per iteration is defined as the
total number of mini-batch gradients computed at the workers,
ie.,

P=E[Mp|-u], ©)

where the constant p denotes the size of the mini-batch in
terms of number of samples.

III. CADA

In this section, we review a close variant of CADA [24] that
is modified here to fit the system model described in Section
II, in which worker selection is carried out at the PS (and not
at the workers as in [24]).

CADA assumes no computational redundancy, i.e., r = 1,
and it splits the general dataset D into M equal-sized disjoint
datasets Dy, ..., Dy, with D,,, allocated to worker m. At each
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iteration k, the PS includes in the subset M’B worker m that
violates the following condition introduced in [23]:

L2 He’“ _ gk

2 D 2
< CZ H0k+1—d _ Ok—dH O
d=1

where L,, is the smoothness constant of the local function
06;Dy,) = M >.ep,, £(0;Dy,) of each worker and ¢ > 0
is some constant; and D is an integer D > 1. The left-hand
side of (7) estimates the change in the squared norm of the
gradient at worker m; and the right-hand side represents the
per-worker average contribution to the global iterate over the
D latest iterations. Additionally, a worker is included in subset
M’B if its Aol is greater than or equal to D.

The parameter 0" is updated with the AMSGrad rule [15],
which uses the exponentially weighted stochastic gradient
h**1 as the direction of update and the weighted stochastic
gradient magnitude vector v**! to adaptively control the
stepsize. Specifically, the updated rule is

R = Bihf 4+ (1 )V L (8a)
oM = Bot 1 (1 o)(V L) (8b)
0F 1 — 98 _ b (el + VT Bkt (8¢)

where 31 € (0,1) and 35 € (0,1) are momentum weights;

. ) . : . N
kTl A max(vk, vF*+1) is the element-wise maximum; V

is a p X p diagonal matrix whose diagonal vector is LA §
is a p X p identity matrix; € > 0 is a small number; and the

square operation in (8b) is element-wise.

IV. GROUPING-BASED CADA (G-CADA)

In this section, we introduce the proposed G-CADA scheme.
G-CADA leverages storage redundancy, i.e., » > 1, via
grouping in order to improve the robustness to stragglers
of CADA, while still retaining CADA’s benefits in terms of
communication and computational loads.

In CADA, prior to training, the M workers are divided into
G groups, Gy, ...,Gq, each with the same number of workers
Mg = M/G. The global dataset D is split into equal-sized
disjoint datasets D1, ..., D, and each worker in group G, is
assigned D,. This implies a storage redundancy factor r =
Mg where Mg is chosen such that Mg < r. For each group
G4, we define the group-wise Aol Tgk, which is maintained by
the PS.

At each iteration k, the PS selects groups, rather than
individual workers as in CADA. This is done by choosing
the groups G, that violate the condition

2

2 ©)

2 D
< CZ H9k+1—d _ gk—d‘
d=1

where L, is the smoothness constant of the local function
U(6;Dy) = 75 X .ep, €(8;Dy) of group G,. The condition
has a similar interpretation to (7). We also include group G,
if the Aol T;“ is larger than D.

After determining the subset G¥ of selected groups, the PS
sends parameter 6" to all the workers in the selected groups,
and each worker m in G, computes V/(8"; ¢" ). The fastest

Algorithm 1 G-CADA

Input: number of groups G = M /Mg, stepsize a* > 0,
delay counter{r]}, constants {c4}, max delay D, smooth-
ness constants {L,}

Initialize: 0°, k =0

1: repeat
2:  the PS checks the condition (9)
3:  for each group G, in QE or satisfies Tgk > D in parallel

do
4: all the workers in group G, download 0" from the
PS
5: each worker m in group G, computes V/ (Ok; 5’;1)
6: the fastest worker uploads the gradient V¢ (Bk; 5’;)
with V¢ (0’“;5’;) — V¢ (0"’;57’;)
end for

server updates {hk,vk} and 0% via (8a)-(8¢c) and sets
{7';~C+1 = 1}geg’g, and {7-;*1 = Tgk +1}
9: k=k+1
10: until convergence criterion is satisfied

9€g

worker m in each selected group G, uploads the computed
gradient V£(0*;¢5) = V(0¥ €L) to the PS.

Then the PS updates the Aol of the selected groups as
74t = 1, while for other groups it sets 7¥*! = 7¥. Finally,
the parameter 0" is updated via (8a)-(8c). Similarly we define
G £ G\G¥. The aggregated gradient is hence given as
~ k k —T
VL= 30, VO T 6y ) + 5 g VO ED).

The complete procedure of G-CADA is summarized in Algo-
rithm 1.

As detailed in Algorithm 1, while in CADA the PS has to
wait for the slowest selected worker, in G-CADA the PS only
needs to wait for the fastest worker in each selected group,
which can potentially reduce the wall-clock time.

V. ANALYSIS

In this section we analyze the wall-clock time complexity,
communication complexity, and computation complexity of
distributed Adam (a direct distributed implementation of Adam
[14]), CADA (as described in Section III) and G-CADA.
Based on [23], we can conclude that all schemes have sub-
linear convergence rate for convex loss functions. Motivated
by this, in this section, we analyze the per-iteration metrics
defined in Section II.

A. Wall-Clock Time

Let T,,.;, be the ath order statistics of i.i.d. variables {7} }?_,,
which is the ath smallest value in the set {7;}%_,, and T},., :=
T,. We have the average [25]

Ta:b - E[Tab} - n(Hb - Hb—a)a (10)

where H, = > ;_, 1/k is the ath harmonic number.
Distributed Adam: In distributed Adam, at each iteration, the

PS broadcasts the parameter to all the workers and each worker

m computes the gradient with the current iterate VE(O’“; £fn)
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and uploads it to the PS. Since the PS waits for all the workers,
the average runtime per iteration is

Tp-adam =Tm- (11)
CADA: For CADA, from [22] and [8], we can upper bound
the average workers selected per iteration as
PRVECNIC)
M=MY" 15 M, (12)
d=0
where we have defined the function h(d) =
(1/M)> erm (L3, < L2, < L3), where I is the indicator
function, with L2 = c¢4/(dM?) and Ly = Lpy; = 0.
Therefore, since the PS waits for all the selected workers, the
average runtime per iteration is

Toapa =Ty (13)

G-CADA: In G-CADA, the PS waits for the fastest worker
in each selected group. Therefore the runtime TqG for group G,
is the first order statistic of the random variables {7 };cg,. Let

TaG:G be the average of the ath smallest number of the random
variables {TQG }?:1 and TS = T§. This can be evaluated as

TG = /;Oo (1 _ (Fc(x))a) de,

where the cumulative distﬁbution function (CDF) of each
variable T is O () = 32779 (M) (F(2)) (1-F(z))Me =3,
Defining the function hg(d) = (1/G) X ciq) LG 441 <
L < L% ), with L, ; = ca/(dG?) and Lo = Lp41 = 0, the

average groups selected per iteration can be upper bounded as

D
ha(d
dG( 1> <G. (15)
iz ¢t
Since the PS waits for the slowest group, the average runtime

per iteration for G-CADA is

(14)

G=G

Tc—capa=T§. (16)

By comparing (16) with (11) and (13), we observe that wall-
clock time advantage is achieved as compared to distributed
Adam and CADA.

B. Communication Load

Distributed Adam: The communication load per iteration for
the distributed Adam scheme is

Cp-adam = E [[Mp| + IM§|] =2M,

since all the workers download the parameters and upload the
gradients.
CADA: For CADA, the communication load per iteration is

Coapa =E [[Mp| +|Mg|] < 2M, (18)

with M defined in (12), since only the selected workers
download the parameter and upload the gradients.

G-CADA: The communication load per iteration for G-
CADA is

Co-capa=E[Mh|+|ME|] <G(Mg+1), (19

since all the workers in the selected groups download the
parameters and the fastest ones upload the gradient.

a7

C. Computation Load

Distributed Adam: The per-iteration computation load of the
distributed Adam scheme is

PD—Adam =E [|MIB| . ,U} = MM (20)

since all the workers need to compute the gradient.
CADA: The computation load per iteration for CADA is

Poapa =E[|IMy]-u] = ph (1)

since only the selected workers need to compute the gradients.
G-CADA: For G-CADA, the computation load per iteration
is

Pg_capa. = E [IMI“D\ ] < pG - Mg (22)

since only the workers in the selected groups need to compute
the gradients.

VI. NUMERICAL RESULTS

In this section, we provide numerical results to compare
the performance of the considered schemes in terms of train-
ing loss, communication load, and computation load with
respect to wall-clock time. For comparison, we also consider
distributed SGD, which applies standard constant-stepsize
SGD. We consider the linear regression model with MNIST
dataset and quadratic error loss function. We set a total of
M = 12 workers, number of groups G = 3, Mg =r = 4,
B =0.9,6 = 0.999 and p = 10~ sec. The learning rate o*
in (2) for distributed SGD is 2.6, while it is set to 0.01 for all
other schemes. The constant ¢ in (7) for CADA is ¢ = 2 and
for G-CADA we set ¢ = 0.3 in (9).

Fig. 2 illustrates the loss function, communication complex-
ity (5) and computation complexity (6) as a function of the
wall-clock time. Comparing CADA with distributed Adam we
observe that adaptive selection reduces communication and
computation loads. G-CADA achieves further improvement
in wall-clock time and communication load with respect to
CADA thanks to grouping, while maintaining the same level
of computation load as CADA when measured at the same
value of training loss. For instance, given a training loss level
of 107!, G-CADA requires a wall-clock time of 0.068 sec,
a communication load of 12,292, and a computation load of
9,219. In contrast, CADA requires a wall-clock time of 0.380
sec, a communication load of 19,292, and a computation load
of 9,646.

VII. CONCLUSIONS

In this paper, we have proposed a method that trades storage
redundancy for wall-clock time and communication load in
SGD-based distributed learning. The novel scheme, G-CADA,
integrates grouping and adaptive selection. Grouping brings ro-
bustness to stragglers, while adaptive selection renders the sys-
tem communication-efficient and decreases the computation
load. Numerical results have shown that G-CADA achieves
significant improvements in wall-clock time and reduced com-
munication load, at the cost of storage redundancy.
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