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Coded Decentralized Learning With Gradient Descent for Big Data Analytics

Jing Yue™, Member, IEEE, and Ming Xiao

Abstract—Machine learning is an effective technique for big
data analytics. We focus on the study of big data analytics
with decentralized learning in large-scale networks. Fountain
codes are applied to the decentralized learning process to
reduce communication load for exchanging intermediate learning
parameters among fog nodes. Two scenarios, i.e., disjoint datasets
and overlapping datasets, are analyzed. Comparison results show
that communication load can be reduced significantly by the
Fountain-based scheme for large-scale networks, especially when
the quality of communication links is relatively bad and/or the
number of fog nodes is large.

Index Terms—Big data, decentralized learning, gradient
descent, Fountain codes, communication load.

I. INTRODUCTION

HE volume of data increases explosively with the rapid

development of social media and Internet of Things
(IoTs). Big data gathered by different devices from various
sources is stored in a distributed manner. To extract useful
information or insights from big data for data-driven decision
making, strong processing resources are required. Cloud is
able to provide sufficient resources for big data analysis.
However, transferring a large amount of distributed stored
data to a remote cloud is infeasible due to time or bandwidth
limitations [1]. Having data processing close to the sources
or devices is the key to overcome these limitations. Thus,
distributed machine learning [2] with fog computing [3] is a
potential solution for big data analytics.

Coding has been applied to distributed fog computing and
machine learning for dealing with the problem of stragglers [4]
and reducing the usage of computation and communication
resources [5]. For coded distributed machine learning [2],
matrix multiplication [6], [7] and gradient descent [8], [9]
have attracted considerable attention.

In most of the previous works for distributed machine
learning, codes with maximum distance separable (MDS)
properties are used [1]. For example, MDS codes were utilized
in [2], [10] to speed-up distributed matrix multiplication and
data shuffling. In [11] and [12], MDS codes were used to
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mitigate the effect of stragglers in distributed gradient descent.
In [6], scheme based on Reed-Solomon (RS) codes was pro-
posed to minimum the recovery threshold while allowing
efficient decoding using polynomial interpolation.

However, in a large-scale network with thousands of nodes,
these MDS-based codes become impractical [1], [7] because
of high computation and communication costs associated with
encoding and decoding [13]. In addition, most of the previous
works consider the master-worker pattern. A master assigns
computation or learning tasks to workers. Workers complete
tasks on a subset of data and return intermediate results to
the master for aggregation. In general, it is assumed that
the entire data is available for processing at the time of
training, etc. Big data breaks these ideal assumptions and leads
to the cluster pattern, e.g., master-work pattern, in which a
centralized master control task assign, impractical. Big data
analytics in decentralized manner is in urgent needed.

We focus on the study of decentralized learning with
gradient descent in large-scale networks. It has been proved
in [14] that Fountain-based scheme for distributed computing
is one of the optimal choices for the applications with high
reliability and low latency requirements. Fountain codes [15]
are capable of recovering the original information from any
subset of output symbols with a size slightly larger than the
original information. In addition, Fountain codes are of high
coding flexibility and low complexity.

High communication load is the bottleneck of decentralized
processing for big data analytics. Therefore, we consider
applying Fountain codes to the decentralized learning process
to reduce communication load. Our main contributions are
listed as follows,

o A novel coded decentralized scheme based on Fountain
codes is proposed to reduce the communication load for
exchanging intermediate leaning parameters among fog
nodes during the learning process.

o Two situations, i.e., disjoint datasets and overlapping
datasets, are studied. The decoding process of the
Fountain-based scheme is analyzed for the two situations.

o Finally, comparison results are given to show that com-
munication load can be reduced significantly by using the
Fountain-based scheme through proper code design.

To the best of our knowledge, we are the first to use Fountain
codes for the design of coded decentralized learning and
also the first to analyze the Fountain-based scheme for the
situations with disjoint datasets and overlapping datasets.

II. SYSTEM MODEL

We consider a network with F' fog nodes and S storage
units, as shown in Fig. 1. The fog nodes, which could be
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Fig. 1. Distributed fog nodes and their available storage units.

mobile devices or edge servers, etc., are with limited com-
putation and/or storage capacity. Let F'Ny represent the fth
fog node and SU; be the sth storage unit, f € {1,2,..., F}
and s € {1,2,...,S}. The fog nodes are scattered over a
wide area. The storage units are in geo-separated locations.
In Fig. 1, we use cubes with different shapes to represent the
variety of data stored in different storage units.

If a fog node is able to access to a storage unit, the storage
unit is said to be available for the fog node. The storage units,
which are located in a spherical space with fog node F'N;
as the center and radius of Ry, are all available to F'Ny.
That is, F'N; is able to access to and process the data in
the storage units located in its spherical space. This spherical
space is named the available space of I'Ny. Let Dy be the
dataset that /' Ny will process for completing a computation or
learning task. The data in dataset Dy is stored in the storage
units located in F'N available space. The size of Dy is [Dy|.
Each fog node processes the data in its dataset and exchanges
intermediate results with other fog nodes to complete common
computation or learning tasks.

There are two possible scenarios, i.e., disjoint datasets and
overlapping datasets. Let v, represent the ratio of overlap-
ping data in storage unit SU, with SUp, (0 <7, <1). The
parameter 7y, ; is proportional to the number of overlapping
data in SU, and SU,. v, = 0, (Va,b € {1,2,...,5},a #
b), corresponds to the scenario of disjoint, and v, > 0
corresponds to overlapping. Fog nodes, which access to the
storage units with overlapping data, have overlapping datasets.
The overlapping parameters of these datasets can be obtained
according to the storage units which the fog nodes access to
for forming their datasets.

III. FOUNTAIN-BASED DECENTRALIZED
GRADIENT DESCENT

In this section, a brief introduction of the distributed gra-
dient descent algorithm is given. Then, decentralized learning
with gradient descent based on Fountain codes is proposed.

A. Distributed Gradient Descent

Consider a scenario, where we want to learn model para-
meters 3 = (f1,02,...,w) by minimizing a generic loss
function L(D;3) = Zi\il 0(z;,y:; B) over a given dataset
D = {(zi,y)]i € {1,2,...,N}}. The model parameters

B are obtained through multiple iterations of operations.
For distributed gradient descent, in the tth iteration, workers
calculate gradients on their own datasets and send the inter-
mediate gradients to the master. The full gradient VL() =
Z?zl Z(%y)eDf Vi(x,y; B41V) is aggregated at the master.
After that, the master updates parameters through B =
R(B®1 VL®) and sends the updated parameters 3*) to
workers for the calculation of gradients in the ¢+ 1th iteration.
h(-) is a gradient-based optimizer [16].

B. Decentralized Learning With Gradient Descent

For decentralized learning with gradient descent, three
phases, i.e., computation, exchanging and decoding phases,
are carried out in each iteration. We take the ¢th iteration as
an example to illustrate the decentralized learning process.

1) Computation Phase: Each fog node updates its model
parameters and calculates the gradients through training its
dataset. At fog node F'Ny, the intermediate gradients and
model parameters after training all the data in Dy can
be written as gy = (gf1,9f2,---,95,D,) and By =
(ﬂf,lv ﬂf,Qv oo 7ﬂf,Wf)’ I'CSpCCtiVCly. 9fa = vg(xaa Yas ﬂf)’
(TasYa) € Dy,a € {1,2,...,|Dys|}. W; represents the length
of model parameter learned at fog node I'Ny.

Then, encoding operations are performed on gy and 3y,
respectively. The encoding process for g is as follows:

e A number d, is selected according to degree distribution

Q(z) = 30,2 Qa, 2% with probability .

o Then, d, intermediate gradients are selected uniformly
at random from gy to perform combination to form one
coded intermediate gradient.

« The above two steps repeated until Q% = (1 + ns)|Dy]|
coded intermediate gradients are formed. The formed
coded intermediate gradients ci’f can be written as

.97 0,;)G} =G, (D)

where G? is the generator matrix at fog node F'Ny with
size |Dy|x Q?. 141y represents the expanding coefficient

c? = (gf,lvgf,Qa v

of the Fountain codes used, 1 + 1y = g—’}:‘ and 7y > 0.

The encoding process for 3 is the same as that for gy.
The only difference is that encoding operations are performed
according to degree distribution p(x) = Z;wazl pa, %
The formed QF = (1 + ny)Wy coded intermediate model
parameters can be written as ¢y = By GY. GY is the generator
matrix at F'Ny with size Wy x Q.

2) Exchanging Phase: The coded intermediate parameters
¢} and ¢ (f € {1,2,...,N}) are exchanged among fog
nodes. Let M be the total number of all different data in
F datasets, and M < Y5, [Dy|. M = Y7 |Dy| if F
datasets are disjoint, and M < Ef};l |Dy| if these datasets
are overlapping.

3) Decoding Phase: The generator matrices correspond
to the received coded intermediate gradients and model
parameters from fog node F'N; (i € {1,2,...,F}\ {f})
at FNy are GY, with size |D;| x Q7 and GY; with
size Wi x Q}'f, respectively, where Q7 ; = (1 — €;,7)Qf
and QY; = (1 — €)@} €,y is the probability of data
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loss from F'N; to F'N; due to channel erasure, decoding
failure, etc. The generator matrices correspond to the received
coded intermediate gradients and model parameters from
the /' — 1 fog nodes at "Ny can be written as G‘;}c =

MG] ;. 151G 1 151G e 16G ] and
Gf =[Gy 1G5 11 GY Ly 4o 1PGR (],
respectively. 1 = (11,...,15,...,1p) is an indicator

parameter. Let A be the probability of a straggler node.
Then, the fth element of the indicator parameter, 1y
(f €{1,2,...,F}), can be written as
. {1, with probability 1 — \,
f f—

. o )
0, with probability A.

The matrices GY% and f}”}»" are respectively with size
Zie{l,Q,...,F}\{f} ID;|  x 216{12 F}\{f} lszf and
ie{1,2,. . FI\{f} "7 i€{1,2,...FI\{f} 1

Fog node F'Ny decodes its recetved coded 1ntermediate
parameters through G? ;s and sz, (1 € {1,2,...,F} \
{f}), and recoveries N — |Dy| new gradients and
Ty Ei.e (1.2, FN{/} Wi. model parameters corresponding to
these intermediate gradients. Here I',, is a threshold and
could be set to different values in [0, 1] for different learning
algorithms'. The decoding process is essentially a linear

calculation process for finding the solution of polynomials.

IV. ANALYSIS OF THE DECODING PROCESS OF THE
FOUNTAIN-BASED SCHEME

In this section, the decoding processes for the scenarios
with disjoint datasets and overlapping datasets are analyzed
separately. The effect of coding and network parameters on
the computation and communication loads is also analyzed.

A. For Disjoint Datasets

For the scenario with disjoint datasets, the possible number
of new intermediate gradients that can be recovered at fog
node F'Ny is in the range of [0, M — |Dy|]. To decode
A = N — |D¢| new intermediate gradients from the received
coded data, the rank of the generator matrix GY , denoted by
rk(é?), must be equal to or larger than A4, i.e., rk(é?) > A.
Since the datasets for different fog nodes are disjoint, we have

Tk(G) 216{12 F}\{f}lirk(Gif)'

The probability that rk(CN-‘w‘Z o= ki k€
{0,1,...,min{|D;[, Q] ;}}, can be calculated using
the method given in[17]. It can be written as

~ Q7 9_ 5 ~3,|Di
Pr(rk(GY ) = ki) = X700 (%) (1= i) (e, ) =9GP,
where C,]C;‘D"‘ can be calculated by

D,
j7|Di| — gk ‘ ‘ (3)
i gF qli—hs ><\Di|7ki>’
where £ can be written as
e [ (1= g~ =), if m >0, @
™o, if m=0.

!'As far as we known, it is still an open problem for the setting of optimal
values I'y, for different learning algorithms considering different factors. As it
is beyond the scope of this article, this problem will be studied in depth in
our future works.
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Let P (Cieqion.rp sy 1iki = A) be the probability
that at least A new intermediate gradients can be recovered
at fog node F'Ny. Since the datasets are disjoint, we have

P (Zie{m,...f}\{f} li’“) = Licqa,. mp gy Libr (k).
As N < M, there are two possible situations, i.e., N =

and N < M.

I)For N = M: If N = M,
P, (Eze{l o sy Liki > A) = 0. For updating parame-
ters B at FN t, each generator matrix Gg must be full rank
and no straggler occurs, i.e., k; = |D;] (z € {1,2,....F}\
{f}) and A = 0, and the probability P. (rk(G”{‘jf) > FwWi)
for each k; > 0 should be bigger than a threshold, say
I". The threshold I' can be set to different values according
to the various requirements in different applications and the
corresponding learning algorithm used.

The probability that all the generator matrices
at FNy, ie., G‘Zf, are full rank with A = 0
can be written as P, (Zie{l,Q,...,F}\{f} k; = A) =
Yic(i2,. . Fnis P (rk(G s) = |Di[). The probability
P, (rk‘(GW ) >Ty Wz) can be obtained by calculating
S0 Pr (rh(GE) = k).

2) For N < M: We use ;A to represent k;, i.e., k;, =
a;A. All F — 1 elements form set ® = {aq,a9,...,ap}\
{ay}. Then we have P, (216{1.2 oy Lk > A) =1-
P, (Zaieé 105 < 1), where P, (Za,;e@ 105 < 1) can be
calculated by

A=1
11 i < 1 ’ (5)
<az€:{> " ) {Ea, H (047—]) A<,

where o is set formed by all p0551ble values of . and o =

\D ;|
{aflarg{Eje{l,z (AN (F-1)y0r <1} ar )}
ar; is the 7;th element in set ®. The probability P ( J) can
be calculated by Pr(ar,) = Pr(rk(GY, ;) = ar, A).
The range of o is {0 w‘—}],

ie., {07 ‘D"'l'min{lv(1A—€i,f)(1+m)}

the probability

. Thus, we obtain the value

D;|-min{1,(1—¢; 1 ;
range of Y g as {07 Lajee (D] {A( DA+mID T

If (1—¢;,7)(14m;) > 1, then we have the upper bound of the

w ca |Dil .
value range as =*<F—— > 1since M > N. The value range

[0,1) is a subarea of the whole value range of > 4«

The value of >, H P:.(a, ) is determined by the size of
datasets of the other fog nodes A larger size of datasets means
smaller value of ) H P, (a7;) and higher probability
of success update model parameters By at fog node F'Ny.
However, the data size cannot be infinitely large. Larger
dataset size corresponds to possible higher computation load
at each fog node. Here, communication load is defined as the
total number of fog nodes computing one common task.

If (1—¢€,)(14m;) <1, then the upper bound of the value
Zu ce [Di |(1 €i,7)(14m:)

range can be written as . If we keep
the other parameters, e.g., |D;| and ez _f» unchanged, the whole
value range of ) g a; extends with increasing ;. There-
fore, with increasing 7);, the subarea [0, 1) becomes relatively
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smaller, and the value of 2216{1,2 ..... 1y ai<l Hj P.(a; =
a;) becomes smaller as well. The probability of success update
model parameters 3; at fog node F'N; becomes higher.
Therefore, larger 7; means a higher probability of success
update model parameters 3;. However, n; cannot be infinite
large. Larger n; corresponds to higher communication load
for exchanging intermediate parameters among fog nodes.
For success update model parameters 3¢, we have to choose
the coding parameter 7; carefully to ensure >~ g [Di[(1 —
Ei’f)(l + ni) > A.

At each fog node, before decoding its received coded para-

meters, the probabilities P, (Zie{l,Q,...,F}\{f} 1;k; > A) and

P, (rk(éﬁ’f) > FwWi) for each k; > 0 should be compared
with threshold T'. If these probabilities are higher than I,
decoding starts on the received coded parameters.

B. For Overlapping Datasets

As defined in Section II, 7, is the ratio of overlapping
data in storage unit SU, with that in SU,. For simplification,
we assume that each storage unit corresponds to one fog node.
Then, the overlapping parameters for the datasets of the I’ fog
nodes can be written out in matrix form as follows,

1 V1,2 Y1, F
V2,1 1 Yo,F
Y= . . o (6)
YF,1 YF,2 e 1

where Yq.b # Vo0 (a # b,Va,b € {1,2,..., F}).

At FNy, |Dy| intermediate gradients are known. Thus A =
N —|Dy| new intermediate gradients are required for updating
model parameters 3.

Theorem 1: The total number of new intermediate gradients
received from the other fog nodes at F'N; can be calculated
by A =37 "0 Le - (1= Y, 0)0(i, f)) - |Dr, |, where the
parameter (4, f) can be written as

-t ifi=1,
z, = L — . .
v H:,z:ll(l - 77ri,7ri77ra|@a,,f)7 if 2 S 1 S F— 1»

where @, ¢ is a set formed by the indices of fog nodes, and
it can be written as

0., = {{f},

ifa=1,
S Ta—1}, ifa>1.

{f,ﬂ'l,..

Proof: Let r; be the parameter for calculating the num-
ber of new intermediate gradients from fog node F'N; at
FNy, where ¢ € {1,2,...,F} \ {f}, and we have r =
(r1,...,7y—1,7541,...,7r). The total number of new inter-
mediate gradients at F'/Ny can be written as

A=16r6 (D, |Ds,...,| Drl]
ie{1,2,.... FI\{f}

Next, we will calculate r;. The number of received coded
intermediate gradient from F'N; at FNy is Qf_ > where
‘;]’f = (1 — €i,f)Q? = (1 — €i,f)(1 + ’171)|D1| Thus, we have

— Q1 . .
D;| = ety We calculate the new intermediate

gradient from the other fog nodes in order w. Here m =
(m1,m2,...,mp_1) is an order of the other F' — 1 fog nodes,
m € {1,2,..., F—1}\{f}. The number of new intermediate

gradients from FN,, at FNyis (1 — ’an,f)—(l_e Q;’;&hn 3-
T 1
1=y s

Thus, the parameter r,, = o arm Ticking out the
. . . 1 1
new intermediate gradients contributed by F'N.,, the num-
ber of new intermediate gradients from F'N;, at FNy is
g

Q7.
(1 _’Yﬂ'z,ﬂ'llf)(l — 'YTrmf)m, and we have Try =

(l(fﬂi;”{ff))((lin%é’f ). Yos,m | f TEPresents the overlapping ratio

of the dataset D,, with dataset D, after ticking out their
common data with dataset Dy.
By the same method, we have

W, f
Tmy = ; (8)
(1 - eﬂi,f)(]- + 77m)
where Wi, f = (1 - 771'7‘,771'7:—1|f7ﬂ'17~~~,ﬂ'7‘,—2)(1 -

77r7177fi—2|f77r17~~~,7r7‘,—3) (1 - 7W¢7W1\f)(1 - ’ymyf)'
Thus, the total number of new intermediate gradients from
other fog nodes at fog node F'N; can be rewritten as

A=3 b (1= p)e(i ) - D l. m

If the parameters v; ;1| ¢,1,....i—2> Vi,i—2|f,1,...,i—3s « =+ Vi,f
are known at each fog node, the parameter A can be cal-
culated. The computation and communication loads can be
controlled relatively small through properly task assignment.
If these parameters are unknown at fog nodes, the computation

and communication loads may increase.

V. COMPARISON AND DISCUSSION

In what follows, we shall compare the communication load
by using the Fountain-based coded scheme with the uncoded
scheme for decentralized learning. Communication load is
defined as the ratio of the total number of data transmitted
by all the fog nodes to the data required at these fog nodes.
Here “data required at these fog nodes” means the total number
of new intermediate parameters required at all the fog nodes.
Uncoded scheme means that no coding operation is performed
on the intermediate parameters at each fog node.

The communication load for the uncoded and the
Fountain-based coded schemes can be calculated respectively
by

F
L D1, + Wyl
Buncoded = T- Z 17’1_[ | fl g flw_ — ©)
= liepa,..rpn —€ir)
F
Beoded = pA,“/Zli(l+’I7f)(|Df|Zg—|—Wflw), (10)

f=1
where [, and [, represent the length of one intermediate
gradient and one model parameter, respectively. The parameter
p(A,y) can be written as
1
1=\
1, if v is known and Vv, > K,

if v is unknown or Vv, < k,

Y

Pry =

where V7, ; represents the overlapping parameter of datasets
of two arbitrary fog nodes F'N, and FN,, (a,b €
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Ratio of reduced communication load (%)

F=1000

F=2000 F=5000

Number of fog nodes

F=10000

Fig. 2. An example of the comparison of communication load reduction by
the Fountain-based coded scheme.

{1,2,..., F}). k is a threshold for the parameter V-, ;>. When
Va4, 1s known and large enough, there would be enough
redundancy of coded data to overcome stragglers by using
the coded scheme and thus we have py 5 = 1.

We assume that the coding parameter 7y =7 and 1 +n =
(14+71")(1+n°). Here 1+ n° is the expanding coefficient for
covering all original information for encoding, and 1 + 1" is
the expanding coefficient confronting data loss. The parameter
1+7n" = =, where ¢, = max{e;f|i € {1,2,...,F}\
{f}}. Assume that the data loss parameter ¢; f = € (i €
{1,2,..., F} \ {f}). The ratio of Beoged and Buyncoded can

be written as

Bcoded

=pA(1=N0+7)1 -2 12

Buncoded

The parameter e represents the probability of data loss due
to channel erasure, channel decoding failure, etc. A smaller
value of € means more reliable environments. The parameter
n¢ is determined by the code design. For MDS codes, ¢ could
be as small as 0. However, it is impractical to construct MDS
codes for large-scale networks with thousands of nodes. For
Fountain codes, n° is determined by the degree distributions
used for encoding. By properly design the degree distributions,
the original information could be covered with 1 + n° only
slightly larger than 1. The overhead of Fountain codes could
be relatively small through properly design.

When A = 0, € = 0, there is no straggling node and data
loss. Since ¢ > 0, the coding operations create redundancy
data at fog nodes, the uncoded scheme requires lower commu-
nication load for exchanging intermediate parameters. When
0 < A< 1or/and 0 < € < 1, compared with the uncoded
scheme, the coded scheme can reduce the communication load
at 1 — pa~(1 = A)(1 +n9)(1 — €)F 2 scale if 1+ n° <

Fig. 2 shows the minimum communication load reduction
by using the Fountain-based coded scheme when py , = ﬁ
Note that n = 0, i.e.,, 1 +n = 1.0, corresponds to the
performance achieved by the MDS-based scheme with ideal
quality of communication links. If the environment is relatively
reliable and the number of fog nodes F' is relatively small, e.g.,
e = 10~%* and F = 1000, only limited communication load

2So far as we know, the setting of optimal threshold « is still an open
problem. This problem will be studied in depth in our future works.
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reduction can be achieved. When the environment becomes
less reliable or F' becomes larger, e.g., € = 10~2 or F' > 5000,
significant communication load reduction can be achieved by
the coded scheme through properly code design.

VI. CONCLUSION

We studied decentralized learning with gradient descent
for big data analytics in large-scale networks. A Fountain-
based coded scheme was proposed to reduce communication
load for exchanging intermediate learning parameters. The
decoding process was analyzed for the scenarios with disjoint
datasets and overlapping datasets. Comparison results shown
that significant communication load reduction can be achieved
by the Fountain-based scheme through proper code design.
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