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Decentralized learning is essential for large-scale deep learning due to its great advantage in breaking the
communication bottleneck. Most decentralized learning algorithms focus on reducing the communication
overhead without taking into account the possibility of a shaky network connection, and existing analyses
over unstable networks have various limitations such as centralized settings, strong unrealistic assumptions,
etc. Hence, in this work, we study a non-convex optimization problem over unstable networks that fully
consider unstable factors including unstable network connections, communication and artificially injected
noise. Specifically, we focus on the most commonly used Stochastic Gradient Descent (SGD) algorithm in
a mild decentralized setting and propose a robust algorithm to handle unstable networks. It is shown that
our algorithm can attain a convergence rate which has the same order as decentralized algorithms over stable
networks, and achieves linear speedup comparing with centralized ones. Moreover, the proposed algorithm
also applies to the general case that the data are not independently and identically distributed. Extensive
experiments on image classification demonstrate that the practical performance of our algorithm is comparable

with the state-of-art decentralized algorithms in stable networks with only a little accuracy loss.

1. Introduction

Distributed machine learning [1-3], especially for large-scale deep
learning tasks, has attracted a lot of attention both academically and in-
dustrially. A typical distributed learning system is the Parameter Server
(PS) [4], where a server maintains and aggregates a global model for
all client workers. By pulling the global model from the server, client
workers compute the gradients or model updates and push them to
the server. This architecture needs the server to communicate with all
clients and transfer the whole model. Therefore, PS is not robust when
the server fails or communication is constrained [5]. Different from
using a central server, another architecture is the shared memory where
all workers independently compute the local gradients and average the
global model by a shared memory [6]. Although this line of work avoids
the problem of server failure, it still has a high communication cost.
Theoretical research shows that decentralized algorithms can solve the
above problems and have the same utility as centralized algorithms
[7-9]. Decentralized algorithms reduce communication complexity by
calculating an approximate average gradient between a set of workers
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during aggregation. In each optimization iteration, workers just make
a model aggregation with neighbors according to the communication
topology rather than executing a global average. This would inject extra
noise into the average gradients so there is a trade-off between training
accuracy and communication overhead for decentralized methods.
One of the problems often encountered in large-scale decentralized
systems is the underlying unreliability of local devices. Especially in
edge computing and federated learning, the devices involved in training
are typically edge-side devices or private computers, making it difficult
to guarantee stable network connectivity and reliable performance.
Most decentralized approaches, in turn, are based on the assumption
that the network is stable to ensure that communication is always
successful during training. Therefore, when the network connection is
unstable, these algorithms that synchronously aggregate the model will
block until the network connection is restored. This makes applying
typical methods to this faulty scenario directly not feasible. Also, it
is tough to present the convergence of the algorithm directly under
relaxed assumptions when the network connections are unstable.
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Table 1
Comparison of related results.

Algorithms Unstable network connections Noise  Convergence rate
1
DPSGD [7] X X O(W)
a
RPS* [17] v X O( W)
Choco-SGD? [12,13] X v O(=)
2 a 1
A(DP)“SGD? [16] X v O(W)
Our algorithm v v o(—+

nkK

aRPS algorithm considers unstable networks but only focuses on the centralized settings.
Choco-SGD only considers compressed noise and A(DP)2SGD only considers differential
noise.

Another factor to consider in large-scale decentralized learning is
noise. The noise expresses a lower bound on the desired generalization
error that any learning algorithm can achieve on the current task, i.e., it
portrays the difficulty of the learning problem itself. As a result, analyz-
ing the influence of noise on algorithm convergence can help to develop
more resilient algorithms. There are many reasons for noise and the
most intuitive is the Gaussian white noise [10] in the communication
process, which is very common in the wireless channel. In addition to
the inevitable channel noise, there are usually artificially introduced
noises in the process of device communication, such as compression
noise introduced by gradient compression [11-13] and privacy noise
introduced by differential privacy protection [14-16]. Most studies
usually investigate the effect of noise only at the application level.
And the existing theoretical analysis is usually specific to a particular
scenario of the above-mentioned noise sources.

Facing these challenges, it is urgent to explore algorithms that
can be well implemented in unstable networks featured by unstable
network connections and noise. In this unstable network situation,
the technical challenge is that the convergence of the decentralized
learning algorithm should be theoretically guaranteed under some mild
conditions. There have been some works to study unstable network
connections. Consensus optimizations over unreliable networks are
studied in [18,19], but their work is under strong assumptions such
that the feasible domain is compact, the gradients are bounded and
the instability level is bounded. In [17], Yu et al. investigated the
case of unreliable network connectivity under a loose assumption but
only focused on the centralized settings. For communication noise,
the experimental results in [20] show that communication noise in
gradients can generalize the model. Theoretical results in [13] show
that the decentralized algorithms can still converge in a compression
noise environment. Another direction of noise is to ensure data privacy
by introducing differential noise. In [16], the convergence of the decen-
tralized algorithm with differential noise is guaranteed. Existing work
either only considers unstable network connections or only considers
noise. Combining these two issues, we explore the decentralized algo-
rithm over unstable networks and present the theoretical results under
loose assumptions. Specifically, we focus on the most commonly used
SGD algorithm [7] in a mild decentralized setting. SGD has evolved into
a standard and efficient algorithm for solving large-scale distributed
deep learning tasks. Compared with other optimization algorithms, SGD
has many advantages such as high efficiency, good generalization, the
capability of escaping from stagnation, etc. Formally, we aim to solve
the following stochastic optimization problem

min f(x) =B pF(x:). @

where D is denoted as data distribution and ¢ is a random data sample.
x denotes the parametric model we intend to train and F(-) denotes
the predefined loss function. This formulation encapsulates a variety
of well-known learning problems, such as machine learning, federated
learning [21], and deep learning. Our main contributions are as follows.
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Main Contributions:

+ In the first part, we consider a non-convex decentralized opti-
mization problem over unstable network connections and propose
a decentralized SGD algorithm to accommodate this scenario.
Except for some standard assumptions, we only assume a real-
istic and necessary bound on network instability for analyzing
convergence of the proposed learning algorithm. By choosing an
appropriate learning rate, our algorithm achieves a convergence
rate of O(——), where n denotes the number of workers and K
denotes the number of total iterations. Our results are consistent
with decentralized Stochastic Gradient Descent (SGD) [7] over
reliable network connections. Besides, our theoretical results indi-
cate that our algorithm achieves linear speedup w.r.t. the number
of workers. Moreover, our theoretical results also apply to the
general case that the data are not independently and identically
distributed.

In the second part, we adapt our algorithm to the scenarios with
noise. Specifically, we propose a general noise model covering
different noise categories such as channel noise, compressed noise
and differential noise. Based on this, we present the convergence
analysis and show the influence of noise on our algorithm. Under
some mild assumption on noise, our algorithm can attain the
same order of convergence rate as that implemented without
considering any noise.

Experimentally, we apply our algorithm to an image classification
task, illustrating the convergence of our algorithm is the same as
DPSGD [7], the state-of-the-art decentralized SGD algorithm with-
out considering unstable connections and noise, with only a little
accuracy loss. The experimental results, on the CIFAR10 dataset,
show that the convergence speed of our algorithm is comparable
with DPSGD and this is in line with our theoretical analysis. In
addition, via unstable network simulations, we observe that the
training loss decreases as the network instability level decreases,
but the convergence speed is not affected. Surprisingly, our algo-
rithm is robust to noise, especially with a large number of workers
and trained on a complex model.

The comparison results for the convergence rate of the relevant algo-
rithms are shown in Table 1.

Road Map: This paper is organized as follows. After outlining the
relevant work in Section 2, we give the formal problem settings and
basic model of the unstable networks in Section 3. In Section 4, we
propose our algorithm which is robust to unstable networks and show
that our algorithm can achieve the same convergence rate as those in
stable networks. In Section 5, we specify a general model of noise and
adapt our algorithm to tolerate communication and artificial injected
noise. The same convergence rate is shown to be retained. Finally, we
report the experimental results in Section 6 and conclude the paper in
Section 7.

Highlights

» We study the effect of unstable networks and noise on the con-
vergence of decentralized algorithms.

+ Theoretical works demonstrate that our algorithm can achieve the
sub-linear convergence of O(#).

VK
* Deep learning experiments verify that our algorithm can achieve
the same convergence rate as the optimal algorithm.

2. Related work

Decentralized training Decentralized methods based on gossip
averages can be good solutions to the case of some workers mal-
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functioning. In such methods, all workers are connected through a
peer-to-peer network and each worker aggregates models with only
a portion of the workers, i.e., the neighbors in the network. Thus
a sparse network topology will significantly reduce the communica-
tion load. [7] first gave the theoretical proof showing that decen-
tralized SGD has the same convergence rate with centralized SGD
and experimental results show that decentralized SGD outperforms
centralized SGD in the bandwidth-constrained case. [9] proposed the
SGP algorithm for the situation where the network topology is not
symmetric, i.e., the topology matrix is column stochastic. Later studies
mostly tended to reduce the communication load by cutting the number
of communications or communication compression. [8,22] presented
communication-efficient methods which have a comparable conver-
gence rate with centralized methods. [11] proposed the DCD and ECD
algorithms based on unbiased compressions such as random quantiza-
tion [23] and sparsification [24] with the identical convergence rate as
the centralized algorithm. In [12,13], the authors investigated a more
general approach, called CHOCO-SGD, with arbitrary communication
compression in decentralized training. Another direction is to study
random network topology [25-28], which implies that the weighted
matrix is dynamic or time-varying.

Distributed training with faulty models Most of the existing al-
gorithms require a stable network connection, i.e., the communication
is guaranteed to be successful. However, some practical applications
must be able to handle unstable network connections, and this is
particularly relevant in federated learning [29]. There have been many
related works to study unstable network connections but they all have
some limitations. [30-32] investigated the case of delayed information
exchange in distributed training but only focused on centralized scenar-
ios. [17] analyzed another scenario of unstable network connectivity
where communication would fail in a fixed probability, but only the
centralized scenarios and the AllReduce method were considered. Ad-
ditionally, there are several concerns with current research on unstable
network connections in decentralized systems. [18,19] analyzed the
decentralized algorithm with delay gradients and characterized the
convergence rate under bounded delay but their work is under strong
assumptions such that the feasible domain is compact, the gradients are
bounded and instability level is bounded. In addition to the situation
that messages may be delayed in reception due to unstable networks,
messages can be interrupted by noise during the exchange process. On
the one hand, the noise can be artificially injected. [33] show that in-
troducing noise into neural network training could better generalize the
training model but they only present experimental verification without
theoretical proof. Numerous works [14-16] have provided theoretical
results, however, these only apply to a certain noise environment. On
the other hand, there inevitably is some noise in the communication
channel. [34,35] take into account both unstable network connections
and noise, but their work is limited to strongly convex scenarios. Thus
we combine these two directions and fully consider a faulty model in
which there is both unstable network connectivity and noise during
communication under the relaxation assumptions.

3. Preliminaries

We consider a general decentralized distributed system consisting
of n workers and all workers are connected to cooperatively optimize a
non-convex problem through the stochastic gradient descent method.
Let graph ¢ = (V, &) denotes the communication network topology,
where V := {1,2,...,n} and £ denotes the set of edges in the graph.
Let 7, = {j € V | (i,j) € &} denotes the neighbor set of worker i
and worker i can only communicate with workers who belong to J;. In
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Table 2
Frequently used notations.
Notations Descriptions
n The number of workers
d Dimensions of the local model
xk Local model of worker i at iteration k
&k The last successfully received model
Q(x,") The perturbed model of worker i at iteration k
&k The sample data of worker i at iteration k
Fi(x;¢) Loss function of worker i
fi(x) Expectation of loss function of worker i

v Learning rate

K The total iterations

W The mixing matrix at iteration k

\%i0] The gradient of the function f(-)

1, The full-one vector in R”

e; The ith element of the standard basis of R”

AC) The ith largest eigenvalue of a matrix

-1 The vector #, norm or the matrix spectral norm
Xy [x‘f,x;,...,xﬁ]eﬂﬁdx”

OF (X, &) |VF,(x§,§f),...,VF,,(xﬁ,gjn € R

af(Xy) VG o, V()] € RO®

particular, we let J; also contain i. In the stochastic gradient descent
method, worker i sample data ¢ from a local data distribution D; to
optimize the local loss function F;(x;¢&) of model x € R". Based on
these mathematical setups, by distributing the data to all workers we
can rewrite Eq. (1) in the following form:
1 n
B 0= X B Fis9). @
=1fi(x)

Note that we do not assume the data distribution is i.i.d.. This is a more
general setup in practical applications.

Unstable Network Connections Consider a scenario where the

workers who perform calculations during distributed learning are some
personal devices or edge devices, which are very easy to go offline
or crash. These devices may be disconnected from other devices due
to unstable network connections but these devices are highly robust
and can reconnect back in time. Given a non-negative constant rik
indicates that offline worker i has been disconnected for ri" iterations, in
other words, neighbors of worker i have not received information from
worker i since iteration k —z¥. Let 7, = max z* to denote the worst case
at iteration k. We make the following assumption which is necessary in
our convergence analysis.
Assumption 1 (Bounded Instability). We assume that the time r,.k at
which the offline worker has been offline at the kth iteration is uni-
formly bounded, i.e., there exits = > 0 such that 7, <z for all iteration
k.

This is a practical assumption because most devices are robust and
network protocols usually have a heartbeat mechanism to reconnect
after disconnection. Assumption 1 illustrates that the time required to
reconnect for any worker after it goes offline is bounded by z. Thus we
use 7 to describe the instability of the entire network.

Throughout this paper, some frequently used notations are summa-
rized in Table 2.

4. Robust decentralized SGD
4.1. Algorithm

In this section, we present our algorithm RDSGD-Robust Decentral-
ized Stochastic Gradient Descent to deal with the scenario of unstable
network connections. The existing algorithms usually block themselves
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Algorithm 1: RDSGD algorithm

Input: Initialize x? and 2%, Vi € [n] with the same value,
mixing matrix W, learning rate y and number of total
iterations K.

if receive any x{*!, j € J; then
L R = el
j j

s | Aggregate model by x/*' =%, _; Wk“”)%;‘*'.

1 for k=0,1,..., K — 1(all workers in paralle) do

2 Randomly sample & from local data for worker i € [n].
3 Compute gradient VF (x{.‘,.f{‘).

4 | Update model according to x*+' = xk — yVF(x, &b

5 | Send x**' and receive models from neighbors.

6

7

when any worker fails to receive information from its neighbors and
the whole algorithm fails to work. To address this restriction, we use
additional memory space to deal with the loss of information due to
that the network connections are disabled.

In the RDSGD algorithm, in addition to holding a local model, each
worker maintains a buffer to store the received models of neighboring
workers. At each iteration, each node randomly samples from the local
data, computes a local gradient in parallel and updates the model along
the negative gradient direction. After that, each worker communicates
with its neighbors and exchanges models with each other. However, it
is not feasible to use the shared information directly to perform the
model aggregation, because the communication may fail due to the
instability of the network connection. Thus each worker can use the
buffer to record the shared information and update the buffer when
communication is successful. Then, each worker uses its model and the
information in the buffer to perform model aggregation.

In detail, at iteration k, we use xf.‘ to denote the local model of
worker i. And worker i maintains a local buffer fc;‘ to record the model
of neighbor j, where j € J;. At iteration k, RDSGD performs the
following steps:

» Gradient calculation: each worker randomly samples data é:[‘
from local data distribution and calculates the stochastic gradient
VF(xk, &5).

Model update: each worker updates the model by a regular SGD
step xf.‘“ = xf.‘ - yVF(xf.‘,ff‘) given the learning rate y.

Model aggregation: each worker sends the model to its neigh-
bors and receives models from all of its neighbors. If worker i
successfully receives the model of neighbor j, then £i*! = xi*1;
else 2*! remains unchanged. After that, each worker performs
xkHl = Zied, I/I/]([ij])%jf*'l, where W, is a mixing matrix and Wk[ij] is
the ith row and jth column element of W,.

Note that model update and model aggregation can be exchanged,
which does not affect our theoretical analysis. The pseudo-code of our
algorithm is given by Algorithm 1.

4.2. Theoretical results

In this part, we present the main theoretical results of the RDSGD
algorithm over unstable networks. Theorem 1 shows our numerical
results of convergence rate which maintains the same as standard
algorithms. For the sake of proving the theorem, we need to make some
settings. First, let

=[x,k e R

X =[xk

According to our model of unstable networks and Assumption 1, when

worker i is not offline, £ = x¥, and when worker i is offline, £¥
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. . k—tk .
indicates the last successful message x, '. Thus in the worst case, we

k-1,

can obtain £¥ = x; ™ and in the matrix form we have

Xy = Xyop, =[5, ..., 2] € R
Besides, we define the following matrix forms:

0F (X, &)
=[VF (], €0, .., VE,(x, €] € R,

Af(Xp) = [VF1(x5), ... V[, (x5)] € R,

Returning to our algorithm, in line 8, the aggregation process uses a
model with delay information, and this delay model will be used in the
next iteration to calculate the gradient. Consequently, we can simplify
the problem to the fact that the gradient is calculated utilizing a model
containing delay information at each iteration. Note that the update
formula of the algorithm in matrix form can be written as

X1 = X Wi = 70F (X, &), ®)
Next, we make some necessary assumptions:
Assumption 2. Throughout this paper, we make the following com-

monly used assumptions:

1. Lipschitzian gradients (L-smooth): All local functions f;(-) and
their gradients V f;(-) are L-Lipschitz continuous, i.e.,

I1fi(x) = fiWll2 < Lilx =yl

IVfi(x) = V£ill2 < Llix = yll.

for all x,y € RY and i € V, where L is the Lipschitz constant.
. Bounded variance: Assume the variance of the stochastic gradi-
ent is bounded for any x on each worker.

B p, IVF(x;&) = V/;(0II* < 6%, Vi, Vx,

L IVAGs8) = V@I < 62 Vi .
i=1

Note that if data is i.i.d. then ¢ = 0.

. Spectral gap: W, is a doubly stochastic matrix (W, 1=1,1"TW, =
17) and we define p := | LE[W,W,])| € [0, ).

. Start from 0: We assume all workers’ models start at 0, in other
words, X, = [0, ...,0] for simplifying the proof w.l.o.g.

Before presenting Theorem 1, we define some variables:

U, = 1—7—2y2nL2 ,
(1= /p?
—y2L 12ny3 L2
U2=y r —TY3L2—L.
2 (1 - +/p?U,

Theorem 1. Under Assumptions 1 and 2, if U; > 0 and U, > 0 are
satisfied, then we have the following convergence rate

K-1

1 Xkln
= Ellvr (| 22
w27 (5

2 2722 2
L 4ny°l +
yo ny (6° + 66°)
n U,

2
AU Fr— F* 2,2 272
S(fo f)+21yoL

yK n

Ay
L=p - yp?)

where f, = f(0) and f* denotes the optimal solution.

4
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For non-convex functions, the point where the gradient is 0 is the local
optimal solution. Theorem 1 guarantees convergence of the algorithm
by giving an upper bound on the average gradient of all workers.
Specifically, by choosing an appropriate learning rate, we can get the
following corollary

Corollary 1. Under Assumptions 1 and 2, by choosing y =

1
=Ny
we have the following convergence rate
K-1 2 )
1 X,1, 2fy - f* +72L)L
— E(Vf| — < -
LB (5)] R
B (5)
N (2fo —2f* +5L)\/ 62 + 662
VnK ’
if K is large enough to satisfy
2
AL <; L2
_O'2+6§2 1_p (1_ p)2 5
Ve (6)

2
" max 4 412, (Ver — 1212, 4L L
-y

~ o2 +6¢2
where f, and f* follow the definitions in Theorem 1.

Corollary 1 indicates a general convergence rate O(% + ;K). We
n
discuss some properties about our theoretical results below.

» Converge to a ball. Based on our theoretical results, our final
average gradient of all workers is constrained to a ball of a critical
point. It is because the learning rate we choose is a constant
and this is a general choice for y, just as some other theoretical
analysis for SGD.

Comparing with SGD and DPSGD. In Corollary 1, if K is suf-
ficiently large, the second term is the dominant term and the
convergence rate is O( \F) Also, if r = 0 and n = 1 our algorithm

is centralized SGD and the convergence rate reduces to O( K),

which is consistent with the convergence rate of centralized SGD
and decentralized SGD [7].

Linear Speedup. When K is large enough, the convergence of our
algorithm is O(—— r) Note that RDSGD to achieve e accuracy re-

quires K to satisfy K > —, which indicates that the convergence
efficiency increases at a llnear rate with respect to the number of
workers.

4.3. Analysis of Algorithm 1

In this part, we give theoretical support for Theorem 1 and Corol-
lary 1 in detail. Before we present the proof of our main results, we
give some necessary notions and lemmas. We let

2

X1
, Vk>0,

=13

= — Xye; 7

and we have M, := M;_,, . Note that M, is the average consistency
error which declares the gap between the global average model and
local model. To obtain the bound of average gradient of all workers,

we need to bound the M, first.

Lemma 1. Under Assumption 2 we have
1 2

‘—"—Wkel- <ok, vie{l,2,..,n},keN.
n

Proof. Let W* = lim,_ W*, and from Assumption 2 we have 17” =
W®e,;. Thus
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1 2
‘ - Wke || =W —whe?
<MW =whPlel?
= W= -wh?
</ 0O

Lemma 1 is a common property for doubly stochastic matrix. To
give an upper bound on the average consistency error, we first establish
the relationship between the local loss function and M,.

Lemma 2. Under Assumption 2 and Vj > 0 we have

af (X1, ’

n

Ellof(X)I* < 12nL2EM; + 6ng? + 2nE

Proof. We start from the norm of df(X ;)- Using the definition of L,
norm of matrix and triangular inequality, we have

Ellof (X )l

= Y EIVAEDI?
i=1

" o of(X)1, of(X)1
S el - SEDL,  or KL,
i=1 " " ®)
oo, |

Vi) -

n
_ZZIE
i=1

N 2
Lo,

X1,
To bound consistency error, we introduce two variables V f; < >

Xl
of #)1
and <— and then use the L-smooth property to get the form of
M,. For the flrst term of (8), we have

ZE

f(X n,
Vi8]

i=1

; <X]1n
VAHGED =V

2
1
n of [ += )1
X;1, ( " ) "
+3§E Vf,-< . >- .
X 2
n 0f( ) n F) X-l
+3)E - - f(n’)”

2

n
<3nL’EM; +3 ) E
i=1

<)2 1, > <x 1, )
Vi vf

X1 i 2
I (Vfi( L ) —Vfio%{))

<6nL’EM; + 3ng?,

+ 3nE

where the last term of last step comes from L-smooth.
Combining the above inequalities, we derive Lemma 2:

arcxp, |’

Ellof(X)I* < 12nL*EM; + 6ng? + 2nE
n
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Lemma 2 is an important formula to prove Theorem 1, which
gives the relation between the gradient with delay and the average
consistency error. Using Lemma 2 we can get the following Lemmas.

Lemma 3. According to Assumption 2, Lemmas 1 and 2 and for any
k > 0, we have
2

X1
E‘ L Xyl
1 2
=" (1= o2
k o 2 k—j
af (X1 o 24/p
wan Y| LI ey 207
i=0 n 1- \/—P

2\/—pk7j
1-+/p
Proof. For convenience, we let A(X’/-) = aF(Xj;.fj) - 0f()?/-). According

to the updating formula (3) and Assumption 2, we have
2

k—j

k
+ 24}/an2 2 EMj P
j=0

X1
E' L X
n
Xe1,—0F (Xl 2
:E‘ n _A
(X Wye; —yoF (X & )e;)
Xo1,-3*%  yoF(X ;e 2
e 021"# _XOH o Wie;
+3 OyaF(Xj,:EJ)H e
k 1 k 2
E Z@F(Xpﬁj)(;"— I1 quz> ©
Jj=0 g=j+1
k 1 k 2
<2°E ZA(X,-)(;”— I1 qu,->
j=0 q=j+1
T
2
+2/°E Zaf(x)<—— 11 We>
Jj=0 q=j+1

T,

The form of T; is the square of the L, norm of the sum of the k + 1
terms and each term is the product of two factors. Therefore, we can
expand T; with sum square formula to take the sum to the outside of
the norm squared. Next, for the square of the L, norm of the product
of two factors, we can use Holder’s inequality to get product of squares
of the L, norm of two factors.

=E§ (X)<—— II w.e
)

2

q=j+1

2

A(X)<17— H W,e,

Jj=0 q=j+1
T3
o (1
Ak (& =TI 0 Waer)
+ 22E< o =
J#i A(Xj) (7 - Hq—J’-H We )
T

For T3, using Holder’s inequality and from Lemma 1, we have:

2
Tg_ZE (A(X))(II— H We)

q=j+1
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H

<Z

2

<3 um»ui e
Jj=0 1
2 (k=)
< no jzép )< —— 1 =
For T}, using Cauchy-Schwarz’s inequality:
neye( 20000 ). )
A\ Ay (7" ~gmjn W )
o] Bt
i# ”A(X )(7” I Vqui> '
<YE CRUSRER)
D2 R [ Dy

}10'2

(17" - l-[l;=j+1 qu")
(17"‘1_[/;—1+1W3 )'

<E Z nozpk_% )

J#i!
where the last second inequality comes from the assumption that the
variance of the stochastic gradient is bounded and the last inequality
comes from Lemma 1. Next we can continue to bound 7, with ¢ and p:

j+i’

T, = 2no> Z P
i>J’

k/2 _

<E)
J#i!

(P D(p*/? = \/p) . 1
< Zno
- PG+ D = NGE

Putting 75 and T} back to 7| we obtain:

2 1 2
Tlﬁl’lG (m-‘rm)

Next, we then start to bounding 7, in the same way. At first, we expend
the T, with sum square formula to take the sum to the outside of the
norm squared.

Zaf(X)(—— II w.e
)

g=j+1
or X (2 -1, Wie ).
of X (% =TIy Weer)

=2no

10

2
T,=E

2

. (1 L
8f(X,-)(7"— IT wee

q=j+1

k
= Z]E
j=0

+ ) ]E<
i

For Ty, we have:

> |

Te

2

k
1
Ts=)E af(X)<——HWe>
Jj=0 n g=j+1
k 2
< Y Elaf Xl ——HWe
J=! q=j+1
1, o ’
<12nLZZEM - W,e, +6ng2;
n 1—-p
Jj=0 q=j+1
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k
<12nL? Z EMjpk_j + 6ng2%
-

2

6f X)), 1,

HWe

q=j+1

j=0
koo |
+2n Z E|—= ok
J=0 "

We derive Ty in the same way as we deduced 75 :

o <(0f(X))< H_,+1We) >

S\ & (-1l W,

or (X (2 -TIe We H
< z E A! ( ,; j+1
| or&n (-1, W,

A ln
Cyf e (: ST, W, )
J#i ”af(XJ/)“ : (7” - q Jj W ‘
llof (X )I? 1, H ‘
—— L= (2 =TT, Wee
< 2 E 2 ( n q=j+1 )

(ITn_Hq—/HWe)

+ Y E M ‘(17 ~Tjejr qu,-)H~
J#i’ (n H_fﬂwe)

Of (X )II? af (X;nl? .
sZJE<“ f(z,)ll +|| f(2 )] >,, y

J#i

J#i’

= Y E(los IR

J#i’
d ar L[]
< Y |12nL2EM; + 2nE || —L N |
n
i’
»
+ Y 6nc?pt T
A

where the second term can be bounded with ¢ and p:

) M 2
Z 6ng2pk7% = 12ng2 z p -5 < 12ng

# > S U=y
So Ty can be written as follow:

k

~ 2
) of & s
T, < Y [120L2E87; 4 2B | =00 |45
n
i
!
+ Z 6ng2pk7%
J#i

. L& Dk—jeyj’ 12n¢?
_22 120L2EM; Y Ao +

J e (1= /7

zk: \/Ezk—j—j’

J'=j+1

9 f(X ),

+22 2nE

k
<2 ) |12nL*EM; + 2nE
Jj=0

12ng

(1—\/')2

Yo
-\

A 2
Af (X1,
n
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Plugging T5 and Ty into T,, we have the upper bound for T5:
. 1
Ty < 12nL* ) EM;p*7 + 6ng? ——
2 n Z(,) 14 ng -,

af (X1, . 12n¢

VP
B
ar &, |

n

af (X1,

12nL*EM; + 2nE

(1D
k !

< 12nL? Z EM,;p*~ +2n Z E
j=0 j=0

-
Pk

Vi
1~

k ~ 2
. af (X1
2 ) | 120L?EM, + 20 || ———
n
j=0

6nc? 2
+6ng <1_p+(1_\/;)2>

Finally substitute (10) and (11) into (9), we complete the proof. []

Lemma 3 uses the definition of consistency error to give a relation-
ship between consistency error and gradients in the presence of delays.
Using Lemmas 2 and 3 we can easily obtain the following lemma:

Lemma 4. LetU, = < ¥ nL2> and if U, > 0, we have

a- \ﬂz
& 1 2 K
EM, <2ny (¢? +6g) —_— | —
Z‘) ‘ < [ (1—\/z>2>U1
A 2
a7 (X1,

n

12 21(—1

+ ———ny
1=+~ S

Proof. According to the definition of X, = X,_,, X, is a model
parameter with delay information. Substituting X, into Lemma 3 we
obtain the following formula:

Xkln :

E

:E'

< 2ny%(6? +6g)<

— Xyie;

2
Xy_o 1

n

krkt

~ <1—\f>2>

LS —

+ 4ny? Zk

" lorx,

2\/;k7‘rk717j
=

k—7,—1 k—7)—1—]j
+24y%nL? 2 IEMj phme=i \/;—
J=0 1=+
Observing the above inequality, the last term on the right-hand side
of the inequality is the term related to M. By averaging the left-hand
side of the inequality over n nodes we can establish the relationship
between average consensus error with gradient with delay. We continue
by bounding its average M, on all nodes, which is defined by:

n o 2
X 1 X1,
== ) E|l— - X¢;

1 2
< 2ny%(6” + 6¢%) <— —
L=p  (1-/p?

+ 4ny? Zk
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doubly stochastic matrix, we have

< eran, X1
+dny? k=r=1=j g r ( Xertln
Y Z, P f p,
(o, 2\/_/),(,,,(,1,] —Ef XiWil, yaF(Xk;fk)ln
+ 4ny Z n n
& T )
X1, 0F (X ;&)1
k=11 » 2\/;/‘_'%_1_] =Ef PR A—
+24y*nL? Z IEMJ' P 4 #
=0 —/p X1 1,\ 0F(X,;&01
) ) S]Ef< kn)—}/E Vf( k >’ k>Sk/)*n (12)
Summing from k =0 to K — 1 we obtain: n n
. 2
S | ) o e A
Y EM, <2307 4663 | —— + —— | K 3 n
k=0 I-» (1 ) .
K—1k—1,—1 af(X)l =Ef<Xk1"> Vf(th),%
+4n72 2 Z pk—‘l'k—l—j n n
o o o || Zim VEG 9|7
K—1k-1;-1 af(X)l 2, AR ——
+ 4ny? Z Z \/1_
j=0 - \/—p We establish the relationship between the gradients of the loss functions
- K-lk-g=l 2,7 and the gradients of the expected loss functions. For the last term,
+24y"nL Z Z EM; =ve according to Assumption 2, we have
j=0 +pk—m—1=
ok gky 12
Summing the terms containing p and reducing them using the sum of E‘ i(%5.6)
n

infinite series, we obtain:

sheh - o, ViGk e |

K-1
” 1 2 =
EM, <2ny?(c* +6¢3) | — + —=— | K ' "
/;) 1-/’ (1= +/p)? L 13)
o VAGEEED
zK_l 6f(X)1 ) 2210\/' E Z—l—’
+ dny Z E Z Py — n
k=0 i=l \/E s 2
) < o? +E af (X1,
K-1 ) 25 /5 = Y
+247%0L Y EM, | Y o+ ?"" VP
k=0 i=0 - \/; Based on the fact that 2(a, b) = ||a||® + ||5||> — ||a — b]|*> and putting (13)
< zn},z(o_z " ng) 1 + 2 back to (12) we have
s (1_\/—)2 Xinl,
= (75)
"Z‘ 9 f(X 7,
. 2
(1—\/'>2 i cpy (X, 1 E vy (X _ S &L,
7 b= " ! ! a4
+ —=ynl? EM, ) ¢ 2 2
(1= +/p)? Z() 7 ; L |9/ XL, 'R Vf<Xk1n>
n n
By rearranging the terms we obtain 726L
K-1 B
-2y Y EM, !
(1- \/,_0)2 =0 For the second term on the right side of (14), we have
. 2
Uy elv, <Xkl > ISR,
1 2 n
< 2np%(6® + 6¢%) (— + —) K
A <2E||V "1 v Xy 2
K 1 af(X ", A f ,
\/_)2 k=0 N 2
+oE||vs Xkl /XL,
When U, is greater than 0, we divide both sides of this equation by U, n
(15)

and get Lemma 4. []
<2E

. 2
wr (B) v (%)

1 < Xkln
- Z<Vf,-<

i=1

Employing the above lemmas, we now present the details of the
2

proof of Theorem 1.

+2E > - VG

Proof. First, by expanding X,,; with the model update formula,
we can establish the relationship between models and the gradients.

2 n
According to Assumption 2 f(-) is L-smooth and Assumption 2 W is a +2L°EM;.

- 2
<2L°E ‘—(X" = Xl
n
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For the first term on the right of (15), we have

2 T
-F ‘ Zt=l

. 2
OF (X3 &),

n

. < Lo H 2K,
n n

. N 2
E ” X, - X1, YOF (X3 &)1,

n

(16)

n
2)
2 Tk
y2o?
2
+ 7 E
PERACADY

From (14), (15) and (16) we have

Xk+11 >
vf <Xk1n>

Ef ( :
_r=rLg 'af(f(k)ln iaw O i

H af(xk I,

2
+yL’EM,

S]Ef<XL1n> '®
n
2 n 2n n

Tk
+ ‘ry3L2 ZE

t=1

ar K, |I”
n

Summing k from 0 to K — 1 we obtain

o()
()

K

o (1)1 5
= K-1 2
Z E H af();k)ln

—-y°L
()
2 k=0

K-1
+yL? Z EM, +
=0

2

yzozLK 2362 L2K

n

A 2
We can use Lemma 4 to replace the term with M,. Let U, = =2t

12ny3 L2

(=20,

2
o (1) 2o (1) o
n
K-1 K-1 5 2
Y Af (X1,
52 % |

k=0
P+ 6 ——+ —2 | K
= -y ) Ui
Note that Ef (x,) = f(0) = f,, because we assume that all workers start
from 0, and Ef (X"Tl”) > f* where f* is the optimal solution. So by

arranging the terms and dividing both sides of the inequality by K,
while U; > 0 and U, <0 are satisfied Theorem 1 is proved. []

y3 L% — and we obtain

o2LK N 2362 L2K
2n n

2
n) -U,

1 2

Next, we give the proof of Corollary 1.

Proof. The conditions of Theorem 1 are U, > 0 and U, < 0, and we
can choose appropriate y to satisfy these conditions. At first, we can let
U, > 1/2 which is a stronger restriction on U; and we can obtain

__m v
(1= /pp T 120y

So when U, > % and U, > 0, we can imply the following result:

U, =

ISR

24ny3 L2

— 2L
Y—v 372

U, > -1y -—— 2

T2 (1-/p? a
>0 y [ 24ny?L?
A ALy

2 (1_\/;)2_2'
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To satisfy (17), we can make every term on the left side of the
inequality smaller than é:

yL 1 1

<- < —

6 =30

272 1 1
ty°L*< - =y < s
6 V6rL
24ny?L? 1:>y< 1—\/1_7
A=yp2 =6 "7 120y

Combining all the constraints on y we have

Ty

y < min 1
3L \/61 L 12Ly/n
and from Theorem 1 we have

Lety =

L+\/52+6g2,/ £
2

y Xkln
E Vf(T)

< Wo=fIL  2Afo = fIVe2H6e2
- K VnK VnK
20212 | 4n?L? 1 2
+ L,z
Kk KU \1=p  (1-4/p?
_Wo= ST+ DL Qfg=2/" + L)Vo? +6¢2
K VnK
44/0% + 662 L L

) |

Now if U; < 1 is satisfied we conclude Corollary 1. When U; < 1 we
5
2n2 L

have
1,2 <1
Vorre2yK \1 =7 (—yp2 )"

Converting to the constraints on K, we can get

o, 2 Y
L= (a-yp?)

In the end, converting all other constraints on y to constraints on K:

Ly 2
L=p " (1-4/pp?

Us

ViK o2+ 602K

4’ L2
~ 02 +6¢2

2
> " max{ ar? (Ver — 1P, 4L L
o? +6¢ (1= +/p?
Now we have concluded Corollary 1. []

5. Noise robust decentralized SGD

Algorithm 1 is designed to deal with the issue of unstable network
connections. In addition to this case, the communication between
workers usually is perturbed by noise. During model aggregation, noise
is often introduced via wireless channel noise, gradient compression, or
purposefully imposed privacy protection mechanisms. Let Q(xf) denote
the perturbed model of worker i at iteration k. At first, we give the
following definition.

Definition 1. For any x,y € R?, we define that x <y < x; <y, for
i €[1,...,d], where x; and y; denote the ith dimension of x and y.

To better bound the gap between the perturbed model and the
original model, we give the following assumption.
Assumption 3 (Bounded Noise). We assume that the perturbed model
is bounded and for all x € R, they satisfy
EQ(x) < cx (18)

where c is a constant and ¢ > 0.
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Algorithm 2: NRDSGD algorithm

Input: Initialize x°, 0 and Q(x¥), Vi € [1] with the same value,
mixing matrix W, learning rate y, variance of Gaussian
distribution o, and number of total iterations K.

1 for k=0,1,..., K — 1(all workers in paralle) do

2 Randomly sample & from local data for worker i € [n].

3 Compute gradient VF (xf.‘,.f:‘).

4 | Update model according to x*+' = xk — yVF(xk, &b

5

Sample noise 7+

from Gaussian distribution N(0, cr;) and
compute the perturbed model Q(x¥*+).

Send Q(x**') and receive models from neighbors.

7 if receive any Q(xjf“), Jj € J; then

8 L )chg+1 — Q(X}H—l).

o | Aggregate model by x¥*!

(=)

— ck+1
= Ljeq Wiki™ -

Assumption 3 requires that the value at any dimension of the per-
turbed model will not deviate the original model too far in expectation.
In a high level, Assumption 3 gives a bound to guarantee that the
perturbed model may only oscillate on the basis of the original model
and the degree of oscillation is bounded by parameter c.

In fact, the presence of noise is a common phenomenon in the
process of model exchange. In the problem we are studying, the sources
of noise can be divided into two categories. One is artificially intro-
duced noise caused by communication compression mechanisms or
differential privacy(DP) mechanisms.

» Communication compression. In this case, Q(x) can be considered
as the compressed model. If we do not pay attention to the
specific communication compression method, then the compres-
sion operators can be considered as artificial noise added to the
model [11,13]. This kind of communication compression noise
usually makes the perturbed model smaller than the original
model, that is, the parameter c is less than 1 in this case.
Differential privacy (DP). DP mechanisms usually add noise to the
data to prevent privacy leakage caused by queries on adjacent
data sets. Commonly used DP mechanisms are Gaussian mecha-
nism and Laplace mechanism [16,36]. DP mechanisms bound the
noise based on the privacy precise so the amount of added noise
is limited by the level of privacy protection.

In addition to the artificially introduced noise, there will inevitably
be some noise in the communication process. In the real channel, a
common type of noise is Gaussian noise which follows the Gaussian
distribution with a mean value of 0. Therefore, we add Gaussian noise
in the model exchange process to simulate the real scene: O(x) = x +17,
where n € R? and n;, ~ N(0, aé),‘v’i € [0, ....d] is the Gaussian distri-
bution. Definitely, this Gaussian noise meets Assumption 3 because the
expectation of noise is 0.

5.1. Algorithm

To imitate genuine data interchange, we introduce noise to the
model to be exchanged:
Q(xf.‘“) — x:ﬁ—l + ’7k+l

where 7! ~ N0, o7) is the Gaussian distribution and o1y is
the perturbed model. Thus we obtain the Algorithm 2 NRDSGD-Noise
Robust Decentralized Stochastic Gradient Descent.

5.2. Theoretical analysis

Based on our Assumption 3, the data to be exchanged has been
perturbed by noise, thus fcf‘ would become Q(xf.(_rk). Written in matrix

172
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form we have:
X =0 ) = I8}, ..,

Before presenting Theorem 2, we define the following variables:

(L _2Z
1-p (1_\/7,)2 ’

Vi = (1-24nc**L?) 5

o )

These variables are constants, which are defined to simplify the final
expression.

2] e R,

|

~2

2
L
r—r —-C TJ/3L2—

4ncty3L%p
"

Theorem 2. Under Assumptions 1, 2 and 3, if V| > 0 and V, > 0 are
satisfied, then we have the following convergence rate

K-1 2
Z]E Vf<Xk1n> SZ(fO_ )
n

f*

= rK
2 ~2 22 272
+yaL+201'yaL

n n

+ 4nc?y? L2 (6% + 6¢2)p
14} ’

where ¢ = max{1,c}, fo = f(0) and f* denotes the optimal solution.

Choosing an appropriate learning rate, we can get the following
corollary

Corollary 2.
1
L+1/02+6¢24 /

Under Assumptions 1, 2 and 3, by choosing y
, we have the following convergence rate

= XN 2(fy - f* + o L)L
2 Z]E Vf(ﬂ) < 0
K = n K

N fg = 2f* + (4c? + 1)L)y/o? + 6¢2
VnK ’

if K is large enough to satisfy

2 ~
> _nL” max {4,(c\/6r - 1)2,4n4_2 48¢ p}
o2 +6¢2

where ¢, fo and f* follows the definition in Theorem 2.

Theorem 2 and Corollary 2 demonstrate that NRDSGD achieves the
same convergence rate and maintains the same properties comparing to
RDSGD. Moreover, the effect of communication noise is reflected on the
constant c. It shows that communication noise have the similar effect
with the unstable workers, which may lower down the precise.

5.3. Analysis of Algorithm 2
In this part, we give theoretical support for Theorem 2 in detail.

Similarly to our proof of Theorem 1, we have the same definition of

M,. But due to that X, becomes Q(X k—z,)» SO we have

i Q(Xk 0Ky o)1,

—0(X; e
For Lemmas 1-3, we do not use the definition of X, so these lemmas
are still worked in this case.

2

:I»—‘

Lemma 5. LetV; = (1 —24nc2y2L2<
K>1ifv;>0

R 2 2 ZK
EM < —"va (62 +6¢ )(
1

S
I-p

= \[)2 >> and for any

=)<
2 KZ' . H ar&o, |°
U=+/p?) & n

4ncty?

4




Y. Zheng, L. Zhang, S. Chen et al. Computer Communications 203 (2023) 163-179

Proof. Under the Assumption 3 and Lemma 3, we have

5 < 2nc2y2(52 + 6g2) ( 1

_+; K
1-p (1_\/’,,)2

~ Ok I 2 O\ ercon, |
2,2 k) n
2 + 4nc“y (mJ—m)ZE’T

1 1

2 +24nc?y? L2 <— > Z EM,.
—1_p+—(1_\/;)2> 1-p (1—\/_)2

E “ OX1)1,
n

X411
SPE | = - X

< 2nC2}’2(O'2 + 6g2) <

. 2 _ . .
- k Af (X1, - 2 \/Ek J By rearranging the terms we obtain
+4ncTy Z]E T p 7+ ﬁ K
P —\/r
/=0 ) <1—24nczy2L2<lL 2)) z
2,272 S k—j 2\/—/’k71 g \/_) k=0
+ 24nc“y“L ZEM]- P+ —. 1 2
Jj=0 1- \/’_’ <2nyie? +6¢) | — + —=—— )K
I=p (-7
Note the definition of M,, we have K1 ek o1 |12
+4ncz}'2(—11 +—2 2>2{]E 9/ X1,
- —_ n
Q(Xk 0Ky )1, : P(=/p?) S
— 00X, )e;
—(1- 2,272 ;
0, ) LetVl_<l 24nc*y* L < i \f)2>> and if V| > 0 we have
—T] n
- HT‘( ~ OKes ey k-1
= _ R 2 2 ZK
) 5 Z]EMks%(a2+6g2)<lL+;z>K
<2t +6¢%) [ — + —=— for 1 —r (=4/p)
I=p (l - /7 2.2 K-1 o
| dney < L, 3 5 | Eol,
k-1 —1 X 1 _ 2
+4nc?y? Z af( Ol pk_j_T‘(_1 i e = "
Now we can start to prove Theorem 2.
k=1 —1 df(X )1 z\ﬁk—/—rk—l
+dne?y? Z (R Proof. The proof is the same as Theorem 1, the only difference is the
p . e gt . .
P definition of X, so we can directly start from (15) to prove. According
k—

+24nc?y? L? Z E (M;pk7—% 1) to Assumption 3, for the first term on the right side of (15), we have

+24nc?y* L? Z E|M n

=0 Ta-ve

Summing from k =0 to K — 1, we have

n

A 2 2
Cact \/,_J E”m—xkun ZE“<Q<Xk-Tk>—Xk>ln

N (eXy—y — X1, |17

n
K- 1 ) Next, we analyze two cases: (1) 0<c¢ <1, and (2) ¢ > 1.
EM, < 2nc*y*(6® +6¢3) [ — + —— .
,g) & S 2%y (07 +6¢7) p+ — 2 Case 1: if 0 < ¢ <1, then ¢X,_, — X, < X,_, — X,. Thus we have
K—1k-1;-1 3 X 1 N )
taney? Z 9f (X)L, pk_j_fk_l E X, - X1,
k=0 j=0 n
K- lk k—j-7—1 Xper, — X1, |
af (X, *op T n
+4nc?y? \/_ <E n
k=0 j=0 1- \/7’ . R
. _ || B rorEicsam,
+24nc*y* L 2 2 PRI 1) - n
. L OF KX, &, |
K—1k-1;~1 . zﬁk_/_fk_] kazyzE (Xg—s3 S 1y
+24nc?y? L? E|M;, ——— =1 n
k=0 j=0 1- \/E 7 5 2
<1 2 v\ —+E —af(Xk_t)lﬂ
Summing the terms containing p and reducing them using the sum of h n n
infinite series, we obtain 727,252 g Z ” af( Xk 1,
= E
n

K—
Y EM, <2nc?y*(o” +6¢7) (L + ;> K

k=0 I=p  (1-4/p?

) Case 2: if ¢ > 1, then cX;_, — X; <c(X;_; — X,). Thus we have
K-1 A 2 o © j
af (X1 o 2X0
+ 4nc?y? Z E H JX1, J 4 A
k=0 -

- ’ X, - X1, |
& T E”;
. n
K-1 23 \/;f 2
+24nc? L2 Y BN, Zp i A o || Kiee, = X1,
S |
k=0 j=0 1- \/; =¢ n
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Z, IVOF(XI: 13 Sy
n

’E

Tk

<c? Ty 272151
2

Scz‘rkaz(% +E

2.2,2 2 T ‘

OF(Xk ,,ﬁk )1,

af (X, 1,
n

2)
cTyTo &f(X,c )1,

/2
=k E
. )
Combining the two cases and let ¢= max{1,c}, we have

- 2
X, — X1
E”( k k)n
n

19
c Toy0 ~2
< kT+c ot Y E
=1

From (14) (15) and (19) we obtain

= (%57)
2
<5 () e (%)
n n

=1L [lar&o,
n

2

9 (XDl

n

~2222 Tk ‘

+yL’EM,

2 ~2
¢ 2362
+
n

r’o of X1,
o i

Summing from k = 0 to K — 1 and substitute the inequality of Lemma 5
into the above inequality, we obtain

Ef(X’;l">

K-1 2
Xl 1,
<o () -5 2 (5)
n 2 four
—2L KL Norxon, |
_<7 Z}’L_C73L2>ZE f(XPL,
k=0 n
2ne? 3 L2K
L(JZ + 6¢%) 1 + 2 K
|4 L=p  (1-4/p?
e (0 Kzl af(Xk>1
Vi " (1- \/‘ )2
~2
262LK ¢ t2y36?L*K
+ .
2n n
Note that all models start from O, thus let f, denote f(0) and f*
~2
denote the optimal solution. Let V, = % —c 1y3L% - ‘Wzvﬂ
1

<1—\/E>2>

QL + 2 > and rearrange the terms then we complete the proof
of Theorem 2. []

The proof of Corollary 2 is similar to Corollary 1, and we give the
proof of Corollary 2 in the following part.

Proof. We first guarantee V; > 0. We make V; >
restriction on ¥, and we can obtain

% which is a stronger

1 2 1

Vi =|1-24nc*y L — + —=|]> =

: T=p a-yp2 ||~ 2
———— —

»
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Converting to constraints on y we get y> < 486—sz, So when ¥V, > 1

2
and V, > 0, we can imply the following result:

2
— 2L 2 _
V, = r—v —c Pl = 8nc*P L% > 0
r>0 L ~2 —
=> % - % —c 1y2L2 — 8nczy2L2p >0 (20)

L ~2 _
> % +c T72L2 + 8nczy2L2p < %

To satisfy Eq. (20), we can make every term on the left side of the
inequality smaller than é:

VL 1 1
25T TE3p
~2
cryzLZSléyS ! s
6 67
2.272- 1 1
8nc“y*LpL - >y < ——.
6 4cLA/3np

Combining all the constraints on y we have

y<mnd L Lt L
3L Crn/6r 4cLA/3np

Lety = — L and from Theorem 2 we have
L+\/o‘2+6§2\/¥

K-1 2

1 2 H <X 1, >
vf
K k=0
~2

< 2fo =S + yo2L  2c¢ t2y2c?L?
- yK n n

+ 4nc?y?L2(6? + 6¢%)p

4

< 2(fo— ML + 2(fo — )V o2 + 662 +
- K VnK
~2
2¢ 1212 + 4n2c*1%p
K KV,

\Vnk

+

_ 2o ST+ ) L @2+ L)\/o? + 662
K VnK

5
4¢24/6? + 6¢2L 2n2Lp
VnK Vel +62vVK
[ ——
V3

While V5 < 1, we complete the proof of Corollary 2. Thus we have

2n2 Lp 4115L2ﬁ2
\/0'2+6g2\/__ T 024662

In the end, converting the constraints on y to constraints on K, we
have

1 1 1
e —— A T
e, /K L\6r 4cL\/3np
L+ /o7 +6574/ X cL\67 4cLy/3np
©L+\/62+6g21/£2max{3L,2L 6, 4cL 3n,3}
n
2 ~
> L ax {4, \or - 1)2,48nc2;}.
o2 +6¢2

Combining all the conditions, we complete the proof of Corollary 2. []

6. Experiments

We evaluate our decentralized learning algorithms experimentally
and compare our algorithms with DPSGD [7] over stable networks
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Fig. 1. Effect of network instability on ResNet18.

to show the influence of unstable workers and communication noise
on decentralized SGD. We mainly explore the influence of network
instability = and the level of noise ¢ on the algorithm performance.

6.1. Experimental setup

Dataset and Models In our experiments, we validate our algo-
rithm on the image classification task. We choose CIFAR10 [37] as
our dataset. CIFAR10 contains a total of 10 categories of RGB color
images, and each category has 6,000 images. We use ResNet [38] with
different layers as our model and PyTorch as our distributed learning
framework. Specifically, Python 3.6 and Pytorch 1.9.0 are adopted in
our experiments.

Implementation We train the model on Intel(R) Xeon(R) CPU E5-
2699C v4 @ 2.20 GHz and use CPU multiprocess to simulate different
workers. To implement multiprocess parallelism, our communication
scheme is the torch.distributed module, which implements CPU com-
munication through MPI and GPU communication through NCCL. We
mainly explore the effect of r and ¢ on the algorithm performance. Here
are some settings that are the same for both cases. We set epoch is
160 and weight decay is 0.0001. For learning rate, adopting the linear
scaling rule as described in [2], we set learning rate decay of 10 percent
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at the 80th and the 120th epoch, respectively, to achieve a more precise
convergence. Based on our theoretical analysis, the value of y is related
to n and K. Thus, we would discuss the initial value of y in detail
later. Also, we do not apply any momentum and regularization to be
consistent with our algorithm and theoretical analysis.

Unstable Setting As declared in Section 3, we use 7 to represent
the degree of network instability. A larger = means that offline workers
need more time to reconnect, which leads to longer time to get a global
consensus. Note that = = 0 means that the network is stable and the
algorithm we compared is DPSGD under a stable network.

Noise Mechanism Under Assumption 3 and our noise mechanism,
we use parameter ¢ to measure the gap between the perturbed model
and the original model so we mainly compare the effect of parameter
c. A larger ¢ means that more noise is introduced and the perturbed
model is further away from the original model.

Network Topology During our experiment, we choose the ring
network, which is commonly used in distributed learning. The structure
of the ring network is all workers are connected end to end in a loop.
Therefore each worker only has and can communicate with two neigh-
bors. Based on the ring topology, we use the Metropolis—Hastings(MH)
algorithm proposed by [39] to construct the doubly stochastic matrix
W. MH algorithm is described as follows:

max(d;,d;) ifi#jandj€J
wil=1-%,, ifi=j
0 otherwise,

where d; and d; are the degrees of worker i and worker . Note that we
let degree of a worker denotes the number of neighbors and the worker
itself which indicates that each worker aggregates the models with all
neighbors and itself. Thus, when the network topology is a ring, we

obtain the following mixing matrix:

1 1 1

N

5103 ;
W=:33.'16€Rn><n

0 [ )

PR B

E 3 3

In the last, we summarize all the hyperparameter settings used in
the experiments in the following

» Batch size: 256 per worker for ResNet.

» Epoch: 160.

» Number of workers: 4 and 8.

+ Learning rate: 0.15 for 8 workers and 0.1 for 4 workers. For
ResNet decay by a factor of 10 at the 81st epoch and the 121nd
epoch.

6.2. Experimental results

Effect of = In this part, we study the cases where 7 is 1, 2, 3, 4,
8 and 16 respectively. The baseline algorithm we compare is DPSGD
over a stable network connection. We study the effect of r under the
condition that n is 4 and n is 8 respectively. We set y is 0.1 when » is 4
and y is 0.15 when n is 8. Figs. 1 and 2 show the convergence of RDSGD
algorithm when the network is unstable. It can be observed that DPSGD
can achieve the best accuracy and the training loss becomes larger as
the increase of = whenever the number of workers is 4 or 8. When 7 is
less than 4, the loss of accuracy is not clearly reflected and when z is
between 8 and 16, the accuracy loss varies more. This can be explained
by the experiment’s lower number of iterations and the fact that only
the worst case was considered. In the worst-case scenario, when 7 is 16,
all workers exchange information with their neighbors only 10 times in
160 epochs. But no matter the value of = and n, the convergence speed
of our algorithm is almost the same as DPSGD. We can find that when
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Fig. 2. Effect of network instability on ResNet50.

the iteration reaches 80 epochs, the convergence speed of our algorithm
slows down and when the iteration reaches 120 epochs, training loss
hardly drops. The impact of = on the performance of our algorithm just
follows our theoretical analysis in Section 4.

Effect of noise For this case, we study the cases where ¢ is 0.5, 1,
2, 4 and 8 respectively under the condition that z = 2. Our baseline is
DPSGD under a stable network connection and without injecting noise.
Specifically we set ¢ = 1 to represent RDSGD under the condition that
7 =2 and without injecting noise. Figs. 3 and 4 show the performance
of DPSGD and our algorithm trained on ResNet18 and ResNet50 when
n is 4 and 8. It can be observed that our algorithm is robust to
communication noise and the effect of noise degrades as the number
of workers is increased. Moreover, it also diminishes the effect of noise
when training with a complex model.

Effect of network topology The network topology affects the effi-
ciency and complexity of communication. When the network topology
is more complex, the more workers communicate with each other and
the higher the complexity of communication. We mainly explore the
convergence of the algorithm under three network topologies: ring,
complete and general topology. Each worker can only communicate
with two neighbors in a ring network, and communicate with all other
workers in a complete network. In a general network, any two workers
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Fig. 3. Effect of noise on ResNet18.

can form an edge with a probability of 0.5, which means that any
worker can communicate with half of the workers on expectation. We
explore the convergence of the algorithm for three different network
topologies with two models and different numbers of workers, and the
experimental results are shown in Figs. 5 and 6. It can be observed
that our algorithm has the same convergence rate in all experimental
settings for all three network topologies. However, our algorithm can
converge to the smallest training loss value in the general network
topology, and the algorithm has the worst training loss value in the full
topology. This implies that our algorithm achieves better convergence
even when communication complexity is reduced.

Extend Discussion We have constructed a network connection
instability situation where a worker has to reconnect within = steps
when it goes offline. But for easier programming, we just validate the
worst scenario where all workers reconnect after r step when it goes
offline. The exciting thing is that our algorithm has a satisfactory per-
formance with little loss of accuracy even in the worst case. Therefore,
if considering that the offline of the worker is an accidental event
and each worker has high robustness and can be quickly reconnected,
there is reason to believe that our algorithm can maintain the same
convergence rate and achieve better accuracy.
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7. Conclusion

In this paper, we study a non-convex distributed optimization prob-
lem over unstable networks. We mainly considered unstable network
connections and noise, and characterized unstable network connec-
tions as message delays and noise as data dimension deviations. We
proposed a decentralized SGD algorithm capable of tolerating these
unstable factors including unstable connectivity networks, communica-
tion noise and artificially injected noise. Through theoretical analysis,
we demonstrate that our algorithm achieves the same convergence
rate as traditional decentralized algorithms under relaxed assumptions.
We apply our algorithm to an image classification task showing that
our algorithm achieves comparable training accuracy with standard
algorithms under stable networks.

Our work has shed some light on devising decentralized learning
tolerating unstable network factors. It deserves more efforts to study
whether there are still efficient decentralized learning algorithms under
some other faults, such as Byzantine faults and network change caused
by unstable nodes. In a wider consideration, any synchronous algorithm
model can be introduced information delays and bias to study the
convergence performance of the algorithm. Furthermore, it is urgently
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necessary to explore methods with improved accuracy in such unstable
networks.
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