N

N

A’CiD?*: Accelerating Asynchronous Communication in
Decentralized Deep Learning
Adel Nabli, Eugene Belilovsky, Edouard Oyallon

» To cite this version:

Adel Nabli, Eugene Belilovsky, Edouard Oyallon. A2CiD?: Accelerating Asynchronous Communica-
tion in Decentralized Deep Learning. 2023. hal-04124318v1

HAL Id: hal-04124318
https://hal.science/hal-04124318v1

Preprint submitted on 13 Jun 2023 (v1), last revised 15 Nov 2023 (v2)

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.


https://hal.science/hal-04124318v1
https://hal.archives-ouvertes.fr

A”CiD?: Accelerating Asynchronous Communication
in Decentralized Deep Learning

Adel Nabli Eugene Belilovsky
Concordia University, Mila Concordia University, Mila
Sorbonne University, ISIR, CNRS
adel.nabli@sorbonne-universite.fr

Edouard Oyallon
Sorbonne University, ISIR, CNRS

Abstract

Distributed training of Deep Learning models has been critical to many recent
successes in the field. Current standard methods primarily rely on synchronous
centralized algorithms which induce major communication bottlenecks and limit
their usability to High-Performance Computing (HPC) environments with strong
connectivity. Decentralized asynchronous algorithms are emerging as a potential
alternative but their practical applicability still lags. In this work, we focus on peer-
to-peer asynchronous methods due to their flexibility and parallelization potentials.
In order to mitigate the increase in bandwidth they require at large scale and in
poorly connected contexts, we introduce a principled asynchronous, randomized,
gossip-based algorithm which works thanks to a continuous momentum named
A’CiD?. In addition to inducing a significant communication acceleration at no
cost other than doubling the parameters, minimal adaptation is required to incor-
porate A2CiD? to other asynchronous approaches. We demonstrate its efficiency
theoretically and numerically. Empirically on the ring graph, adding A*CiD? has
the same effect as doubling the communication rate. In particular, we show consis-
tent improvement on the ImageNet dataset using up to 64 asynchronous workers
(A100 GPUs) and various communication network topologies.

1 Introduction

As Deep Neural Networks (DNN5s) and their training datasets become larger and more complex, the
computational demands and the need for efficient training schemes continues to escalate. Distributed
training methods offer a solution by enabling the parallel optimization of model parameters across
multiple workers. Yet, many of the current distributed methods in use are synchronous, and have
significantly influenced the design of cluster computing environments. Thus, both the environments
and algorithms rely heavily on high synchronicity in machine computations and near-instantaneous
communication in high-bandwidth networks, favoring the adoption of centralized algorithms [7]].

However, several studies [26} 41l [2, 27] are challenging this paradigm, proposing decentralized
asynchronous algorithms that leverage minor time-delays fluctuations between workers to en-
hance the parallelization of computations and communications. Unlike centralized algorithms,
decentralized approaches allow each node to contribute proportionally to its available resources,
eliminating the necessity for a global central worker to aggregate results. Combined with asyn-
chronous peer-to-peer communications, these methods can streamline the overall training pro-
cess, mitigating common bottlenecks. This includes the Straggler Problem [39], the synchro-
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nization between computations and communications [9], or bandwidth limitations [44], poten-
tially due to particular network topologies like a ring graph [40]. However, due to the large
number of parameters which are optimized, training DNNs with these methods still critically re-
quires a considerable amount of communications [22], presenting an additional challenge [30].
This work aims to address these challenges by
introducing a principled acceleration method NEN  lemV  —— wAZCID?
for pair-wise communications in peer-to-peer AT Mteees 2comV e wioACD?
training of DNNS, in particular for cluster com- 100 - 1
puting. While conventional synchronous set-
tings accelerate communications by integrating
a Chebychev acceleration followed by Gradi- .

. 2% 10° N, ooe
ent Descent steps [335], the potential of acceler- T SR
ated asynchronous pair-wise gossips for Deep A
Learning (DL) remains largely unexplored. No-
tably, the sophisticated theory of Stochastic Dif-
ferential Equations (SDEs) offers an analytical
framework for the design and study of the con-
vergence of these algorithms [12]. We intro-
duce a novel algorithm A?CiD? (standing for
Accelerating Asynchronous Communication in
Decentralized Deep Learning) that requires minimal overhead and effectively decouples commu-
nications and computations, accelerating pair-wise communications via a provable, accelerated,
randomized gossip procedure based on continuous momentum (i.e., a mixing ODE) and time [12,32].
We emphasize that beyond the aforementioned hardware superiority, stochastic algorithms also allow
to theoretically reach sublinear rates in convex settings [[L0], which opens the possibility to further
principled accelerations. In practice, our method enables a virtual doubling of communication rate
without any additional cost, simply by maintaining two copies of the model’s parameters in each
worker (see Fig. [T).

3%10° o, @

Training loss
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# grad steps per worker

Figure 1: Adding A2CiD? has the same effect as
doubling the communication rates on ImageNet on
the ring graph with 64 workers. See Sec. [4]

Our key contributions are as follows: (1) We extend the continuized framework [12] to the non-convex
setting, in order to obtain a neat framework to describe asynchronous decentralized DL training.
(2) We propose a novel and simple continuized mechanism which allows to significantly improve
communication efficiency in challenging settings, which we name A*CiD?. (3) We demonstrate that
our method effectively minimizes the gap between centralized settings in environments hosting up
to 64 asynchronous GPUs. (4) Our code is implemented in Pytorch [33]], and can be found as an
opensource implementation: jhttps://github.com/AdelNabli/A2CiD2.

This paper is structured as follows: Sec. [3.1] outlines our model for asynchronous decentralized
learning, while Sec. discusses the training dynamic used to optimize our Deep models. Sec.
offers a comprehensive theoretical analysis of our method, which is validated empirically in Sec. 4]

2 Related Work

Large-scale distributed DL. Two paradigms allow to maintain high-parallelization. On one side,
model-parallelism [9} 24]], which splits a neural network on independant machines, allowing to
use local learning methods [4, 3]]. On the other hand data-parallelism, which accelerates learning
by making use of larger mini-batch splitted accross multiple nodes [36] to maximally use GPU
capacities. This parallelization entailing the use of larger batch-sizes, it requires an important process
of adapting hyper-parameters [16]], and in particular the learning rate scheduler. Developed for this
setting, methods such as [16,43] allow to stabilize training while maintaining good generalization
performances. However, they have been introduced in the context of centralized synchronous training
using All-Reduce schemes for communication, which still is the default setting of many approaches
to data parallelism.

Decentralized DL.. The pioneer work [26] is one of the first study to suggest the potential superiority
of synchronous decentralized training strategies in practice. In terms of implementation in the cluster
setting, decentralized frameworks have been shown to achieve higher throughput than optimized
All-Reduce strategies [42] 36]]. From the theoretical side, [21] propose a framework covering many
settings of synchronous decentralized learning. However, as it consistently relies on using a global
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discrete iterations count, the notion of time is more difficult to exploit, which reveals crucial in
our setting. Furthermore, no communication acceleration is incorporated in these algorithms. [22]]
provides a comprehensive methodology to relate the consensus distance, i.e. the average distance
of the local parameters to the global average, to a necessary communication rate to avoid degrading
performance and could be easily applied to our method. [28]] is a method focusing on improving
performance via a discrete momentum modification, which indicates momentum variables are key to
decentralized DL.

Asynchronous Decentralized DL. There exists many attempts to incorporate asynchrony in de-
centralized training [45} 15 8, [27, 2], which typically aim at removing lock barriers of synchronous
decentralized algorithms. To the best of our knowledge, none of them introduce communication
acceleration, yet they could be simply combined with our approach. Although recent approaches
such as [2,27] perform peer-to-peer averaging of parameters instead of gradients, thus allowing to
communicate in parallel of computing (as there is no need to wait for the gradients before communi-
cating), they are still coupled: parameter updates resulting from computations and communications
are scheduled in a specific order, limiting their speed. Furthermore, in practice, both those works
implement a periodic averaging on an exponential graph (more favorable, see [40]]), instead of the
more general setting of a randomized gossip without restriction on the topology, as we do.

Communication reduction. Reducing communication overhead is an important topic for scalability
[34]]. For instance, [19} 20] allow to use strong compression factor in limited bandwidth setting,
and the local SGD communication schedule of [29] is shown to be beneficial. Those methods
could be independently and simply combined with ours to potentially benefit from an additional
communication acceleration. By leveraging key properties of the resistance of the communication
network [14], [12] showed that standard asynchronous gossip [6] can be accelerated, even to give
efficient primal algorithms in the convex setting [32]. However, this acceleration has never been
deployed in the DL context, until now. RelaySum [38] is an approach which allow to average exactly
parameters produced by different time steps and thus potentially delayed. However, it requires either
to use a tree graph topology, either to build ad-hoc spanning trees and has inherent synchronous locks
as it averages neighbor messages in a specific order.

Notations: Letn € N* and d € N* an ambient dimension, for z = (1:1, ,2") € @i RY, we
write 7 = 1 Z ._, 2" and 1 the tensor of ones such that = 1 1T Zisa probablhty space with
measure P. f( ) O(1) means there is a C' > 0 such that for i large enough, | f(t)| < C, whereas

O-notation hides constants and polylogarithmic factors..

Table 1: Comparison of convergence rates for strongly convex and non-convex objectives against
concurrent works in the fixed topology setting. We neglect logarithmic terms. Observe that thanks to
the maximal resistance y2 < Y1, our method obtains substantial acceleration for the bias term.

Method Strongly Convex Non-Convex
Koloskova et al. [21]] f’“ij;?" +Ly | L La +L><1E;>2ﬁo Ly
A%CiD? (Ours) I +v/xaxae” V;;im + %m Le +\/X1X25 \/>((1X2
AD-PSGD [27] - [ tE +€ + ”LXI

3 Method

3.1 Model for a decentralized environment

We consider a network of n workers whose connectivity is given by edges £. Local computations are
modeled as (stochastic) point-wise processes N/, and communications between nodes (i, j) € £ as
M. We assume that the communications are symmetric, meaning that if a message is sent from
node 7 to j, then the reverse is true. In practice, such processes are potentially highly correlated and



could follow any specific law, and could involve delays. For the sake of simplicity, we do not model
lags, though it is possible to obtain guarantees via dedicated Lyapunov functions [13]]. In our setting,
we assume that all nodes have similar buffer variables which correspond to a copy of a common
model (e.g., a DNN). For a parameter -, we write z¢ the model parameters at node 7 and time ¢ and
x¢ = (xf,...,x7) their concatenation. In the following, we assume that each worker computes about
1 batch of gradient per unit of time (not necessarily simultaneously), which is a standard homogeneity
assumption [18]], and we denote by A\ the instantaneous expected frequency of edge (4, j), which
we assume time homogeneous.

Definition 3.1 (Instantaneous expected Laplacian). We define the Laplacian A as:

A2 Y Xi(e;—ej)(ei—¢j)" . (1)

(i,5)€E
In this context, a natural quantity is the algebraic connectivity [6]] given by:

R 1
X1 = sup T
Jzl=1,z11 ' Az

2

For a connected graph (i.e. , x1 < +00), we will also use the maximal resistance of the network:

X2 = % sup (e; — ej) At (e; —ej) < x1. 3)
(i,5)€€
Next sections will show that it is possible to accelerate the gossip algorithms from 1 to \/x1x2 <
Xx1- [12] or [32] emphasize the superiority of accelerated asynchronous gossips over accelerated
synchronous ones. The complexity of the first is given by /X1 x2 when the second relies on /1 ||A[|-
For instance, for a star graph with n nodes, one has: x; = x2 = 1, ||A|| = n.

3.2 Training dynamic

The goal of a typical decentralized algorithm is to minimize the following quantity:

inf f(z)% inf 1 Zfl(x) = inf %zn:fz(xz)
v i=1 sEm R

TERC
For this, we follow a first order optimization strategy consisting in using estimates of the
gradient V f;(x;) via i.i.d unbiased Stochastic Gradient (SG) oracles given by VF;(z;,&;) s.t.
E¢,[VF;(xi,&)] = V fi(z;). The dynamic of updates of our model evolves as the following SDE,

for ¢, ¢, o, &y some time-dependent scalar hyper-parameters and d N} (;) some point processes on
R, x = with intensity dt ® dP:

dzl =n(& — 21)dt — »y/_VFi(x;gi)dN;’(gi) —a Y (ei—ej)(ei—ej) mdM (&)
= 3, (i) €€

Azl =n(z! — #)dt —~ /_ VEi(z},&)dNj (&) —a Y (ei —ej)(ei — €) TwdM;” .
= 3 (i5) €€

We emphasize that while the dynamic Eq. ]is formulated using SDEs [[I], which brings the power of
the continuous-time analysis toolbox, it is still event-based and thus discrete in nature. Hence, it can
efficiently model practically implementable algorithms, as shown by Algo. (1| The coupling {z;, Z;}
corresponds to a momentum term which will be useful to obtain communication acceleration as
explained in the next section. Again, [- VF;(x},&;) dNj(&;) will be estimated via i.i.d SGs sampled

as Nti spikes. Furthermore, if Zo = %o, then, Z; = Z; and we obtain a tracker of the average across
workers which is similar to what is achieved through Gradient Tracking methods [19]. This is a key
advantage of our method to obtain convergence guarantees, which writes as:

1 & ) .
doi =3 [ Vel ) dNU(E). ©
i=17%



3.3 Theoretical analysis of A>CiD?

We now provide an analysis of our decentralized, asynchronous algorithm. For the sake of simplicity,
we will consider that communications and gradients spike as Poisson processes:

Assumption 3.2 (Poisson Processes). NZ, Mt” are independent, Point-wise Poisson Processes.

We also assume that the communication network is connected during the training:
Assumption 3.3 (Strong connectivity). We assume that x; < co.
We will now consider two generic assumptions obtained from [21], which allow to specify our

lemma to convex and non-convex settings. Note that the non-convex Assumption [3.5] generalizes the
assumptions of [27], by taking M = P = 0.

Assumption 3.4 (Strongly convex setting). Each f; is u-strongly convex and L-smooth, and:

LS E[IVE( &) - VA@I < 0*and SV A) - Vi) < ¢

=1 i=1

Assumption 3.5 (Non-convex setting). Each f; is L-smooth, and there exists P, M > 0 such that:
1 n
Vo €RY - (Vi) = V@) < ¢+ PIVF@)]?,
i=1

and,

n

1< M
Yy, ..., x, € RY, - > Ee ||VFi(xi, &) — Viilx)|* < o + — S IV Fia)lP.
=1

i=1

We can now state our convergence guarantees. An informal way to understand our proposition, is that
while gradient updates are non-convex, the communications updates are linear and thus benefit from
local convexity; its proof is delayed to the Appendix.

Proposition 3.6 (Convergence guarantees.). Assume that {z;,Z;} follow the dynamic Eq. §|and that
Assumption[3.213.3| are satisfied. Assume that 1z¢ = xo = &o and let T the total running time. Then:

* Non-accelerated setting, we pickn = 0,0 = & = % and set x = X1,

. 1 205D? =1 /x1 =1 5= 1 —
Acceleration (A“CiD"), we setn = 5,/ X;,a =20 = 3500 and x = \/x1x2 < X1-
Then, there exists a constant step size v > 0 such that if:

* (strong-convexity) the Assumptionis satisfied, then v < m and:

o+ ¢%(1 +x)>

= * (12 A = *12 .~ Tere—
_ — O _ T6L(1+x)
||55'T T ” (Hl’o T ” e X+ ,uQT

* (non-convexity) the Assumption[3.3]is satisfied, then there is ¢ > 0 which depends only on
P, M from the assumptions such that v < m and:

;A|Wﬂmﬁw=0<“§W%mm—ﬂf»+J””W;ﬂﬁmﬂ+u+meﬂ.

Also, the expected number of gradient step is nT" and the number of communications is %T.
Remark 3.7. While our results are presented in a static setting for simplicity’s sake, we emphasize that
this model is actually amenable to both static and time-varying contexts, meaning that the probability
for an edge to spike in our gossip model could either be time homogeneous or change during training.
The time varying setting allows to recover the non-accelerated version, as generic acceleration is
impossible for arbitrarily time-varying graphs [31]].
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Tab. [I] compares our convergence rates with concurrent works. Compared to every concurrent
work, the bias term of A2CiD? is smaller by a factor % > 1 at least. Yet, as expected, in the

non-accelerated setting, we would recover similar rates to those. Compared to [20]], the variance
terms held no variance reduction with the number of workers; however, this should not be an issue
in a DL setting, where it is well-known that variance reduction technique degrade generalization
during training [15]. Comparing directly the results of [2] is difficult as they only consider the
asymptotic rate, even if the proof framework is similar to [27] and should thus lead to similar rates of
convergence.

4 Numerical Experiments

Now, we experimentally compare A’CiD*to a synchronous baseline All-Reduce SGD (AR-SGD,
see [25]]) and an asynchronous baseline using randomized pairwise communications (a variant of
[27]) traditionally used in state-of-the-art decentralized asynchronous training of DNNs. In our case,
the asynchronous baseline corresponds to the dynamic Eq. () without acceleration. Our approach is
standard: we empirically study the decentralized training behavior of our asynchronous algorithm by
training ResNets [17] for image recognition. Following [2]], we pick a ResNet18 for CIFAR-10 [23]]
and ResNet50 for ImageNet [[11]. To investigate how our method scales with the number of workers,
we run multiple experiments using up to 64 NVIDIA A100 GPUs, with one worker per GPU.

4.1 Experimental Setup

Algorithm 1: This algorithm block describes our implementation of our Asynchronous algorithm
with A2CiD?on each local machine.

Input: On each machine ¢ € {1,...,n}, gradient oracle V f;, parameters 7, a, &, v, T
Initialize on each machine i € {1,...,n}:

Initialize z°, ' < ', ' + 0 and put 2%, #', ¢’ in shared memory;

Synchronize the clocks of all machines ;

In parallel on workers i € {1,...,n}, while t < T, continuously do:

In one thread on worker i continuously do:

t + clock() ;

Sample a batch of data via §; ~ =;

gi < VFEi(z;,&); // Compute gradients

6) (e 1))

2t — g, ; // Apply A2CiD?
T T — g // Take the grad step
th—t;

In one thread on worker i continuously do:

t + clock() ;

Find available worker j ; // Synchronize workers ¢ and j

mgj + (28 —a7) ; // Send x' to j and receive 2’ from j

(21> + exp ((t —t%) <_77n 1777)) (;Z) ; // Apply A2CiD?

zt b —amy; ; // p2p averaging
T gt — dmij 5

th—t;

return ($%~>1§Z‘§n.

Hyper-parameters. Training a DNN using Table 2: Training times on CIFARI10 (= 6s).

multiple workers on a cluster requires several n 4 8 16 | 32 | 64
adaptation compared to the standard setting. As Ours | ¢ (min) | 21.4 | 10.8 | 5.7 | 3.2 | 1.9
the effective batch-size grows linearly with the AR | t(min) | 219 | 11.1 | 6.6 | 3.2 | 1.8




number of workers n, we use the learning-rate schedule for large batch training of [[16] in all our
experiments. Following [29]], we fixed the local batch size to 128 on both CIFAR-10 and ImageNet.
Our goal being to divide the compute load between the n workers, all methods access the same total
amount of data samples, regardless of the number of local steps. On CIFAR-10 and ImageNet, this
number is set to 300 and 90 epochs respectively, following standard practice [22]]. To circumvent
the fuzziness of the notion of epoch in the asynchronous decentralized setting, we do not "split
the dataset and re-shuffle it among workers at each epoch" as done with our standard All-Reduce
baseline. Rather, we give access to the whole dataset to all workers, each one shuffling it with a
different random seed. We use SGD with a base learning rate of 0.1, a momentum value set at 0.9
and 5 x 10~ for weight decay. As advocated in [16], we do not apply weight decay on the learnable
batch-norm coefficients. For ImageNet training with the SGD baseline, we decay the learning-rate

t 1 com/V 4 com/V
Workers ﬁ;

2 com/V = = All-Reduce
5 100 4 100
g 8 8
%D 16 é 107!
§ 32 z
=102 64 )
! \ 107
1073
0 5000 1000015000 20000 25000 0 250 500 750 1000 1250 1500 1750
# grad steps per worker # grad steps per worker
Figure 2: Training loss for CIFAR10 dataset Figure 3: Training loss for CIFAR10 dataset
with minibatch size 128, for the complete with minibatch size 128, for the complete
graph, without A2CiD?. As the number of graph of size n = 64, without A?CiD?. As
worker increases, the loss degrades, especially the rate of communication increases, the gap
for n = 64. with All-Reduce decreases. With 2 com/V, a

test accuracy of 94.6 &£ 0.04 is reached.

by a factor of 10 at epochs 30, 60, 80 (epochs 50, 75 for CIFAR-10), and apply an analogous decay
schedule with our asynchronous decentralized methods. All of our neural networks parameters are
initialized with the default Pytorch settings, and one All-Reduce averaging is performed before
and after the training to ensure consensus at initialization. For our continuous momentum, we also
need to set the parameters 1), &. For all our experiments, we use the values given by Prop. [3.6] As
advocated, the asynchronous baseline correspond to the setting without acceleration, i.e. withn =0

~ . 2 o2 . ~
anda =& = % whereas using A“CiD” leads to consider = %, /%7 o= %7 a= L__ where

2y/X1xz2
X1, X2 are computed for the ring graph of corresponding size n and a communication ratio of 1 (i.e.,
with edges weighted with 0.5). Surprisingly, these values also work for the complete graph, as we
will see next.

Table 3: Accuracy of our method on CIFARIO0 for a 128 batchsize with an equal number of pair-
wise communications and gradient computations per worker. We compared a vanilla asynchronous
pairwise gossip approach with and without A?CiD?, demonstrating the improvement of our method.

#Workers 4 8 16 32 64
AR-SGD baseline | 94.5+0.1  94.4+0.1 945402 93.7+03  92.8+0.2
Complete graph

Async. baseline 94.940.1 94.940.07 94.940.04 94.7+0.02 93.440.2
Ring graph

Async. baseline 95.0+£0.06 95.0+£0.01 95.1£0.07 94.4+0.04 91.9£0.10
A%CiD? 94.94+0.02 95.0+0.1  95.0+0.2 95.04+0.08 92.9+0.2




Practical implementation of the dynamic. The
dynamic studied in Eq. (@) is a model displaying
many of the properties sought after in practice. In our
implementation, described in Algo. [T] each worker ¢
has indeed two independent processes and the DNN
parameters {z°, 7'} are locally stored such that both
processes can update them at any time. One pro-
cess continuously performs gradient steps, while the
other updates {z*, ¥’} via peer-to-peer (p2p) averag-
ing. The gradient process maximizes its throughput
by computing forward and backward passes back to
back. Ideally, we would also like to communicate
as much as authorized by the hardware to reduce the
idle time of the communication process, i.e. begin a

w/ A2CiD?
wlo A2CiD?

107!

Training loss

i “opevelsi
10~

0 2000
# grad steps per worker

4000 6000

Figure 4: Training loss for CIFAR10 dataset
using a minibatch size of 128. We display the
training loss for various number of workers

pairwise averaging as soon as 2 neighboring workers
in the graph finish their previous communications.
This can be done in different ways, e.g. by pinging
each others at high frequency, or by having a fast access to a shared memory to synchronize pairs
of workers. Thus, knowing which edge will spike at what time is largely unpredictable in advance,
supporting our model of communications using random processes. However, efficiently implementing
those ideas is technically challenging, so we simulate this behaviour by performing pairwise averaging
in a pseudo-random manner among the edges of the complete graph by making all workers share a
common random seed. This allows to synchronize the communication schedule between workers
and avoid deadlocks, leading to the typical timings of Tab. 2} To simulate a ping procedure between
pair of workers, we make sure that the pair of nodes which communicate draw a bipartite graph at
all times, as done in [27]. Contrary to All-Reduce based methods that require an increasing number
of communications with the growing number of workers, inevitably leading to an increasing time
between two rounds of computations, we study the case where each worker has a fixed ratio of p2p
averaging with respect to its number of computed gradients. Thus, to control this ratio, we either put
a barrier between the two processes, or we wait a random time before the next communication by
drawing from an exponential random variable. Note that this does not guarantee any specific ordering
in the evaluation of the subsequent steps of communications or computations. The parameter of
this random variable is adjusted with the measured running average of the duration of the previous
gradient steps. This running average is also used to normalize times in A>CiD? as we integrate the
continuous dynamic in real time, as seen in Algo. [I}

(up to 64), using A>CiD?, both for the chal-
lenging ring graph.

4.2 Evaluation on large scale datasets Table 4: Accuracy of our method on the Ima-

geNet dataset for a batchsize of 128. We com-
pared a vanilla asynchronous pairwise gossip
approach with and without A*CiD?, demon-
strating the improvement of our method. We
also varied the communication rate to study
its impact on A2CiD?.

CIFAR10. This simple benchmark allows to under-
stand the benefits of our method in a well-controlled
environment. Tab. [3]reports our numerical accuracy
on the test set of CIFAR10, with a standard deviation
calculated over 3 runs. Two scenarios are consid-
ered: a complete and a ring graph. In Fig. 2] we
observe that with the asynchronous baseline on the

complete graph, the more workers, the more the train- ~_#Workers #oom/#grad 16 32 64

ing loss degrades. Fig. [3|hints that it is in part due ~_AR-SGD baseline - 755 752 745

to an insufficient communication rate, as increasing ~ Complete graph

it allows to lower the loss and close the gap with the ~ Async. baseline ! 746 738 713
. . A%CiD 1 751 745 726

All-Reduce baseline. However, this is not the only A2GiD? ) 752 744 743

causative factor as Tab. [3indicates that accuracy gen- -

Ily degrad the number of workers increas Ring graph

crally degrades as e. u . €I Ol WOIKETS INCreases Async. baseline 1 748 716 64.1

even for AR-SGD, which is expected for large batch Acip? | 1 747 734 68.0

sizes. Surprisingly, even with a worse training loss Async. baseline 2 748 737 682

for n = 64, the asynchronous baseline still leads to ~_A"CiD 2 75.3 744 714

better generalization than AR-SGD, and consistently

improves the test accuracy across all tested values of n. The communication rate being identified as
a critical factor at large scale, we tested our continuous momentum on the ring graph, each worker
performing one p2p averaging for each gradient step. Fig. 4{shows that incorporating A’CiD? leads



to a significantly better training dynamic for a large number of workers, which translates into better
performances at test time as shown in Tab. [3]

6x 10° n=16 w/ A*CiD? 6 10° — =16 w/ A2CiD?
i n=32 wio A2CiD? \.\ n=32 wlo A2CiD?
's Q
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g \05::. oo g \.‘\:'o‘o oo
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‘.‘,”!'o o0, .*.“’«.3 e ""’*‘*{_
100 . e NCRORY 10? n0.0.0.0
0 10000 20000 30000 40000 50000 0 10000 20000 30000 40000 50000
# grad steps per worker # grad steps per worker
(2) ()

Figure 5: Training loss for ImageNet using 128 batch size, with an equal number of communications
and computations per worker. We display the training loss for various number of workers (up to 64),
using A2CiD?, both for the complete graph (left) and challenging ring graph (right).

ImageNet. For validating our method in a real-life environment, we consider the large-scale
ImageNet dataset. Tab. [ reports our accuracy for the complete and ring graphs. Surprisingly,
A%CiD? improves even in the case of the complete graph (as x1 = Y2), which is not predicted by our
theory. The case of the ring graph is much more challenging: for n = 64 workers, the accuracy drops
by 10% compared to the reference baseline given by the AR-SGD. Systematically, with A?CiD?,
the finally accuracy increases: up to 4% absolute percent in the difficult n = 64 setting. This is
corroborated by the Fig. [5| which indicates that incorporating A2CiD? significantly improves the
training dynamic on ImageNet. However, for reducing the gap with the AR-SGD baseline, it will be
necessary to increase the communication rate as discussed next.

Consensus improvement. The bottom of Tab. 10? — leomV  —— w/ACID®
. : 2 com/V ®  wioA2CiD?

[ as well as Fig. 2@ study the virtual acceler- e

ation thanks to AZCiD?. Note that the very o 10 gos-= L.

first iterations (~100 batches) of the algorithm E / o 8- 22

lead to a high consensus distance, likely be- z / | Lo

cause there is a warmup time to find a consensus. 107 R

Not only increasing communications combined B oebee

with A2CiD? allow to obtain competitive perfor- 10! i

mance, but Fig. [T]shows that doubling the rate 0 5000 10000 15000 20000 25000

of communication has an identical effect on the # grad steps per worker

training loss than adding ACiD?. This is veri-

fied in Fig. [f|by tracking the consensus distance Figure 6: Comparison of consensus distances

between workers: ACiD” significantly reduces  when A2CiD? is applied versus doubling the rate

it, which validates the results of Sec. [3.3] of communications: applying A2CiD? has the
same effect as doubling communications.

5 Conclusion

In this work, we confirmed that increasing the communication rate is a key performance factor to
successfully train DNNs at large scale with decentralized asynchronous methods. We introduced
A’CiD?, a continuous momentum which only adds a minor memory overhead while allowing to
mitigate this need. We demonstrated, both theoretically and empirically, that A>CiD? substantially
improves performances, especially on challenging network topologies. As we only focused on
the cluster setting, in a future work, we would like to extend our study to more heterogeneous
environments and refine our implementation to better translate the theoretical gains into practical
speedups. To this end, we will open source our code to leverage the interest of the community.
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Appendix

5.1 Proof of the main result of this paper

‘We remind the main proposition:

Proposition 5.1 (Convergence guarantees.). Assume that {x, T} follow the dynamic Eq. Hand that
Assumption[3.2}{3.3] are satisfied. Assume that 1% = xo = Zo and let T' the total running time. Then:

* Non-accelerated setting, we pickn = 0,0 = & = % and set x = x1,
. ; 20ip2 Ll /x fo=-1gg=_1 =
Acceleration (A“CiD"), we set 1 = 5 X;,a =2:0= 3500 and x = \/x1x2 < X1-
Then, there exists a constant step size v > 0 such that if:

* (strong-convexity) the Assumptionis satisfied, then v < m an-

o +¢%(1 +X)>

oz —2* 12 = O (1o — o*|[2e” 70 +
p2T

* (non-convexity) the Assumption[3.3]is satisfied, then there is ¢ > 0 which depends only on

P, M from the assumptions such that v < m and:
T _ *
1 | wseora-o (L“;X)wxo) — far) + T oy x)§2)) |

Also, the expected number of gradient step is nT and the number of communications is Ir
Proof. The core of the proof is to introduce the appropriate Lyapunov potentials ¢, (¢, X), where X
could be z or {z,Z}. Then, we will note that by Ito’s lemma, given all the functions are smooth,

we obtain (in a similar fashion to [[12,32]]), where X:r corresponds to a Poisson update and M the
momentum matrix:

T
6i(T, X1)=:(0, Xo) = /O Oui(t, Xo)+(MXy, 0x¢i(t, Xo))+(¢u(t, X;7) —i(t, X)) dt+M

where M, is a martingale. We remind that:
‘ 1
/ e du = —(e™ —1) (6)
O CY
We now present our choice of potential for each cases:

* For the convex case in the non-accelerated setting, we introduce:

$1(t,2) = AT — 27 |* + Be||ma|®.

« For the convex case with A2 CiDQ, we introduce:
Go(t,m, %) & Ay|| T — 2*||* + By||mz||” + Byl|Z o+
* For the non-convex case in the non-accelerated setting, we introduce:

#3(t,z) = Avdy(z,2") + Bt|\7rx||2.

« For the non-convex case with A2 CiDz, we introduce:
$a(t,x) & Ardy(Z,2%) + Be||m|® + Bi|lz|3+-

! @-notation hides constants and polylogarithmic factors.
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Notations: We write 7 the projection so that |7z||> = Y7, ||[z; — Z||?, the Bregman divergence

is defined with d(x,y) = f(z) — f(y) — (Vf(y),z — y), and we introduce F(z); =

F(2,8) & Fy(x,&).

5.1.1 Some useful upper-bounds

fi(z;) and

As the same terms appear in several potential, we now prepare some intermediary results which will

be helpful for the proofs:

e Let’s set:

Az 2y |z = VEFi(w:) — 2" |* - ||z - 2|

i=1

We note that, using Assumption [3.4}

2
Bev...c0[80] = Y0 =217 — 27, V1i(00)) + LB [IV Fi(as, )]

(7

n 2
=3 - a -, Vhilao) - Vi) + HENVE@OIF ®)
i=1
2 n 2
<Lot 4y - o' Vhiw) - V) + LIVE@E O
i=1

(10)
"2
< Lo 3 -2 ap@,0%) + dp, (0" 22) — dy, (3, 20)
i=1
27° . 27° .
+ﬁ|\vf1‘($ )—Vfi(xi)||2+ﬁ\\vfi($ )|I” (1)
2 2 n 2
Yoo 2 2y - " _ 4L~
< = —_— ——(dy, d+ ) —dy, ds,
A +§ —(dp, (3,07) + dy, (a7, ) = dy, (3,2)) + = 5-d (@
(12)
2 2 2 n 2
Yo 29° 5 - a2, L 2 2y 4Ly *
< —(° = — —_— —— dr. i
< T T e P el + 2 )
(13)
¢ Next, we set:
n 1 . o,
Af2 Z;df(f—v;vm(xi,g»,x ) = dg(z,27) (14)
First, it is useful to note that under Assumption [3.3}
e, e IVF@)* <no’+ (1+ M) ||V fi(x)]? (15)

i=1
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Then, we get:
~ LV i) V(@) (16)

Ee,.....6. Af Z df z _7 VF (xugl) )]

> 5 b BIVF s )] = V(a0 V(@)
LIV el = 3 2V i) - V(@) V@)

a7

<
Ly? 2 _\i2 M+1
< 5 -0t =AlIVI@) +Z 2
(18)
Iy? _ M+1
< 50 L2||7rfr||2 *HVf z ||2+Z L2V fil=a)]*
(19)

Vi@ + V@)

VA@IP + IV fi(2) -
(20)

As we also have:

SV < 3301V
i=1
< 3L%|mz||* + 3n¢* + 3n(1 + P)||Vf(2)|* @0
SD) oy 4 L)

We get in the end:
L~? 3(M+1)
E Af] < =02 + 24212
3(M+1 _
+ D 4y pyye - v @)
n 2
Remark 5.2. As observed in (§), note that for both the terms ||z — z*||? and df(Z, z*), as we are
considering Z and 11177 = 0, Poisson updates from the communication process amount to zero

Moreover, as =117 (z — &) = 0, the update from the momentum is also null for these terms

(23)

1
’ n
* For the ||7z||? term, we get from the Poisson updates (gradient and communication pro-
(24

cesses):
7V E(2)|® - 2a(z, Az) + 20|z}

E[Ar] £ ~2v(mz, VF(2)) + VEq,....c,
(7 = 20(1 = a)|[z]} +7°Eg,....e, [TV EF (2)]?

<41’ IVF(2)]? +
For oo = % we get:
1
E[Ar] <41y’ IVF(z)]? - 471”7756”2 + 7B, e, [TV (2)]? (25)
For A2CiD?, we add the momentum term to define
A} £ 2(E, mx) — 2nl|7z]|® — 2y(rx, VF(z)) + 7* |7 VF (2)|]* — 2a(1 — o) |z]|s
(26)
Which leads to:
2
nllrz|? + =27V E(@)[|* = 2a(1 — a)llz]|a
27

E[A}] < 2n(Z, mx)
+7°Ee,....e, [ V()|
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* Finally, we study the ||Z|3; term. From the Poisson updates and momentum, we get:
A% =2n(x — &,@)p+ — 2v(nE, ATVE(2)) + 427V F(2)|3; - 2a(rz, Z)
+a* Y A(e—ej)(ei — )Tz Re (28)
(i,5)€€

Noting that, for (i, ) € &:
I(ei — e5) (e — e5)Tallie = 2T (e: — €j)(ei =€) AT (es —€j)(ei — ;)T (29)
< 2xor (ei —¢j)(ei — €)' (30)

leads to:

n - 2 - -
3= MIZ|R+ + 5><1“72II7rVF(ﬂc)II2 - 2a(mz, T)

+ 2x26% | z[|a + X17°Ee, .6, [TV F ()] 31)

E[AR] < xanllwz]|* + (

5.1.2 Resolution: putting everything together

In this part, we combine the terms for each potential. We remind that |7V F(z)|? <
S IV fi(:)]|? and the fact that, with Assumption

Y ElIVE(xi &)IP) = no® + Y |V fix)|® (32)
i=1 i=1

<no®+) 2VSi(a®) = Vi) +2AVAEIP (33)

i=1

n
< no? + 2n¢? —|—4Ldei(x*,xi) (34)

i=1
Convex case, non-accelerated. We remind that
¢1(t, @, &) = Ay — 2*||* + By||mx]|*.
Then, using (13), @3] and defining ¥y £ 9,61 (¢, X;) + E[A; Az + B;A,], we have:

Uy < 2 — o] (A — pyAr) (35)
L 1
+ ||| (B; + 274~ Bt> (36)
n 4x1
n 2y ALy?
+ Z;dfz (x*,xz) (_nAt —+ 2 At +4L (4X172 + 72) Bt) (37)
202 2 2
+ (Wn + 242> Ai + (nv?0? + 202 (4x1v? + 7)) By (38)

We pick o = 1 B, = %At, with A; = e~ (we denote by r the rate of the exponentials A;, B;).

Then (33), @ﬁ imply:

1
r < min(uy, — — L 39
< min(uy, = = 1) (39)
As we want (37) to be negative, we have:
2L
“ly (T F2La ) <0 (40)
which leads to:
1

<
TR (T A + 1) @D
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works. Now, as 4— — Ly > 16 and py < 16x , we

_ 1
and taking v < 1 2L(3+4X1+1) = T6L(1Fx1)
pick r = py. As we have:

X1

T
E[¢1(T, 1) = 61(0,20)] = / (Aflze — 2"|1* + Billmae|* + AiEe, ¢, [Ax] + BiE[A]) dt
0
(42)
using (38)) and (@) leads to:

1 1
Ble a2 < e (g~ + Shmool?) + 2 (202 + 1)+ 232 + 4 +1)) @
Convex case with A2CiD?.  We remind that

$a(t, 2, &) = Adl|z — 27> + Byl|mz||* + Be|#l|a+-
Then, using (T3), @7), (3T) and defining ¥y 2 9,2 (t, X;) + E[A; Az + By A} + B;A3], we have:

Uy < |7 —a*|? (A wAt) (44)
L -
+ ||mz|? <B£ + %At - gnBt + nXIBt> (45)
. L
@3 (B - 58:) (46)
+ 2|2 (zd%@a ~2a(1 - oz)Bt) (47)
+ (&, 7z (2nBt - 2@&) (48)
& . ALA? 22 5
D dy () (— S Au+4L (; +v2> (Bt+xlBt)) (49)
=1
252 942 2~2 -
+ (VT‘: + Z@) A, + (mon 202 (72 + j})) (B, + x1B:) (50)
Then, we assume o = 1, & = 1 At, B, = Bt, Ay = e~ (we denote

2 o= wm
by r the rate of the exponentials A;, By, B;), which satisfies (@7 and (@ Then @4), @3), @6)
imply:

r < min(py, g g — Lv) = min(uy, g — L) (51
As we want (@9) to be negative, we have:
2L 2
—1+7<+4L(+1)) <0 (52)
n n
which leads to:
1
7= PO R ¥ (533)
oL (5 +4+ 2)
_ 1 .
and taking v < 2L(6+ ) T WLt vo) works. Now, we have:
1 4,/
Q_vai 1 X1X2 . 3 (54)
2 4y/X1X2 16 (1+ /X1x2) 16/X1x2

, taking » = py works. Finally, using (50) and (6) leads to:

Aspy = 16L(1+\/m) = 16\/X1X

2 1 1
EH@ _ x*||2 < et (|x0 — x*Hz + n||7rx02) + g (02(71 + 2) + QCQ(E +8vx1x2 + 2))
(55)
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Non-convex case, non-accelerated. We remind that:
$a(t,x) = Aydy(2,2%) + Byl|lma?

Here, we pick o = %, 4, = 1, B, = £A,. Thus, A} = B, = 0. Then, using 22), 253), @I) we
obtain:

AEIASf] + BE[AL]) < ||[VF(@)|? (—gAt + %LWQ(M + 1) (P +1)A; + 3ny2(4x1 + M +1)(P + 1)Bt>

(56)
+ [|7z||? @(1 + §(M + 1)Ly)A; 4+ 3L%~*(4x1 + M + 1)B; — Ly
2n n e T ¢ 4x1 ¢
(57)
L
+9% (0 + 3(M + 1)¢?) <2nAt + nBt> +12nx172%¢%B, (58)

Our goal is to use half of the negative term of (56) to cancel the positive ones, so that there remains at
least —2 A,||V f(z)||? in the end. Thus, we want:

o (M +1)(P+1)
3L~ (2n

+ (41 + M +1)(P + 1)) < % (59)

and taking v <

48(M+1)(1§+1)(1+X1) works. We verify that with ~ defined as such, (37) is also
negative. Finally, we upper bound (58) with 3L~ (02 +3(M+1+ 4X1)C2)- As we have:

T
E[¢s(T, vr) — a(0,20)] = / (Adj(31,2%) + Byllms |2 + AE[Af) + BE[A])dt (60)

we note that if v < for some constant ¢ > 0 which depends on M, P, we will get:

¢
L(x1+1)

L
720l + df(zo,2) + O (LTY*(0* + (L +x1)¢?)) (61

Y 4 =12
3 [ EIvs@R <

which also writes:

T
7 | BIVA@IPd < S (f ) - 10 + O (Iale + (14 )) @)

Non-convex case, with A2CiD?.  We have:
Ga(t,w) = Agdp (%, 2%) + By|lme|* + Bellx[+

Here, we pick o = 1,7 = ﬁ, Ay =1,B,=%4, B = x1B; and an identical reasoning to

. . B )
the convex setting allows to say we can find a constant ¢ > 0 such that if v < TAF Ao then:

T
7 [ BT Pd=0 () - 1) + Iate? + (14 VAR 6

5.1.3 Optimizing the step-size

In this part, we follow [37, 21]] and optimize the step-size a posteriori. We set x = x1 for the
non-accelerated setting and x = /x1xz with ACiD?.

Strongly-convex cases: From (@3) and (33), we can write that, for y < m and initializing
o such that mxy = 0, we have:
Bl — 17 = 0 (Jloo - [P + (0% + (1 ) (64

Then, taking the proof of [37] and adapting the threshold, we consider two cases (with ry £
2o — a||2):
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if 16L(11+X) > log(max{ZLL;;froT/oj}) . then we set y = log(max{Q[ﬁfroT/UQ}) ]
In this case, (64) gives:
. ~ 1
Blor — " =0 (70 + 1+ ) 65)

log(max{2,u%roT /o>
pnT

. i 1 13 _ 1
if T6L(TX) < , then we set v = STIACE=DE

Then, (64) gives:

E|zr —z*||> = O (roe LI 4 ! (02 + (1 + x))) (66)

pw16L (1 +x)

. uT 1 2 2
— O ro€ 1I6L(1+x) + IU/27T(O' +C (1 +X)) (67)

Non-convex cases: From (62) and (63), we can write that, for some constant ¢ > 0 depending on

M, P such that v < L(1+ 5> We have:

1 [ i@ a = 0 () — 1)+ Inie? + 14 0)) o)

Then, taking the proof of Lemma 17 in [21]] and adapting the threshold, we consider two cases (with

fo = fwo) = f(@*)):

. f 1/2 .
o if L(lc+x) < (TL(<72+(01+X)<2)) , then we take v = m,glvmg:
L(1+y) fo 12 9 2
+ [ R o( hot L pporre o) @+ 140
(69)
L(1 L
-0 <<;X)fo B x)@)) (70)

2
o if

; 1/ ; 1/2
C 0 — 0 %71 .
I = (TL(<72+(1+X)<2))  then we take v = (TL(¢72+(1+x)C2)) » gIVINg:

LT etio e Pla — o (o (TLE@+ 40\ [Lh )
i E[Vf(aft)ll]dt—(’)(TO( 0D o 1400
(71)

-0 W Moo s x><2>> 72

O
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