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Abstract

We present Epidemic Learning (EL), a simple yet powerful decentralized learning
(DL) algorithm that leverages changing communication topologies to achieve faster
model convergence compared to conventional DL approaches. At each round of EL,
each node sends its model updates to a random sample of s other nodes (in a system
of n nodes). We provide an extensive theoretical analysis of EL, demonstrating
that its changing topology culminates in superior convergence properties compared
to the state-of-the-art (static and dynamic) topologies. Considering smooth non-
convex loss functions, the number of transient iterations for EL, i.e., the rounds
required to achieve asymptotic linear speedup, is in O(°/s2) which outperforms
the best-known bound O(n?) by a factor of s2, indicating the benefit of randomized
communication for DL. We empirically evaluate EL in a 96-node network and
compare its performance with state-of-the-art DL approaches. Our results illustrate
that EL converges up to 1.7 quicker than baseline DL algorithms and attains 2.2%
higher accuracy for the same communication volume.

1 Introduction

In Decentralized Learning (DL), multiple machines (or nodes) collaboratively train a machine learning
model without any central server [32, 37, 42]. Periodically, each node updates the model using its
local data, sends its model updates to other nodes, and averages the received model updates, all
without sharing raw data. Compared to centralized approaches [28], DL circumvents the need for
centralized control, ensures scalability [21, 32], and avoids imposing substantial communication
costs on a central server [58]. However, DL comes with its own challenges. The exchange of model
updates with all nodes can become prohibitively expensive in terms of communication costs as the
network size grows [25]. For this reason, nodes in DL algorithms usually exchange model updates
with only a small number of other nodes in a particular round, i.e., they perform partial averaging
instead of an All-Reduce (network-wide) averaging of local model updates [57].

A key element of DL algorithms is the communication topology, governing how model updates
are exchanged between nodes. The properties of the communication topology are critical for the
performance of DL approaches as it directly influences the speed of convergence [27, 54, 56, 52].
The seminal decentralized parallel stochastic gradient descent (D-PSGD) algorithm and many of
its proposed variants rely on a static topology, i.e., each node exchanges its model with a set of
neighboring nodes that remain fixed throughout the training process [32]. More recent approaches
study changing topologies, i.e., topologies that change during training, with notable examples being
time-varying graphs [24, 36, 51], one-peer exponential graphs [57], EquiTopo [53], and Gossip
Learning [16, 17, 20]. We discuss these works in more detail in Section 5.

* Authors are listed in alphabetical order.
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This paper investigates the benefits of randomized communication for DL. Randomized communica-
tion, extensively studied in distributed computing, has been proven to enhance the performance of
fundamental algorithms, including consensus and data dissemination protocols [22, 5, 8]. In the case
of DL, randomized communication can reduce the convergence time and therefore communication
overhead [11]. In this work, we specifically consider the setting where each node communicates
with a random subset of other nodes that changes at each round, as with epidemic interaction
schemes [12, 38]. We also focus on the scenario where data is unevenly distributed amongst nodes,
i.e., non independent and identically distributed (non-IID) settings, a common occurrence in DL [18].

To illustrate the potential of randomized communication,
we empirically compare model convergence in Figure 1 for
static s-regular topologies (referred to as Static-Topo)
and randomized topologies (referred to as Rand. -Topo
(EL), our work) in 96-node networks on the CIFAR-10
learning task. As particular static topologies can lead to
sub-optimal convergence, we also experiment with the set-
ting in which nodes are stuck in an unlucky static s-regular
topology (referred to as Static-Topo-Unlucky). This
unlucky topology consists of two network partitions, con-
nected by just two edges. Figure 1 reveals that dynamic T —
topologies converge quicker than static topologies. After
3000 communication rounds, Rand . -Topo (EL, our work) Communication round (x10%)
achieves 65.3% top-1 test accuracy, compared to 63.4%
and 61.8% for Static-Random and Static-Unlucky, respec-
tively. Additional experiments can be found in Section 4,
and their setup is elaborated in Appendix C.

Rand.-Topo (EL) oo Static-Topo
—-.—-- Static-Topo-Unlucky

Test accuracy [%)]

Figure 1: Randomized topologies can
converge quicker than static ones.

Our contributions Our paper makes the following four contributions:

* We formulate, design, analyze, and experimentally evaluate Epidemic Learning (EL), a novel
DL algorithm in which nodes collaboratively train a machine learning model using a dynamically
changing, randomized communication topology. More specifically, in EL, at each round, each node
sends its model update to a random sample of s other nodes (out of n total nodes). This process
results in a randomized topology that changes every round.

* We first analyze an EL variant, named EL-Oracle, where the union of the random samples by all
nodes forms an s-regular random graph in each round. EL-Oracle ensures a perfectly balanced
communication load among the participating nodes as each node sends and receives exactly s model
updates every round. Nevertheless, achieving an s-regular graph necessitates coordination among
the nodes, which is not ideal in a decentralized setting. To address this challenge, we also analyze
another EL variant, named EL-Local. In EL-Local, each node independently and locally draws a
uniformly random sample of s other nodes at each round and sends its model update to these nodes.
We demonstrate that EL-Local enjoys a comparable convergence guarantee as EL-Oracle without
requiring any coordination among the nodes and in a fully decentralized manner.

* Our theoretical analysis in Section 3 shows that EL surpasses the best-known static and randomized
topologies in terms of convergence speed. More precisely, we prove that EL converges with the
rate O (/vnT + 1/¥/s72 + 1/T) , where T is the number of learning rounds. Similar to most state-
of-the-art algorithms for decentralized optimization [30, 24] and centralized stochastic gradient
descent (SGD) (e.g., with a parameter server) [29], our rate asymptotically achieves linear speedup,
i.e., when T is sufficiently large, the first term in the convergence rate O(1/v/nT) becomes dominant
and improves with respect to the number of nodes.

Even though linear speedup is a very desirable property, DL algorithms often require many more
rounds to reach linear speedup compared to centralized SGD due to the additional error (the
second term in the above convergence rate) arising from partial averaging of the local updates. To
capture this phenomenon and to compare different decentralized learning algorithms, previous
works [10, 50, 53, 57] adopt the concept of transient iterations which are the number of rounds
before a decentralized algorithm reaches its linear speedup stage, i.e., when 7' is relatively small
such that the second term of the convergence rate dominates the first term.

We derive that EL requires O(7°/s?) transient iterations, which improves upon the best known bound
by a factor of s2. We also show this result in Table 1. We note that while EL matches the state-of-



Table 1: Comparison of EL with state-of-the-art DL approaches (grouped by topology family). We
compare EL-Oracle and EL-Local to ring, torus, Erd6s—Rényi, exponential and EquiTopo topologies.

Method H Per-Iter Out Msgs. Transient Iterations Topology Communication
Ring [23] 2 O(n') static undirected
Torus [23] 4 om7) static undirected
E.-R. Rand [45] O(logn) O(n®) static undirected
Static Exp. [57] logn O(n®log n) static directed
One-Peer Exp. [57] 1 O(n®log* n) semi-dynamic' directed
D-EquiStatic [53] logn @) (n3) static directed
U-EquiStatic [53] logn @) (n3) static undirected
OD-EquiDyn [53] 1 On®) semi-dynamic' directed
OU-EquiDyn [53] 1 On®) semi-dynamic' undirected
EL-Oracle (ours) s O(7%/s2) rand.-dynamic? undirected
EL-Local (ours) s O(7%/s2) rand.-dynamic? directed

! Semi-dynamic topologies remain fixed throughout the learning process but nodes select subsets of adjacent
(neighboring) nodes each round to communicate with.
In a randomized-dynamic topology, the topology is replaced each round.

the-art bounds when s € O(1), it offers additional flexibility over other methods through parameter
s that provably improves the theoretical convergence speed depending on the communication
capabilities of the nodes. For instance, when s € O(logn) as in Erd6s—Rényi and EquiStatic
topologies, the number of transient iterations for EL reduces to O(""/10g? n), outperforming other
methods. This improvement comes from the fact that the second term in our convergence rate is
superior to the corresponding term O(1/3{/p272) in the rate of D-PSGD, where p € (0, 1] is the
spectral gap of the mixing matrix. We expound more on this in Section 3.

* We present in Section 4 our experimental findings. Using two standard image classification datasets,
we compare EL-Oracle and EL-Local against static regular graphs and the state-of-the-art EquiTopo
topologies. We find that EL-Oracle and EL-Local converge faster than the baselines and save up to
1.7x communication volume to reach the highest accuracy of the most competitive baseline.

2 Epidemic Learning

In this section, we first formally define the decentralized optimization problem. Then we outline our
EL algorithm and its variants in Section 2.2.

2.1 Problem statement

We consider a system of n nodes [n] := {1,...,n} where the nodes can communicate by sending
messages. Similar to existing work in this domain [53], we consider settings in which a node
can communicate with all other nodes. The implications of this assumption are further discussed
in Appendix D. Consider a data space Z and a loss function f : R? x Z — R. Given a parameter
r € R%, a data point £ € Z incurs a loss of value f(x, £). Each node i € [n] has a data distribution
D) over Z, which may differ from the data distributions of other nodes. We define the local loss
function of i over distribution D®) as £ (z) := E¢ op [f(z,€)]. The goal is to collaboratively
minimize the global average loss by solving the following optimization problem:

min | F(x) := % Z FD(@)] . (1

reR? :
1€[n]



Round k Round k + 1 Round k Round k + 1

EL-Oracle (forming a s-regular graph) EL-Local (forming a s-out graph)

Figure 2: EL-Oracle (left) and EL-Local (right), from the perspective of node j, with s = 3 and for
two rounds. We show both outgoing model updates (solid line) and incoming ones (dashed line).

2.2 Description of EL

We outline EL, executed by node 7, in Algorithm 1. We define the initial model of node 7 as xéi) and
a step-size y used during the local model update. The EL algorithm runs for 7" rounds. Each round
consists of two phases: a local update phase (line 3-5) in which the local model is updated using the
local dataset of node ¢, and a random communication phase (line 6-9) in which model updates are

sent to other nodes chosen randomly. In the local update phase, node ¢ samples a data point 5,5’” from

its local data distribution D (line 3), computes the stochastic gradient ggi) (line 4) and partially

@

updates its local model z, [, /

5 using step-size -y and gradient g,gi) (line 5).

The random communication phase follows, where node ¢ first selects s of other nodes from the set of
all nodes excluding itself: [n] \ {¢} (line 6). This sampling step is the innovative element of EL, and

we present two variants later. It then sends its recently updated local model asgl /> tO the selected

nodes and waits for model updates from other nodes. Subsequently, each node i updates its model
based on the models it receives from other nodes according to Equation (2). The set of nodes that
send their models to node 7 is denoted by St(z). The new model for node ¢ is computed as a weighted
average of the models received from the other nodes and the local model of node 7, where the weights
are inversely proportional to the number of models received plus one.

xg )1 = 7@' LUE )1/2 + E LUiJ)l/z . (2)
t jESfi)

We now describe two approaches to sample s other nodes (line 6), namely EL-Oracle and EL-Local:

EL-Oracle With EL-Oracle, the union of selected communication links forms a s-regular topology
in which every pair of nodes has an equal probability of being neighbors. Moreover, if node ¢ samples
node j, 7 will also sample ¢ (communication is undirected). Figure 2 (left) depicts EL-Oracle sampling
from the perspective of node j in two consecutive iterations. One possible way to generate such a
dynamic graph is by generating an s-regular structure and then distributing a random permutation of

Algorithm 1 Epidemic Learning as executed by a node ¢

1: Require: Initial model acgi) = zo € R, number of rounds T', step-size 7, sample size s.

2: fort=0,...,7T —1do > Line 3-5: Local training phase
3 Randomly sample a data point fti> from the local data distribution D)

4 Compute the stochastic gradient gt(i) =Vf (asgl) , .ft(i))

5: Partially update local model $§21 P mi“ - gt(“ > Line 6-9: Random communication phase
6: Sample s other nodes from [n] \ {i} using EL-Oracle or EL-Local

7 Send xiﬁl /> 10 the selected nodes

8 Wait for the set of updated models St(“ > Stm is the set of received models by node 7 in round ¢
9: Update a:(:zl to the average of available updated models according to (2)
10: end for




nodes at each round. Our implementation (see Section 4) uses a central coordinator to randomize and
synchronize the communication topology each round.

EL-Local Constructing the s-regular topology in EL-Oracle every round can be challenging in a fully
decentralized manner as it requires coordination amongst nodes to ensure all nodes have precisely s
incoming and outgoing edges. This motivates us to introduce EL-Local, a sampling approach where
each node ¢ locally and independently samples s other nodes and sends its model update to them,
without these s nodes necessarily sending their model back to ¢. The union of selected nodes now
forms a s-out topology. Figure 2 (right) depicts EL-Local sampling from the perspective of node
7 in two consecutive iterations. In practice, EL-Local can be realized either by exchanging peer
information before starting the learning process or using a decentralized peer-sampling service that
provides nodes with (partial) views on the network [20, 41, 55]. While both the topology construction
in EL-Oracle as well as peer sampling in EL-Local add some communication and computation
overhead, this overhead is minimal compared to the resources used for model exchange and training.

Even though each node sends s messages for both EL-

Oracle and EL-Local, in EL-Local, different nodes may — 5—7.100 nodes
receive different numbers of messages in each training s = 10. 1000 nodes
round as each node selects the set of its out-neighbors ls= 13: 10000 nodes
locally and independent from other nodes. While this
might cause an imbalance in the load on individual nodes,
we argue that this does not pose a significant issue in
practice. To motivate this statement, we run an experiment
with n = 100, 1000 and 10000 and for each value of n
set s = [loga(n)]. We simulate up to 5000 rounds for
each configuration. We show in Figure 3 a CDF with the
number of incoming models each round and observe that 0 10 20 30 40
the distribution of the number of models received by each

node is very light-tailed. In a 10 000 node network (and Figure 3: The distribution of incoming
s = 13), nodes receive less than 22 models in 99% of all models, for different values of n and s.
rounds. As such, it is improbable that a node receives

a disproportionally large number of models in a given round. In practice, we can alleviate this
imbalance issue by adopting a threshold value k on the number of models processed by each node in
a particular round and ignoring incoming models after having received £ models already. The sender
node can then retry model exchange with another random node that is less occupied.

CDF [%]

3 Theoretical Analysis

In this section, we first present our main theoretical result demonstrating the finite-time convergence
of EL. We then compare our result with the convergence rate of D-PSGD on different topologies.

3.1 Convergence of EL

In our analysis, we consider the class of smooth loss functions, and we assume that the variance of
the noise of stochastic gradients is bounded. We use of the following assumptions that are classical to
the analysis of stochastic first-order methods and hold for many learning problems [4, 14].

Assumption 1 (Smoothness). For all i € [n), the function f) : R® — R is differentiable and there
exists L < oo, such that for all x,y € R4,

|Vr9 ) = V@) < iy -2l

Assumption 2 (Bounded stochastic noise). There exists o < oo such that for all i € [n], and x € R?,

Eep [va(%f) —f(i)(x)m <a%

Moreover, we assume that the heterogeneity among the local loss functions measured by the average
distance between the local gradients is bounded.



Assumption 3 (Bounded heterogeneity). There exists H < oo, such that for all x € R?,

% 3 HVf“)(x) - VF(x)H2 < H2.

1€[n]

We note that this assumption is standard in heterogeneous (a.k.a. non-i.i.d) settings, i.e., when nodes
have different data distributions [32, 57]. In particular, H can be bounded based on the closeness of
the underlying local data distributions [13]. We now present our main theorem.

Theorem 1. Consider Algorithm 1. Suppose that assumptions 1, 2 and 3 hold true. Let Ay be a
real value such that F(x,) — ming cga F(2) < Ag. Then, forany T > 1,n > 2, and s > 1:
a) For EL-Oracle, setting

€ © | min nlo Ao 1
K VTLo? \| Ta. L2 (02 + H2)' L ( ]
we have

T—1
ig{;} % ;E [HVF (mg))Hz] co (\/Lingz . V%nggz ), L$o> |

where

1 s 1
s+l (1_ n—l) 6(9(;).
b) For EL-Local, setting

v € © [ min nlo 3 Ao 1
T2+ B.H)L \| TR L2 (2 +H2)'L ()’
we have

1 1 ONE \/LA0(02+5SH2) \/55L2A2(02+’H2) LA
L5 S [lor ()] co (IR EE RIS, L),

where
1 s " 1 1
Bs'ig<1_<l_n—l>>_n—160(g)'

To check the tightness of this result, we consider the special case when s = n—1. Then, by Theorem 1,
we have a; = 35 = 0, and thus both of the convergence rates become O ( / EBoo? [t + LAO/T),

which is the same as the convergence rate of (centralized) SGD for non-convex loss functions [14].
This is expected as, in this case, every node sends its updated model to all other nodes, corresponding
to all-to-all communication in a fully-connected topology and thus perfectly averaging the stochastic
gradients without any drift between the local models.

The proof of Theorem 1 is given in Appendix A, where we obtain a tighter convergence rate than
existing methods. It is important to note that as the mixing matrix of a regular graph is doubly
stochastic, for EL-Oracle, one can use the general analysis of D-PSGD with (time-varying) doubly
stochastic matrices [24, 30] to obtain a convergence guarantee. However, the obtained rate would
not be as tight and would not capture the O(1/¥/s) improvement in the second term, which is the
main advantage of randomization (see Section 3.2). Additionally, it is unclear how these analyses
can be generalized to the case where the mixing matrix is not doubly stochastic, which is the case
for our EL-Local algorithm. Furthermore, another line of work [1, 43, 44] provides convergence
guarantees for decentralized optimization algorithms based on the PushSum algorithm [22], with
communicating the mixing weights. It may be possible to leverage this proof technique to prove
the convergence of EL-Local. However, this approach yields sub-optimal dimension-dependent
convergence guarantees (e.g., see parameter C' in Lemma 3 of [1]) and does not capture the benefit of
randomized communication.



Remark 1. Most prior work [24, 32] provides the convergence guarantee on the average of the local
models &, = % Eie[n] xl(f). However, as nodes cannot access the global averaged model, we provide

the convergence rate directly on the local models. Nonetheless, the same convergence guarantee as
Theorem 1 also holds for the global averaged model.

3.2 Discussion and comparison to prior results

To provide context for the above result, we note that the convergence rate of decentralized SGD with
non-convex loss functions and a doubly stochastic mixing matrix [24, 30] is

LA()O’2 L2A2 p0'2 + 7‘[2) A()
(\/ nT p2T? + T |’ ®)

where p € (0, 1] is the spectral gap of the mixing matrix and 1/p is bounded by O(n?) for ring [23],
O(n) for torus [23], O(1) for Erdds—Rényi random graph [45], O(log n) for exponential graph [57],
and O(1) for EquiTopo [53]. We now compare the convergence of EL against other topologies across
two key properties: linear speed-up and transient iterations.

Linear speed-up Both of our convergence rates preserve a linear speed-up of O(1/vnT) in the
first term. For EL-Oracle, this term is the same as (3). However, in the case of EL-Local, in
addition to the stochastic noise o, this term also depends on the heterogeneity parameter H that
vanishes when increasing the sample size s. This comes from the fact that, unlike EL-Oracle, the
communication phase of EL Local does not preserve the exact average of the local models (i.e.,

Zie[n] xﬁzl =+ Zie[ f +1 /2) and it only preserves the average in expectation. This adds an error

term to the rate of EL Local. However, as the update vector remains an unbiased estimate of the
average gradient, this additional term does not violate the linear speed-up property. Our analysis
suggests that setting s ~ 7:—; can help mitigate the effect of heterogeneity on the convergence of
EL-Local. Intuitively, more data heterogeneity leads to more disagreement between the nodes, which

requires more communication rounds to converge.

Transient iterations Our convergence rates offer superior second and third terms compared to those
in (3). This is because first, p can take very small values, particularly when the topology connectivity
is low (e.g., % € O(n?) for aring) and second, even when the underlying topology is well-connected

and ]% € O(1), such as in EquiTopo [53], the second term in our rates still outperforms the one in (3)

by a factor of /s. This improvement is reflected in the number of transient iterations before the
linear speed-up stage, i.e., the number of rounds required for the first term of the convergence rate to
dominate the second term [57]. In our rates, the number of transient iterations is in O(n"/s2), whereas
in (3), it is O(»"/p?) for the homogeneous case and O("’/p*) for the heterogeneous case. We remark
that p € (0,1], but s > 1 is an integer; therefore, when s € O(1) the number of transient iterations
for EL matches the state-of-the-art bound. However, it can be provably improved by increasing s
depending on the communication capabilities of the nodes, which adds more flexibility to EL with
theoretical guarantees compared to other methods. For instance, for s € O(logn) as in Erd6s—Rényi
and EquiStatic topologies, the number of transient iterations for EL becomes O(n?3/ 1og2 n) which
outperforms other methods (also see Table 1). Crucially, a key implication of this result is that our
algorithm requires fewer rounds and, therefore, less communication to converge. We empirically
show the savings in the communication of EL in Section 4.

4 Evaluation

We present here the empirical evaluation of EL and compare it with state-of-the-art DL baselines. We
first describe the experimental setup and then show the performance of EL-Oracle and EL-Local.

4.1 Experimental setup

Network setup and implementation We deploy 96 DL nodes for each experiment, interconnected
according to the evaluated topologies. When experimenting with s-regular topologies, each node
maintains a fixed degree of [loga(n)], i.e., each node has 7 neighbors. For EL-Oracle we introduce
a centralized coordinator (oracle) that generates a random 7-Regular topology at the start of each
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Figure 4: Communication rounds vs. top-1 test accuracy and (left) and communication volume per
node vs. test accuracy (right) for the CIFAR-10 dataset.

round and informs all nodes about their neighbors for the upcoming round. For EL-Local we make
each node aware of all other nodes at the start of the experiment. To remain consistent with other
baselines, we fix s = [loga(n)] = 7 when experimenting with EL, i.e., each node sends model
updates to 7 other nodes each round. Both EL-Oracle and EL-Local were implemented using
the DecentralizePy framework [11] and Python 3.8%. For reproducibility, a uniform seed was
employed for all pseudo-random generators within each node.

Baselines We compare the performance of EL-Oracle and EL-Local against three variants of
D-PSGD. Our first baseline is a fully-connected topology (referred to as Fully connected), which
presents itself as the upper bound for performance given its optimal convergence rate [1]. We also
compare with a s-regular static topology, the non-changing counterpart of EL-Oracle (referred to
as 7-Regular static). This topology is randomly generated at the start of each run according
to the random seed, but is kept fixed during the learning. Finally, we compare EL against the
communication-efficient topology U-EquiStatic [53]. Since U-EquiStatic topologies can only have
even degrees, we generate U-EquiStatic topologies with a degree of 8 to ensure a fair comparison.
We refer to this setting as 8-U-EquiStatic.

Learning task and partitioning We evaluate the baseline algorithms using the CIFAR-10 image
classification dataset [26] and the FEMNIST dataset, the latter being part of the LEAF benchmark [7].
In this section we focus on the results for CIFAR-10 and present the results for FEMNIST in Ap-
pendix C.4. We employ a non-IID data partitioning using the Dirichlet distribution function [19],
parameterized with a = 0.1. We use a GN-LENET convolutional neural network [18]. Full details
on our experimental setup and hyperparameter tuning can be found in Appendix C.1.

Metrics We measure the average top-1 test accuracy and test loss of the model on the test set in the
CIFAR-10 learning task every 20 communication rounds. Furthermore, we present the average top-1
test accuracy against the cumulative outgoing communication per node in bytes. We also emphasize
the number of communication rounds taken by EL to reach the best top-1 test accuracy of static
7-Regular topology. We run each experiment five times with different random seeds, and we present
the average metrics with a 95% confidence interval.

4.2 EL against baselines

Figure 4 shows the performance of EL-Oracle and EL-Local against the baselines for the CIFAR-10
dataset. D-PSGD over a fully-connected topology achieves the highest accuracy, as expected, but
incurs more than an order of magnitude of additional communication. EL-Oracle converges faster than
its static counterparts of 7-Regular static and 8-U-EquiStatic. After 3000 communication
rounds, EL-Oracle and EL-Local achieve up to 2.2% higher accuracy compared to 7-Regular
static (the most competitive baseline). Moreover, EL-Oracle takes up to 1.7 x fewer communication
rounds and saves 2.9 GiB of communication to reach the best accuracy attained by 7-Regular static.
Surprisingly, 8-U-EquiStatic shows worse performance compared to 7-Regular static. The
plots further highlight that the less constrained EL-Local variant has a very competitive performance
compared to EL-Oracle: there is negligible utility loss when sampling locally compared to generating
a s-Regular graph every round. We provide additional observations and results in Appendix C.

*Source code can be found at https://github.com/sacs-epfl/decentralizepy/releases/tag/epidemic-neurips-2023.
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Table 2: A summary of key experimental findings for the CIFAR-10 dataset.

Topology Top-1 Test Accuracy  Top-1 Test Loss Communication to Target Accuracy
(%) (GiB)
Fully connected 68.67 0.98 30.54
7-Regular static 64.32 1.21 7.03
8-U-EquiStatic' 62.72 1.28 -
EL-Oracle 66.56 1.10 4.12
EL-Local 66.14 1.12 4.37

! The 8-U-EquiStatic topology did not reach the 64.32% target accuracy.
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Figure 5: The test accuracy of EL-Oracle and EL-Local (left) and communication volume per node
of EL-Oracle (right) for different value of sample size s and a 7-Regular static topology.

We summarize our main experimental findings in Table 2, which outlines the highest achieved top-1
test accuracy, lowest top-1 test loss, and communication cost to a particular target accuracy for
our evaluated baselines. This target accuracy is chosen as the best top-1 test accuracy achieved by
the 7-Regular static topology (64.32%), and the communication cost to reach this target accuracy
is presented for all the topologies in the right-most column of Table 2. In summary, EL-Oracle
and EL-Local converge faster and to higher accuracies compared to 7-Regular static and 8-U-
EquiStatic topologies, and require 1.7x and 1.6Xx less communication cost to reach the target
accuracy, respectively.

4.3 Sensitivity Analysis of sample size s

The sample size s determines the number of outgoing neighbours of each node at each round of
EL-Oracle and EL-Local. We show the impact of this parameter on the test accuracy in the two
left-most plots in Figure 5, for varying values of s, against the baseline of a 7-regular static graph.

We chose the values of s as [%1 = 4, and [2logz(n)] = 14, over and above [logz(n)] = 7.
We observe that, as expected, increasing s leads to quicker convergence for both EL-Oracle and
EL-Local (see Theorem 1). Increasing s also directly increases the communication volume. The two
right-most plots in Figure 5 show the test accuracy of EL-Oracle when the communication volume
increases. After 3000 communication rounds, EL-Oracle with s = 14 has incurred a communication
volume of 15.1 GiB, compared to 4.3 GiB for s = 4. An optimal value of s depends on the network
of the environment where EL is deployed. In data center settings where network links usually have
high capacities, one can employ a high value of s. In edge settings with limited network capacities,
however, the value of s should be smaller to avoid network congestion.

5 Related Work

Decentralized Parallel Stochastic Gradient Descent (D-PSGD) Stochastic Gradient Descent is a
stochastic variant of the gradient descent algorithm and is widely used to solve optimization problems
at scale [14, 39, 46]. Decentralized algorithms using SGD have gained significant adoption as a
method to train machine learning models, with Decentralized Parallel SGD (D-PSGD) being the most
well-known DL algorithm [15, 31-33, 49]. D-PSGD avoids a server by relying on a communication
topology describing how peers exchange their model updates [32].



Static topologies In a static topology, all nodes and edges remain fixed throughout the training
process. The convergence speed of decentralized optimization algorithms closely depends on the
mixing properties of the underlying topologies. There is a large body of work [2, 3, 6, 40] studying
the mixing time of different random graphs such as the Erdos-Renyi graph and the geometric random
graph. As the Erdos-Renyi graphs have better mixing properties [45], we compare EL with this family
in Table 1. In [57], the authors prove that static exponential graphs in which nodes are connected to
O(log n) neighbors are an effective topology for DL. EquiStatic is a static topology family whose
consensus rate is independent of the network size [53].

Semi-dynamic topologies Several DL algorithms impose a fixed communication topology at the
start of the training but have nodes communicate with random subsets of their neighbors each round.
We classify such topologies as semi-dynamic topologies. The one-peer exponential graph has each
node cycling through their O(log n) neighbors and has a similar convergence rate to static exponential
graphs [57]. In the AD-PSGD algorithm, each node independently trains and averages its model with
the model of a randomly selected neighbour [33]. EquiDyn is a dynamic topology family whose
consensus rate is independent of the network size [53].

Time-varying and randomized topologies A time-varying topology is a topology that changes
throughout the training process [9]. The convergence properties of time-varying graphs in distributed
optimization have been studied by various works [23, 35, 36, 43, 45]. While these works provide
convergence guarantees for decentralized optimization algorithms over time-varying (or random)
topologies, they do not show the superiority of randomized communication, and they do not prove a
convergence rate that cannot be obtained with a static graph [53]. Another work [34] considers client
subsampling in decentralized optimization where at each round, only a fraction of nodes participate
in the learning procedure. This approach is orthogonal to the problem we consider in this paper.

Gossip Learning Closely related to EL-Local is gossip learning (GL), a DL algorithm in which each
node progresses through rounds independently from other peers [48]. In each round, a node sends their
model to another random node and aggregates incoming models received by other nodes, weighted
by age. While GL shows competitive performance compared to centralized approaches [16, 17], its
convergence on non-convex loss functions has not been theoretically proven yet [47]. While at a high
level, EL-Local with s = 1 may look very similar to GL, there are some subtle differences. First,
GL operates in an asynchronous manner whereas EL proceeds in synchronous rounds. Second, GL
applies weighted averaging when aggregating models, based on model age, and EL aggregates models
unweighted. Third, if a node in GL receives multiple models in a round, this node will aggregate the
received model with its local model for each received model separately, whereas in EL, there will be
a single model update per round, and all the received models from that round are aggregated together.

In contrast to the existing works, EL leverages a fully dynamic and random topology that changes
each round. While static and semi-dynamic topologies have shown to be effective in certain settings,
EL surpasses their performance by enabling faster convergence, both in theory and in practice.

6 Conclusions

We have introduced Epidemic Learning (EL), a new DL algorithm that accelerates model convergence
and saves communication costs by leveraging randomized communication. The key idea of EL is that
in each round, each node samples s other nodes in a n-node network and sends their model updates
to these sampled nodes. We introduced two variants of the sampling approach: EL-Oracle in which
the communication topology forms a s-regular graph each round, and EL-Local which forms a s-out
graph. We theoretically proved the convergence of both EL variants and derived that the number of
transient iterations for EL is in O(n"/s2), outperforming the best-known bound O(n?) by a factor of
52 for smooth non-convex functions. Our experimental evaluation on the CIFAR-10 learning task
showcases the 1.7x quicker convergence of EL compared to baselines and highlights the reduction in
communication costs.
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Appendix

Organization

The appendices are organized as follows:

* Appendix A proves the convergence guarantee of EL.
* In Appendix B, we prove the key lemmas that are used in the convergence proof.

» Appendix C provides experimental details, computational resources used, and further eval-
uation of EL with independent and identically distributed (IID) data distributions and the
FEMNIST dataset.

* In Appendix D, we discuss the effect of network connectivity on the performance of EL.

A Convergence Proof

In this section, we prove Theorem 1, by setting

v :=min ¢ 4/ nfo_ Bo 1 ()
' TLo?’ \| 100Tas L2 (02 + H2) 20L |’

for EL-Oracle, and

. nig 5 Ag 1 )
TN T (21102 + 3326,H2) L \| 250T5,L2 (02 + H2) 20L (°

for EL-Local.

Notation: For any set of n vectors {z(1), ..., 2("}, we denote their average by 7 := % > i) z@,

A.1 Proof steps

We outline here the critical elements for proving Theorem 1.

Mixing efficiency of EL. First, we analyze the mixing properties of the communication phase of
both variants of the algorithm, and we observe that:

(a) while EL-Oracle preserves the exact average of the local vectors, i.e., Zy11 = Ty11/,, EL-
Local only does so in expectation. This property is critical for ensuring that the global
update is an unbiased estimator of the average of local gradients, which is necessary for
obtaining convergence guarantees with linear speed-up.

(b) The communication phase of both EL-Local and EL-Oracle reduce the drift among the local
models by a factor of O(1/s).

(c) The variance of the averaged model after the communication phase, in EL-Local is in
O(Y/ns).

More formally, we have the following lemma.
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Lemma 1. Consider Algorithm 1. Letn >2,s> 1, T > 1, andt € {0,...,T — 1}.
1. For EL-Oracle, we have
(@) Tiy1 = Tyqss
CES |

where

1

ot =[] < 0w 5B ol — s

1 s 1
s 1= 1-— -).
& s—l—l( n—l)eo(s)

2. For EL-Local, we have:
(a) E[Zi11] = E [Z441),] (Note that we do not necessarily have Tyy1 = Tyy1),),

2
(b) n2 Zz jG[n]E I:Hl't_l_l $t+1H :| ﬁs n? Zng[n]E |:H t+1/2 — Ei)l/z :|)

1

(4) (4)
t+1/2 xtil/z

ﬂs:i(l(ln:)n)nileo(i)

Uniform bound on model drift and gradient drift. Next, using the previous lemma, we prove that,
for a careful choice of the step-size v, the local models stay close to each other during the learning
process.

(c) E |:H.’Z't+1 — ft+1/2’|2} < % . % Zi,je[n] E U x

where

Lemma 2. Suppose that assumptions 1, 2, and 3 hold true. Consider Algorithm 1. Consider a

step-size vy such that v < 20 sor- For any t > 0, we obtain that

G) 2 14 3ns
= Z EM —o } <205, e (7 + ),

and

5 2 B[a

ij€n]
where ns = «a for EL-Oracle and ns = s for EL-Local as defined in Lemma 1.

Ol 2 2
9 <15 (0 +H?),

Bound on the gradient norm. Next, we obtain a bound on the gradient of the loss function F'(x) by
analyzing the growth of F'(z), over the trajectory of the average of local models in Algorithm 1.

Lemma 3. Suppose that assumptions 1 and 2 hold true. Consider Algorithm 1 with v < 5. For
any t € {0,. — 1}, we obtain that
L2
o

B [1VF @] < 2E(P@) - Pl + o 3 E[ef?
i,jeln]

2 2L
+ 2L7% + 7]E {||:zt+1 - ft+1/2]|2]

A.2 Proof of Theorem 1

We can now prove the theorem using the above lemmas.
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Proof of Theorem 1. By Young’s inequality, for any ¢ € [n], we have
N2 N2
E MVF (xg”) H } <2E [||VF (@)H?] 4 2E [HVF (T) — VF (xﬁ))H }

where in the second inequality we used Assumption 1. Then, averaging over ¢ € [n], we obtain that

% > E MVF (=) m <2E[IVF @)°] + QLQ% S E [th B xﬁi)HQ]
o icln)
ZQE[HVF( )| } +L2 = Z M xij)HT,

i,5€[n]

<2E [||VF (:m)IIQ] +2L%E [Hx — "

where we used Lemma 5. Combining this with Lemma 3, we obtain that*
1 . 2 4 B B 92 i o
LS a||vr ()] < 2eir@) - P+ 2 ¥ B ol - o]
i€[n] i)
o2 4L - B )
+4L’)’;+7E |:Hl’t+1 71’t+1/2|| :| (6)

We now analyze the two variants of the algorithm separately.

EL-Oracle:
In this case, by Property (2a) of Lemma 1, we have Tt41 — Zy41 2 =0, therefore, by (6), we have

1 i 2 4 _ _ 2L2 i NI 0'2
~YE [HVF (=) } < CE[F@) - FEa)+ g 3 B [Hmﬁ )= } +4Ly

i€[n] i,j€[n]
@)

Note also that by Lemma 1, we have

1 . 2 1 s
= ¥ el o] s 201 e (07 403,
" el (1 —ay)

Moreover, as shown in Remark 2, we have s < 1/2, and thus, 20 HSQS < 200. Therefore,

7 X B[ e

i,j€[n]

] < 2000r,> (02 + 7‘[2) ,

Combining this with (7), we obtain that

i; E UIVF (=) H2] < ZBIF(@1) = F(aa)] +4000.L7? (0% + 32 + a1y

Averaging over ¢t € {0,...,T — 1}, we obtain that

N

Z Z E {HVF ( )HQ] = %E [F(zo) — F(2r)] + 400a, L*~* (0? + H?) +4L7%2
[n] =0

4 2
ot 4000, L2 (02 +H?) + 4L7%, 8)

IN

where we used the fact that F'(Zg) — F(Z7) < F(Zo) — mingcpe F(z) < Ay. Setting

= min d /P20 2o L ©)
K TLo?' \| 100Ta. 12 (02 T H7)' 20L {

“In order to obtain a bound on E [||VF (z:) H2] , we can skip this step and directly use Lemma 3.
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mm{a 5y = = max{1, 1} forany a,b > 0, we have

TLo? ,[100T SLQ 2 12 TLo?  ,[100Ta,L2 (02 + H2
f—max \/ 7 \/ L2 (02 +12) o1 <\/ g i/ a A(U ) L sor,
0

(10)
Plugging (9) and (10) in (8), we obtain that

T Z ZE{HVF (g;t )H } <8\/LA002 38</O(SL2A%1(—Z-2+H2) +8OLAO

T

LAgo? \3/asL2Ag (02 +H2) LA,
EO(\/ W T2 7

where we used the fact that —522 _ < 38,

100(273)
EL-Local:

The proof is similar to EL-Oracle, up to some additional error terms. By Property (2c) of Lemma 1,
we obtain that
]

s 1
© I ~snl < 5o 35 T ® U

(@) 29
t+1/2 t+1/2

l\?

i,j€[n]
Bs 1
T S | el (1)
i,jE€[n]
55 1 i NE 2[35 1 2
SZEZE’% *xgj) TTZ j) )
i,5€[n] i,J €[n]
(12)

where in the last inequality we use Young’s inequality. Combining this with (6), we obtain that

1 2] _ 4 _ _ 212 ; Nt
=3 E {HVF (=) ] < CE[F@) - FEa) + 5 3 B [ng o) }
le[n] i,je[n

o2 4ALB, 1 4Lvﬂs 1 M) _ 0|
rrZ 8L 5 - u] )
= |
4 AL ‘)
— LR[F@) - F@e) + @ + 22 [H —ay H]
v ny e[]
0'2 4L s 1 i 112
R

i,j€ln]

Note that by Remark 2, for any s > 1, and n > 2 we have 5, < 1 — %, where e is Euler’s number.
Therefore,

1+ 38,

20— < 500.
(1—5,)?
Using this, the first bound in Lemma 2 can be simplified to
(4) @ 2 (42 2
n2 Z M 4 H } < 5008:72 (02 + H2) (14)

©,jE€[n

Combining this with (13), and the second bound of Lemma 2, we have

O\ 112 4 - - o2 )
1 Z [HVF (a;t )H ] < SELF(@) = F(@a)] + 457 (1+ 158, + 50052)
16 n
HQ
+ 4L77 (158, + 50082) + L?10008,7* (o + H?) .
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Taking the average over ¢t € {0,...,7 — 1}, we obtain that

T—1
1 ; 2 4 o2
— E [HVF Q) H } < Ag+4LyZ (14 158, + 50082)
nT tz;zez[;l] ( ¢ ) Ty n

2
+ 4L7H7 (158, + 50082) + L?10008,7* (o + H?) .

Noting that 85 < 1 — é (Remark 2), we have

T—1

1 K 4 L~
F2 D E HVF ) MSA + 4= (2110® + 3323,H7) + 10008, L*+* (0* + H?) ,
nTt,[][ (xt) T~y 0 n(a BH?) BsL*y* (o )

(15)
Now, setting
~ min nAo ; Ao L (16)
7= T (21102 + 3328,H2) L’ \| 250TB,L2 (02 + H2)  20L
we have
2 2 2 2 2
1] [reie +ssasm )L7 25078, L2 (02 + H ),ZOL
Y nl AV
2 2 2 2 2
o TQUEE30BH L [250TR L2 (02 +H2) a7
nAo AO

Plugging (17), and (16) in (15) we obtain that

T-1
1 @\ |12 \/LAO (21102 + 3328,H2) \3/65L2A3 (02 +H2)  80L
- <
”Tg-ez[]EMVF(xt)M—S +51 o

nT T2
LAy(0? + BH?) \/ B,L2A3 (02 +H?) | LA
€O <\/ T + T2 + T |-
where we used the fact that 25200(% < 51. This concludes the proof. O

B Proof of the main lemmas

Notation: Let P; represent the history from step O to ¢t. More precisely, we define
Py = {xéi)7..., xgi); i=1,..., n}

Moreover, we use the notation E, [] := E[-|P;] to denote the conditional expectation given the
history P; and E [] to denote the total expectation over the randomness of the algorithm; therefore
we have, E[] :=Eo [- - - Ep []].

We first prove two simple useful lemmas.

Lemma 4. for any set of k vectors zV ..., 2®), we have

k 2 k
300 <3
i=1 i=1

Proof. By the triangle inequality, we have

2

k

3

=1

k
SN
i=1
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The result then follows by noting that using Jensen’s inequality, we have

1 . 2
2 (i) < H (i)
(s311) <33l

Lemma 5. For any set {zV};c(,,) of n vectors, we have

s - -3 -

2€ n 7 ]G n
Proof
. , 2
LT ool = 5 o -a- 0o
ng[n] i,j€[n]
1 2 _ 2
< 5 [l -l s a0
" e
2 @ _ gl 1 2 (i) ()
_Esz x‘ —|—an ' —z Z(a: —I)
i,j€[n] i€[n] €[n]
Noting that 3 (a:(J ) — %) = 0, yields the desired result. O

B.1 Proof of Lemma 1
Lemma 1. Consider Algorithm I. Letn >2,s> 1, T > 1, andt € {0,...,T — 1}.
1. For EL-Oracle, we have
(@) Tir1 = Tyqrp,

(b) n%Zi,jE[n] E U " 9

t41/2 — Tl

1

oot <on S

where

1 s 1
= 1-— -).
o s+1( nl)eo(s)

2. For EL-Local, we have:

(a) E[Zi1] =E [5:,5+1/2] (Note that we do not necessarily have Ty 1 = Ty 1/,),

. 2
(b) #Zi,je[n]E U x§+1 _xt+1H } < Bs - n2 i,j€[ n]E [H Tit1/s xii)l/Q }
© E[lo0e1 = ] < B b Sy B[

2]’
2o () ) et

Proof. For simplicity of the notation, we make the dependence on ¢ implicit, and we denote by
z® = a:( )1 ey the input vector and y(*) := 2\ the output vector of node ¢ for the communication

(%) ()
t+1/2 - xt+1/2

where

t4+1
phase, and S (D) .= St(Z . Therefore, we have

i 1 i j
y():W 204 37 40

jes®
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Moreover, in the proof of this lemma, all the expectations E [-] are only with respect to the randomness
of the communication phase, i.e., we compute the expectations assuming x(*)’s are given for all
i € [n], and y(’s are computed by a random communication phase. Taking the total expectation of
the final expression provided for each property then proves it as stated in the lemma.

First, we consider EL-Oracle:

Recall that in EL-Oracle, the communication topology forms a random undirected s-regular graph,
and for each node ¢, all other nodes have the same probability of being ¢’s neighbor.

Property (a):
We have

@
I
S|
QQ/\

i€[n]

1 1 . )
it oy v L0
" iezm O] +1 jegf»

1 .
S o O
n(s+1) Pt P

- 5+1 PR DR

i€[n] i€[n] j€S®

where we used the fact that in EL-Oracle, each node receives exactly s models. Now as each node
also sends its model to s other nodes, we have

1 .
7= (@) B () — 5
Yy=—"—"1 s—|—1 Zx +st —n‘Zx =1x.
i€[n] i€[n] i€[n]
Property (b):
We have
2
1 - 2] 1 1 . .
- @ _ 3 S = | @ @ _ 5
DILI AR NERD S| oo sy R SEC B
i€[n] - i€[n] jESH)
2
- @) _ 5 @ _ 5
SR DL | (CRRER SYECE
i€[n] jESH)
2
1 .
- 2 4 _ 5
- 8+122H ' :cH (5+1)2_ZE Z(xj z)
€[n] i€[n] jESH)
@ _ 3 @) _ 7
8+1 — Z E < x z), .2.)(17] :17)> . (18)
JeS™
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Let us define IJ@ the indicator function showing whether node j and node ¢ are neighbors, i.e.,

Ij(.i) = 1if 7 and j are neighbors and Ij(.i) = 0 otherwise. We then have

2 2
SENY @@ -o)| [=XE| Y V6V -1
i€[n] JjeESW i€[n] jeln\{i}
. 2 N A
-2E| 3 e+ e S 3 20 (o0 e et )
1€[n] j€n]\{i} i€[n] J#t k#i,k#j
| sl o ]
i€[n] j€[n]\{i} n] j#i ki kA
Now note that by symmetry (all nodes have the same probability of being a neighbor of node 7).
B[] = 2.
J n—1
Similarly IJ(-i)I,gi) is only 1 when both j and k are neighbors of 7, thus
S —1)
E[z070] = 6D
[J k} (n—1)(n—2)

Therefore,
2

SE|| Y @9 -2 _SszoLxH FYY Y %i——nl_z)<x<j>,g—c,x<k>,g—c>

i€[n] jeS® i€[n] i€[n] j#i k#ik#j
Tl SR a0 s)
i€[n] jFi
(19)

Also,

S E < @ — 7), Z<$(j)—$)> Z< (D — ) ZE[ } (a)_$)>

i€[n] jESH) i€[n] VED)

@ _ 7, ¢0) ,9—5> (20)
i€[n] j#i
Combining (18), (19), and (20) we obtain that

s sy -] - ot 2 -
i€n
1 2s s(s—1) . B
Jrn(s—&—l)2 <n—1 n—1 )ZZ<$ x,x(J)—x>.

i€[n] j#i

Also note that

Z Z<x(l z, z\9) ff> = Z <x(i) -z, Zx(j) :Tc> =— Z H:c(i) ffHZ. (22)
i€[n]

] §#i i€[n] V)
Combmmg (21) and (22), we obtain that

L e p-of - () ST b e
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Now note that as § is the minimizer of g(z) := 1 >iem E [Hy(i) - z||2} , we have

1 . 2 1 _ 2
- () _ - @ _ 7
s S el o] <5 e[l -4[]. e
i€[n] i€[n]
Combining this with (23), and using Lemma 5 yields

1 . NE 1 s 1 ) 112

- E H () _ (y)” < 1— = E H () _ (J)H ’

nzz [y Y S5 n_1 nz{%} z z
1,J€N

4,j€[n]

which is the desired result.
Now, we consider EL-Local:

Recall that in EL-Local, each node ¢, locally samples uniformly at random s other nodes and sends
its model to them. Denote by AW = |S O] ‘ the number of nodes that send their vectors to node 1,

and Ij(-i) the indicator showing whether node j sends its vector to node ¢ or not (Ij(i) = 1if j sends

its model to 7, and I(i)

= 0 otherwise). We then have

AD = N1,

Jem\{i}

and

E [A(i)} = s.

Property (a):
For any node ¢, we have

) 1 ) N
(@) — - (4) @) ,.(5)
E{y }—]E A0 11 '\ + Z Ija;
jem\{i}

1 . N )
— _ = |, (4 ,.(5) (4)
E|E 051 |° + E I,z |A
JE\{i}

_E |1 [+0 4 > ]E[I}%A(“] )

Al +1
AT jelnn i)
@g|_L [0, AY ”)
B o K WD DR
jeln\{i}
1 N AW ,
- (@) 7 — 2®
E{A@H (”7 e e )ﬂ
where (a) uses the fact that E [Ij(l) \A(i)] = % as all other n — 1 nodes have the same probability
of sending their model to ¢. Denoting p = E [A(%jrl] , we obtain that
E [y(ﬂ L (1— P >x<i>.
n—1 n—1

Averaging over all ¢ € [n] yields the result.
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Property (b):

We have
2
1 , 2] 1 1 ) L
1 G _=|F] L R B0 @ | _
" E{Hy "’”MnZE roEl CARP DI ) Ik
i€n) i€n] jelm\i}
B B 2
_1 SE|R LN RO S 200 | —g| a0
n A® 41 J
i€[n) | J€[n\{i}
B B 2
1 1 G) _ ~ @) (G) _ (i)
1€[n] | Jen\{d}
1 1 X 2 . X 2 i
_ L () _ = (i) ‘ ) _ —H (i)
w2 B Aoyt [« -] 2 L7 e | ] 14
1€[n] L L J#i
1 1 @/ )~ G - O [ G) _ = (k) _ = (i)
DR ol IS R e R D D e e I
i€[n] i G kA hA

Taking the expectation inside, we obtain that

1 a0 2] 1
el -of] - 5 8t (o -+ Sefgac] o -of
i€ln i€n

+ = zg;]]E (A(T ZZE[I(Z \A }< (@) — T, 2@ — f>

T ZE A(z>+ AP [I}“I,S)\A@)] <x<j>_i’ x(k)_j>

" i) i ki kA

Now note that E [Ij’) |A(i)} is the probability that j selects 7, given that in total A®) nodes select i,
thus

E[7{]40)] = A®

n—1
Similarly Ij(-i)I,gi) is only 1 when both j and k select i, thus
L ) AD A0 1
E [I(Z)I£1)|A(l)} _ ( )
J (n—1)(n-2)

Also, note that

Z<x<i)_f,m<>_5>_<x<>_wz <g>_x>__H ’

J#i J#i

and

S % <x<a‘>_f, x<k>_f>zz<x<j>_fj 3 (x<k>_f)>

i ki J#i ki
:_Z< G —z, (2@ — 7) + (2 _g—c)>
JAi

) 2 . 2
-po-of -l -of
JFi
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Combining all yields
1 , 2 1 1 A® . 2
- @ _ 5 B - (@ _ G _ 5
s X eb ol -5 S| G (ol - S S -]
i€[n] i€[n] VED
24 12
T Z {A()—Fl ( n—lH _”3“)]

1 A(i)(A(i)_l ) 2
: ’ o =2 = 3 o 2]
T Z AD 112 (n—1)(n—2) v ; R

16 n

LS [ >—mu [ (- 255 o)

6[ ]
1 1 A® AW (A® 1)
'3 (ol o=
> e (o e )}Z !

Now note that by symmetry, the distribution of A is the same as AU) for any i, j € [n]. Therefore,
1 , 2
s el -l
n .

241 A(l)(A(l) —1) A(l)(A(l) —1)
S i) _ _ o _ =2 =2
ZH IH E{ A 1 1) (1 1t monmo2 4 n—2 )]

ze[n]
Now note that

1 1 1 1 1 1)2 1
2A()+A()(A()_1)+A(1)_A()(A()_1) :1+A(1)—A() + AL
n—1 (n—1)(n-2) n—2 n—1

A
n—1

1—

=(1+AM)1 -

thus
1 , 2 1 , 2 1 1 AM
2 G | () _ % _ .
s 2 el -l =2 S e -l (2 ] - )

Now note that as each node j # 1, independently and uniformly selects a set of s nodes, A(") has a

_ k n—1—k
E R _ n—l S 1__8
A 4+ 1 — n—1 n—1
_7’L—1 — n s k+1 - s n—1-—k
T sn — k+1 n—1 n—1
n—1 s "
= ]_— ]_— .
sn ( ( n—1>>

AW 1
g {A(1)+1} :1_E[A(1)+J ’

M

Also noting that

we obtain that

s e ]=[(-(-a5) ) i ke e

i€[n] i€[n]
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Noting that % Zie[n] E {Hy(i) — 37”2} < % Zie[n] E [Hy(i) — :EHQ} , from (24), and using Lemma 5,

we obtain that

1 - NIE 1 s n 1 1 ) N

2 @ <12 (1-(1- I H (i) _ ()

7 X e[bo-o <[ (-(-75) ) -a5]w 2 el -],
i,JEN

i,7€[n]

which is the desired result.

Property (c):
Note that

p-alt] =B ||| 30 -
i€[n]
L R bou (RN R

i€[n] i£j

Now recall that

) 1 X y
+ ke[n]\{i}
This implies that
1 X . 1 1 ' -
= @) _ 7 ,0) _ %\ — — @) _ 7 »0) _ 5
2 2B Ky Y ””ﬂ T2 Z 2_E [(A(i) F1)(A0 + 1)} <x o ”3>
i#] i€[n] j#i
I(i)

Yy Y E

i€[n] j#i k#i,k#j

® g o)z
AD 1 1)(AD 1 1) (o — 2,2 )

707

2
+=3YY Y% - — <ac(k) — 7, aW ;@> 27)
W o i kg i (AT F DAY 4D
Now note that by symmetry, for any 4, j € [n], we have
E { 1 |_g !
(AD +1)(AG) +1) ] L(AD +1)(A® +1) |
Similarly,
i 7 ] 1
i 70 . 7
(A +1)(AWD +1) (A +1)(A®) +1) |
and
. 7070 1 . [ g
(AD +1)(AG) +1) (AD +1)(A® +1)

This implies that all three terms in (27) can be written as

ZZ< O _z )f:f>,

[n] j#i

where c is a positive constant. We also have

ZZ< 0 _z. 0 $>=Z<x(i)—x’z($(j)—$)>

i€[n] j#i i€[n] Ve
2
S
1€[n]
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Therefore all the terms in (27) are non-positive. Combining this with (26), we obtain that

iy -1 = & X5 |0 -]
i€[n]

Ps 1 @ _ z|°
< Ps = _
—n nZHx x‘ ’

1€[n]

where the second inequality uses (25). Combining this with Lemma 5 then concludes the proof. [

Remark 2. Note that 55 computed in Lemma 1 is decreasing in s and increasing in n, therefore, for
any s > 1, and n > 2, we have
Bs S lim /81

n<oo n—o0

:nm<1_<1_ ! ) - )
n—00 n—1 n—1

1
:]_——7
(&

1)” — %_ Similarly, for any

where e is Euler’s Number and we used the fact that lim,, (1 -

s> 1, andn > 2, we have

1
Qg <lima1:§<1—7.

B.2 Proof of Lemma 2

Lemma 2. Suppose that assumptions 1, 2, and 3 hold true. Consider Algorithm 1. Consider a
step-size vy such that v < ﬁ. For any t > 0, we obtain that

1 i ; 1+ 3ns
L E Hx( ) _ (D) "
n? i,ize[:n] [ ' ! (1 —ns)? ’

2
] <20 72 (02+H2),

and

1 i ;
w3 E|fd -
4.5€(n]
where 5 = a5 for EL-Oracle and ng, = s for EL-Local as defined in Lemma 1.

2
] <15(c® +H?),

Proof. First note that for any ¢ € [n], we have
9" =9 = 9" = VO (27) + V5O (o) = VIO (@) + VSO (@)
V9D (z) + VD () — VD) (xfﬂ')) + v O (xﬁj)) _ g9
Thus, using Lemma 4, we have
‘ 0 < 5Hgt<i) V0 (zii))’r +5va(i) (xg)) _ v (Et)H

. 2
gt(l) — 9t
. . . 2 . . . 2
+ 5‘ v U (wgy)) —v (ft)H I 5Hgt(]) —vw (xgn) H

. _ 2
+5([v0 @) - v (@)
Taking the conditional expectation, we have

, , I , T , , , 2

B o - ot =910 (o) [| 58 |[050 () = 95 @]
A , _ 2 , _ N 112
+ 5E; va(n (mS)) _v U (MH ] +5E, Mgtm v (xga))H }

+ 5E, Mw(” (#0) — V9D (z,)

2
]§5Et

2
] (28)
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Now by Assumption 2, we have

, , N (12
E, U’gf@ —vr (0| ] <o, (29)
By Assumption 1, we have
, . _ 2 . 2
E, Uij“) (27) = V9 @) } < IR, [Hx&“ ~ } . (30)
Thus, by Assumption 3, and Lemma 5, we obtain that
, 2
Z E, U\Vf“ ~ V9 (z,) } <22, (31)
i,j€[n
Combining (28), (29), (30), and (31) and taking total expectation from both sides, we obtain that
1 ; 10L? H I
= 3 E [Hgt“ H } S E [Hx,ﬁ)—xtH ] +100% +10H2.  (32)
ivje[n] Ze[n]

Now Lemma 5 yields

, 112 512
(#) (9)
77,2 Z [HQt — ¢ H ] < 2 Z ]E{

. N2
MON @”H } +1002 4 10H2.  (33)

i,j€[n] i,j€[n]
12
We now analyze >ijem E [ng - xﬁ” ] . From Algorithm 1, recall that for all i € [n], we
have zillh = xi @) ’ygt(i)' We obtain for all i, j € [n], that

(4) 2
t+1/2 t+1/2

2 . . ) ) 2
E U ] <E [Hxil) — )’ *7(9?) *gt(”)H } (34)
i . 2 1 i . 2
s |
where we used the fact that (z + )2 < (1 + ¢)2? + (1 + /c)y? for any ¢ > 0. Now recall that

ns = as for EL-Oracle, and n; = (4 for EL-Local. Therefore, by Property (b) of Lemma 1, for both
variant of the algorithm, we have

1 e - 2] Ns i - 2
2 S B [ets ] < 5 S e {Jeldy, ]|
i€n] - - 1€[n]
Then, applying Lemma 5, we have
(4) ©) < s (4) ()
2 3 B[l o < % X B feld. - o,

i,j€n] - ,j€[n]

Combining this with (34), we obtain that

2]
nz Z ]EU xtﬂ_xgi)l’” 1+cn5 ) Z E[H o - gj)H
i,j€[n] N

N2
+<1+C>775’7 > E[ gE”M.
1-7ns
4ns

i,j€[n]
1+3773 1 ) NE
2 2 B[] < nz_Z = =[]

i,7€[n]
1+37]9 i i
i, n2 S E U' @) _ o)

i,j€[n]

For c = , we obtain that

1
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Combining this with (33), we obtain that

1 1+3n, 1 i 2
2 2 Bl s F S el o]
i i,j€[n]

i,j€[n]

1+ 3n, 5L? NI
o e L E ng”fxg”H +1002 + 10K
i,5€[n]
]

1+3ns 1430 5.0\ 1 ORINE)
< 1 +51—775 Nsy L 3 Z E H:cf —xy

i,5€[n]

1+ 3n,
1—n,

- nsy” (100% 4+ 10H?) .

Now note that for by Remark 2, for both variants of the algorithm, we have n, < 1 — %, which
implies that

2
1 < (1—mns)

2
<
7= (200)2 T 200, (1 + 30,) L2
Therefore,
1 1+775 VK 14 3n,
i 2 B[l e[ 5 3 o o+ S 00 s ).
7}7]6[’”] .. S

Unrolling the recursion, we obtain that

= Y B

1,7€[n]

i |2 L+ 3n,
@) CL’&J)H :| §2 mns'y (02+H2).

Combining this with (32), we obtain that

1 I
2 Z E[ gt()—gt(J)H ] <15 (0 +H?).

i,j€[n]

This is the desired result. O

B.3 Proof of Lemma 3

Lemma 3. Suppose that assumptions 1 and 2 hold true. Consider Algorithm 1 withy < 5r. For any
t € 0,.. — 1}, we obtain that
1

(@) _ 5 0)

E{HVF(@)W} §%E[F(i"t)*F(ft+1 2 Z U

4,j€[n]

2 2L
+ 2L’y% + TE |:H§?t+1 — i‘t+1/2H2}

Proof. Consider an arbitrary ¢ € [T']. Note that, we do not necessarily have Z;,1 = Z¢1/,. But by

Lemma 1, we have E [Z;,1] = E [:‘ct+1 /2} . Now by the smoothness of the loss function (Assump-
tion 1), we have

L
F(Zey1) — F(%) < (41 — 7, VF (T4)) + 3 [

L
= <§It+1 — .ftJrl/z + .ftJrl/z — 2y, VI (.ft)> + E ||.ft+1 — .ftJrl/Q + jft+1/2 - jft||2 .
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Now denoting VF; = %Zie[n} vi® (mgl)) g, = %Zie[n] g,gi) and taking the conditional
expectation, we have

_ _ _ L _ _ _ _ 2
Et [F($t+1)] — F(J?t) <Et [l‘t+1/2 - xt] 5 VF (th)> + E]Et |:H$t+1 — th+1/2 + $t+1/2 - xtH :|

(a)
< —7(VFy, VF (@) + IV E, [I.0°] + LBy |[2041 = Byl ]

) 2
< —y(VFy, VF (2)) + Ly°E: [[VF|*] + 1925 + LE: [[@e1 - 2sal|)-

(35)
where (a) uses Young’s inequality and (b) is based on the facts that by Assumption 2, we have
E; [g,] = VF;, and E, [Hgt —VF, H?} . Now note that using the fact that v < 5, we have

— (VF,, VF (3,)) + wuwtu < (_2 (VFi, VF (3)) +||[VF|*)

N2 N2

(- IVF @)I* + |VF @) - VEI[) . Go)
Combining (35), and (36), we obtain that

2

_ _ _ _ == 112 o _ _ 2
B¢ [F(@e1)] = F(20) < =2 [IVF @)I° + 5 [|VF @) = V| + Ly2 5 + LE: ([0 — 2]
Taking total expectation, we obtain that

E[F(Z41) — F(Z)] < 7% E [||VF (:zt)ﬂ + %E [||VF (z0) — Wtﬂ
2
+ Ly?5 4 LE |[ae1 — Zupsl |- (37)

Now, note that

E [Hﬁt ~VF (:zt)m =E % S viOE?) - % SO (@)
) i€[n]

1 YR D) =
—E |- > (V96 - viP @)
i i€[n]
1 ) 2
< {HW“) (z") = v 1 (@)M
i€[n]
(a) 1,2 . 2
n
i€[n]
(b) L2 M1
<5 2 B[],
1,7€[n]

where (a) uses Assumption 1, in (b), we used Lemma 5. Combining this with (37), we obtain that

E[F(Zi1) — F(%4)] < —%E [IIVF( }+** Z ]E[ ‘”Ej)HQ}

, 02 _ _ 2
+L’Y ;+LE|:"$t+1 —$t+1/2|| :|
Rearranging the terms we have

E[IVF @] < 2E(F@) - P+ o 3 B [

i,j€[n]

2:|
o? 2L _ _ 2
+ 2L7; + T]E |:Hl‘t+1 — (Et+1/2|| :|

30



Table 3: Summary of learning parameters used for evaluation. For each dataset, batch size (b), and
the number of training steps per communication round (r) are presented.

TASK DATASET MODEL b TRAINING TOTAL
SAMPLES PARAMETERS
Image Classification CIFAR-10  GN-LeNet 8 3 50000 89 834
Image Classification ~FEMNIST CNN 16 7 734463 1690 046
EL-Oracle 7-Regular static 8-U-EquiStatic

-w—=y =0.01 —-— v¥y=005——vy=01---vy=05
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Figure 6: The test accuracy for EL-Oracle, 7-Regular static topologies, and 8-U-EquiStatic
topologies with different learning rates ~y, with the CIFAR-10 dataset.

which is the lemma.

C Experimental Details and Further Evaluation

C.1 Experiment setup and learning rate tuning

Table 3 provides a summary of the learning parameters, model, and dataset used in the experiments.
The models were evaluated on samples from the test set that were unseen during training. The step
size (y) was tuned by running each baseline on a range of values and taking the setup with the best
validation accuracy. The plots in Figure 6 show the CIFAR-10 convergence plots for EL-Oracle,
7-Regular static, and 8-U-EquiStatic (most prominent topologies) over different step sizes.
The optimal step-sizes are v = 0.1 for Fully connected and 8-U-EquiStatic, and v = 0.05 for
the remaining algorithms and topologies over CIFAR-10. For FEMNIST, the optimal step size is
~ = 0.1 for all algorithms and topologies. All experiments in Section 4 were conducted for a total of
3000 communication rounds and the experiments for homogeneous data distributions of CIFAR-10
(Figure 7) were conducted for a total of 1000 communication rounds. The experiments over the
FEMNIST dataset were conducted for a total of 1440 communication rounds.

C.2 Computational resources

We perform experiments on 6 hyperthreading-enabled machines with dual Intel(R) Xeon(R) CPU
E5-2630 v3 @ 2.40GHz of 8 cores. All algorithms were implemented as part of Decentralizepy [11].
Each DL node was assigned 2 virtual cores. An experiment took at most 3 hours in wall-clock time
for experiments in Section 4, 2 hours in wall-clock time for FEMNIST experiments, and 1 hour in
wall-clock time for CIFAR-10 experiments in Appendix C, summing to a total of 1152 virtual CPU
hours. Across all experiments that are presented in this article, including different seeds and learning
rate tuning, the total virtual CPU time goes up to approximately 54 700 hours.

C.3 Experiments with homogeneous data distributions

In this experiment, we focused on evaluating the performance of different communication topologies
under IID data. The data was generated using a Dirichlet distribution with o = 1.0. As a reference
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Figure 7: Convergence and communication usage results for homogeneous data partitioning (Dirichlet
distribution o« = 1.0) of the CIFAR-10 dataset.
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Figure 8: Communication rounds vs. top-1 test accuracy and (left) and communication volume per
node vs. test accuracy (right) for the FEMNIST dataset.

baseline, we established a Fully connected topology. Additionally, we examined EL (EL-Oracle
and EL-Local) in comparison to 7-Regular static and 8-U-EquiStatic.

We observed that the results were not particularly exciting (Figure 7), primarily due to the nature of
the data distribution, which leaves limited room for improvement across the different topologies. In
terms of accuracy, the Fully connected topology achieved roughly 2 % better accuracy than the
sparser topologies. EL-Oracle displayed a marginal advantage over the other approaches. However,
the convergence behavior for EL-Local, 7-Regular static, and EL-Oracle was nearly overlap-
ping, both in terms of the number of rounds and communication usage. On the other hand, the
8-U-EquiStatic approach lagged behind, exhibiting 1 % lower accuracy.

Although significant improvements were not observed in IID data settings, it is worth noting that EL
did not hinder convergence. In more realistic non-IID data distributions, EL. demonstrated improved
accuracy and reduced the network utilization, as shown in Figure 4, Section 4.

C.4 Performance of EL and baselines on FEMNIST

As an additional dataset, we employed FEMNIST [7] to evaluate EL against D-PSGD over other
topologies. Figure 8 shows the convergence plots for the baselines against both EL-Oracle and
EL-Local. We observe the same trend with Fully connected topology performing the best in terms
of achieved top-1 accuracy. EL-Oracle outperforms EL-Local and both achieve higher top-1 accuracy
compared to the static topologies 7-Regular static and 8-U-EquiStatic. The improvement
in accuracy with EL (0.2 % between EL-Oracle and 7-Regular static) does not look as evident
as with the CIFAR-10 dataset because the room for improvement (difference between 7-Regular
static and Fully connected) is quite small. This can be attributed to the homogeneity of the
FEMNIST dataset and the complexity of the digit recognition task.

D Notes on Network Connectivity and EL Performance

The implementation of our decentralized scheme is built around the condition that all nodes can
communicate with each other. This is similar to the assumptions of the EquiTopo topologies, a
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competitor baseline [53]. However, we argue that the connectivity requirement is a bit more lenient,
allowing our EL approach to function in a wide range of practical scenarios. In data center settings, it
is common to train on clusters of highly interconnected GPUs, and all-to-all communication should be
achievable in these settings. In edge settings, e.g., a network of mobile devices collaboratively training
a model while keeping private datasets, the communication barrier might appear more substantial.
Nonetheless, Internet networks are generally well-connected, which mitigates this concern. More
importantly, from a practical point of view, even if pairwise communications encounter some barriers,
the decentralized and randomized nature of EL-Oracle and EL-Local should still allow for effective
model learning and convergence. The occasional lack of communication between specific nodes
should not significantly impact the algorithm’s performance, as model updates are still propagated
through other communicating nodes, as long as the network is not partitioned.

EL is most useful in scenarios where every pair of nodes can communicate, but the total commu-
nication budget is limited. Our randomized communication scheme allows for efficient use of the
limited resources while ensuring faster model convergence than conventional decentralized learning
approaches.

33



	Introduction
	Epidemic Learning
	Problem statement
	Description of EL

	Theoretical Analysis
	Convergence of EL
	Discussion and comparison to prior results

	Evaluation
	Experimental setup
	EL against baselines
	Sensitivity Analysis of sample size  s 

	Related Work
	Conclusions
	Convergence Proof
	Proof steps
	Proof of Theorem 1

	Proof of the main lemmas
	Proof of Lemma 1
	Proof of Lemma 2
	Proof of Lemma 3

	Experimental Details and Further Evaluation
	Experiment setup and learning rate tuning
	Computational resources
	Experiments with homogeneous data distributions
	Performance of EL and baselines on FEMNIST

	Notes on Network Connectivity and EL Performance

