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Abstract

Decentralization is a promising method of scaling up parallel machine learning systems. In
this paper, we provide a tight lower bound on the iteration complexity for such methods
in a stochastic non-convex setting. Our lower bound reveals a theoretical gap in known
convergence rates of many existing decentralized training algorithms, such as D-PSGD. We
prove by construction this lower bound is tight and achievable. Motivated by our insights,
we further propose DeTAG, a practical gossip-style decentralized algorithm that achieves
the lower bound with only a logarithm gap. While a simple version of DeTAG with plain
SGD and constant step size suffice for achieving theoretical limits, we additionally provide
convergence bound for DeTAG under general non-increasing step size and momentum.
Empirically, we compare DeTAG with other decentralized algorithms on multiple vision
benchmarks, including CIFAR10/100 and ImageNet. We substantiate our theory and show
DeTAG converges faster on unshuffled data and in sparse networks. Furthermore, we study
a DeTAG variant, DeTAG*, that practically speeds up data-center-scale model training.
This manuscript is the extended version for (Lu and De Sa, 2021).

Keywords: decentralization, parallel learning, non-convex optimization, lower bound,
stochastic optimization

1. Introduction

Parallelism is a ubiquitous method to accelerate model training (Abadi et al., 2016; Alistarh,
2018; Alistarh et al., 2020; Lu et al., 2020). A parallel learning system usually consists
of three layers (Table 1): an application to solve, a communication protocol deciding
how parallel workers coordinate, and a network topology determining how workers are
connected. Traditional design for these layers usually follows a centralized setup: in the
application layer, training data is required to be shuffled and shared among parallel workers;
while in the protocol and network layers, workers either communicate via a fault-tolerant
single central node (e.g. Parameter Server) (Li et al., 2014a,b; Ho et al., 2013) or a fully-
connected topology (e.g. AllReduce) (Gropp et al., 1999; Patarasuk and Yuan, 2009).
This centralized design limits the scalability of learning systems in two aspects. First, in
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Table 1: Design choice of centralization and decentralization in different layers of a parallel
machine learning system. The protocol specifies how workers communicate. The
topology refers to the overlay network that logically connects all the workers.

Layer Centralized Decentralized
Application Shuffled (Homogeneous) Data  Unshuffled (Heterogeneous) Data
PP (e.g. Data Center Training) (e.g. Federated Learning)
Protocol AllReduce/AllGather Gossip
Parameter Server
Network Complete- .
Topology (Bipartite) Graph Arbitrary Graph

many scenarios, such as Federated Learning (Koloskova et al., 2019a; McMahan et al.,
2016) and Internet of Things (IOT) (Kanawaday and Sane, 2017), a shuffled dataset or a
complete (bipartite) communication graph is not possible or affordable to obtain. Second, a
centralized communication protocol can significantly slow down the training, especially with
a low-bandwidth or high-latency network (Lian et al., 2017b; Tang et al., 2019b; Yu et al.,
2018).

The rise of decentralization. To mitigate these limitations, decentralization comes to
the rescue. Decentralizing the application and network allows workers to learn with unshuffled
local datasets (Li et al., 2019) and arbitrary topologies (Seaman et al., 2017; Shanthamallu
et al., 2017). Furthermore, the decentralized protocol, i.e. Gossip, helps to balance load, and
has been shown to outperform centralized protocols in many cases (Lian et al., 2017a; Yu
et al., 2019; Nazari et al., 2019; Lu and De Sa, 2020).

Understanding decentralization with layers. Many decentralized training designs
have been proposed, which can lead to confusion as the term “decentralization” is used
inconsistently in the literature. Some works use “decentralized” to refer to approaches that
can tolerate non-iid or unshuffled datasets (Li et al., 2019), while others use it to mean gossip
communication (Lian et al., 2017a), and still others use it to mean a sparse topology graph
(Wan et al., 2020). To eliminate this ambiguity, we formulate Table 1, which summarizes the
different “ways” a system can be decentralized. Note that the choices to decentralize different
layers are independent, e.g., the centralized protocol AllReduce can still be implemented on
a decentralized topology like the Ring graph (Wan et al., 2020).

The theoretical limits of decentralization. Despite the empirical success, the best
convergence rates achievable by decentralized training—and how they interact with different
notions of decentralization—remains an open question. Previous works often show complexity
of a given decentralized algorithm with respect to the number of iterations 7" or the number
of workers n, ignoring other factors including network topologies, function parameters
or data distribution. Although a series of decentralized algorithms have been proposed
showing theoretical improvements—such as using variance reduction (Tang et al., 2018b),
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Figure 1: Figure illustrating how decentralization in different layers lead to different learning
systems. From left to right: (D: A fully centralized system where workers sample
from shared and shuffled data; @): Based on (I), workers maintain their own data
sources, making it decentralized in the application layer; 3): Based on @), workers
are decentralized in the topology layer; @: A fully decentralized system in all three
layers where the workers communicate via Gossip. Our framework and theory are
applicable to all kinds of decentralized learning systems.

acceleration (Seaman et al., 2017), or matching (Wang et al., 2019)—we do not know how
close they are to an “optimal” rate or whether further improvement is possible.

In light of this, a natural question is: What is the optimal complezity in decentralized
training? Has it been achieved by any algorithm yet? Previous works have made initial
attempts on this question, by analyzing this theoretical limit in a non-stochastic or (strongly)
convex setting (Seaman et al., 2017; Scaman et al., 2018; Koloskova et al., 2020; Woodworth
et al., 2018; Dvinskikh and Gasnikov, 2019; Sun and Hong, 2019). These results provide great
heuristics but still leave the central question open, since stochastic methods are usually used
in practice and many real-world problems of interest are non-convex (e.g. deep learning). In
this paper we give the first full answer to this question: our contributions are as follows.

e In Section 4, we prove the first (to our knowledge) tight lower bound for decentralized
training in a stochastic non-convex setting. Our results reveal an asymptotic gap
between our lower bound and known convergence rates of existing algorithms.

e In Section 5, we prove our lower bound is tight by exhibiting an algorithm called
DeFacto that achieves it—albeit while only being decentralized in the sense of the
application and network layers.

e In Section 6, we propose DeTAG, a practical algorithm that achieves the lower bound
with only a logarithm gap and is decentralized in all three layers. While we show plain
SGD and constant step size suffice for optimality, we provide the convergence guarantee
for DeTAG under general non-increasing step size and momentum.

e In Section 7, we experimentally evaluate DeTAG on the CIFAR benchmark and show it
converges faster compared to decentralized learning baselines. We additionally propose
DeTAG*, a practical version that allows speed up on data-center-scale model training.
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2. Related Work

Decentralized Training. In the application layer, decentralized training usually denotes
federated learning (Zhao et al., 2018). Research on decentralization in this sense investigates
convergence where each worker samples only from a local dataset which is not independent
and identically distributed to other workers’ datasets (Bonawitz et al., 2019; Tran et al., 2019;
Yang et al., 2019; Koneény et al., 2016). Another line of research on decentralization focuses
on the protocol layer—with average gossip (Boyd et al., 2005, 2006), workers communicate by
averaging their parameters with neighbors on a graph. D-PSGD (Lian et al., 2017a) is one of
the most basic algorithms that scales SGD with this protocol, achieving a linear parallel speed
up. Additional works extend D-PSGD to asynchronous and variance-reduced cases (Lian
et al., 2017b; Tang et al., 2018b; Tian et al., 2020; Zhang and You, 2019b; Hendrikx et al.,
2019; Xin et al., 2021a). After those, Zhang and You (2019¢); Xin et al. (2019, 2021b) propose
adding gradient trackers to D-PSGD. Other works discuss the application of decentralization
on specific tasks such as linear models or deep learning (He et al., 2018; Assran et al., 2018).
Zhang and You (2019a) treats the case where only directed communication can be performed.
Wang et al. (2019) proposes using matching algorithms to optimize the gossip protocol.
Multiple works discuss using compression to decrease communication costs in decentralized
training (Koloskova et al., 2019b,a; Lu and De Sa, 2020; Tang et al., 2019a, 2018a), and
other papers connect decentralized training to other parallel methods and present a unified
theory (Lu et al., 2020; Koloskova et al., 2020; Wang and Joshi, 2018). In some even earlier
works like (Nedic and Ozdaglar, 2009; Duchi et al., 2010), full local gradients on a convex
setting is investigated.

Lower Bounds in Stochastic Optimization. Lower bounds are a well studied topic
in non-stochastic optimization, especially in convex optimization (Agarwal and Bottou, 2014;
Arjevani and Shamir, 2015; Lan and Zhou, 2018; Fang et al., 2018; Arjevani and Shamir,
2017). In the stochastic setting, Allen-Zhu (2018) and Foster et al. (2019) discuss the
complexity lower bound to find stationary points on convex problems. Other works study the
lower bound in a convex, data-parallel setting (Diakonikolas and Guzmaén, 2018; Balkanski
and Singer, 2018; Tran-Dinh et al., 2019), and Colin et al. (2019) extends the result to a
model-parallel setting. In the domain of non-convex optimization, Carmon et al. (2017, 2019)
propose a zero-chain model that obtains tight bound for a first order method to obtain
stationary points. Zhou and Gu (2019) extends this lower bound to a finite sum setting,
and Arjevani et al. (2019) proposes a probabilistic zero-chain model that obtains tight lower
bounds for first-order methods on stochastic and non-convex problems.

3. Setting

In this section, we introduce the notation and assumptions we will use. Throughout the
paper, we consider the standard data-parallel training setup with n parallel workers. Each
worker i stores a copy of the model € R? and a local dataset D;. The model copy and
local dataset define a local loss function (or empirical risk) f;. The ultimate goal of the
parallel workers is to output a target model & that minimizes the average over all the local
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Table 2: Complexity comparison among different algorithms in the stochastic non-convex
setting on arbitrary graphs. The blue text are the results from this paper. Definitions
to all the parameters can be found in Section 3. Other algorithms like EXTRA
(Shi et al., 2015) or MSDA (Scaman et al., 2017) are not comparable since they
are designed for (strongly) convex problems. Additionally, Liu and Zhang (2021)
provides alternative complexity bound for algorithms like D-PSGD which improves
upon the spectral gap. However, the new bound would compromise the dependency
on ¢, which does not conflict with our comparison here. In the table, L.B. stands
for lower bound while U.B. stands for upper bound.

Source Protocol = Term with ¢ Term with D, A Gap to L.B.
Theorem 1 Central Q %‘j Q (AéD) /

L.B. Coroﬂary 2 Decentral (2 ﬁégj Q (62%) /
DeFacto o2
(Theorem 4) Central (0] (%564 ) 0 (AGLQD) 0(1)
DeTAG ALo? Al log( A ) son
(Theorem 5) Decentral O ("354 ) 0 ( eV e 0 (log (evOAL))
D-PSGD ALg? ALng ) ns
(Lian et al., 2017a) Decentral O (”364 ) 0 (62(1—*)2 o (1-2)%
SGP ALc? ALns ne

U.B. (Assran et al., 2019) Decentral O ("354 > © (62(1*)‘)2) 0 (1-\2
D? ALg? M ALngg A ngg
(Tang et al., 2018b) Decentral O (”564 ) 0 (62(1—’\)3) 0 (1-2)3
DSGT ALc? AN ALngg Azngo
(Zhang and You, 2019¢) ecentral O (nBe“ ) 0 (62<H>3) Ol ans
GT-DSGD ALg? )\2AL71§0) Angy
(Xin et al., 2021b) Decentral O (nB) 0 (62<H>3 o e

loss functions, that is,
1 n
z = argifelg}l flx)= - > Een, fi(z; &) | - (1)
i
=1

fi(z)

Here, &; is a data sample from D; and is used to compute a stochastic gradient via some oracle,
e.g. back-propagation on a mini-batch of samples. The loss functions can (potentially) be
non-convex so finding a global minimum is NP-Hard; instead, we expect the workers to output
a point & at which f(&) has a small gradient magnitude in expectation: E||V f(&)|| <'¢, for
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some small e.! The assumptions our theoretical analysis requires can be categorized by the
layers from Table 1: in each layer, “being decentralized” corresponds to certain assumptions
(or lack of assumptions). We now describe these assumptions for each layer separately.

3.1 Application Layer

Application-layer assumptions comprise constraints on the losses f; from (1) and the gradient
oracle via which they are accessed by the learning algorithm, as these are constraints on the
learning task itself.

Function class (A and L). As is usual in this space, we assume the local loss functions
fi : R4 - R are L-smooth,

IV fi(x) = Vi)l < Lllz - yll, Yo,y € R, (2)

for some constant L > 0, and that the total loss f is range-bounded by A in the sense that
f(0) —inf, f(x) < A. We let the function class Fa r denote the set of all functions that
satisfy these conditions (for any dimension d € NT).

Oracle class (02). We assume each worker interacts with its local function f; only
via a stochastic gradient oracle g;, and that when we query this oracle with model =z, it
returns an independent unbiased estimator to V f;(x) based on some random variable z with
distribution Z (e.g. the index of a mini-batch randomly chosen for backprop). Formally,

E.z[Gi(x, 2)] = Vfi(x), V& € R% (3)

As per the usual setup, we additionally assume the local estimator has bounded variance:
for some constant o > 0,

E.z||gi(z,z) — Vfi(z)||* < 0*, Yz € R™ (4)

We let O denote a set of these oracles {g; }ic[,), and let the oracle class 0,2 denote the class
of all such oracle sets that satisfy these two assumptions.

Data shuffling (¢? and gg). At this point, an analysis with a centralized application
layer would make the additional assumption that all the f; are equal and the g; are identically
distributed: this roughly corresponds to the assumption that the data all comes independently
from a single centralized source. We do not make this assumption, and lacking such an
assumption is what makes an analysis decentralized in the application layer. Still, some
assumption that bounds the f; relative to each other somehow is needed: we now discuss
two such assumptions used in the literature, from which we use the weaker (and more
decentralized) one.

One commonly made assumption (Lian et al., 2017a; Koloskova et al., 2019b,a; Lu and
De Sa, 2020; Tang et al., 2018a) in decentralized training is

UV - V@) <62, Ve e B )
=1

1. There are many valid stopping criteria. We adopt e-stationary point as the success signal. E||V f(£)||* < €2
is another commonly used criterion; we adopt the non-squared one following (Carmon et al., 2019). Other
criterions regarding stationary points can be converted to hold in our theory.
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for some constant ¢, which is said to bound the “outer variance” among workers. This is
often unreasonable, as it suggests the local datasets on workers must have close distribution:
in practice, ensuring this often requires some sort of shuffling or common centralized data
source. We do not assume (5) but instead adopt the much weaker assumption

SV - VO < (©
i=1

for constant ¢y > 0.2 This assumption only requires a bound at point 0, which is, to the
best of our knowledge, the weakest assumption of this type used in the literature (Tang
et al., 2018b; Zhang and You, 2019¢). Requiring such a weak assumption allows workers to
(potentially) sample from different distributions or vary largely in their loss functions (e.g.
in a federated learning environment).

3.2 Protocol Layer

Protocol-layer assumptions comprise constraints on the parallel learning algorithm itself, and
especially on the way that the several workers communicate to approach consensus.

Algorithm class (B). We consider algorithms A that divide training into multiple
iterations, and between two adjacent iterations, there must be a synchronization process
among workers (e.g. a barrier) such that they start each iteration simultaneously.® Each
worker running A has a local copy of the model, and we let x;; € R? denote this model on
worker 7 at iteration t. We assume without loss of generality that A initializes each local
model at zero: xo; = 0 for all 7. At each iteration, each worker makes at most B queries to
its gradient oracle g;, for some constant B € NT, and then uses the resulting gradients to
update its model. We do not make any explicit rules for output and allow the output of the
algorithm &; at the end of iteration ¢ (the model that A would output if it were stopped at
iteration t) to be any linear combination of all the local models, i.e.

&y € span({z,;}jen) = {271 ¢z [ ¢ € R} (7)

Beyond these basic properties, we further require A to satisfy the following “zero-respecting”
property from Carmon et al. (2017). Specifically, if z is any vector worker i queries its
gradient oracle with at iteration ¢, then for any k € [d], if e;—z # 0, then there exists a s <t
and a j € [n] such that either j =i or j is a neighbor of ¢ in the network connectivity graph
G (ie. (i,5) € {(i,i)} UG) and (e} s ;) # 0. More informally, the worker will not query
its gradient oracle with a nonzero value for some weight unless that weight was already
nonzero in the model state of the worker or one of its neighbors at some point in the past.
Similarly, for any k € [d], if (€] @¢+1,;) # 0, then either there exists an s < ¢ and j such that
(i,7) € {(i,i)} UG and (e} x5 ;) # 0, or one of the gradient oracle’s outputs v on worker
1 at iteration t has e;—'v = 0. Informally, a worker’s model will not have a nonzero weight

unless either (1) that weight was nonzero on that worker or one of its neighbors at a previous

2. As we only use ¢y for upper bounds, not lower bounds, we do not define a “class” that depends on this
parameter.

3. We consider synchronous algorithms only here for simplicity of presentation; further discussion of extension
to asynchronous algorithms is included in the supplementary material.
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iteration, or (2) the corresponding entry in one of the gradients the worker sampled at that
iteration was nonzero.

Intuitively, we are requiring that algorithm A will not modify those coordinates that
remain zero in all previous oracle outputs and neighboring models.* This lets A use a
wide space of accessible information in communication and allows our class to cover first-
order methods including SGD (Ghadimi and Lan, 2013), Momentum SGD (Nesterov, 1983),
Adam (Kingma and Ba, 2014), RMSProp (Tieleman and Hinton, 2012), Adagrad (Ward
et al., 2018), and AdaDelta (Zeiler, 2012). We let algorithm class Ap denote the set of all
algorithms A that satisfy these assumptions.

So far our assumptions in this layer cover both centralized and decentralized protocols.
Decentralized protocols, however, must satisfy the additional assumption that they commu-
nicate via gossip (see Section 2) (Boyd et al., 2005, 2006). A single step of gossip protocol
can be expressed as

Zti Zje,/\/’i Y. ; Wi, Vi € [n] (8)

for some constant doubly stochastic matrix W € R™*" called the communication matriz
and y and z are the input and output of the gossip communication step, respectively. The
essence of a single Gossip step is to take weighted average over the neighborhood specified
by a fixed matrix. To simplify later discussion, we further define the gossip matrix class W,
as the set of all matrices W € R"*", where W is doubly stochastic and W; # 0 only if
(1,7) € G. We call every W € W, a gossip matrix and we use A = max{|Az2|, |\n|} € [0,1) to
denote its general second-largest eigenvalue, where \; denotes the i-th largest eigenvalue of
W. We let gossip algorithm class Ap w denote the set of all algorithms A € Ap that only
communicate via gossip using a single matrix W € W,,. It trivially holds that Ap w C Ap.

3.3 Topology Layer

Topology-layer assumptions comprise constraints on how workers are connected topologically.
We let the graph class G, p denote the class of graphs G connecting n workers (vertices)
with diameter D, where diameter of a graph measures the maximum distance between two
arbitrary vertices (so 1 < D <mn —1). A centralized analysis here typically will also require
that G be either complete or complete-bipartite (with parameter servers and workers as the
two parts): lacking this requirement and allowing arbitrary graphs is what makes an analysis
decentralized in the topology layer.

3.4 Complexity Measures

Now that we have defined the classes we are interested in, we can use them to define the
complexity measures we will bound in our theoretical results. Given a loss function f € Fa r,
a set of underlying oracles O € O,2, a graph G € G, p, and an algorithm A € Ap, let
5324 J0:C denote the output of algorithm A at the end of iteration ¢ under this setting. Then

4. On the other hand, it is possible to even drop the zero-respecting requirement and extend A to all the
deterministic (not in the sense of sampling but the actual executions) algorithms. At a cost, we would
need the function class to follow an “orthogonal invariant” property, and the model dimension needs to
be large enough. We leave this discussion to the appendix.
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the iteration complexity of A solving f under O and G is defined as
T.(A, f,0,G) = min {t eN ‘ E HVf(:sz’f’O’G)H < e} ,

that is, the least number of iterations required by A to find a e-stationary-in-expectation
point of f.

4. Lower Bound

Given the setup in Section 3, we can now present and discuss our lower bound on the iteration
complexity. Note that in the formulation of protocol layer, the algorithm class Ap only
specifies the information available for each worker, and thus Ap covers both centralization
and decentralization in the protocol layer. Here, we show our lower bound in two parts: first
a general bound where an arbitrary protocol that follows Apg is allowed, and then a corollary
bound for the case where only decentralized protocol is allowed.

4.1 Lower Bound for Arbitrary Protocol

We start from the general bound. We expect this lower bound to show given arbitrary setting
(functions, oracles and graph), the smallest iteration complexity we could obtain from Ap,
ie.

inf sup sup sup T.(4,f,0,G), 9)
A€Ap feFa,L O€0, 2 GEG, D

it suffices to construct a hard instance containing a loss function f € Fa,L, a graph G e Gn.D
and a set of oracles O € O,2 and obtain a valid lower bound on inf 4¢ 4, Tc(A, f .0, G’) since
Equation (9) is always lower bounded by inf g4c 4, T:(A, f,0, é)

For the construction, we follow the idea of probabilistic zero-chain model Carmon et al.
(2017, 2019); Arjevani et al. (2019); Zhou and Gu (2019), which is a special loss function
where adjacent coordinates are closely dependent on each other like a “chain.” Our main
idea is to use this function as f and split this chain onto different workers. Then the workers
must conduct a sufficient number of optimization steps and rounds of communication to
make progress.” From this, we obtain the following lower bound.

Theorem 1 For function class Far,, oracle class O,2 and graph class G, p defined with
anyA>0,L>0,neNt De{l,2,...,n—1}, 0 >0, and B € NT, there exists f € Fa 1,
O € O,2, and G € Gy, p, such that no matter what A € Ap is used, T.(A, f, 0, G) will always

be lower bounded by
ALo? ALD
Ql ——+——1. 1

(nBe4 ta ) (10)

Dependency on the parameters. The bound in Theorem 1 consists of a sample
complexity term, which is the dominant one for small €, and a communication complexity
term. We can see the increase of query budget B will only reduce the sample complexity.
On the other hand, as the diameter D of a graph will generally increase as the number of

5. For brevity, we leave details in the supplementary material.
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vertices m increases, we can observe a trade-off between two terms when the system scales up:
when more workers join the system, the communication complexity will gradually become
the dominant term.

Consistency with the literature. Theorem 1 is tightly aligned with the state-of-
the-art bounds in many settings. With n = B = D = 1, we recover the tight bound for
sequential stochastic non-convex optimization ©(ALo?e~*) as shown in Arjevani et al. (2019).
With ¢ = 0,D = 1, we recover the tight bound for sequential non-stochastic non-convex
optimization ©(ALe 2) as shown in Carmon et al. (2019). With B = 1, D = 1, we recover
the tight bound for centralized training ©(ALc?(ne*)~!) given in Li et al. (2014b).

Improvement upon previous results. Previous works like Seaman et al. (2017);
Scaman et al. (2018) provide similar lower bounds in a convex setting which relates to the
diameter. However, these results treat D as a fixed value, i.e., D = n— 1, and thus makes the
bound to be only tight on linear graph. By comparison, Theorem 1 allows D to be chosen
independently to n.

4.2 Lower Bound for Decentralized Protocol

The bound in Theorem 1 holds for both centralized and decentralized protocols. A natural
question is: How would the lower bound adapt if the protocol is restricted to be decentralized?
i.e., the quantity of

inf sup sup sup T (A, f,0,G),
AeApw fe€Fa,L OO0 2 GeEGy D

we can extend the lower bound to Gossip in the following corollary.

Corollary 2 For every A >0, L >0, n € {2,3,4,---}, 0 >0, and B € N, there exists a
loss function f € Fa 1, a set of underlying oracles O € O,2, a gossip matric W € W, with
second largest eigenvalue being A = cos(m/n), and a graph G € G, p, such that no matter
what A € Apw is used, T.(A, f,0,G) will always be lower bounded by

Q AL02+ AL ()
nBet 21— )\/)

Gap in the existing algorithms. Comparing this lower bound with many state-of-the-art
decentralized algorithms (Table 2), we can see they match on the sample complexity but
leave a gap on the communication complexity. In many cases, the spectral gap significantly
depends on the number of workers n and thus can be arbitrarily large. For example, when
the graph G is a cycle graph or a linear graph, the gap of those baselines can increase by up
to O(n%) Brooks et al. (2011); Gerencsér (2011)!

Extended Discussion on the Graph Type. Notice that in Corollary 2, the lower
bound holds on the linear graph, which follows our definition since the we need to choose the
"hardest" graph from the class. In a recent work (Yuan et al., 2022), the authors discuss
leveraging the Ring-Lattice graph to admit general weight matrices (A € [0, cos(m/n)]) while
maintaining the optimal relation between the graph diameter and weight matrix connectivity.

10
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Algorithm 1 Decentralized Stochastic Gradient Descent with Factorized Consensus Matrices
(DeFacto) on worker ¢

Input: initialized model @ ;, a copy of model &g ; < ¢, gradient buffer g = 0, step size {a }r>0,
a sequence of communication matrices {W, }1<,<g of size R, number of iterations 7", neighbor

list \V;
1: fort=0,1,--- ;T —1do
2: k « [t/2R].
3: r < t mod 2R.
4: if 0 <r < R then
5: Spend all B oracle budgets to compute stochastic gradient g at point x;, ; and accumulate
it to gradient buffer: g < g+ g.
6: else
7 Update model copy with the r-th matrix in {W, }1<,<r:
Ty, Z x j (Wi (12)
JEN;U{i}
8: end if
9: if r=2R —1 then
10: Update Model: @11, < &1+1,, — axg/R.
11: Reinitialize gradient buffer: g < 0.
12: Copy the current model: 41, ¢ Ty,
13: end if
14: end for

. » = 15" .
15: return & = - > " @7

5. DeFacto: Optimal Complexity in Theory

In the previous section we show the existing algorithms have a gap compared to the lower
bound. This gap could indicate the algorithms are suboptimal, but it could also be explained
by our lower bound being loose. In this section we answer this by proposing DeFacto, an
example algorithm showing the lower bound is achievable, which verifies the tightness of our
lower bound—showing that (10) would hold with equality and ©(-), not just £(-).

We start with the following insight on the theoretical gap: the goal of communication is
to let all the workers obtain information from neighbors. Ideally, the workers would, at each
iteration, perform (8) with W* = 1,,1,) /n, where 1,, is the n-dimensional all-one vector.
We call this matrix the Average Consensus matrix. The Average Consensus is statistically
equivalent to centralized communication (All-Reduce operation). However, due to the graph
constraints, we can not use this W* unless workers are fully connected; instead, a general
method is to repeatedly apply a sequence communication matrices in consecutive iterations
and let workers achieve or approach the Average Consensus. Previous work uses Gossip
matrix W and expect Hle W 2 1,1, /n for some R. This R is known to be proportional to
the mixing time of the Markov Chain W defines Lu et al. (2020); Lu and De Sa (2020), which
is related to the inverse of its spectral gap Levin and Peres (2017). This limits convergence
depending on the spectrum of the W chosen. The natural question to ask here is: can we do
better? What are the limits of how fast we can reach average consensus on a connectivity
graph GG7 This question is answered by the following lemma.

11
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Algorithm 2 Decentralized Stochastic Gradient Tracking with By-Phase Accelerated Gossip
(DeTAG) on worker i

Input: initialized model ¢ ;, a copy of model ®¢; < x, gradient tracker y ;, gradient buffer
9(0) = 9(—1) = 0, step size {ay }r>0, a gossip matrix W, number of iterations T, neighbor list N;
1: fort=0,1,---,T—1do
2 k<« [t/R].
3: r < t mod R.
4 Perform the r-th step in Accelerated Gossip:

ii‘tJrlﬂ‘ < AG((Z't,i, W,M, Z) (13)
Y11, < AG(yt,m W, N;, i) (14)
5: Spend all B oracle budgets to compute stochastic gradient g at point ) ; and accumulate it

to gradient buffer: g,y < g + /R
6: if r=R—1 then

7: Update gradient tracker and model:
Tyl < Teyli — OkY; (15)
Y1 S Yo T 9w —9k-1) (16)
8: Reinitialize gradient buffer: g,_;) < g(;) and then g < 0.
9: Copy the current model: ®;41; ¢ T¢11,-
10: end if
11: end for

. $— 13§ )
12: return & = - > " X7

Algorithm 3 Accelerated Gossip (AG) with R steps
Input: zg;, W, N, i
1 z14 < 204
1-v1-)2

T
forr=0,1,2,--- , R—1do

Zri1i < (141) ZjeMU{i} 2rjWji =121,
end for

return zpg;

Lemma 3 For any G € G, p, let Wg denote the set of n X n matrices such that for all
W e Wg, Wi =0 if edge (i,7) does not appear in G. There exists a sequence of R matrices
{W, }reir) that belongs to Wg such that R € {D,D +1,--- ,2D} and

Ll _ gy
n

Wgr AWpg o -Wg=

Lemma 3 is a classic result in the literature of graph theory. The formal proof and detailed
methods to identify these matrices can be found in many previous works Georgopoulos
(2011); Ko (2010); Hendrickx et al. (2014). Here we treat this as a black box procedure.%
Lemma 3 shows that we can achieve the exact average consensus by factorizing the
matrix 1n1,TL /n, and we can obtain the factors from a preprocessing step. From here, the
path to obtain an optimal rate becomes clear: starting from ¢ = 0, workers first spend

6. We cover specific algorithms and details in the supplementary.
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R iterations only computing stochastic gradients and then another R iterations to reach
consensus communicating via factors from Lemma 3; they then repeat this process until a
stationary point is found. We call this algorithm DeFacto (Algorithm 1).

DeFacto is statistically equivalent to centralized SGD operating T'/2R iterations with
a mini-batch size of BR. It can be easily verified that DeFacto holds membership in Ap.
A straightforward analysis gives the convergence rate of DeFacto shown in the following
Theorem.

Theorem 4 Let Ay denote Algorithm 1. For Fa 1, Oy2 and G, p defined with any A > 0,
L>0,neN" De{l,2,....,.n—1}, 0 >0, and B € N*, the convergence rate of A;

running on any loss function f € Fa r, any graph G € G, p, and any oracles O € O, is
bounded by

ALo?> ALD

T.(A 0,G)<0 — . 17
e( 17f7 ) )— <71B64+ €2 > ( )
Comparing Theorem 1 and Theorem 4, DeFacto achieves the optimal rate asymptotically.

This shows that our lower bound in Theorem 1 is tight.

6. DeTAG: Optimal Complexity in Practice

In previous section, we propose DeFacto that achieves the lower bound. Despite its optimality,
the design of DeFacto is unsatisfying in three aspects: (1) It compromises the throughput”
by a factor of two because in each iteration, a worker either communicates with neighbors or
computes gradients but not both. This fails to overlap communication and computation and
creates extra idle time for the workers. (2) It needs to iterate over all the factor matrices
before it can query the gradient oracle at subsequent parameters. When diameter D increases,
the total time to finish such round will increase proportionally. (3) DeFacto works with
decentralized data and arbitrary graph, achieving decentralization in both application and
topology layers. However, the matrices used in Lemma 3 are not Gossip matrices as defined
in W, and thus it fails to be decentralized in the protocol-layer sense.

6.1 Towards Optimality with Three-Layer Decentralization

To address the limitations of DeFacto, a natural idea is to replace all the factor matrices
in Lemma 3 with a gossip matrix W. The new algorithm after this mild modification is
statistically equivalent to a D-PSGD variant: every R iterations, it updates the model the
same as one iteration in D-PSGD with a mini-batch size of BR and communicate with a
matrix W’ whose second largest eigenvalue X' = A%, with T'/R iterations in total. However,
even with arbitrarily large R, the communication complexity in this “updated D-PSGD?” is
still O(ALnge™2) (Table 2), leaving an O(ns) gap compared to our lower bound.

To close this gap, we adopt two additional techniques:® one is a gradient tracker y
that is used as reference capturing gradient difference in the neighborhood; the other is
using acceleration in gossip as specified in Algorithm 3. Modifying DeFacto results in
Algorithm 2, which we call DeTAG. DeTAG works as follows: it divides the total number of

7. The number of stochastic gradients computed per iteration.
8. Note that neither of these techniques is our original design, and we do not take credit for them. Our
main contribution here is to prove their combination leads to optimal complexity.
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iterations T" into several phases where each phase contains R iterations. In each iteration,
the communication process calls Accelerated Gossip to update a model replica & and the
gradient tracker (line 4) while the computation process constantly computes gradients at the
same point (line 5). At the end of each phase, model , its replica & and gradient tracker
y are updated in line 7-10 and then DeTAG steps into the next phase. Aside from the
two additional techniques, the main difference between DeTAG and DeFacto is that the
communication matrix in DeTAG is a fixed gossip matrix W, which allows DeTAG to benefit
from decentralization in the protocol layer as well as to adopt arbitrary R > 1 in practice
(allowing R to be tuned independently of G).

Improvement on design compared to baselines. Comparing with other baselines
in Table 2, the design of DeTAG improves in the sense that (1) It removes the dependency
on the outer variance s. (2) It drops the requirement? on the gossip matrix assumed in
Tang et al. (2018b). (3) The baseline DSGT Zhang and You (2019¢) and GT-DSGD Xin
et al. (2021b) can be seen as special cases of taking R = 1 and n = 0 in DeTAG. That
implies in practice, a well tuned DeTAG can never perform worse than the baseline DSGT
or GT-DSGD.

The convergence rate of DeTAG is given in the following theorem.

Theorem 5 For Fa r, O, and G, p defined with any A >0, L >0, n € NT, X\ € [0,1),
o >0, and B € N1, under the assumption of Equation (6), if we adopt a non-increasing step
size scheme {ay >0 that fulfills
1— 2
g < L7

- 32L
the convergence rate of Algorithm 2 running on any loss function f € Fa r, any graph
G € Gn.p, and any oracles O € O,2 is bounded by

T/R-1
—_— 2
> aE|Vf(Xy)]|
k=0
T/R-1 T/R—1 T/R—1
(72L p2043L2T§2 p40_2L2 0_2L2

<O A 2 0 0 3 3 ’
= t BR kz_:oak+(1—p)3R+(l—p)3BR kz_gak+nBR kZ_Oak

where p = (1 — 11— )\)R.
Based on Theorem 5, the optimality statement is then given in the following corollary.

Corollary 6 Let As denote Algorithm 2. Based on Theorem 5, if we set the phase length R

to be
max <% log(n), 3 log (%))
1—X

R=

9

and set step size to be a constant o with
1

2 2 2 1
[ 2TL  PPL3GTS | 3L
BR*nA " piaz(1—p) @ (17P)°
9. Tang et al. (2018b) requires the gossip matrix to be symmetric and its smallest eigenvalue is lower
bounded by —%.

o =
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where p = (1 — 11— /\)R, the convergence rate of Ay running on any loss function f € Fa 1,
any graph G € Gy, p, and any oracles O € O,z is bounded by

son

ALc2 . ALlog (n—i— F)
nBet €2/1 —

Comparing Theorem 1 and Corollary 6, DeTAG achieves the optimal complexity with

TE(A27 fv 07 G) < )

only a logarithm gap.

Improvement on complexity. Revisiting Table 2, we can see the main improvement
of DeTAG’s complexity is in the two terms on communication complexity: (1) DeTAG only
depends on the outer variance term ¢y inside a log, and (2) It reduces the dependency on the
spectral gap 1 — A to the lower bound of square root, as shown in Corollary 2.

Understanding the phase length R. In DeTAG, the phase length R is a tunable
parameter. Theorem 5 provides a suggested value for R. Intuitively, the value of R
captures the level of consensus of workers should reach before they step into the next phase.
Theoretically, we observe R is closely correlated to the mixing time of W: if we do not use

acceleration in Gossip, then R will become O ( >\> which is exactly the upper bound on
the mixing time of the Markov Chain W defines Levin and Peres (2017).

6.2 DeTAG with Momentum

In previous subsection, we show a plain version of DeTAG, where only SGD and constant
step size are used, is sufficient to achieve the theoretical lower bound. In this section, we
discuss a variant of DeTAG as specified in Algorithm 4 where momentum is used.

Comparing Algorithm 2 and 4, the main difference is in the update of model parameters
at the end of phase — Algorithm 4 now used the momentum buffer instead of the stochastic
gradient itself to update the gradient tracker. Comparing this design to previous decentralized
algorithms with momentum such as (Yu et al., 2019), the gradient tracker eliminates the
requirement on communicating the momentum buffer. The convergence rate of Algorithm 4
is given in the following theorem:.

Theorem 7 Let Ay denote Algorithm 4. If in Ay, we set the phase length R to be
1 1 T
max (5 log(n), 5 log (H))
VI=X ’
82

set the momentum parameter 15 < 4 where ¥ is a constant and set step size to be a constant

a with
2 2
\/WJF pSL3GTS | 320144)L
(=B2BR*nA " g8 piata_, | (-B)2(1-p)?

where p = (1 —V1- /\) , the convergence rate of Ay running on any loss function f € Fa r,
any graph G € G, p, and any oracles O € O,z is bounded by

ALo2 ALlog(n+ gO")
B (1= ge

R=

o =

Te(A4, ,0,G) <O

i
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Algorithm 4 DeTAG with Momentum Acceleration (DeTAGM) on worker ¢

Input: initialized model ¢ ;, a copy of model ®¢; - xo, gradient tracker y ;, gradient buffer
9o = 0, momentum buffer v(p) = v(—1) = 0, momentum constant B, step size {a x>0, & gossip
matrix W, number of iterations T, neighbor list A;

1: fort=0,1,---,T—1do
2 k<« |t/R].
3: r <t mod R.
4 Perform the r-th step in Accelerated Gossip:
i1 — AG(Ze, W N, 0) (18)
Yir1, & AG(yt,iv W, N, i) (19)
5: Spend all B oracle budgets to compute stochastic gradient g at point ) ; and accumulate it

to gradient buffer: gy < g() + /R

6: if r= R —1 then
7 Update gradient tracker, model and momentum buffer:
Vkr1) = BOGm) T G (20)
Tit1, ¢ Teg1,i — Y, (21)
Yir1i < Yegp1 T V%) — V(k-1) (22)
8: Reinitialize gradient buffer: g,_y) < g(;) and then g < 0.
9: Copy the current model: ®;41; ¢ T¢11,-
10: end if
11: end for

. = 1 n .
12: return & = = " a7,

Comparison with Related Algorithms. From Theorem 7 we observe that momentum-
enabled DeTAG has an additional factor (1 — 3) only on the non-dominant term O(e2).
This dependency is better than the one shown in (Yu et al., 2019). On the other hand,
Algorithm 4 (DeTAGM) improves upon the recent state-of-the-art decentralized momentum
SGD (Lin et al., 2021) in three aspects: (1) DeTAGM obtains the same convergence guarantee
without averaging the momentum buffer, this suggests the usage of gradient tracker implicitly
makes all the workers reach consensus on the momentum buffer. (2) DeTAGM gives a
better dependency on the spectral gap, improving it from 1 — A (as shown in (Lin et al.,
2021) Theorem 3.1) to /1 — A. (3) DeTAGM allows a more relaxed condition on §. More
concretely, Lin et al. (2021) requires 5/(1 — 8) < (1 — X)/21 which does not allow the
to be chosen freely with respect to the mixing matrix. In contrast, DeTAGM only requires
B%/(1 — B) <4 with a constant 7.

7. Experiments

In this section we empirically evaluate DeTAG and baseline algorithms!?: D-PSGD Lian
et al. (2017a), D? Tang et al. (2018b), DSGT Zhang and You (2019c) and DeTAG. Note
that GT-DSGD Xin et al. (2021b) and DSGT Zhang and You (2019c¢) are essentially the
same algorithm so we omit the comparison to GT-DSGD. Also note that SGP Assran et al.

10. Since DeFacto is a only a "motivation" algorithm and in practice we observe it performs bad, we do not
include the discussion of that.
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Figure 2: Fine tuned results of training LeNet on CIFAR10 with different shuffling strategies.

(2019) reduces to D-PSGD for symmetric mixing matrices in undirected graphs. As shown
in Table 2, the main improvement of DeTAG are on the two parameters outer variance ¢y
and spectral gap 1 — A. In Subsection 7.1, we train LeNet and Resnet20 on CIFAR10/100
under different values of ¢y and 1 — A. We use 8-GPU ring graph there and uses each GPU
as an individual worker. Subsequently, in Subsection 7.2, we extend the system to a 32-GPU
ring graph and train Resnet18 on ImageNet. We propose a new variant of DeTAG, DeTAG*,
that allows larger-batch training in data centers. Hyperparameters can be found in the
supplementary material.

7.1 Validation on Theory

Convergence over different outer variance. In the first experiments, we investigate
the correlation between convergence speed and the outer variance (o). We train LeNet on
CIFARI10 using 8 workers, which is a standard benchmark experiment in the decentralized
data environment Tang et al. (2018b); Zhang and You (2019¢). To create the decentralized
data, we first sort all the data points based on its labels, shuffle the first X% data points
and then evenly split to different workers. The X controls the degree of decentralization, we
test X = 0,25,50,100 and plot the results in Figure 2.
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Figure 3: Fine tuned results of training Resnet20 on CIFAR100 with different spectral gaps.

4 —— D-PSGD . gg
D2 ®
23 —— DSGT 5
o 70
= —— DeTAG* &
c
:Ez 860 — D-PSGD
g >
1 § —— DSGT
—— DeTAG*
0 50000 100000 150000 200000 405 50000 100000 150000 200000

Rounds

Rounds

Figure 4: Results of Resnet18 on Imagenet among different algorithms.

We can see in Figure 2(a) when the dataset is fully shuffled, all the algorithms converge at
similar speed while D-PSGD converges a little slower than other variance reduced algorithms.
From Figure 2(b) to Figure 2(d) we can see when we shuffle less portion of the dataset, i.e.,
the dataset becomes more decentralized, D-PSGD fails to converge even with fine-tuned
hyperparameter. Meanwhile, among D?, DSGT and DeTAG, we can see DeTAG converges
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Figure 5: We compare DeTAG with hyperparameter R and its naive version — single round
with R times large mini-batch size. The difference between them is that the
former additionally includes R — 1 Gossip rounds. We show from this experiment
that multi-rounds Gossip helps enabling larger-batch training, which is critical in
data-center-scale model training.

the fastest. When dataset becomes more decentralized, DSGT seems to receive more stable
performance than D?.

Convergence over different spectral gaps. In the second experiments, we proceed to
explore the relation between convergence speed and spectral gap 1 — A of the gossip matrix
W. We use 16 workers connected with a Ring graph to train Resnet20 on CIFAR100, and
we generate a Wy on such graph using Metropolis method. Then we adopt the slack matrix
method to modify the spectral gap Lu et al. (2020): W, = kW + (1 — k)I, where k is a
control parameter. We test k = 1,0.1,0.05,0.01 and plot the results in Figure 3. We can see
with different x, DeTAG is able to achieve faster convergence compared to baselines. When
the network becomes sparse, i.e., k decreases, DeTAG enjoys more robust convergence.

7.2 DeTAG*: Practical Version of DeTAG in Data-Center-Scale Model
Training

In previous sections, our theory indicates that under the same oracle and communication
budget, simply rearranging the communication rounds allows us to achieve optimality on
iteration complexity. Such a strategy not only benefits statistically, but also provides
significant flexibility in system optimization. One obvious optimization is parallelism:
since now gradients are computed consecutively on the same model parameters, the back
propagation across multiple oracle queries can be carried out in parallel; with the same
rationale, messages sent in different communication rounds can now share the same connection
— reducing fixed costs of initializing a new round.

Motivated by these insights, in this section we evaluate another variant of DeTAG —
instead of overlapping the oracle queries and communication rounds, we now let them operate
separately. Concretely, in Algorithm 2, the communication is performed on a stale version
of model parameters &; now we let it communicate over . Note that this does not require
additional gradient oracles or communication rounds, only reordering them. We call this
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variant DeTAG* and compare this simple variant with other baselines in a large-scale setting.
We use 32 GPUs with a Ring graph to train Resnet18 on Imagenet!!. We plot the results
in Figure 4 where we use R =4 and n = 0 for DeTAG*. We can see DeTAG* consistently
converges faster compared to other baselines in terms of oracle queries and communication
rounds.

On the other hand, the main idea of DeTAG* seems to be increasing the mini-batch size
via reordering the gradient queries. However, the design of multiple rounds of Gossip also
plays a crucial role. We perform an ablation study in Figure 5, comparing DeTAG* with
naively increasing mini-batch size but not communication rounds with same phase length.
We can see that with multi-round Gossip, DeTAG* generally allows larger-batch training
with less drop on the model accuracy.

8. Conclusion

In this paper, we investigate the tight lower bound on the iteration complexity of decentralized
training. We propose two algorithms, DeFacto and DeTAG, that achieve the lower bound
in terms of different decentralization in a learning system. DeTAG uses Gossip protocol,
and is shown to be empirically competitive to many baseline algorithms, such as D-PSGD.
We additionally study two DeTAG variants — DeTAG with momentum acceleration and
DeTAG*. In the future, we plan to investigate the variants of the complexity bound with
respect to communication that are compressed, asynchronous, etc.
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Supplementary Material

Appendix A. Experimental Details
A.1 Hyperparameter Tuning

In the experiment of training LeNet on CIFAR10, we tune the step size using grid search
inside the following range: {5e-3, le-3, 5e-4, 2.5e-4, le-4, 5e-5}. Note that this range is in
general smaller than the one chosen in Zhang and You (2019c¢), since here we are working
with unshuffled data, and we found original range in baselines causes algorithms to diverge
easily. Following Tang et al. (2018b), we let each run warm up for 10 epochs with step size
le-5. For DeTAG, we further tune the accelerated gossip parameter n within {0, 0.1, 0.2,
0.4} and phase length R within {1, 2, 3}. We fix the momentum term to be 0.9 and weight
decay to be le-4.

In the experiment of training Resnet20 on CIFAR100, we tune the step size using grid
search inside the following range: {0.5, 0.1, 0.05, 0.01, 0.005}. For DeTAG, we further tune
the accelerated gossip parameter 7 within {0, 0.1, 0.2, 0.4} and phase length R within {1, 2,
3}. We fix the momentum term to be 0.9 and weight decay to be 5e-4.

The hyperparameters adopted for each runs are shown in Table 3 and Table 4.

A.2 Techniques of Running DeTAG

We can see in the main loop of DeTAG, several gradient queries are made at the same
point. This essentially is equivalent to a large mini-batch size. In practice, however, we can
modify this to use local-steps and get better empirical results Lin et al. (2018). Another
technique is to use warm-up epochs when data is decentralized. We observe it ensures a
smooth convergence in practice. Last but not least, since at first the noise in the algorithms
is generally large, we can use a dynamic phase length to obtain better results. That is, we
start from phase length 1 for the first few epochs, and let DeTAG follow the special case
of DSGT. Then we can gradually increase the phase length following given policies. The
intuition is that as algorithm converges, we would need less noise from communication, and
thus a longer phase length can benefit.

Table 3: (Initial) Step size « used for each experiments.
Algorithm
D-PSGD D? DSGT DeTAG

100% Shuffled 5e-3 5e-3 5e-3 5e-3
50% Shuffled 5e-5 2.5e-4  2.5e-4 5e-4

Experiment Setting

LeNet/CIFARIO ol o1 iffled  5eo5 led 2504 Bed
0% Shuffled 5e-5 le-4 2.5e-4 5e-4

k=1 0.5 0.5 0.5 0.5

k=01 0.5 0.5 0.5 0.5

Resnet20/CIFAR100 Kk =0.05 0.5 0.5 0.5 0.5
k=001 0.5 0.5 0.5 0.5
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Table 4: DeTAG-specific hyperparameters used for each experiments.

Experiment Setting Accelerate Factor n  Phase Length R
100% Shuffled 0 !
50% Shuffled 0.2 2
LeNet/CIFARIO o 0/ o on o 0.2 2
0% Shuffled 0.2 2
k=1 0 !
k=01 0.2 2
Resnet20/CIFAR100 %= 0.05 0.2 2
k= 0.01 04 2
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Appendix B. Technical Proof
B.1 Proof to Theorem 1

Proof To prove this theorem, it suffices for us to provide two examples, each has a (set of)
loss function f € Fa 1, a set of underlying oracles O € O,2, a graph G € G, p, such that

infaca, Te(A, f, 0, G) is lower bounded by €2 <AL"2> and (2 (AngD) iterations on these two

nBet

nBe? €

examples, respectively. Then we will obtain the final bound as max {Q (ALU2> , € (ALQD )},

ie., Q (%é‘e’f + AELZD ) as desired. For simplicity, we denote 2 as the i-th coordinate of

vector z € R%.

For each setting, our constructions contain three main steps.

(1) The first step is to follow the construction of a zero chain function model Carmon
et al. (2017, 2019). Following Arjevani et al. (2019) and define

prog(z) = max{i > 0|z # 0},vz € R%.
A zero chain function f has the following property:

prog(Vf(z)) < prog(z) + 1,

that means, for a model start from = 0, a single gradient evaluation can only make at
most one more coordinate to be non-zero. The name of "chain" comes from the fact that
the adjacent coordinates are linked like a chain and only if the previous coordinate becomes
non-zero that the current coordinate can become non-zero via a gradient update. Consider a
model with d dimension, if we show that ||V ()| > € for any & € R? with (9 = 0, we will
obtain d as a lower bound on the gradient calls to obtain the e-stationary point. We refer
such sequential lower bound as Tj.

(2) Step two is to construct a graph G € G, p and a set of oracle O € O,2. To do this,
our basic idea is to follow Arjevani et al. (2019) and introduce randomness on the prog(x),
and thus the whole chain only make progress with probability p. As will be shown later, this
requires §2(7p/p) iterations in total.

(3) The third and last step is to rescale the function and distribution so as to make it
belong to the function and oracle classes we consider. In other words, this step is to guarantee
the result is shown in terms of A, L, o, n and D.

We start from a smooth and (potentially) non-convex zero chain function f Carmon et al.
(2019) as defined below:

where for Vz € R

{o z<1/2

U(z) = ,
(2) exp (1—@) z>1/2

d(z) = \/é/ ezt dt.

This function, as shown in previous works Carmon et al. (2019); Arjevani et al. (2019), is
a zero-chain function and thus is generally "hard" to optimize: it costs at least 1" gradient
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evaluations to find a stationary point. We summarize some properties of Equation (23) as
the following (Proof can be found in Lemma 2 in Arjevani et al. (2019)):

1. f(x) —inf, f(x) < AT, Va € RY, where Ag = 12.
2. fis [1-smooth, where [; = 152.
3. Ve € RT, [|[Vf(2)]lso < Goo, Where Goo = 23.

4. Yo € R, if prog(z) < T, then || f()[|s > 1.

(Setting 1) Next we discuss the first setting with lower bound €2 (%ggj) (Setting 1, Step
1) The loss functions are defined as

file) = f(@),

note that 1/n> ", f’l = f It can be seen from Property 2 that all the fl are [1-smooth.
(Setting 1, Step 2) For this setting we consider complete graph. We construct the oracle on
worker ¢ as the following:

@)l = V3di(e) - (1+ 105> prog(e)} (1) )

where z ~ Bernoulli(p). It can be seen that

and from Property 3 we know

z

. . 2
E[gi(2) = Vfi(@)|I* =V proga)+1f () ’E <p - 1)
S||sz'(€13)||?>0(1 —p)

o

S||Vf(36)||20(1—19)
p

Goll=p)

p

(Setting 1, Step 3) Finally we rescale each function as fZ = LA/, fi(x/\) where ) is a
parameter subject to change. For L: note that all f; are l -1y = L-smooth. For the A,

L)\2
Iy

L)\ZAOT

<A (24)

f-f===(f-F=

For the oracle, to be consistent with f;, we rescale it as g;(x) = LA/l1gi(x/)\), and we have

0 (D-va(G) st e

L2)\?
Ellgi(z) - V@) < Z5F
1
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Figure 6: Illustration graph for setting 2 to in the proof of Theorem 1.

We assign A = 2l1¢/L, then Equation (24) and (25) are fulfilled with

A
o {A011(2E)2J ’
p =min{(2G€)?/0? 1}.

Take § = 1/2 in Lemma 8, we have for probability at least 1/2, ||V f(&®)| > € for all
t < m#%. Use Property 4, for any « € RT such that prog(z) < T it holds that

|V f(x)|| > 2, therefore,
E[Vf(&r)] > e

Then with small € it follows that

T-1 ALg?
T.(A > >0 —
6( 7f7O7G) - an(e_l) — (nBe‘l)’

and that completes the proof for setting 1.

(Setting 2) We proceed to the prove second bound €2 (AE#)

(Setting 2 Step 1 & Step 2) We assign all the workers with index from 1 to n, we first
define two indices set

Io={1,--,|lol},
L={nn—-1,--- n—|L|+1}.

where | - | denotes a cardinality of a set. Consider the construction of G in Figure 6:

If D >n—2[n/3]+ 2, then it implies the number of nodes between A and B is larger
than [n/3]. In this case, denote A’ and B’ as a sub linear graph where its number of nodes
is exactly [n/3]. Let all the nodes on the left of A’ be in Iy and all the nodes on the right of
B’ be I} We define all the local functions fz(w) on such graph as following:
when i € I,

A 2n

fi(z) = — n—n/3]

2n i i i i
oy et - v e ),
i=2k,ke{1,2, }i<T

v(1)e(z)
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when ¢ € I,

F 2n . , . ‘
fz(m) = 7[\P(—m(l))@(_m(z+l)) _ \I,(m(z))q>(m(z+1))];
i—2k—1,k§27‘.. }i<T n-— ’Vn/3-|

when i & Iy, I,
filx) = 0.

If D <n—2[n/3]+ 2, the distance between node A and node B is D — 2 and the sub
linear graph whose end points are A and B contains D — 1 nodes. We let the number of
nodes on the left of A be ["‘TDH], we denote the set of indices of all such nodes as Iyp; and
then we let the number of nodes on the right of B be LWTD“J, we denote the set of indices
of all such nodes as I7. Since D < n — 2[n/3| + 2, this implies |Iy|,|I1| > n/3. We define all

the local functions on such graph as following:

when i € I,
filz) = - 0 (1)d(D)
| o]
+ 3 Ve e () — () et ),
1=2k,ke{1,2,-- }i<T 0
when i € I,
fil) = > TP ) — (@)Dl

1=2k—1,ke{1,2,- },i<T ’Il‘

when ¢ & Iy, I,

filx) = 0.

In both cases discussed based on D, we can see that f(x) = s, fi(x), and we are
splitting hard zero-chain function into two main different part: the even components of the
chain and the odd components of the chain. It is easy to see that for the zero chain function
to make progress, it takes at least [n/3], i.e., (D) number of iterations in the first case
(since here D = A4n for some 4 > 1/3) and D number of iterations in the seconds case. Then
the total number of iterations is lower bounded by Q(7'D).

For the oracle, we let oracle on worker ¢ as
[9:(@)]; = V; fil=).

(Setting 2, Step 3) The last step is to rescale the parameters. Compared to setting 1, we
know here all the f; are 3l;-smooth, as before we let

L)\? . (w) 6l1e

fi(zm) = Tllfi B A=—

L
For the A bound we have

LX2AgT /311 < A
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to fulfill this it suffices to set

It also can be seen that f is L-smooth. So in this setting,

T.(A, f,0,G) > Q(TD) = Q (ALD> .

€2

Combining Setting 1 and 2 we complete the proof. |

Lemma 8 In setting 1 in the proof of Theorem 1, with probability at least 1 -0, |V f(x)]| > €

T+log(é
fO'f' all t S Wm

Proof Define a filtration at iteration ¢ as the sigma field of all the previous events happened

(®)

before iteration t. Let ig-t) = prog(x;;),Vj € [n] and i) = max; i;’. And we denote

£(tm.) a5 the event of the i%) 4+ 1-th coordinate of output of j-th query on worker
m at iteration ¢ is non-zero. Based on the independent sampling, these events are
independent. Thus we know:

PitHD — i =1y =p | | J EIUO| < > P [5<tﬂ¥j>|u(t>] < min{nBp, 1}.

i€[n] i€[n],j<B
Jj<B

Let ¢ = ¢+D — (") with Chernoff bound, we obtain
Pl® > 7] = PleZi=09” > 7] < e TE[eXi=04"].

For the expectation term we know that
E[e q(]) HE [ q(]) } < (1 —min{nBp, 1} + min{nBp, 1}e)" < emin{nBp,1}t(e—1),

Thus we know

]P)[Z(t) > T] < e(e—l)min{an,l}t—T < 5’

T+log(d) m

for every t < min{nBp,1}(e—1)"
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B.2 Proof to Corollary 2

Proof Different from Theorem 5, in this corollary we do not choose D and n separately, so
that our construction can just use the linear graph as follows:

(Linear graph, Step 1) We first let |Iy| = |I1| = [n/3] in the proof of Theorem 1, meaning
Iy denotes the first [n/3] workers and I; denotes the last [n/3] workers. We define all the
local functions f;(z) as following:

when i € I,
() = — — ey
filw) = = e W)@ ()
=2k k€{1,2, },i<T [n/3]
when ¢ € I,
fz(w) = Z n [\IJ(—w(l))(I)(—w(lJrl)) _ \I,(m(l))q)(w(z+1))]7

[n/3]

1=2k—1,ke{1,2,- },i<T

when i & Iy, I,
fi(z) = 0.

We can see that f(z) = * Yoy fi(x). (Linear graph, Step 2) We consider linear graph in

n
this setting and from one end to the other, the worker’s index is 1 to n, without the loss

of generality. It is easy to see that for the zero chain function to make progress, it takes at
least n — 2[n/3] + 1 number of iterations. Note that in linear graph n — 1 = D, the total
number of iterations is at least

Q(TD).
For the oracle, we let oracle on worker ¢ as
[9:(@)]; =V, fil=)

(Linear graph, Step 3) The last step is to rescale the parameters. Compared to setting 1, we
know here all the f; are 3l1-smooth, as before we let

L)\ . (m) 6l1€e

L
For the A bound we have
LX2AGT /31, < A,

to fulfill this it suffices to set
AL
T=|—r0w-—-—].
\‘Aoll(l%)?J
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It also can be seen that f is L-smooth. So in this setting,

T.(A, f,0,G) > Q(TD) > Q (ALD> .

€

Given the bound, we use two additional results on linear graph as Berthier et al. (2020): the
random walk matrix W, on linear graph with A fulfilling

Then we can rewrite the lower bound in the form of A as shown in Corollary 2.
Finally, using the conclusion of A = cos(w/n) for n € {2,3,---,} on linear graph we
complete the proof.
|

B.3 Proof to Theorem 4

Proof As (partially) discussed in the paper, DeFacto is statistically equivalent to centralized
SGD. Specifically, it conduct K = T'/2R gradient steps where each step contains a mini-batch
of R at the point of x;,Vi € [n]. Take the well-known convergence rate for centralized SGD:

T-1

1 ALc AL
Y IVI@IP <0 +).
T 2 V@) < (\/W T

The convergence rate of DeFacto can be expressed as:

= Vi#)* <0 + + +
T;H f@I < vnBK K vnBT T vnBT T

then we obtain for DeFacto, when T' = O(ALo?(nBe*)™! + ALDe™2),

ALco ALD
i 2)|? < <
{mnTilEHVf(w)H _\/O<m+ T ) <k,

that completes the proof. |

T <AL0/\/E AL) o( ALo ALR) o( ALo ALD)

t=0,1,---, =4

min  E[V/ (@) < V

B.4 Proof to Theorem 5

Proof In this proof, we adopt an updated version of notation: we denote at the beginning
of phase k (k > 0), the three quantities of interests are X, Y and G, and the update
rule becomes (for any k > 0 with G_,1=0 by convention and Xy =0, Yy =0 and Go=0
following initialization):

Yk_|_1 = M(Yk + ék - ék—l)v
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X1 = M(Xy — oY),
with

Gry1 = [Vfl(wa% e 7an(mk,n):| e R,
Gk-‘rl = [vfl (mk71)’ o ,an(mk,n)] S Ran,
Xp =[wp1, -, Tpn] € R,
Yk: = [yk,D o 7yk,n] € RdXTL’
where V ﬁ denotes the stochastic gradient oracle on worker ¢, and V f; denotes the full
gradient oracle on worker i. We use X denote X % for any matrix X with appropriate
shape. We use \;(W) to denote the i-th general largest eigenvalue of matrix W. Under such

notation, A in the main paper is equavilent to A2(W'). We use M(+) to denote the R-step
accelerated gossip which has the following property Liu and Morse (2011):

— — 1 1
IM(X) = X < ol X - Xi MX)> =X, (26)

R
where p = (1 — 11— )\Q(W)) . The proof to the statement of Equation (26) can be found
in Ye et al. (2020).

For the stochastic oracle, based on the oracle class assumption, we have
E||Vfi(z) - Vfi(@)|* < o?,

and we denote 2 = 5—2 as the variance of mini-batch of B - R.
First, from the update rule of DeTAG,

k—1

_ ~ ~ ]_ _ - - — - = =
Yip=MYj-1+Gp-1— G’“*Q)ﬁ =Y 1+Gr1-Gra=Yo+Y (Gj—Gj 1) =G
=0
(27)
and
_ 1 _
Xpp1 =M(Xp — o Yy)— = Xi — Yy (28)

n
By Taylor Theorem, we obtain for any k > 0
Ef (Xis1) =Ef (X — oY)
— — 2r
<Ef (Xi) — B (VS (Xi) Yi) + 2B [V

g (X&) — akE(Vf (Xy) . Gr1) + O%LE HEICAHQ.
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For the last term, we have
— 2 _ 9 _ — 2 _ _ =
E HGk_IH =E HGk—1H +E HGk:—l - Gk—lH +2E <Gk_1, Gi_1— Gk—1>

— —_— —— 2
=K HGk*1H2 +E HGkil — GkilH
2 (29)

_ 1 & -
=K HGk,1H2 + ﬁ ZE Hkalei — Gi_1€;
=1

=2
<E|[Gp |+ =,

where in the second step, we use the fact that the sampling noise is independent of the
gradient itself. Note that this inequality still holds when & = 0, —1 as long as we slightly
abuse the notations and define Gy = G_1 = 0. Putting it back we obtain

Ef (X5t1)

___ o . 2L . 2~2L
<Ef (X1) = E (VS (X1) , Grot) + =B [ G| + O‘g‘;
L aka 2L

[Grall” +

“Ef (X) - S 7 (%) - + BB - (X

where the last step we use the fact that for any a and b, 2(a,b) = ||a|? + ||b]|*> — ||a — b||%.
Expand the last term,

Gt - 91 (K|
<2E || Gp-1 — ék+1”2 +2E ||Grs1 — Vf (X) H2

n n 2 n n 2
£ SRR P A LS Vi) — - VAR
=1 =1 =1 =1

<2 > EIVi(ons) - Vhler-adl + S B Vhilwes) ~ VA

=2E +2E

2L2 97,2 _ 2
STUE | Xk - X o5 + - EHXk—Xklz

)

where in the third step we use the Jensen’s Inequality and in the fourth step we apply the
smoothness assumption.
With the assumption of f(0) — f* < A, we obtain

K-1 oy K-1 - )
ar(l = L) [|Gi||” + D exE |V (X
k=0 k=0
521 " 20> (R 2=
<28+ 723 e+ 2y akEHXk—Xle SLY aEl|X — X
n k=0 k=0 k=0
! 1602 =

i

2 6L2K_1 B — 112
" + T Z aiE HXkln - Xk721n

<2A+7 Zak n ZakEHXk_Ykl;ll—
k=0
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where in the last step we use

2 ~V T 2 ~V 11 ~ T
F+3E“Xk,2—xk,21n F+3IEHXkln - X))

E|| X, — Xy ol% < 3E HXk ~ X1

In addition, for the last term we have

" k=0
6L2
ZakEHXk—Xk 2H
k=0
6L2 K-1
<Y an (2B | Xk - X |* 2B | X - X )
k=0
2, K-1 _
akﬁumu
" k=0
K-1 K-1
< 24L kIEHGkH 42 ajp,
k= k=0

where in the third step we use the fact that {ay} is non-increasing with respect to k. Push

it back we have

K-1 K-1

D an(l = apl = 2003 L%) [Gil[* + 3 enl® |V (Xi)|”
Z S - ma ][+ 2T S
F n
k=0 k=0

The rest of the proof is to bound 16L Zk 0 akE HXk - Yklmﬁ,
First from Lemma 9 we obtain the dynamics of X and Y are as follows:

_ 2
E HXk—H - XI<:+11T

2p 20202 _ 2
7EHX;€ XleH ﬂEHY,C—Y,JI
(1+p?) 1—p? F
IEHY,CH Vel (31)
20%  16aip?L? < .Tl12 . 16p%(1 + p*)L? - T2
< EHY Y1 —EHX —X,1
<1+p2+ 1—P2 k knF+ 1_/)2 k knF
16a2p*nL? 4p -
#EHY}CH EHGk+2 — GkJrl Gk+Gk71“%~+8np20'2.
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The dynamics of HXk — Y/AIH? and HYk — ?klm}? follow a linear system. By solving
this linear system (details in Lemma 10), we obtain the following:
K-1

) jakEHXk—Xkﬂ
k=0
2023 (1 + p)nKgp 32p*nL? Kl 8pt 3 2
< + akEHGkH —1— B U7
_ _ 2 _ )2 201 _ 2
-2 voP TPy 2 TR0

K-1

16p*n&? (1+p) R 3
(1-p)(1—p)? Z;) a"”
(32)
Where Ui = Giio — Giy1 — G + Gi—1. From here we need to additionally bound
Zk 0 O‘kEHUkHF
Start by its definition,

K-1
2
> oGE|UL|7
k=0
K-1
=Y GE||Gri2 — Gry1 — G + Gi_i |7
k=0
K—-1 K-1
<2Y  AfR||Griz — Gral7 +2 > }E |Gy — Gra I},
k=0 k=0
K-—1
<4 GE || Grpo — Gk+1H§«*

?
o

K-1
—4 Z O‘kZE IV f(@hi1i) — V(@)

<4r? Z o ZE i — el
k=0 =1

K-1

=412 Z BR[| Xpy1 — Xkl
k=0
28) K-1
AL " oBIM(X ) — Xi — apM(Yy) |7
k=0

K—1
=4L° Z ;R HM(Xk —Xpl)) — (X — Xil,)) - akM(Yk)Hi

K-1
<4IL? Z oy
k=0

_ 2 _
<4E [mox -]+ xe - X]

2 9 = 4T
.+ 4aE HM(Y;C) Y1)

2 —
F+4ainE}|YkH2>
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K-1 K—1
__ 2 _ 2
<16(1 + p?) L2 kzo E ka - XL, + 165212 kzo aSE HYk —v,1]

K-1
+16nL2 Y ||V
k=0

The bound depends both on X and Y. Revisit Lemma 10, we obtain the following
two bounds:

K1
Y ojE HXk - Xle
k=0
2p%ag(1 +p)nK§0 32pinL?
“1—p)(1— 1 NGE ZaklEHGkH
A —yp? (- p2
K—1 K—1
8p 16p*na2(1 + p) 5
+ G EI|UL|% + Za
_ 2 k F — 2 k>
(1= p)? — (1=pA—=p)? &
and
K—1
D RE|Y, - Vi1, |
k=0
<(1+p)a8ang 8agpt(1+ p) LQanO +Kzzla ( 1+p 8@%;;4(1—1—,0)[/2 )
i G=pa-vpr &\ a-pa= yip
4p? o 16a2p*nL? . 2 16a2p*G%L?
(1_ SENULE + SRR G + 2T ¢ sngta? ).

Put both bounds back,

K—

—

320202 (1 2nK3EL2 5120t 1 A
Pt p Z p)? )

K-1 9 K—

256p%(1 + p)L? 256p*na?(1 + p
+ E|Ui||% +
=i -y 2 eIl =0 ;

160502 (1 + p)nK@EL?  128alp%(1 + p)LAinK ¢}
I~ p A-p(— VoP
4p%  [(160;p*(1 4 p)L*  128a5p%(1 + p)L*
— - — T E Ul
.y 1—p (1—p) (1~ )2
(16akp (14 p)L? N 12805 p5(1 + p)L4> ‘
1= (-p-pP

16 21?2
EHGk’H %—I—Srzpa >

=

+

T
_.r::

k=0

16akp nlL?
1 — p?
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K-1
+16nL? Y JE ||V
k=0
64p%ag(1+ p)’nKG L 512p%(1 + p) L2 Z ST 2
- —yp2 (= pP(—p? & EHTHE

K-1

512 1 2L2
T (1”_”")(5_“ Zak+32nL2ZakE||GkH

where we repeatedly use Equation (37) and Equation (29), solve it we obtain

1980205 (1 + p)2nK2L2  1024p*nG2 2p2 K71
— (1—=p)(1—/p) (1-— p)(l -V =
K—-1
+ 64nL?
k=0

where again we use Equation (37), combine it with Equation (32) we obtain

K-1

- T2
S oE ka X1 H
k=0 F
4p?ad(1 + p)nK? 544p nL? 32p na2(1+ p) =
= 1_0 1— 20+ 1— 2ZakEHGkH VP)? oz,
1=p)1=yp)* = (1-p)* —

where we use Equation (37). Put this result back to Equation (30), rearrange the terms and
eliminate the numerical constants, we obtain

S B V£ (%)

k=0
~or K-1 2 3719 ~ K— ~2 9 K—1
c“L 9 pogylL Kg L 3
§O<A+nz%+ e Z | -
k=0 k= k=0
Fit in T = KR and 62 = 02/BR, we obtain
T/R—1
= 2
> B[V (Xl
k=0
2 R 9 4 9719 T/R—1 279 T/R—-1
p aOL Tsg pro“L 3 0L 3
<0 =
SO\ A+ BR kZ:: JPR T (1-p)PBR ;;) “* LBR kZ:O %

That completes the proof.
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B.5 Proof to Corollary 6
Proof Let ap = a in Theorem 5, we obtain,

1 K-1

& S E[vs @I <o

A o L pPalLi n pta?5?L? o?5%L7
aK = n (1=pPF  (A-p? no )’

where we omit the numerical constants. Set

—_

we obtain

1 K-1 o )
LY E|vs (X))
k=0

Fit in T = KR and 6% = 0%/ BR, we obtain

K— 2

VAL ALgR 2nRAL RAL
LS s]lvs (%) e T Ty
k: nBT (1 —-p)T3 (L=p)*T  (1=p)°T

set

1 1 1 %T))
R=—————max|( =log(n),=log | -— | |,
1= Aa(W) (2 8(n): 5 g(AL

we first have p < 1/ V2 since

log(n) —log(n) R 1 1
- 2W> 2log(1 1— (W) ~ (1_ I_AQ(W)) S—n§—2,

this implies

K-1 2
2 VALo  (pALgR)3  p*nRAL RAL
E|[Vf (X <0
FTE [V (Xi)||” < < —=t Tt 7

VALs  (poVTR/VAL)SAL p>nRAL RAL
<0 + + + ,
nBT T T T

with the assignment of R, p?n < 1 and pgov/T /VAL < 1, so since it also holds that R > 1
(and so R2/3 < R),

K-
mmHVf (X)) < ZEHVf X)|
K=
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nBT+T+T+T

vVALoc RAL
_I_
nBT T

. O<\/ALJ (R)3AL RAL RAL)

<0

when

we have

On the other hand, when

log(n)AL AL &
1ee (max <62\/1 W) /1 - (W) log <€2AL>>> )

Tlff\/g(VV) - max (log(n),log @f)) < 0(e%),

we have

to see this, note that

AL a7y o (g los (4r))
ry s (3r) ;gL(efiL)M 0

Finally, we can obtain the upper bound

2 2
T <0 AL04 + max log(n)AL ’ AL log< 2§0 )
nBe 62\/1*)\2(W) 62\/1*)\2(W) AL

(AL02 AL

Son
+ log [ n+ ,
nBe*  ¢2,/1 = A2 (W) s < ex/AL))

as desired. That completes the proof.
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B.6 Proof to Theorem 7

Proof In this proof, we reuse the definition for X, Y and Gy, as adopted in the proof to

Theorem 5, and additionally define V', as the momentum matrix, which is
Vie=[vk1,  ,Ukn] € R,
and the update of DeTAG with momentum becomes

Vg1 =BV + Gy,
X1 = M(Xg — aYy).

From this update rule, we first know that

k—1
— 1 - - o o o o o
Yi= M1+ Vi1 = Viea) o = Y1+ Vs = Viea = Yo of Y (Vi=Vi)=Vig
§=0
(33)
and
_ 1 - o
X1 :M(Xk—OéYk)E = X} —aYy. (34)
From Lemma 12, we obtain
K-1 K—-1 .
1 <2, 1 da(1+7)L  54a3L?
z 2 BV (X +KZ<1— =5 o) Bl
k=0 k=0
2(1— B)A | 4a552L | (202 12aL% \ = 1035212
P8 Aol (27, 12al” ) E\\Xk_xmu N
aK (1—0)n nK (1-p8)nK — B
(35)

Similar to the proof of Theorem 5, we bound Zf:_ol E HXk - Ykl;“?:
linear system. With minor modification'? on Lemma 9 we obtain

_ 2
Xpr — Xplf|| | < 7HX X 1T Y1
H k+1 — k+1 (1+ k — k kin F
and
_ T 2
E|Yi - Fpol,
202 1602p*L? 2 16p*(1+ p?) L2 - 7|12
< (= ap IEHYk—Yle +MEHX;€—X;€12
1+ p? 1— p? F 1— p? F
16a2p*nL?
+ 2 g ) Grovr — Vi + Vi |2

12. Since the main updates to DeTAG and DeTAGM only differs in using V and G.
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We now obtain the linear system with momentum version and can perform a similar analysis
as in Lemma 10 with

U =Giy2—Giy1 — Vi + Vi1
0

HSE Ul + Bl V4|

U =

And we can get the following two bounds:

K 1
IEHXk —Xle
k=0

20%a%(1 + p)nKe? 32ptatnL? R 8,0 a?
< (1= p)(1— /p)2 + (1= p)2(1— /)2 Z E||Gy||" + (1 N Z E||U|%,

p)?
(36)
and
K-1
S E|Yi - Y1, |
k=0
(At pnKG  8a%pl(1+ p)LPnK <]
STIo T - ai- v
K-1
1+p 8a2pt(1 + p)L? 4p? 16a2p*nL?
(24 T Y (vl + 5 G
L—yp (A=p)(A=yp?) = \1=p 1—p?
We next solve |[Ug||r, from the definition of Uy:
K—1 K-1
E|Ukllz =) E|Girs — Grsr — Vi + Viallz
k=0 k=0
K-1 K—1
<23 ElGri2— Gl +2 ) E|Vi = Villz.
k=0 k=0

For the second term,

=

1
E||Vy— Vil

gl

2

K-1 k—1 k—2
k—j—17 k—j—2 ¢
=D _E|> p77IG =) BTG,
k=0 ||j=0 =0 .
K-1 k—2 k—2 2
h—j—2 7 h—j—2
=2 E|D_ BTG - ) BTG,
k=0 j=0 7=0 P
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2

1 K-1 k—2 k—2 ‘ ~
=T pE 2 B L= - ) (1= 887G,
k=0 j=0 =0 P
K—-1k-2
§? B EHGj—i-l _GJH
k=0 j=0
L L -6,
S1=3p k+1 k
k=0
1 K-1 , . 5 . 9
7 (E |Grir = Gilly + B | Grps = G| +E |G - GkHF>
K-1 ~
1 9 26°nK
<5 ) E[Gr — Gl + 3
(1-p)2 &= " P - p)
Put it back to the previous inequality,
K-1 K-1 K-1
E|Ukl; <2 ElGirs — Grallz +2 ) E[[Vi— Vi 7
k=0 k=0 k=0
K-1 ~
2 462nK
< 2+>L2 E| Xk 1—XkH2+7
< (1-8)? kzo " P (-p)y
a2 A 462K

Z E | X — Xil7+

Si-5r & -5y

Multiplying (1 — 3)? on both sides for simplicity,

K-1
(1-8)" > E|ULI
k=0
K-1
<4L? Y B X1 — Xi| 7+ 46°nK
k=0

2 . 1!
+4E HXk —X,1]

K-1
2
<452 2 H 4T
<46°nK +4L2 ) (41[-3 M(X}) - X1} .
k=0
K-1
+42y (4a2E HM(Yk) _v,1]
k=0

. +4a2nEHYkH2>
F

K-1 K-1
_ 2 . 2
=16(1+ p*)L* Y E HXk ~ X1 | +16a%2L Y E HYk -V,
k=0 k=0
K-—1 9
+160°nL? Y B ||V +46°nK

k=0
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32p%a2(1+ p)’nKG L2 512p%(1 + ,0 @ nL
E|G
-0 = Z Il

K-1
256p 1+p L?

+16a2p*L? ((1 + P)”K% 8a’pt(1 + p)LQHng?)
1=p (1—0)(1—\@

16020%(1 + p)L2  12804p5(1 + p) L4 =

* * >

1= p =)L =) Ml

4p?

SE U7

(16a2p2(1+p)L2 128a4p6(1+p)L4) Z 1602 p*nL? IEHG H
1—p A=p(L=yp)? ) = 1-p?
K-1
+160%nL? Y E ||V +45%nK
k=0
64p202(1 + p)>nKZ2L? 512 1+ 2
pa’(1tp)n 0 457K + P+ pla QZEHU;CHF
(1-p)(1~p) (1—p)%(
+ 320*nL?
k=0

where we repeatedly use step size requirement and Equation (29), solve it we obtain

= 1280%02(1 + p)’nK3L?  8nd2K 64a nL2
Y E|ULF <

2 = AP~ yp?  (-B2

combine it with Equation (36) we obtain

K—-1

~ T 2
SE HXk —X,1)
k=0 F

4p%02(1 + p)nK¢? 544p*a nL 64p*a’ns’K
< 14 ( p) 20+ p QZEHGkH + 2/3 . .
(1-=p)(1—p) (1-p) —B)2(1 = p)*(L = /p)
Recall from Equation (35) that

K-1 K-1

1 < 2. L da(1+7)L  540°L>
Kk_OEHVf(Xk)H +Kkz_0<1— T =gy )EHGku
0= HA | 405e?L (217 120l \NR < 7| 540852
ST ok +(1—5)n <nK+(1—ﬂ)nK RZZOEHX’“_X’A" F+(1_5)3n
‘We obtain
K—
ZEHVf Xy

k:
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. ~2 2 2729 272 2~2712
SO<(1 B)A aaL+ pra”Lgh - pra52L 4+aoL3>
aK (I=8n (1=B)1-p?* (A-=6)31-p* (1-05)n
where we omit the numerical constants. Set
1
a= 2.2 2 1 .
5\/T+ p3 L3¢ K3 n 32(1+7)L
(1-8)2nA (1—6)%’A31§(1—p) (1-8)*(1-p)*
1
2 2 2 1 ’
[ 52TL I L3¢ T3 432049
(1-B)?BR*nA (1—[3)12?R11§A31¥(1—p) (1-8)*(1-p)*
we obtain
1 K—1 )
LY g ®)
k=0

p’nAL AL
+ > + - T 5 .
VK (1-p)ks  (1—=p)'K  (1-5)(1-p)*K
By performing a similar analysis as in Corollary 6 (we omit it here for brevity), we obtain

ALoc? AL Son >
T<O0 + log [ n + ,
<n364 (1= /I —haW) ° ( /AL

that completes the proof.

B.7 Technical Lemmas

Lemma 9 Given the update formula of DeTAG (and DeTAGM), we have the following two
bounds:

— 2
HXk—f—l ~Xply| <

2 X
nF_(1—|—,02) k knF+

Pak

HYk v,

M
and

2
E|¥es -
20> 16 4L2
1+ p? 1—p?
. 16aip2nL H
1— p?

2 16p2%(1 + p?) L2
N p*(1+ p%)

~ 4T 2
. E | X5~ X1,

F

Gi1 — G+ Gk_1||?:s + 8np252.
Proof

2
HXk+1 -
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8) _ _ 9
= HM(Xk —aYg) — (X — apY )1, -

= [|IM(Xy) — Xi1) . — 20 (M(X ) — Xil,) , M(Y)) = Y1,
F

I 2
+ Oéz HM(Yk) — Yk].;lr r

26) - 2 pPl-p 1
pZHXk—XkLI +p(7HXk—Xk1T +p(+pa’“HY —var|
F 1+ p2 F 1-— F
+Ozi,02 HYk —Vle P
_ 2

where in the third step we use the fact that for any a and b,

1+p
b 2
“2(a.b) < 1 Gyllal? 1
For Y, we have
_ 12
EY ke = Yeadn |
(27) ~ ~ — - = T 2
=E|MYr+Gr—Gig-1) — Y +Gr—Gir_1)1,
E—T} - - - = -
—E My - Vir]| +E HM(Gk ~G) — (G — Gp1]
+2E <M(Yk) Y1, MG — Gri) — (G —Ek_1)1;>
20 , v 17 2 =~ T2
< P EHYk — Yk]. +p EHGk — Gk—l — (Gk — Gk—l)ln
(1-p*)p* H 12 (1 +p?)p? H _ 112
7EY ~-Yi1, L E||GL -Gy — (G — Gi_1)1
+1+2 s =2 k k-1 — (G k—1)1,

+ 2p°E|Gr — Gl + 20°E||Gr 1 — G 1|3 + 20°E[Gr1) — Gi1] |2
+2°E[Gril) — Gra1] |3

4p
1—

_ 2
Y1, -

Gl 7

Gii1 — G+ Gr1|% + 8np?5°,

1 —

where in the last step we use ||I — %H <1and |AB|r < ||A|Fr|B|
For the second term, we have

E|Grrz — Giril>

= EVF(@rs10) — Vi (@)

i=1
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n
<r? Z El[@kt1i —
i=1

=L°E || X ki1 — Xull%
(28)
DR | M(X ) — X g — apM(Y )%
L - 2
—L°E | M(Xy — K1) = (Xp = XeL]) — apM(Y3)|

<AI’E HM(Xk) X!

2 9 __
4L IEHXk -
F

2 _ 2
T F+4a§L2EHM(Yk) R cH

+4a3nL?E |V

<4(1+ p*)L°E HXk - X1,

i + 403 B [V — ?,@2”1 +402n LR ||V

Putting it back we obtain

E HYk+1 -
(2, mf%f’;‘f)ﬂsuwklz s x - xa
+ 166;’“# Git1 — Gr + Gially + 8np*5>.
That completes the proof. |

Lemma 10 Given the update formula of DeTAG, if we use non-increasing step size with
the constraint

(1-p)*
< 7
=3
then for any positive integer p = 1,2,-- -, the following two bounds hold
K—-1
p < 17|
> B || X - X0
k=0
2p ap+2(1 + p)nKe? 32p* nL P4
(1-p)(1— W)Q + (1= p)%( 2 Z EHG’?H
K-1 K-1
8p* p+2 16p"'na*(1 + p) p+2
+ a E|U a ,
ARy 2 o BlUlE+ G5 o 2ol
and
K-1
GE|Yy = Vi1, |
k=0
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<(1 + p)abn K¢} 8ap+2 p*(1+ p)LPnKE Kz:l p< 1+4+p 8aipt(1+ p)L? >

~ (6%
1—/p (1-p)(1—p)? ZF\1=-yp (1=p) (1= /p)?
4p? 16a2p?>nL? _— .2 16a2p*5%L?
(12 s + g g | T g 22)

Proof Given the update formula of DeTAG and Lemma 9, the algorithm induces the
following linear system: for any k& > 0,

EHXkH—YkleTLHQ [Pk,ll Pk12:|
E|Yip1 — Yl ||~ [Prat Pro2

E[|X) - X[
E||Yk —YleH

0
+ | 42 9 . 16a2p2nL? )
PR(ULIG + LH-zHYkH + 8np? a]
where < is element-wise and
2p2
k‘,ll _1 + p2
2p2a%
k12 =7 9
16p%(1 + p*)L?
Py = =2
—p
2p? 16a32ptL?
P = P kP

1+ p? 1—p?

For simplicity, define

_[B X - X
IEHYk —YleH
0

? 1602p%nL? o 157 (12 ol s
2R (Ul + SR || + 8np%52

U =

then we can write this linear system as

k—1
2 < Pp_yzp 1 +up 1 < Phzo+ ZPf_tUt,
=0

where we use the fact that Py < Py, Vk >t > 0 since step size is non-increasing. For any
t >0, let A\j(Py), A\2(Py) denote the two eigenvalues of Py (without the loss of generality, we
denote A\ (Py) < A2(P:)), define

U= \/(Pt,ll — Py 23)? + 4P 12P; o1,
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then with eigendecomposition, we obtain

(P = P +§t22 —
No(Py) = Pii14+ P+ 2p? 8aZpt L2 N 16cp? L/ pA L2 + (1 + p?)
2 T 1+ p? 1—p? 1— p?
pp o [HEAE y (PRl BEOP) (P
%()\S(Pt) —Ak(Py) 1(Pt)2+)\2(1’) 4 (P Pt,zz)(;:ﬁ(Pt) A3 (Pt))

Applying the step size requirement that

(1-p)?

apLl < 32 s

(37)

it can be verified that Ao (P;) < Aa(Pp) < ‘{’j:;p. Next we can compute the E[| X — X1, ||%
and E||Y ), — Y1, ||%: we use X|[1 :] to denote the first row of matrix X. First for X, we
obtain:

20202k
ik M PRIV - VoL

Pfzo[1:] < Po12kXs (Po)E| Yo — Yol, |7 =

where we use the property that for any matrix P,

k—1
A5 (P) = M(P) = (A2(P) = M(P) Y Xo(P) A (P11 = wkASH(P).
=0
And similarly,
Pk_tut[l I]
2p7ag (k 4 4p? 16a?p*nL?
2P (B U + R |7 + st
2p7a; (k — i 4p? 1607 p*nL?
220 oy (FEaElvd + 2 g [Gn |+ 80

(29)2 k e 402 162 nL 1602026212
2l —0) i py (A g u s 0O g,y 00T g 22
1—p? p? p?

- 1-p 1 1-—

then from the linear system, we obtain

IEHXk ~ X1
§2p2a£k)‘k HPo)E[ Yo~ Yol, %

+Z 2p )‘k L Py)-

(14p 2y WEH@ P+ L s )
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Summing over k = 0 to K — 1 we obtain for any positive integer p =1,2,-- -,

K-1 o 9
3 olE HXk - Xo1]|
k=0

2 p+2 K-

2 .
ra Z E|Y,— Yol |2
=0

_(1—0)(1—A2 Py))

2 K-

_'_
=PI - %a(Pr)P? ZO
nlL

4p? 1604k — 2 16akp G2L?
<1 ﬁEHGkH e T
20 1’” 1+ p)nKed 32 nL .
e QZWEHGW
(1=p)(1—=/p) (1-
K-1
8p* p+2 2 32940 L +4
+ o, “E||Ug|l% + o
(1_p)2(1_\/p)2k0 k F (1—p) 22
8,0 ng*(1+ p) p+2
(1 _ 2 Z
SrE S o Y G
(1- )(1—\/5)2 (1—p)
16,0 no? 1+p =
+ (1 _ Z ap+2E|’UkHF (1 2 « +27
k=0

where in the first step we applied Lemma 11, in the second step we used - )\21( Py < 11—+j,3
since \o(Py) < \ﬁ:;p. And the third step holds due to Equation (37). We proceed to analyze
the case in Y: we first have for any ¢ > 0,

M (Py) + N5 (Py) N (P11 — P o) Mf (Py) — M5 (Py))

k _
[Pilo2 = 2 20
8a?p L2 kNS~ H(Py)
<A5(Py) + —4 1_;2 :
then we can have
Sa2pt L2\ (P —
Phaof2 < <A§<P0>+ ot 120 s1ve - Far] I

and

Pf_tut [2 2]

< (A’g-t(Pt) +

8020 L2k — 1Py
1—p?
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4p? 16a2p*nL?
(1 I+ =TT BV + 805
_ 8azpiL?(k — t)\b1(Py)
< (}\g‘ t(Pt)+ t 1_p22 .

4p? 16a2p*nL?
(T2 Bl + 25

1607 p?62 L2
L6aip"n L g, |2 4 100E°L g2 )
1—p 1—p? 1— p?
Using Lemma 11, and summing over £k = 0 to K — 1, we obtain for any positive integer
b= 11 27 T
K-1 o
> ofE[Yr - Vil |
k=0
< (1+p)adnKZ 88 pi(1 + p)L2nK 2 N Kz_:lap < 1+p n 8aipt(1+ p)L? ) '
T 1-p (1=p)(1—=+/p) 1=y (L=p)(1-p)?
4p? 16akp nL? 16akp G212
SE U + ——F5E|G ———— 438
(e + S g g+ AT s s
That completes the proof.

Lemma 11 (Zhang and You, 2019¢c) Let {bx} be a non-negative sequence, 6 be a constant
in (0,1), and ax = 3¢ s¢(k — t)0F =1, it holds that

Zat 17 QZSt

Lemma 12 If % < 7 where 7 is the constant given in Theorem 7, then we have
s 18 da(1+7)L  5403L

= E|Vf(X + = 1— E|G

LS RV (X)) Kkzzo( e LA

2(1 - B)A  4a75°L 2172 12aL? T2 54a35%L2
< e IE HX X 2
STar (1-PB)n nkK (1-B)nK b F (1-75)3n

Proof We follow (Yu et al., 2019) and define an auxiliary sequence

k=0,
Zy,

We start from applying Taylor Theorem to f(Z},). Before that, we transform two terms as

below. In the following analysis, we first bound all the terms with k > 4 to prevent negative
subscripts. We will give the bounds for £ = 0,1,2,3 in the end
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First, for any k > 4,

Zy1 — 2y =—— (X1 — Xp) — ——

1— 1-3
=- [1(_)[ BVi—2 + Ekﬂ) - 1a_ﬁﬁVk2}
-2 G,

K-1 K-1 5 2
[ A B R A A
k=4 k=4
K-1 2
af —
= Vi_a
k=4 1-5

T:
—
T
W~

2

2@252 K-1 _ 9 2&2,62 K-1|lk—4 k _—
~1_pp G| + I Z Z 'G;
k=4 =0
ST 2 |Gk 2226 7é H
k=4 k=4 j=0
20232 K-1 2 2a252 ©
S(l—B)Q G QZ) ZB]

k=4 Jj=0
4032 = 2
< Gy,
=(1_R3)3
(1-B)p &

_ o _ L _
<Ef (Z) +E(Vf (zk),zk+1—zk>+§EuzkH—z,€H2
2

o — \ = o
TRV (B0 G o G|
=Ef (Zi) - f‘ﬁmw (Zi) -V (X1),Gra) — mE(Vf (X1),Gr_2)
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o et G
<f @) + LR 2 - Xl + LB G - B Vs ()
- B Gl + 5t Vs (m)_éMH +2(1aiLﬂ)2EHGk_2H2
<1 @)+ LR |2 - Xl + EH@HQ—LEM@)H?
- s E Gl + 2B VS (X - Gkﬂu + B G — G
+2(1iLEHGk 2‘ ,

where in the fourth step, we apply for any a, b, it holds that (a,b) < £[la||? + 5:|/b||* (for
any ¢ > 0) and —2(a,b) = —||a|/®> — ||b]|* + ||@ — b||%.
Similar to the analysis of Equation (29), we obtain for any k > 0,

= |2 — 2 &2
E HG’“H SE[Gil”+ —.
The gradient difference term in the Taylor Theorem above can be written as

e — — 2
——E ||Gry1 — Gi—
& [Grir Gl

1
= En Vfi(x )—l En V fi(xr—3,)
n - i\ Lk,i n v i\Lk—-3,i

S(_L ZE IV fi(zri) — V fi(®p—3:))
2 2
<£EHXI§_XI<:1T + sal EHXk 3— ’
(1-— F (1 —
3alL - - T
i _B)nEHXkln Xl
Put them back, and sum over from k£ =4 to K — 1,
. K -
2(1 —p) ZEHVf (Xk>H + EZ HGk 2H
k=4
K-1 K-1 K-1
— — 1-8)L S — 2821 = 2
<3 (51 (Z4) ~Ef (Zin)) +< %f) BIZ: - Xl + 1255 3B G
k=4 k=4 k=4
K— K-1
Eva Xi) Gk+1H2+ 1f5 ZEHGkH—GkQHQ
k= k=4
— . 22+ = g2 a?A52L(K — 4)
<f(Zy) - f +W E[|Gil|” + (1= 8)n
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al? 2 2?2
+ =g ZE“Xk—Xle +7(1f5 ZEHXk—
30212 K-l
+(1 B)QZEHXk Xk 3H
k=4

a?352L(K — 4)
(1—-8)*n

o 1 S
<f(Zg) - o 20T DL ” S E|Gi| +
k=4

< al? N 60212
(1-=8)n (1-8)n

30412 B

Ta-pe

To deal with the last term, note that

K-1 o 9
> SE HXk X!
k=4

E||Vi-2+ Viz+ Vi 4H
k=4

- 2
G
1-5

<BE|[Vica|[* + =B [ G

E|[Vi|* =E Vi1 + (1-8)

Summing from k£ = 0 to K — 1, we obtain

= X/ K-l - 2
S E(|Vil <p ZEHvk P4 125 Y E[[Gu
k=0 k=0
K-1 — 2
<ﬂZEHVkH E|G|
lc=0

Rearrange the terms, we obtain

K-1 o 1 K-1 2
S E|[Vi| SW;E\\Gk(\ .

k=0

Combining with Lemma 13 and rearrange the terms we obtain

1 = — e 1= da(14+4)L  5403L
x D EIV (I g X (1- 2555 e A

k=0
2(1 = B)A  4a”62L 212 12a L2 K- 2 4036212
Gl L = )Y EHXk—Xle 4 oo L7
aK (1-PB)n nK = (1-p8)nK (1-78)3n

That completes the proof.
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Lemma 13 When k =0,1,2,3, in Lemma 12 it fulfills that:

3
s LEIe (R <0 - S g I
k=0
al? 622
<(1—ﬁ)n+(1—6) >ZEHX“X’“1T

Proof For simplicity, it’d be helpful to see how sequences { X}, {Y i}, {V} and {Z}}
change at £ =0,1,2,3,4.
Following their definitions, we can get when k£ = 0,
Vo=
Y, =0
X, =0
Zy=X,=0.
We additionally define Gy = 0 and V_; = 0 for simplicity.
Then when k =1,
\ 72 :,BV() + éo =0
?1 :?0 +V0 —Vfl =0
Yl :Yo — Oz?o =0

_ 1 [3

Z|=—— ——=Xo =

1=70 1 1-3 0
When k = 2,

Vy=Vi+G1 =G,

Y=Y 1+V;—-Vy=

fg—Xl—aleo

_ 1 8 —

Ly =—— ——X1=0

2770 2 -3 1
When k = 3,

Vs ZﬂV2+é2=5é1+é2

?32?2+72*V1=é1

X3=X9—-aY2=0

_ 1 B

Ly =—— - X,=0.

3 1-3 X3 -3 2
Finally, when k = 4,

Vi=pV3+Gs= 3G+ 3Gy + G
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Y, :?3 +V3 ~Vy= 5é1 +é2
X, =X3—aY3=—aGy

o 1 B — a -
Zy=——X;— ——X3=—"—G1.
1=7C 3 4770 3 3 1-3 1
Fitting these values into the analysis of Lemma 12, it is not hard to verify that
3
« 2 N 1 +’y 4a ’ya L
s =7 2BV (X" <) - 1+ ZEHGkH T
21-5) &
al? 602 L2 >
+ + EHXk—XleH
<(1 =B (1=p)? Z
We omit the derivation for brevity. That completes the proof. |

Appendix C. Details to footnotes
C.1 Asynchronous Algorithm (Footnote 2)

In the full paper, we focus on the synchronous algorithms, i.e., we assume the existence of a
synchronization process among workers between two adjacent iterations. We now extend
our formulation to asynchronous algorithms. Since workers now update and communicate
asynchronously, we define any gradient update that took place on a randomly chosen worker
as one iteration. This randomness depends on system implementation, stochastic events,
etc. This is a commonly adopted definition in the analysis of (decentralized) asynchronous
algorithms Lian et al. (2017b). To obtain a lower bound in such case, consider the two
settings as shown in the proof of Theorem 1. In setting 1, it can be easily verified that the

lower bound for sample complexity is
ALo?
o(3), "

This holds because in the extreme case, only one worker is making contributions to the
optimization. And since we have not made any assumption on how workers are sampled to
conduct the next iteration, this is a valid bound for arbitrary distribution. On the other
hand, considering setting 2, the lower bound is still Q(TyD) where Ty = Q(ALe™2) is the
lower bound in the sequential case, since the systems need at least (D) iterations for the
workers in Iy and Is to contact. The lower bound for communication complexity is then

ALD
Q ( 2 ) . (39)
Combining them together, we can get the final lower bound as:
ALo? ALD
Ql ——+—— ) . 40
( B T e ) (40)
Note that this bound holds with probability 1. It is possible to propose finer-grained

assumption on how workers are chosen (e.g. uniformly random) and use concentration
inequalities (e.g. Hoeffding’s inequality) to get tighter bounds, we leave this as future work.
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C.2 Relax zero-respecting assumption (Footnote 3)

To relax the zero-respecting assumption, we can use the technique proposed by Carmon
et al. (2019) (See their proofs to Proposition 1 and 2). The basic idea is that to adversarially
construct the loss function and rotate the non-zero coordinates in ¢-th iterations, such that
when the algorithm operates on the rotated function, the first ¢ iterations match with that of
the old function. However, the new rotated function is still zero-respecting to the algorithm
after t-th iteration so is generally hard to optimize. The details can be found in Carmon
et al. (2019).

C.3 Specific algorithm for Average Consensus (Footnote 8)

Many algorithms have been proposed on solving the Average Consensus problem, readers can
find details in many previous works on graph theory such as Georgopoulos (2011); Hendrickx
et al. (2014); Ko (2010). A straightforward algorithm is the Minimum Spanning Tree, that is,
we first generate a spanning tree of the graph, and then the workers send and receive message
using propagation on the tree. Specifically, starting from the leaves, all the children nodes of
the tree send its accumulated value to the parents and the root compute the averaged value
after gathering the information from the graph. And then reversely, the parent nodes send
the value back to the child nodes and eventually all the nodes will get the averaged value.
This algorithm is also known as the GATHER-PROPAGATE algorithm as discussed in Ko (2010),
section 3. We include the detailed pseudo-code!® in Algorithm 5.

13. This code is proposed by Ko (2010), we do not intend to take credit for this.
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Algorithm 5 GATHER-PROPAGATE (Spanning Tree) for a single coordinate

Input: communication graph G, a single coordinate on workers (all the coordinates follow the same

10:
11:
12:
13:
14:
15:

16:
17:
18:

instructions) to be communicated X € R™.

d + vector of 1’s indexed by V(G) (vertices set of graph G).
T < a spnning tree of G with root r arbitrarily picked.
for v € V(Z) do
ly < D(r,v) (the distance between r and v)
end for
for « = max,[,,---,1 do
for v with [, = o do
v gives all its value onto its parents u:
X, - 1 1] | X,
X, 0 0] |X,
d'lL <; du + d1)
end for
end for
for « =0,--- ,max, [, — 1 do
for u with [, = a do
{v1,--- ,v8} < set of children of u
re-distribute the results:
X d,—d,—--—dy,
X, 1 d,,
— = X
: d, :
X, d.,
end for
end for

.
return X%
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