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Abstract

Emerging applications in multi-agent environments such as internet-of-things, networked sensing, large-
scale machine learning and federated learning, have attracting increasing attention for decentralized
optimization algorithms that are resource efficient in both computation and communication while being
able to protect data privacy. This thesis considers the prototypical setting where the agents work collab-
oratively to minimize the sum of local loss functions by only communicating with their neighbors over
a predetermined network topology. We propose four decentralized optimization algorithms, with the
intertwined goals of achieving communication efficiency, computation efficiency, as well as data privacy
through carefully designed update procedures. For all algorithms, we provide theoretical convergence
guarantees and perform extensive numerical experiments to support the analyses.

First, we propose a Newton-type algorithm called Network-DANE for decentralized problems with
strongly convex objectives, which utilizes gradient tracking and extra mixing (i.e., multiple mixing rounds
per iteration) to extend the celebrated server/client algorithm DANE to the decentralized setting. Our
analysis shows that, similar to DANE, Network-DANE achieves linear convergence guarantees for general
smooth strongly convex and quadratic objective functions, and can provably harness data similarity
across agents to accelerate convergence, which highlights its communication efficiency. We further extend
Network-DANE by allowing a nonsmooth penalty term for composite optimization problems, and by using
stochastic variance-reduced local updates for computation efficiency.

Next, for more general decentralized nonconvex empirical risk minimization (ERM) problems, we
propose DESTRESS, which matches the optimal incremental first-order oracle (IFO) complexity of centralized
algorithms for finding first-order stationary points, while maintaining communication efficiency. In addition
to gradient tracking and extra mixing, DESTRESS also incorporates randomly activated stochastic recursive
mini-batch gradient updates to avoid unnecessary computations, which allows the improvement upon
prior decentralized algorithms over a wide range of parameter regimes.

Then, we consider communication compression to further improve communication efficiency for

decentralized nonconvex optimization problems, which leads to the development of BEER. This algorithm

iii
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also leverages stochastic gradient tracking, and in addition incorporates communication compression
together with error feedback to improve communication quality, which allows it to maintain communication
efficiency even when data distribution over agents is highly heterogeneous.

Finally, based on BEER, we propose PORTER for decentralized nonconvex optimization, which can
provably converge to global first-order stationary points while preserving each agent’s privacy under the
notion of differential privacy. PORTER utilizes stochastic gradient tracking, communication compression
together with error feedback as BEER does, and further leverages Gaussian perturbation with gradient
clipping to preserve privacy for arbitrary objective functions.

In summary, our work emphasizes 1) the effectiveness of gradient tracking in estimating global
gradients, 2) by using extra mixing, communication compression and error feedback, the overall efficiency
can be substantially improved, and 3) privacy can be preserved thorough gradient clipping and Gaussian
perturbation. The key algorithm design ideas can also be applied, in a systematic manner, to design new
resource-efficient decentralized optimization algorithms.

Keywords: decentralized optimization, communication and computation efficiency, gradient tracking,

variance reduction, communication compression, error feedback, differential privacy
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Chapter 1

Introduction

Distributed optimization has been a classic topic [BT89] yet is attracting significant attention recently in
machine learning due to its numerous applications such as distributed training [BPC*11], multi-agent
learning [NOP10], and federated learning [KMR15, KMY 16, MMR"17]. At least two facts contribute
towards this resurgence of interest: (1) the scale of modern datasets has oftentimes far exceeded the compu-
tation capacity of a single machine and requires coordination across multiple machines; (2) communication
and privacy constraints disfavor information sharing in a centralized manner and necessitates distributed
infrastructures.

Broadly speaking, in terms of communication patterns, there are two distributed settings that have
received the most interest as illustrated in Figure 1.1: 1) the server/client setting, which assumes the
existence of a central parameter server that can aggregate and share information with all agents; and 2) the
decentralized setting, where each agent is only permitted to communicate with its neighbors over a locally
connected network specified by a communication graph. For both settings, each agent only has access
to a disjoint subset of the data samples and aims to work collaboratively to optimize the global objective
function f(x), by only exchanging information with the parameter server or its neighbors (in other words,
no centralized coordination is present). It is in general more challenging to developing algorithms for the
latter setting, which is the focus of this thesis.

For a typical decentralized optimization algorithm, agents generally alternate between (1) communi-
cation, which propagates local information and enforces consensus and (2) computation, which updates
individual optimization variables and improves convergence using information received from neighbors.
Compared to the server/client setting, [LZZ"17] suggests decentralized algorithms can effectively avoid
communication jams on busy agents, e.g., the parameter server, and be more efficient in wall-clock time.

We can roughly break down an algorithm’s total running cost Ci1 to the total number of iterations T
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(a) The server/client setting, where all devices (b) The decentralized setting, where all devices con-
(clients) connect to a remote central server. nect with its neighbors without a central server.

Figure 1.1: Illustration of two distributed settings: (a) the server/client setting, and (b) the decentralized
setting. This thesis focuses on the decentralized setting.

multiplied by the sum of per-iteration communication cost Ccomm and per-iteration computation cost Ceomp,

ie.
Ciotal = T X (Ccomm + Ccomp)~ (1.1)

For example, when reducing total time spent to reach certain accuracy is the top priority, the running
cost can be defined as wall-clock time. Horizontally scaling the system by adding more agents to run in
parallel may reduce T, but it will increase the communication cost Ccomm in the meantime, which may
lead to a worse total cost Ciyty) in some cases. Therefore, achieving a desired level of resource efficiency
for a decentralized algorithm often requires careful and delicate trade-offs between computation and
communication costs, as these objectives are often conflicting in nature.

Privacy is another crucial constraint in large-scale decentralized optimization, because these applications
often involve transferring computation outcomes on sensitive data that may contain personal or confidential
information to external agents. Without carefully designed privacy-preserving protocols, systems may
risk to directly reveal sensitive data or be vulnerable to other forms of attacks, e.g., linkage attacks
[DR14]. A notable example of linkage attacks is the identification of the medical records of the governor of
Massachusetts from anonymized medical data with voter registration data [LamO01], which emphasizes the

importance of privacy-preserving.

1.1 Problem formulation

In this thesis, we investigate decentralized minimization problems, with the aim of achieving communica-
tion and computation efficiency simultaneously, as well as satisfying privacy-preserving constraints. In this

section, we formally define the problem and related concepts.
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Objective functions Consider the following minimization problem:

minimize f(x Z fi(x (1.2)

xeR?
where x € R? denotes the optimization variable, f;(-) denotes the local objective function at the i-th agent
(1 <i < n) of n agents. In many machine learning applications, for example, empirical risk minimization
(ERM) problems, local objective functions often have a finite-sum structure that is defined as
fitx)i= o F Uz, 13)

zeM;
where /(x; z) denotes the sample loss of the sample z at x, M; denotes the dataset at agent i, m = | M;]|
denotes the number of data samples at each agent.! In addition, we define the full dataset M = U M;
and total sample size N = |M| = mn. The communication pattern of the network is specified by
an undirected graph G = (V, ), where V denotes the set of all agents, and two agents can exchange

information if and only if there is an edge in £ connecting them.

General assumptions We assume Assumptions 1 and 2 for all analysis in this thesis. Assumption 1
guarantees the existence of nontrivial solution(s) of the global optimization problem. Assumption 2 limits
the change of sample gradients, which also implies the local objective functions f;(-) and global objective

function f(-) have Lipschitz gradients.
Assumption 1 (Bounded global objective function). The global objective function f(x) is bounded below, i.e.,

f*=inf f(x)> —oo.

xeR4
Assumption 2 (L-smooth sample loss function). A sample loss function ¢(x;z) is L-smooth if Vx,y € RY and

Vz € Z, the following inequality holds:

|Ve(x;z) = Vi(y; z)||, < Lllx =yl

Information mixing The information mixing between agents is conducted by updating the local informa-
tion via a weighted sum of information from neighbors, which is characterized by a mixing (gossiping)

matrix. Concerning this matrix is an important quantity called the mixing rate, defined in Definition 1.

Definition 1 (Mixing matrix and mixing rate). The mixing matrix is a matrix W = [w;;] € R"*", such that
wjj = 0 if agent i and j are not connected according to the communication graph G. Furthermore, W1, = 1, and

W1, = 1,. The mixing rate of a mixing matrix W is defined as

= ||W—J11, || €[0,1). (1.4)

1We assuming the data is distributed equally among all agents, but it can be easily generalized to the unequal splitting case.
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The mixing rate indicates the speed of information shared across the network. For example, for a fully
connected network, choosing W = %1,11;1r leads to « = 0. For general networks and mixing matrices,
[NOR18, Proposition 5] provides comprehensive bounds on 1 — a—also known as the spectral gap—for
various graphs. For instance, one has o < 1 with high probability in an Erd6s-Rényi random graph if the
graph is connected. In practice, FDLA matrices [XB04] are more favorable because it can achieve a much
smaller mixing rate, but they usually contain negative elements and are not symmetric. Our analysis can
handle arbitrary mixing matrices as long as their row/column sums equal to one and its mixing rate is

smaller than 1.

Convergence metrics For strongly convex optimization algorithms, a global optimum is guaranteed to
exist. Thus, we consider the distance of output to the global optimum defined in Definition 2, where a

smaller v means better performance.

Definition 2 (v-accurate solution). The output of a deterministic optimization algorithm x € R is a v-solution of

a differentiable strongly convex function f(x) if
lr =217 <02,
where x* = argmin f(x).

For nonconvex optimization algorithms, we consider the norm of the output’s gradient as the quality

metric. Definition 3 defines a v-first-order stationary point, where a smaller v indicates better convergence.

Definition 3 (v-first-order stationary point). The output of an optimization algorithm x € R? is a v-first-order

stationary point of a differentiable function f(x) if
o |V£(x)|3 < v? for deterministic optimization algorithms.

o E||Vf(x)||3 < v for stochastic optimization algorithms.

1.2 Contributions

Our main contribution is the design and analysis of four resource-efficient primal-only decentralized
optimization algorithms: Network-DANE (cf. Algorithm 1), DESTRESS (cf. Algorithm 4), BEER (cf. Algo-
rithm 5) and PORTER (cf. Algorithm 7) as summarized in Table 1.1. While all algorithms share a similar
framework based on gradient tracking, each one focuses on a unique perspective of decentralized ERM
problems, resulting in distinct algorithm designs that can achieve overall resource efficiency and address

problem-specific constraints. Proposed algorithms encompass a variety of methods, such as approximate
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Algorithm Chapter Comrr.u%nication Com.p.utation Communic?tion Diff(?rential
efficiency efficiency compression privacy
Network-DANE 2 v
DESTRESS 3 v v
BEER 4 v v v
PORTER 5 v v v v

Table 1.1: Proposed algorithms, corresponding chapters and contribution highlights.

Newton-type methods, stochastic variance-reduced methods, communication compression, error feedback
and privacy perturbation.

In addition, our work indicates that by performing a judiciously chosen amount of local communication
and computation per iteration, the overall efficiency can be remarkably boosted while simultaneously
meeting problem-specific constraints. Extensive numerical experiments are provided to corroborate our
theoretical findings, and to demonstrate the practical efficacy of the proposed algorithms over competitive

baselines. All code can be accessed at

https://github.com/liboyue/Network-Distributed-Algorithm.

1.2.1 Decentralized Newton-style algorithm

This subsection highlights our contributions of designing the decentralized Newton-type method Network-DANE
(cf. Chapter 2) [LCCC20], which converges linearly for smooth strongly convex objectives and quadratic

objectives, and can be extended to nonsmooth composite objectives using a proximal operator.

Algorithm development We start by studying an approximate Newton-type method called DANE
[SSZ14], which is among the most popular communication-efficient server/client optimization algorithms
for solving ERM problems. Then, we develop Network-DANE, which generalizes DANE to the decentralized
(network) setting. The main challenge in developing such an algorithm is to track and update a faithful
estimate of the global gradient at each agent, despite the lack of centralized information aggregation.
Towards this end, we leverage dynamic average consensus (originally proposed in the control literature
[ZM10] and later adopted in decentralized optimization [QL18, NOS17, DLS16]) to track and correct locally
aggregated gradients at each agent — a scheme commonly referred to as gradient tracking. We then employ
the corrected gradient in local computations, according to the subroutine adapted from DANE. This simple

idea allows one to adapt approximate Newton-type methods to network-distributed optimization, without

communicating Hessian matrices.
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Communication Extra Loss

Algorithm rounds averaging o B
[SEXWT&?a] x*log(1/¢) X Strongly convex
DGD K2 108(1 /6) Arbltrary
[QL18] B X Strongly convex
K(p/o+1)log(1/€) X
(1-a)? )
(/1) log(1/¢) Quadratic
log x - AT D) v
Network-DANE (1-a)l/2 Arbit
(Algorithm 1) log(1/¢) X rbitrary
—n)2
((1 / 0;) D iog(1/0) Strongly convex
K g €
lOg K- % e
Net k-SVRG
(Zlggfithm 3) log - écl)g,(i)ﬁi)z v Strongly convex | B < ¢/200

Table 1.2: Communication complexity of the proposed algorithms for quadratic and strongly convex losses
to reach e-accuracy. Here, o, L and « = L/ are the strong convexity, smoothness, and condition number
of the local loss functions. In addition, § < L is the homogeneity parameter gauging the similarities of
the local loss functions defined in (4), and « is the mixing rate defined in (1.4). Here, we assume the extra
averaging step is implemented via Chebyshev acceleration scheme [AS14]. EXTRA [SLWY15a] and DGD
[QL18] are listed as baselines. The big-O notation (defined in Section 1.4) is omitted for simplicity.

Our ideas for designing Network-DANE can be extended, in a systematic manner, to obtain decentralized
versions of other algorithms developed for the server/client setting, by modifying the local computation
step properly. As a notable example, we develop Network-SVRG, which performs variance-reduced
stochastic optimization locally to enable further computational savings [JZ13]. We also demonstrate
that Network-DANE can be extended to the proximal setting for nonsmooth composite optimization in a

straightforward manner.

Efficiency analysis Network-DANE achieves an intriguing trade-off between communication and computa-
tion efficiency. During every iteration, each agent only communicates the parameter and gradient estimate
to its neighbors, and is therefore communication-efficient globally; moreover, the local subproblem at each
agent can be solved efficiently with accelerated gradient methods, and is thus computation-efficient locally.
When the network exhibits a high degree of locality, we show that by allowing multiple rounds of local mix-
ing within each iteration, an improved overall communication complexity can be achieved as it accelerates
the rate of convergence. Theoretically, we establish the linear convergence of Network-DANE for strongly
convex and quadratic losses, and show that incorporating extra mixing leads to great improvements in
communication complexity. For Network-SVRG, we establish its linear convergence for the case of smooth
strongly convex losses with extra rounds of averaging. Our analysis is highly nontrivial, as it needs to deal

with the tight couplings of optimization and network consensus errors through a carefully designed linear
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system of Lyapunov functions, especially in the context of approximate Newton-type methods which are
known be harder to handle than simple gradient-type methods.

Table 1.2 summarizes the convergence rates of the proposed algorithm and baseline algorithms. Let o,
L, x = L/o and B denote the strong convexity, smoothness, condition number of the local loss functions
and homogeneity parameter. For general strongly convex losses, Network-DANE matches the results of
both EXTRA [SLWY15a] and DGD [QL18] without extra mixing, but achieves a significantly improved
communication complexity when incorporating extra mixing by a factor of O((1 —«)3/2(8/c +1)x ! logx).
The resulting convergence rate attains the optimal network dependency O((1 — w)~V 2), and improves the
condition number dependency from O(x?) to O((B/c + 1)« log k), which can be a significant improvement
in the case that data similarity parameter § is small. For example, in the big data scenario, each agent can
access a large number of i.i.d. data samples, which results in a small homogeneity parameter. Moreover,
Network-DANE reaches a condition number free (up to a log factor) communication complexity for quadratic
losses, which emphasizes the potential of the Newton-type method and extra mixing. Network-SVRG
reaches a condition number free (up to a log factor) communication complexity as well for strongly convex
objectives, providing B is small enough, at a much lower computation complexity than Network-DANE due
to its stochastic nature. Our results shed light on the impacts of data homogeneity and network connectivity

upon the rate of convergence.

1.2.2 Decentralized stochastic recursive gradient algorithm

This subsection highlights our contributions of the development of DEcentralized STochastic REcurSive
gradient methodS (DESTRESS, cf. Chapter 3) [LLC22], which is a resource-efficient algorithm for decen-
tralized nonconvex ERM problems. DESTRESS provably finds first-order stationary points of the global
objective function f(x) with the optimal incremental first-order (IFO) oracle complexity, i.e., the complexity
of evaluating sample gradients, but at a much lower communication complexity compared to existing

decentralized algorithms over a wide range of parameter regimes.

Algorithm development DESTRESS tries to improve computation and communication simultaneously
to achieve overall resource efficiency. To reduce local computation, DESTRESS harnesses the finite-sum
structure of the empirical risk function by performing stochastic variance-reduced recursive gradient
updates [NvP+22, FLLZ18, WJZ*19, Li19, LR21b, LBZR21, ZXG18]—an approach that is shown to be
optimal in terms of IFO complexity in the centralized setting—in a randomly activated manner to further
improve computational efficiency when the local sample size is limited. To reduce communication, DESTRESS

employs gradient tracking [ZM10] with a few mixing rounds per iteration, which helps accelerate the
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Algorithms H Setting Per-agent IFO Complexity Communication Rounds
SVRG . 2/3
centralized N7OL -
[AZH16, RHSt16] N+%2
SCSG/SVRG+ centralized N4+ ML -
[LJCJ17, LL18] e
SNVRG . 1/2
[ZXG18] centralized N+ N = L -
SARAH/SPIDER/SpiderBoost centralized N N1/2L )
[NvP*22, FLLZ18, W]Z119] ta
SSRGD/ZeroSARAH/PAGE centralized N NV2L )
[Li19, LR21b, LBZR21] toe
D-GET
G decentralized 4 — - L/:L Same as IFO
[SLH20] (1-a)® e
GT-SARAH . 1 1/2 (m/n41)'/3 L
[XKK224] decentralized | m + max ( o ()7, T) 5 Same as IFO
DESTRESS . 1/2
/ L 1 1/2 4 L
(Algorithm 4) decentralized m % (1-a)1/2 ((mn) + ez)

Table 1.3: The per-agent IFO complexities and communication complexities to find e-first-order stationary
points by stochastic variance-reduced algorithms for nonconvex ERM problems. The first five algorithms
are designed for the centralized setting, and the remaining D-GET, GT-SARAH and DESTRESS are for the
decentralized setting. m, n, L are defined in Section 1.1 and « is the mixing rate defined in (1.4). The big-O
notation (defined in Section 1.4) and logarithmic terms are omitted for simplicity.

convergence through better information sharing [LCCC20]; the extra mixing scheme can be implemented
using Chebyshev acceleration [AS14] (detailed in Section 2.1.2) to further improve the communication

efficiency.

Efficiency analysis In a nutshell, to find an e-first-order stationary point (cf. Definition 3), where x°!*

is the output of DESTRESS, and the expectation is taken with respect to the randomness of the algorithm,

DESTRESS requires:

o O(m+ (m/n)'/2L/€?) per-agent IFO calls, which is network-independent; and

+ oftlim

e ((mn)'/2 + e%)) rounds of communication,

where L is the smoothness parameter of the sample loss, « € [0,1) is the mixing rate of the mixing
matrix. DESTRESS is resource-efficient for it reaches optimal computation complexity with state-of-the-art
communication complexity.

Table 1.3 summarizes convergence guarantees of representative stochastic variance-reduced algorithms

for finding first-order stationary points across centralized and decentralized communication settings.

¢ In terms of the computation complexity, the overall IFO complexity of DESTRESS—when summed
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over all agents—becomes
n-O(m+ (m/n)l/zL/ez) = O(mn+ (mn)l/zL/ez) =O(N+ Nl/ZL/ez),

matching the optimal IFO complexity of centralized algorithms (e.g., SPIDER [FLLZ18], PAGE [LBZR21])
and distributed server/client algorithms (e.g., D-ZeroSARAH [LR21b]). However, the state-of-the-art
decentralized algorithm GT-SARAH [XKK22a] is not able to achieve this optimal IFO complexity for
all situations (see Table 1.3). To the best of our knowledge, DESTRESS is the first algorithm to achieve
the optimal IFO complexity for the decentralized setting regardless of network topology and sample

size.

* When it comes to the communication complexity, it is observed that the communication rounds of
DESTRESS can be decomposed into the sum of an e-independent term and an e-dependent term (up

to a logarithmic factor), i.e.,

1 1/2 1 L.
(1—a)l/2 )™=+ (1—a)l/2 e’
€—independent €—dependent

similar decompositions also apply to competing decentralized algorithms. DESTRESS significantly

improves the e-dependent term of D-GET and GT-SARAH by at least a factor of and

1 __

A—a)3/2

therefore, saves more communications over poorly connected networks. Further, the e-independent

term of DESTRESS is also smaller than that of D-GET/GT-SARAH as long as the local sample size is
n

sufficiently large, i.e.,, m = Q (%), which also holds for a wide variety of application scenarios.

In sum, DESTRESS harnesses the ideas of random client activation, variance reduction, gradient tracking
and extra mixing in a sophisticated manner to achieve a scalable decentralized algorithm for nonconvex
empirical risk minimization that is competitive in both computation and communication over existing

approaches.

1.2.3 Decentralized stochastic algorithm with communication compression

This subsection highlights our contributions of the development of Better comprEssion for dEcentRalized
optimization (BEER, cf. Chapter 4) [ZLL"22], which is a communication-efficient algorithm for decentral-
ized nonconvex optimization problems. Communication compression is a well-established method to
improve communication efficiency for server/client distributed optimization algorithms. However, for the
decentralized setting, most existing algorithms, e.g. [KSJ19, TLQ 19, SDGD21], require strong assumptions

as bounded gradient assumption or bounded dissimilarity assumption to guarantee convergence. BEER
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Algorithm Communication | Per-agent I FO Extra assumption
rounds complexity
SQuUARM-SGD 2 2 2 2 .
[SDGD21] ot i Bounded gradient (1)
DeepSqueeze 2 2 T
[TEQq+19] :% + o e% P Bounded dissimilarity (2
CHOCO-SGD 2 2 .
[KSJ19] 3+ g St a3 Bounded gradient (!
BEER 1 1, i
(Algorithm 5) e? e T

Table 1.4: Comparison of iteration (communication) complexity, per-agent IFO complexity, and extra
assumptions in addition to BEER’s assumptions, for existing decentralized stochastic nonconvex optimization
algorithms to reach e-first-order stationary points. o> and b denote the local gradient variance and batch
size, respectively.

(1) The bounded gradient assumption is defined as Vx € R?, E; .z |Vl(x,z)|} <12

(2) The bounded dissimilarity assumption is defined as Vx € RY, Ly | ||V fi(x) — Vf(x)|3 < %

I =

removes theses strong assumptions, which enables it to converge under arbitrary data heterogeneity where
other algorithms fail. BEER enjoys a faster convergence rate to find first-order stationary points of the
global objective function f(x) than existing algorithms that use communication compression. We establish
convergence analysis for BEER using stochastic gradient for nonconvex optimization problem, and further

extend this convergence to problems satisfying the Polyak-Lojasiewicz (PL) condition.

Algorithm development We develop BEER, in hope to match the convergence rate of centralized stochastic
gradient descent (SGD) without aforementioned strong assumptions and under arbitrary data distribu-
tions, by leveraging gradient tracking and error feedback [RSF21]. For each variable that needs to be
communicated, BEER tracks and maintains a control sequence that serves as compressed surrogate by
communicating and accumulating a compressed error from the variable and the control sequence, which

leads to an improved convergence rate.

Efficiency analysis To find an e-first-order stationary point, using both full gradient and stochastic

gradient (with proper batch size), BEER takes
* O(e?) iterations for optimizing nonconvex objective functions,
* O(xlog(1/e€)) iterations for optimizing PL objectives, where « is the condition number,

while only requires bounded local stochastic gradient variance assumption and global L-smoothness
assumption.
Table 1.4 summarizes the iteration complexities, per-agent IFO complexities and extra assumptions for

BEER and baseline algorithms for optimizing nonconvex objectives using minibatch stochastic gradients,
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where the IFO complexities are results after using appropriate batch sizes, extra assumptions are those
needed in addition to BEER’s assumptions.

Let 02 denote the local gradient variance. When all algorithms use full gradient updates, which is
equal to o = 0, in terms of the variance-independent terms in the iteration complexities, BEER improves the
dependency on € from O(e~3) to O(e~2) and matches the centralized SGD.

When the local gradient variance is present, using appropriate batch sizes for all algorithms, BEER still
attains the best iteration complexity. Furthermore, as shown in Table 1.4, SQUARM-5GD and CHOCO-5GD
all require bounded gradient assumption, and DeepSqueeze requires bounded dissimilarity assumption,
which results in a significant performance degeneration when those assumptions are not satisfied. On
the contrary, BEER maintains the same convergence guarantees under arbitrary data heterogeneity, which

highlights BEER’s adaptivity to more optimization problems.

1.2.4 Decentralized private stochastic algorithm

This subsection highlights our contributions of developing PORTER (cf. Chapter 5), which is a resource-
efficient and differentially private decentralized stochastic optimization algorithm for nonconvex ERM
problems. PORTER is the first private decentralized optimization algorithm to incorporate communication
compression and gradient clipping, to improve communication efficiency and converge for arbitrary
objective functions without the bounded gradient assumption, respectively. We establish convergence
analysis both with and without the bounded gradient assumption, and show explicit dependency on the

mixing rate and compression parameter.

Algorithm development The focus of PORTER is preserving the privacy of each agent while being resource-
efficient. To address the privacy concern, PORTER applies gradient clipping to ensure gradients are bounded
for any objective function, then adds privacy perturbation to clipped gradients. To improve communication
efficiency, PORTER incorporates gradient tracking [ZM10] without extra mixing to construct an estimate of
the global gradient at each agent, and utilizes communication compression together with error feedback
[RSF21] to reduce the amount of data to be communicated without hurting the convergence rate. Lastly, to
improve computation efficiency, PORTER queries a mini-batch of samples to compute stochastic gradient per

agent at each iteration.

Privacy constraints PORTER achieves (¢, §)-local differential privacy (LDP) (cf. Theorem 9), which protects
privacy leakage between any two agents, hence is a stronger guarantee than conventional differential

privacy that only protects privacy leakage to external adversaries. Privacy is protected by adding Gaussian
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Algorithm Privacy Compression Boun.ded Utility Communication
operator gradient rounds
DP-SGD
[ACG*16] bp - v P -
DDP-SRM _
[WJEG19] bP - v b n2dg,!
Soteria-SGD () , /2 a3
[LZLC22] LDP Unbiased v (14+672) (1) oy | (1462 ()™ dgy
PORTER 1 —
(Algorithm 8) LDP General 4 (1—a)873p373 Pm P2
PORTER 1 1/2 _
(Algorithm 7) ) General X (1—a)8/3p4/3 7'M (1- D‘)8/3p4/3¢ml

Table 1.5: Comparison of final utility upper bounds communication complexities of different stochastic

optimization algorithms that achieves (e,6)-DP/LDP. ¢, = VA08(1/9) i the baseline utility. Big-O notation

(defined in Section 1.4) is omitted for simplicity. DP-SGD is a single-machine optimization algorithm that
serves as a baseline, to show the overhead brought in by the distributed setting. DDP-SRM and Soteria-SGD
are server/client distributed algorithms, but DDP-SRM doesn’t use communication compression.

(1) Here § = (1+ w)3 2172,

perturbations to clipped stochastic gradients at each agent [DR14], where the variance of the perturbation
is decided according to the target final utility and the norm of gradients (which is bounded by the clipping

parameter T).

Efficiency analysis Table 1.5 presents final utilities and corresponding communication complexities for
PORTER and baseline algorithms under (e, 4)-DP/LDP, where we show explicit convergence rates of PORTER
for general compression operators (cf. Definition 5). When assuming the bounded gradient assumption
(cf. Assumption 8), PORTER reaches O((1 — a)~8/3p4/3¢,,) utility in O(¢;,2) iterations. Otherwise,
PORTER reaches O((1 — oc)’4/3p’2/3<p,1,1/4) ¢, utility in no more than O((1 — a)*/3p?/3¢, 1) iterations. This
convergence analysis is the first that specifies explicate dependency on mixing rate and compression
parameter for decentralized private optimization algorithms.

To begin with, we first assume Assumption 8 holds, Using general compression operators (cf. Defini-
tion 5), PORTER reaches O ((1 — ) ~8/3p=4/3¢,,) squared ¢, utility in ¢;,? iterations. The iteration complexity
is relatively higher compared to the O(¢;,!) complexity of baseline algorithms, due to extra errors induced
by the decentralized setting.

However, the bounded gradient assumption is rarely met in practice, which makes it necessary
for private optimization algorithms to apply gradient clipping to converge on more general objective
functions. We propose a novel framework to analyze algorithms that uses gradient clipping without
bounded gradient assumption, and show that using general compression operators, Algorithm 7 can reach

O((1—a)~*3p=2/3¢L/*) 1, utility in no more than O((1 — a)*/3p?/3¢,,!) iterations.
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To conclude, PORTER is a promising approach to efficiently and privately optimizing decentralized
nonconvex optimization problems by leveraging gradient tracking, communication compression, error
feedback, gradient clipping and privacy perturbation in a refined manner, which is backed by novel

convergence analysis that shows explicit rates under various assumptions.

1.3 Related works

Gradient tracking Gradient tracking [ZM10, QL18] provides a systematic approach to estimate the global
gradient at each agent, which allows one to easily design decentralized optimization algorithms based
on existing centralized algorithms. This idea is first incorporated to adjust distributed gradient descent
(DGD) to ensure its linear convergence using a constant step size [NOS17, QL18, LSY19, XXK17, YYZS18,
5519, XSKK19]. Using the same idea, [LCCC20] extends Newton-style algorithms as well as stochastic
variance-reduced algorithms with performance guarantees for optimizing strongly convex functions, and
[Z2Y19, SLH20, XKK22b, XKK22a, LLC22, HSZ*22, LY22] design stochastic optimization algorithms for

nonconvex problems.

Newton-type methods for distributed optimization Distributed Approximate NEwton-type Method
(DANE) [SSZ14] exhibits appealing performance in both theory and practice. AIDE [RKR*16] relaxes
the local optimization problem to an inexact solver and applies acceleration techniques, which improves
the communication complexity to match the lower bound. CEASE [FGW21] further extends DANE to

optimizing objective functions with proximal terms and improves the analysis.

Stochastic variance-reduced methods Many variants of stochastic variance-reduced gradient based
methods have been proposed for finite-sum optimization for finding first-order stationary points, including
but not limited to SVRG [JZ13, AZH16, RHS"16], SCSG [L]JCJ17], SVRG+ [LL18], SAGA [DBLJ14], SARAH
[NLST17, NvP*22], SPIDER [FLLZ18], SpiderBoost [W]Z*19], SSRGD [Li19], ZeroSARAH [LR21b] and
PAGE [LBZR21]. SVRG/SVRG+/SCSG/SAGA utilize stochastic variance-reduced gradients as a corrected
estimator of the full gradient, but can only achieve a sub-optimal IFO complexity of O(N + N2/3L/¢).
Other algorithms such as SARAH, SPIDER, SpiderBoost, SSRGD and PAGE adopt stochastic recursive
gradients to improve the IFO complexity to O(N + N'/2L/€), which is optimal indicated by the lower
bound [FLLZ18, LBZR21].

Decentralized stochastic nonconvex optimization There has been a flurry of recent activities in decen-

tralized nonconvex optimization. D-PSGD [LZZ"17] and SGP [ALBR19] extend stochastic gradient descent
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(SGD) to solve the nonconvex decentralized expectation minimization problems with sub-optimal rates.
However, due to the noisy stochastic gradients, D-PSGD can only use diminishing step size to ensure
convergence, and SGP uses a small step size on the order of 1/K, where K denotes the total iterations,
[KDGO03, XB04, Sha07, BJ13, LZZ 17, W]21] also propose decentralized algorithms with similar structures.
D? [TLY*18] introduces a variance-reduced correction term to D-PSGD, which allows a constant step size
and hence reaches a better convergence rate.

GT-SAGA [XKK22b] further uses SAGA-style updates and reaches a convergence rate that matches
SAGA [DBLJ14, RSPS16]. However, GT-SAGA requires to store a variable table, which leads to a high
memory complexity. D-GET [SLH20] and GT-SARAH [XKK22a] adopt equivalent recursive local gradient
estimators to enable the use of constant step sizes without extra memory usage. The IFO complexity of
GT-SARAH is optimal in the restrictive range m 2 (1_”7“)6, while DESTRESS achieves the optimal IFO over
all parameter regimes.

In addition to variance reduction techniques, performing multiple mixing steps between local updates
can greatly improve the dependence of the network in convergence rates, which is equivalent of com-
municating over a better-connected communication graph for the agents, which in turn leads to a faster
convergence (and a better overall efficiency) due to better information mixing. This technique is applied
by a number of recent literatures [BBKW19, PLW20, BBW21, LCCC20, HAD"21, IW22, SBB*17, SBB*18,
LFYL20, YZLZ20, GF20, LDS21].

Communication compression Communication efficiency is critical to decentralized optimization algo-
rithms, as communication can quickly become bottleneck of the system as the number of agents and the size
of the model increase. This has led to the development of communication compression (or quantization)
technique, which can significantly reduce the communication burden by transferring compressed informa-
tion without hurting the convergence too much. [DSZOR15, AGL"17] adopt gradient compression to create
a server/client distributed stochastic gradient descent, however, the large variance of compressed gradients
leads to a sub-optimal convergence rate. [SFD " 14] first proposes using error feedback to compensate for the
variance induced by compression. [SCJ18, AHJ"18, MGTR19, LKQR20, GBLR21, LR21a] all equip similar
mechanism to improve convergence for server/client distributed optimization algorithms, and [RSF21]
proposes EF21 that formalizes the error feedback mechanism and reaches a O(1/T) convergence rate for
smooth nonconvex objective functions. [TGZ"18, KSJ19, SDGD21, TMHP20, ZLL*22, YCC*23, LLP23]
further extend communication compression schemes to the decentralized setting.

On the other hand, many compressed methods are proposed recently such as [AGL*17, KFJ18, TGZ"18,
SCJ18, KSJ19, LKQR20, GBLR21, LR21a, RSF21, FSG*21, ZBLR21].
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Private optimization algorithms The concern of leaking sensitive data has been increasing with the
rapid development of large-scale machine learning systems. To address this concern, the concept of
differential privacy is widely adopted [DMNS06, Dwo08, DR14], which is the possibility of a system to
leak information under an adversarial attack. A popular approach to protect privacy is adding a noise to
the model or gradients, so that the algorithm will converge to an “inexact” solution. [ACGT16, WYX17,
INS*19, FKT20, CWH20] apply this method to design differentially private optimization algorithms for
the single server setting, while [HDJ+20, ACCO21, NBD22, DLC*22] consider differential privacy for
server/client distributed setting. However, merely protecting the privacy of all agents against external
adversary is insufficient in the decentralized setting. It is also necessary to protect each agent’s privacy from
leaking to other agents, which leads to the development of locally differentially private server/client and
decentralized optimization algorithms [DJW13, ABCP13, CABP13, XYD19, CSUT19, WXDX20, ZZY 21,
LZLC22, ZCH'22, ZKL18, ZKL20, CEBM22, ZP23, MS23].

Gradient clipping Gradient clipping has gained significant attention in recent years. Earlier works
e.g. [PMB13, BBP13, KLL16, KFI17, YGG17], use gradient clipping as a pure heuristic to solve gradient
vanishing/exploding problems without theoretical understandings. Then, [ZHS]20, ZKV 20, Z]JFW20,
RLDJ23] introduce theoretical analysis trying to understand the impact on the convergence rate when an
algorithm adopts gradient clipping. With the recent advancements in differentially private optimization
algorithms, a series of works, e.g. [CWH20, ZCH"22, DKX"22, ?, ?], apply this technique to limit the
magnitude of gradients, so that the variance of privacy perturbation can be decided without the bounded

gradient assumption.

1.4 Notation

Throughout this thesis, we use lowercase and uppercase boldface letters to represent vectors and matrices,
respectively. We use || - ||op for matrix operator norm, || - || for Frobenius norm, || - ||» for 2-norm, ® for
the Kronecker product, ® for the element-wise multiplication, I,, for the n-dimensional identity matrix,
(x,y) for the inner product of two vectors x and y, 1, for the n-dimensional all-one vector and 0y,
for the (d x n)-dimensional zero matrix. For two real functions f(-) and ¢(-) defined on R*, we say
f(x) = 0O(g(x)) or f(x) S g(x) if there exists some universal constant M > 0 such that f(x) < Mg(x).
The notation f(x) = Q(g(x)) or f(x) 2 g(x) means g(x) = O(f(x)).

Let x; € R be the optimization variable at agent i. We define the matrix of all optimization variables
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and the average vector as

1
X:= [xler/'--/xn] S ]Rd><n X = E

™=

X;. (15)

i=1

In addition, for a matrix of variables, we introduce the distributed gradient VF(X) € R**" as
VF(X) := [VA(x1), Va(x2), .., Vu(xn)] € R, (1.6)
and the global gradient of the matrix Vf(X) € R**" as

Vi(x):=[Vfx), -, Vfx)l. (17)

1.5 Thesis organization

The rest of this thesis is organized as following: Chapters 2 to 5 develop and analyze Network-DANE,
DESTRESS, BEER and PORTER, respectively, with extensive numerical experiments; Chapter 6 concludes this

thesis and proposes future directions.



Chapter 2

Decentralized Newton-style algorithm

There is growing interest in large-scale machine learning and optimization over decentralized networks,
e.g., in the context of multi-agent learning and federated learning. Due to the imminent need to alleviate the
communication burden, the investigation of communication-efficient distributed optimization algorithms
— particularly for empirical risk minimization — has flourished in recent years. A large fraction of these
algorithms has been developed for the server/client setting, relying on the presence of a central parameter
server that can communicate with all agents.

This chapter decentralized optimization problems defined by (1.2), where objective functions don’t
have finite-sum structure, and each agent is only allowed to aggregate information from its neighbors
over a network (namely, no centralized coordination is present). By properly adjusting the global gradient
estimate via local averaging in conjunction with proper correction, we develop a communication-efficient
approximate Newton-type method, called Network-DANE, which generalizes DANE to accommodate decen-
tralized scenarios. Our key ideas can be applied, in a systematic manner, to obtain decentralized versions
of other server/client distributed algorithms. A notable example is the development of Network-SVRG,
which employs variance reduction at each agent to further accelerate local computation. We establish
linear convergence of Network-DANE and Network-SVRG for strongly convex losses, which shed light on the
impacts of data homogeneity, network connectivity, and local averaging upon the rate of convergence. We
further extend Network-DANE to composite optimization by allowing a nonsmooth penalty term. Numerical
evidence is provided to demonstrate the appealing performance of our algorithms over competitive base-
lines, in terms of both communication and computation efficiency. Our work suggests that by performing a
judiciously chosen amount of local communication and computation per iteration, the overall efficiency
can be substantially improved.

This chapter is based on our previous publication [LCCC20].

17
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2.1 Preliminaries

This section introduces two important concepts that are crucial to Network-DANE and Network-SVRG, and

the DANE algorithm that inspires the development of Network-DANE.

2.1.1 Dynamic average consensus

Assume that each agent generates some time-varying quantity r](t) (e.g., the current local parameter or

(t)]

gradient estimates). Let #(f) = [rgt),~ -+, 1y’ ". To track the dynamic average % n ) = %1; r(t) at each

j=17j
agent, [ZM10] proposes a simple tracking algorithm: suppose each agent maintains an estimate q](-t) in the

t-th iteration, and the network collectively adopts the following update rule

g® = Wqt=D 440 _ D), 1)

where g() = [qgt) EEE ,qgf)}T. The first term Wq(!=1) represents the standard local information mixing

operation (meaning that each agent updates its own estimate by a weighted average of its neighbors’

estimates), the second term (!) — #(!=1) tracks the temporal difference. A crucial property of (2.1) is

1;,rq(t) =1, (2.2)

n

which indicates that the average of {qlm}lgign dynamically tracks the average of {rEt)}lgiSn. We shall
adapt this procedure in our algorithmic development, in the hope of reliably tracking the global gradients

(i.e., the average of the local, and often time-varying, gradients at all agents).

2.1.2 Chebyshev’s acceleration

Performing one round of mixing for x € R™ using mixing matrix W, the resulting vector at agent i
is X, = Zj Wjjx;. If the communication network is not well-connected, we may need to perform K > 1
rounds of communications to improve the communication quality. If implemented as repeatedly mixing
the mixed variable, the result will be equivalent as mixing using WX, and the resulting vector at agent i is
X = L (WK)x;.

However, the simple implementation is not optimal, as we can construct a polynomial of W to further
minimize the mixing rate of the resulting mixing matrix. Let P,(W) = cka +cr 1 W4 4 oW o
Optimize the mixing rate of P(W) leads to the solution

Ty (x/ap)

P) =1 = 7 1 /ay)

where Ty (x) is the Chebyshev polynomial defined by

To(x) =1
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Ti(x) =x

Tit1(x) = 2xTi(x) — T (x).

When «a is close to 1, the mixing rate of Px(W) is approximately &cpeby ~ 1 — 1/2(1 — ap).

2.1.3 Additional notation
We define the following (nd)-dimensional stacked vectors

) = MW,. . ,xfjW]T, y(t) = [ygf)T ) (t)T}T

st /yn ’ s(t) = l:sgt)—rr e /sglt)T]T' (23)

With a slight abuse of nations, we introduce the stacked distributed gradient VF(x) € R" and the stacked

global gradient Vf(x) € R™ of an (nd)-dimensional vector x as follows:

VE(x) == [Vfila) ', Vhulea) 1T, V)= V)T, V) '] (2:4)

214 The DANE algorithm

The DANE algorithm is a popular communication-efficient approximate Newton method developed for
the server/client model [SSZ14]. Here, we review some key features of DANE. (i) Each agent performs an
update using both the local loss function f;(-) and the gradient Vf(-) of the global loss function (obtained
via the parameter server). (ii) In the ¢-th iteration, the j-th agent solves the following problem to update its

(£)

local estimate x i

x](.t) = argmin {f](x) - <Vf]'(f(t)) — Vf(f(t)),x> + %Hx —i(t)H;}, (25)

x€R4

1

where y > 0 is the regularization parameter. Implementing this algorithm requires two rounds of

communications per iteration.

(@) The parameter server first collects all local estimates {x](.t_l) }1<j<n and computes the average global

parameter estimate ¥(*) = 1 27:1 x]{t_l) ; this is then sent back to all agents.

(b) The parameter server collects all local gradients evaluated at the point %(*), computes the global

gradient Vf(x(t)) = 1 YV fj(f(t)), and shares it with all agents.

~n

The DANE algorithm has been demonstrated as a competitive baseline whose communication efficiency

improves, in some sense, with the increase of data size [SSZ14]; see [FGW21] for its proximal variation and

n [SSZ14], the second term in (2.5) takes the form V fi @) — 7V F(xD). We set 7 = 1 without loss of generality following the
analysis in [FGW21].
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improved theoretical analysis. To see the reason why DANE is an approximate Newton-type algorithm,
consider the case when the local loss functions in all agents are quadratic and takes the form (2.10). The
()

local optimization subproblem (2.5) in DANE can be solved in closed form, with x j given by’

— -1 —
) =70 — (Hj+puly ) VFED). (2.6)

local Hessian

Clearly, this can be interpreted as

x](.t) = local parameter estimate — (local Hessian) ! (global gradient),

which is an approximate Newton-type update rule (since we invoke the local Hessian to approximate
the true global Hessian). It is worth noting that the algorithm proceeds without communicating the local

Hessians.

2.2 The Network-DANE algorithm

The DANE algorithm was originally developed for the server/client setting. In the network setting, however,
agents can no longer compute (2.5) locally, due to the absence of centralization enabled by the parameter
server; more specifically, agents have access to neither ") nor V f(x(")), both of which are required when

solving (2.5). To address this lack of global information, one might naturally wonder whether we can

(t=1)
i

simply replace global averaging by local averaging; that is, replacing ) and V f(z(*)) by WL\ Yic N X
j

and INL;I Yic N \Y fi(xft_l)), respectively, in the j-th agent. However, this simple idea fails to guarantee

convergence in local agents. For instance, the local estimation errors may stay flat (but nonvanishing) —

as opposed to converging to zero — as the iterations progress, primarily due to imperfect information

sharing.

With this convergence issue in mind, our key idea is composed of the following components.

¢ The first ingredient is to maintain an additional estimate of the global gradient in each agent —
(£)

jin the j-th agent. This additional gradient estimate is updated via dynamic average

consensus (2.8), in the hope of tracking the global gradient evaluated at y](t)

(1<j<n),ie, s]m attempts to track V f (y]m). Here, y](t) stands for the parameter estimate obtained

denoted by s
in the j-th agent

by local neighborly averaging in the t-th iteration (see Algorithm 1 for details). As the algorithm

(t)

converges, {y](t) }1<j<n is expected to reach consensus, allowing s j (1 <j < n) to converge to the

true global gradient as well.

2Gee [SSZ14] for a short derivation.
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Algorithm 1 Network-DANE

1 input: initial parameter estimates x}o) eRY (1 < j < n), regularization parameter y.

2 initialization: set y](-o) = x](O), sj(-o) = ij(y]('o)) for all agents 1 < j < n.

3 fort=1,2,--- do

4 for Agents 1 < j < n in parallel do

5 Set y](t)’o = x}til) and s](.t)’O = s](-tfl).

6 fork=1,2,...,Kdo

7 Receive information yi(t)’k_1 and sl(t)’k_l from its neighbors i € N

8 Aggregate parameter estimates from neighbors:

1)k (#),k—1 (t)k (t),k—1
i = Eie]\/} WjiY; r ST = Eie]\/} Wjis; (2.7)

9 Set the local parameter estimate to y]{t) = ](.t)’K.

10 Update the global gradient estimate by aggregated local information and gradient tracking:
K -1

) = s 5 ") - V) @9)
gradient tracking
11 Update the parameter estimate by solving:
() _ ; (£) () H ()12
X = aI;gE?;n {f](z) - <Vf]-(yj )= 8] ,z) + EHZ ~y; Hz} ) (2.9)

¢ In addition, we also allow multiple rounds of mixing within each iteration, i.e., (2.7), which is helpful

in accelerating convergence when the network exhibits a high degree of locality. In essence, by

applying K rounds of mixing, we improve the mixing rate from a to aX. As we shall see later,

choosing a proper (but not too large) K suffices to achieve the desired trade-off between the rate of

information sharing and iteration complexity, which helps reduce the overall communication and

computation cost. This step of extra averaging can be implemented in an efficient manner via the

Chebyshev acceleration scheme [AS14, SBB*17].

Armed with such improved global gradient estimates, we propose to solve a modified local optimiza-

tion subproblem (2.9) in Network-DANE, which approximates the original Newton-type problem (2.5) by

()

replacing V f(%(*)) with the local surrogate s J

. The proposed local subproblem (2.9) is convex and can be

solved efficiently via, say, Nesterov’s accelerated gradient methods. The whole algorithm is presented in
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Algorithm 1.

Remark 1. It is certainly possible to employ more general mixing matrices in (2.7). For instance, in mobile computing
scenarios with moving agents, one might prefer using time-varying mixing matrices in order to accommodate the

topology changes over time. We omit such extensions for brevity.

2.3 Convergence guarantees

2.3.1 Assumptions, metrics and parameters

This section formally introduces additional assumptions, key parameters, and error metrics required for
convergence analysis of Network-DANE.

To begin with, we introduce Assumptions 3 and 4 that characterize local objective functions.

Assumption 3 (strongly convex and smooth local objective function). The local objective function f;(x) at each
agent is strongly convex and smooth, namely, o1 < V? fi(x) 2 LI (1 < j < n) for some quantities 0 < o < L.

Define x = L/ o is the condition number.

Assumption 4 (quadratic local objective function). The local objective function f;(x) at each agent is quadratic

w.r.t. x, i.e., taking the form of

1
fi(x) = ExTHix +bx+c;, (2.10)

where b; € RY, ¢; € R, and H; = V2f;(x) € R¥*? is a fixed symmetric and positive semidefinite matrix.
Next, we define the homogeneity parameter following [CZC*20, FGW21].

Definition 4 (Homogeneity parameter). Let f(x) and f;(x) be as defined in (1.2). The homogeneity parameter p
is defined as
B:= max B;  with B;:= sup |V>f;(x) — V2f(x)]|. (2.11)

i<j<n reRe
As it turns out, § is bounded by the smoothness parameter of f (x),ie, B < L.3 On the other end, as
the local loss functions f;’s become similar with each other, § will become smaller. Therefore, 8 is a key

quantity measuring the similarity of data across agents.

3To prove this inequality, we note from the minimax theorem of eigenvalues and the triangle inequality that

B Sm{ax{ sup vT(%Vz'fj(x))v— inf vT(% szfi(x)>v} =1-HL-0) <L
i xeRY, HJ;EHJR 2 it
loll2=1 2=
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Remark 2. If the local data follow certain statistical models, it is possible to show that B decreases as the local data
size m grows. For example, [SSZ14] shows that if the data samples at all agents are i.i.d. and Assumption 2 holds,
then with probability at least 1 — 6 over the samples, we have B < 4/ % log ”7"1 — implying P decreases at the rate of

1/y/m.

In addition to notation defined in Section 1.4, we define an extra (nd)-dimensional vector y analogous
to (1.5).

To characterize the convergence behavior of our algorithm, we need to simultaneously track several

interrelated error metrics as follows:

(1) the convergence error: ||[7{*) — y*

|2;

(2) the parameter consensus error: Hy(t) -1, 275" |

07
(3) the gradient estimation error: ||s(*) — 1, ® V£(y®)],.

In this thesis, an algorithm is said to converge linearly at a rate p € (0,1) if there exists some constant

C > 0 such that the following holds for all t > 1:

max {\/ﬁﬂy(t) —v*, |y"? -1, 05"

” 2y LY = VD), } < co.

In addition, an algorithm is said to reach e-accuracy if the left-hand side of the above expression is bounded
by e.
2.3.2 Convergence guarantees of Network-DANE for quadratic loss

This section establishes linear convergence of Network-DANE when the objective functions are quadratic.

Theorem 1 (Network-DANE under quadratic loss, arbitrary K). Suppose that Assumptions 1, 3 and 4 hold.

Set K > 0, the effective mixing rate becomes aX. Set u large enough so that o + u > (11:12,%)2 (g + 1). Then

Network-DANE converges linearly at a rate p1 obeying

1+6; g 140k (c+B\ 1+aK 28
= 2.12
P1 maX{ 7Tk cvn) 2 +U+y , (212)

where 0y is defined by

o L B>
c+u Ltplc+pu)c+u—p)

0, :=1 (2.13)

Remark 3. It turns out that 6, € (0,1) is the convergence rate of DANE in the server/client setting under quadratic
losses [SSZ14, Theorem 1].
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It is worth noting that we do not optimized constants in the above theorem, as our primary focus is
the order of convergence rate. If the regularization parameter y is sufficiently large, one can guarantee
that 6; < 1 and hence DANE converges at a linear rate when optimizing quadratic losses [SSZ14]. We can
clearly see that (2.12) is always greater than 61, which is the price we pay for consensus under the network
setting. Fortunately, by properly setting j, we can still guarantee that p; < 1, which in turn enables linear
convergence of Network-DANE.

In view of (2.12), if the network is sufficiently connected (i.e., « is small), or if the data are sufficiently
homogeneous (i.e., B is small), we can use a smaller parameter y, which makes 6, (defined in (2.13)) smaller
and results in faster convergence. In summary, Network-DANE takes fewer iterations to converge when «
and B are both small. After some basic calculations, the complexity of Network-DANE for quadratic losses is

formalized in the following corollary.

Corollary 1. Set y+o0 = (1178215)2 (g +1). Under the assumptions of Theorem 1, one has
1-af\?1 1
<1-— = . 2.14
pr= ( 20 > k(B/oc+1) (@14)

To reach e-accuracy, Network-DANE takes at most O (%) iterations, and O (K . %)

communication rounds.

If we set the number of local averaging rounds to be K = 1, then the iteration complexity can be
directly compared with other existing results. If the homogeneous parameter  obeys p = O(c), then the
convergence rate can be improved to O(xlog(1/€)/(1 — «)?); this is much faster than the corrected DGD
[QL18] with gradient tracking, which converges in O(x?log(1/€)/(1 — «)?) iterations. The convergence
rate of Network-DANE degenerates to that of DGD [QL18] with gradient tracking under the worst condition
B = ©O(L). This observation highlights the communication efficiency of Network-DANE by harnessing the
homogeneity of data across different agents. We emphasize that this is an important feature of our analysis,

where the convergence rate adapts with respect to the data homogeneity.

Benefits of extra local averaging (i.e., K > 1). The careful reader might have noticed that the rate
established above scales poorly with respect to the network parameter, namely, (1 —a) !, when K = 1. One
remedy is to consider the case with K > 1, where Network-DANE performs K rounds of communications
per iteration. On the one hand, the effective network parameter becomes aX that can be made arbitrarily
small by setting K sufficiently large, thus leading to faster convergence; on the other hand, the total number
of communications is K times larger than the number of iterations, meaning that we might end up with a

higher communication complexity. As an example, invoking Corollary 1, the total communication cost to
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reach e-accuracy is given by

O(K-x(1+B/o)log(1/€)/(1 —aX)?).

Therefore, by judiciously choosing K, it is possible to significantly improve the overall communication
complexity, especially when « is close to 1. For example, by setting K < 1/log(1/a) = O(1/(1 — «)), we
can ensure aX < 1/2 and reduce the communication complexity to O(x - (8/c + 1) log(1/€)/(1 — a)), thus
improving the dependence with the graph topology.

The following theorem shows an improved result following a refined analysis, which improves the

dependence simultaneously with respect to both x and (1 —«)~!.

Theorem 2 (Network-DANE under quadratic loss, optimized K). Instate the assumptions of Theorem 1. Set K
and y large enough so that X < 1/(2x) and o + u > 3600 (f—i + 1). To reach e-accuracy, Network-DANE takes

at most O ((B?/0? + 1)log(1/€)) iterations, and O (logK . M) communications rounds.

-0

When we set K as suggested in Theorem 2, the iteration complexity becomes independent of the network
topology. Moreover, it matches the rate of DANE in the server/client setting [SSZ14] when g = O(0),
which is O(log(1/€)) and further independent of the condition number «.

In terms of network dependence, the communication complexity improves from O(1/(1 — «)?) to
O(1/(1 — «)). By implementing the extra averaging step in an efficient manner via the well-known
Chebyshev acceleration scheme [AS14, SBB*17], the dependence of the communication complexity with
respect to (1 — a)~! can be further improved to O ((1 —a)V 2). The final communication complexity of

Network-DANE for quadratic losses thus becomes

2/02 +1)log(1/¢
(@) <10g1<- (B B _03)10/%( )) .

Therefore, the total amount of communication is significantly reduced using extra averaging, where it

scales only logarithmically with respect to «.

2.3.3 Convergence guarantees of Network-DANE for strongly convex loss

This section establishes the linear convergence of Network-DANE for general smooth and strongly convex

loss functions, where the rate is worse than that for quadratic losses.

Theorem 3. Assume Assumptions 1 and 3 hold. Set K > 0, and u large enough so that ¢+ y > (113(;’%2. Then

Network-DANE converges linearly at a rate p, obeying

1+6, g 170x L 1+ak 28
= 2.15
02 max{ 7 LK +1—zxK <U+;¢)' 5 +‘7+P‘ , (2.15)
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where 03 is given by

o p B2
0y :=1— 1- . 2.16
2 a+y+a+y <a+y) 2.16)

Remark 4. Note that 6, € (0,1) is precisely the convergence rate of DANE in the server/client setting [FGW21,
Theorem 3.1].

Similar to Theorem 1, one can guarantee 6, < 1 and p, < 1 by setting the regularization parameter y
sufficiently large. Therefore, Network-DANE can converge at a linear rate for a general class of smooth and
strongly convex problems. Comparing the convergence rates of Network-DANE derived for the above two
different losses (i.e., comparing (2.13) with (2.16)), we see that: when the loss functions are non-quadratic,
0, is generally greater than 6;%. This happens since the Hessian matrices associated with the non-quadratic
loss functions may vary across different points, which is also the reason why the convergence rate of
Network-DANE derived for the general case degenerates to the worst-case rate. After some basic calculations,

the complexity of Network-DANE under strongly convex losses is formalized by the following corollary.

180xL
(1—akK)2”

Corollary 2. Set o+ p =

Under the assumptions of Theorem 3, one has

1—aK 2 1
< — - -
p2=1 ( 20 ) K2’ (2.17)

2 2
To reach e-accuracy, Network-DANE takes at most O ( %) iterations and O (K . K(lb_gitf;)/f)> communication
rounds.
x2log(1/€)
(1-a)?

pessimistic and does not improve with data homogeneity. Similar to Theorem 2, we can improve this by

When K = 1, the communication complexity of Network-DANE is O ( ), which is rather

optimizing K properly. We have the following theorem, which is parallel to Theorem 2.

Theorem 4 (Network-DANE under strongly convex loss, optimized K). Instate the assumptions of Theorem 3.
Set K and u large enough so that «X < 1/(2x) and o + u > 360L (g + 1). To reach e-accuracy, Network-DANE

takes at most O (x(B/o + 1) log(1/¢€)) iterations and O (logx . K(ﬁ/0+11) LOg(l/e)) communication rounds.

The improved rate in Theorem 4 improves as the local data become more homogeneous, recovering a
feature that has been highlighted previously. Similar to earlier discussions in Section 2.1.2, by using the
Chebyshev acceleration scheme [AS14, SBB*17], the final communication complexity of Network-DANE for

strongly convex losses becomes

x(B/ 1 log(1l/e
o<10g,<. (P ((f_iﬁ/%( >).

o2+20p S o

4This is because o? 2= T
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Remark 5. The homogeneity parameter B defined in Definition 4 measures the largest deviation of local Hessians
from the global Hessian. A refined analysis using local deviation B; is possible by permitting different regularization

parameters p; in (2.9) for different agents.

2.4 Extension to nonsmooth composite optimization

Network-DANE can be extended for nonsmooth composite optimization, by properly adjusting the local
optimization step, leveraging proximal variants of DANE [FGW21] and SVRG [XZ14]. For simplicity, we
present the proximal variant of Network-DANE and leave its theoretical analysis to future work.

Consider the following regularized empirical risk minimization problem:

Z

minimize f(x)+ g(x) £ ! 0(x;z;) + g(x), (2.18)

xc R4 N

I
—

where f(-) and f;(-) are defined as in (1.2), and g(-) is a deterministic convex regularizer that can be
nonsmooth. This type of problem has wide applications, where it is desirable to promote additional
structures or incorporate prior knowledge about the solution through adding a deterministic regularization
term g(x). We can extend Network-DANE to solve (2.18) by adding the proximal term into the local
optimization step, as detailed in Algorithm 2, which is a direct extension of Algorithm 1. Section 2.6

numerically verifies the effectiveness of Algorithm 2.

Algorithm 2 Network-DANE for nonsmooth composite optimization

1 Replace the local optimization sub-problem (2.9) of Network-DANE by the following:
(B 0

2 Input: y P8 regularization parameter .

3 Update the parameter estimate by solving:

x](.t) = argmin {f](Z) +8(z) - <ij(y]('t)> - 5]('t)rz> + %Hz - y]('t) Hi} : (2.19)

z€R4

2.5 Extension with variance reduction

The design of Network-DANE suggests a systematic approach to obtain decentralized versions of other
algorithms. We illustrate this by reducing local computation of Network-DANE using variance reduction.
Stochastic variance reduction methods are a popular class of stochastic optimization algorithms, developed
to allow for constant step sizes and faster convergence in finite-sum optimization [JZ13, XZ14, NLST17].
It is therefore natural to ask whether such variance reduction techniques can be leveraged in a network

setting to further save local computation without compromising communication.
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Algorithm 3 Network-SVRG

1 Replace the local optimization subproblem (2.9) of Network-DANE by the following:
() 1)

2 Input: y P8 step size J, number of local iterations S.
3 Initialization: set u](.t)’o = y](.t), v](.t)’o = s](t).
4 fors=1,..., S do
(t),S — (t),S*l _ (t),S*l
5 up = 5vj .
6 Sample z from M; uniformly at random, then,
v](t)’s = Vﬁ(u](t)’s;z) — Vﬁ(u§t>’0;z) + v](t)’o. (2.20)

(1) 1

7 Choose the new parameter estimate x j from {u](.t)’ PR u]m’s} uniformly at random.

Inspired by the connection between DANE and SVRG [KMR15], we introduce Network-SVRG in Al-
gorithm 3, a decentralized version of SVRG [JZ13] tailored to the network setting, with the assistance of

gradient tracking. In particular, the inner loops of SVRG [JZ13] are adopted to replace the local computation

subproblem (2.9) of Network-DANE, where the reference to the global gradient is replaced by s](t) to calculate
the variance-reduced stochastic gradient.

The convergence analysis of Algorithm 3 is more challenging due to the biased stochastic gradient
involved in each local iteration. Theorem 5 establishes the linear convergence of Network-SVRG for strongly
convex losses, as long as f is sufficiently small and the number of mixing rounds K is sufficiently large.

Again, we have not strived to improve the pre-constants specified in the theorem.

Theorem 5. Assume Assumptions 1 and 3 hold and B/ < 1/200. Set K large enough such that «X =< 1/x and S
large enough, Network-SVRG converges linearly. To reach e-accuracy, Network-SVRG takes at most O (log(1/¢))
log(1/¢)

iterations and O (logx : ﬁ) communication rounds.

The proof of Theorem 5 can be found in Appendix A.4. Theorem 5 implies that: as long as the local data
are sufficiently similar (so that  does not exceed the order of ¢), by performing O (logx /(1 — «)) rounds
of local communication per iteration, Network-SVRG converges in O (log(1/¢)) iterations independent of
«. This performance guarantee matches its counterpart in the server/client setting [CZC*20]. Altogether,
Network-SVRG achieves appealing computation and communication complexities simultaneously. By

further adopting the Chebyshev acceleration scheme [AS14, SBB*17], the final communication complexity

0 (togr- 2005 ).

(1—a)l/2

of Network-SVRG is at most

It is straightforward to extend this idea to obtain decentralized variants of other stochastic variance
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reduced algorithms such as Katyusha [AZ17], by replacing the local computation step (2.9) by the inner
loop update rules of the stochastic methods of interest. For the sake of brevity, this paper does not pursue

such “plug-and-play” extensions.

Remark 6. Our convergence theory of Network-SVRG requires B < o, which is consistent with its counterpart
in the server/client setting [CZC*20]. In contrast, Network-DANE is guaranteed to converge linearly in the entire
range of B by setting u sufficiently large. One scheme to relax this requirement, as analyzed in [CZC*20], is to add a
regularization term, similar to the last term in (2.9), that penalizes the distance to the previous estimate. However,

this might come at a price of slower convergence. We leave this to future investigation.

2.6 Numerical experiments

We evaluate the performance of the proposed algorithms® for solving both strongly convex and nonconvex
problems, in order to demonstrate the appealing performance in terms of communication-computation
trade-offs.

Throughout this section, we set the number of agents n = 20. We use symmetric fastest distributed
linear averaging (FDLA) matrices [XB04] generated according to the communication graph as the mixing
matrix W for aggregating x](t) ](.t)
W such that its diagonal elements are greater than 0.1, which makes the algorithm more stable in practice.

in (2.7). For aggregating s.”’ in (2.7), we use a convex combination of I and
The same regularization parameter y is used for DANE and Network-DANE. We generate connected random
communication graphs using an Erdés-Rényi graph with the probability of connectivity p = 0.3 (if not
specified). For each experiment, we use the same random starting point x(?) and mixing matrix W for all
algorithms. To solve the local optimization subproblems, we use Nesterov’s accelerated gradient descent

for at most 100 iterations for DANE and Network-DANE.

2.6.1 Experiments on synthetic data

We conduct five synthetic numerical experiments based on linear regression to investigate the performance
of our algorithms. The same data generation method is used for all synthetic experiments. We generate
m = 1000 samples of dimension d = 40, denoted by A;, randomly from N (0,X) ii.d. for each agent, where
X is a diagonal matrix with X;; = i~ ¢. By changing o, we can change the condition number x. Data samples
are generated according to the linear model b; = A;xg + ¢;, with a random signal xy and i.i.d. noise

.~ N(0,I). For DANE and Network-DANE, we set # = 5 x 10710 when ¥ = 10 and # = 5 x 10~* when
i H H

(OB
j
though our analysis only handles the case where the new parameter estimate is selected uniformly at random from previous iterates.

5In our experiments of Network-SVRG, we use the last iterate u; "~ as the new parameter estimate locally, which is more practical;
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Figure 2.1: The relative optimality gap with respect to the number of iterations and gradient evaluations
under different conditioning x = 10 (left two panels) and x = 10* (right two panels) for linear regression.

x = 10*. For Network-SVRG, we set the step size 6 = 0.1/ (L + ¢ + 2u) and the number of local iterations

S = 0.05m.

Comparison with existing algorithms. To make a fair comparison with other algorithms, no extra local
averaging is adopted in this experiment, i.e., the number of mixing rounds is set to K = 1. The loss
function at each agent is given as f;(x) = 5-||A;x — b;||3. We plot the relative optimality gap, given as
(f(®®) — %)/ f*, where ) is the average parameter of all agents at the t-th iteration, and f* is the optimal
value. We compare the proposed Network-DANE (cf. Algorithm 1) and Network-SVRG (cf. Algorithm 3) with
the server/client algorithms DANE [SSZ14] and ADMM [BPC*11],° and two popular network-distributed
gradient descent algorithms, referred to as DGD [QL18] and EXTRA [SLWY15a].

Figure 2.1 shows the relative optimality gap with respect to the number of iterations as well as the
number of gradient evaluations under different condition numbers x = 10 and x = 10* for linear regression.
In both experiments, Network-DANE and Network-SVRG outperform DGD and EXTRA in terms of the
numbers of communication rounds. Network-SVRG has similar communication rounds with ADMM but
only communicates locally. Network-DANE is quite insensitive to the condition number, performing almost
as well as the DANE algorithm in the ill-conditioned case, but operates in a fully decentralized setting.
Network-SVRG further outperforms other algorithms in terms of gradient evaluations in most settings,

especially for well-conditioned cases.

Benefits of extra local mixing (communication) per iteration. We conduct synthetic experiments to
investigate the communication-computation trade-off observed in Theorem 4 when employing multiple

rounds of mixing within every iteration. Following the suggestion of the theory, we use a poorly connected

®We apply ADMM to the constrained optimization problem, which amounts to the centrally-distributed setting,
miny, %Z fi(xi) s.t. x; = x. Note that ADMM can also be applied to the network-distributed setting, which is not shown here
since our network algorithms already outperform ADMM in the centrally-distributed setting.



CHAPTER 2. DECENTRALIZED NEWTON-STYLE ALGORITHM 31

100 : i :
i
= 107 1 0 |
Ay

|
o 1070} 1 3 1
R
= 10| 1t :
10712 | | | | | | | | | | |
0 20 40 60 80 100 0 100 200 300 400 500
#iters #communications
[—rK=1oK=28K=5%K=20-2K=5]

Figure 2.2: The relative optimality gap with respect to the number of iterations and communication rounds
under different rounds of mixing K for Network-DANE over a poorly connected graph.

network with mixing rate ay = 0.944 for communication, which is generated by an Erd6s-Rényi graph with
p = 0.2. For illustration, we consider the relative optimality gap for a linear regression problem with x = 10,
with respect to the number of iterations and communication rounds for Network-DANE and Network-SVRG,
under different values of K (no Chebyshev acceleration is employed), shown in Figure 2.2. Due to poor
connectivity, Network-DANE and Network-SVRG fail to converge when using moderate parameters. However,
by using a larger K, due to improvement in consensus, Network-DANE converge faster in terms of the number
of iterations. Notice that after certain threshold, further increasing K will not improve the convergence rate

in terms of communication rounds.

Effects of local computation for Network-SVRG. We conduct an experiment to analyze the effect of
different numbers of local stochastic iterations for Network-SVRG. Throughout this experiment, we run
our algorithms on a linear regression problem with ¥ = 10 and Erd6s-Rényi graph (p = 0.2) as the
communication graph. Figure 2.3 shows the number of communication rounds and the number of gradient
evaluations till converge for different numbers of local iterations. It is clear that with too few local iterations,
Network-SVRG converges very slow and requires more communication. As soon as S is above a threshold,
which is around 0.05m local iterations, the communication rounds no longer decrease. Therefore, in our
experiments, we set the number of local iterations as S = 0.05m to ensure satisfactory convergence rate

while using an economical amount of local computation.

Effects of network topology. We conduct another experiment to compare the effect of network topology
on linear regression problem with x = 10. We generate communication graphs with different topology
settings. Figure 2.4 shows the relative optimality gap with respect to the number of iterations and gradient
evaluations for Network-DANE for Erd6s-Rényi graph (p = 0.3), a 4 x 5 grid graph, a star graph, and a ring

graph. The performance degrades as the network becomes less connected (where 1 — &y becomes small)
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Figure 2.3: Number of communication rounds till converge with respect to different numbers of local
iterations for Network-SVRG.
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Figure 2.4: Performance of Network-DANE under different network topologies.
[NOR18].

Experiments for nonsmooth composite optimization We consider the ¢1-norm regularized linear regres-
sion, where the loss function of each agent is given as fi(x) = fi(x) + g(x) = 5= || A;x — b;||3 + 0.01 x|1,
and the communication graph are generated in the same way as Figure 2.1. The condition number « is also
defined in the same way as earlier. We compare the performance of Network-DANE with CEASE [FGW21],
which is the proximal version of DANE in the server/client setting, ADMM, and PG-EXTRA, which is
the proximal version of EXTRA [SLWY15b]. For CEASE and Network-DANE, we set # = 10~* when x = 10
and u = 107! when x = 10*%, and use FISTA [BT09] to solve the ¢;-norm regularized local problems for
computation efficiency. Figure 2.5 plots the relative optimality gap ||%*) — x*||2/||x* |2 with respect to
the number of iterations and the number of gradient evaluations for different algorithms under different
condition numbers. In both experiments, Network-DANE outperformed ADMM and PG-EXTRA in both
metrics, and achieves similar convergence behavior as CEASE, though at a slower rate due to optimizing

over a decentralized topology.
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Figure 2.5: The relative optimality gap with respect to the number of iterations and gradient evaluations
under different conditioning x = 10 (left two panels) and x = 10* (right two panels) for linear regression
with ¢1-norm regularization.

2.6.2 Experiments on real data

We perform two experiments on real data to further evaluate the performance of the proposed algorithms

for both convex and nonconvex problems.

Binary classification using logistic regression. We use regularized logistic regression to solve a binary
classification problem using the Gisette dataset.” We split the Gisette dataset to n = 20 agents, where each
agent receives m = 300 training samples of dimension d = 5000. The loss function at each agent is given as
1 & ‘ ' A
filx) = — Y log (1+ 26 — Dexp(xTal)) + T3,
j=1
where algj ) € R? and bl.(j ) e {0,1} are samples stored at agent i. For DANE and Network-DANE, we set
#=5x10"% when x = 2 and y = 5 x 10~! when x = 100. The condition number is controlled by changing
the regularization A. Figure 2.6 shows the results. In both cases, our algorithms exhibit compelling

performance over other decentralized optimization algorithms especially in terms of communication

efficiency.

1-hidden-layer neural network training. Though our theory only applies to the strongly convex case,
we examine Network-SVRG in the nonconvex case, by training a one-hidden-layer neural network with 64
hidden neurons and sigmoid activations for a classification task using the MNIST dataset. We split 60,000
training samples to 20 agents and use an Erd6s-Rényi graph with p = 0.3 for communications. Figure 2.7
plots the training loss and testing accuracy against the number of iterations and gradient evaluations
for different algorithms, where centralized ADMM and decentralized stochastic algorithm (DSGD) are
plotted as baselines. Being more communication-efficient than DSGD, and more computation-efficient than

ADMM, Network-SVRG reach a desirable balance between computation and communication efficacies.

"The dataset can be found at https:/ /archive.ics.uci.edu/ml/datasets/Gisette.


https://archive.ics.uci.edu/ml/datasets/Gisette
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Figure 2.6: The relative optimality gap with respect to the number of iterations and gradient evaluations
under different conditioning x = 2 (left two panels) and « = 100 (right two panels) for logistic regression
using the Gisette dataset.
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Chapter 3

Decentralized stochastic recursive gradient

algorithm

Emerging applications in multi-agent environments such as internet-of-things, networked sensing, au-
tonomous systems and federated learning, call for decentralized algorithms for finite-sum optimizations
that are resource-efficient in terms of both computation and communication. In this chapter, we consider
the prototypical setting where the agents work collaboratively to minimize the sum of local loss functions
(cf. (1.3)) by only communicating with their neighbors over a predetermined network topology. We develop
a new algorithm, called DEcentralized STochastic REcurSive gradient methodS (DESTRESS) for nonconvex
finite-sum optimization, which matches the optimal incremental first-order oracle (IFO) complexity of
centralized algorithms for finding first-order stationary points, while maintaining communication efficiency.
Detailed theoretical and numerical comparisons corroborate that the resource efficiencies of DESTRESS
improve upon prior decentralized algorithms over a wide range of parameter regimes. DESTRESS leverages
several key algorithm design ideas including randomly activated stochastic recursive gradient updates with
mini-batches for local computation, gradient tracking with extra mixing (i.e., multiple gossiping rounds)
for per-iteration communication, together with careful choices of hyper-parameters and new analysis
frameworks to provably achieve a desirable computation-communication trade-off.

This chapter is based on our previous publication [LLC22].

3.1 The DESTRESS algorithm

We propose DESTRESS for finding first-order order stationary points of nonconvex finite-sum problems.
Throughout, we define (nd)-dimensional stacked vectors u(*), v(*), g(!) and s(*) analogously to Section 2.1.3.

Motivated by stochastic recursive gradient methods in the centralized setting, DESTRESS has a nested loop
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structure:

1. The inner loop refines the parameter estimate u(1)0 = x(t=1) by performing randomly activated
stochastic recursive gradient updates (3.1), where the stochastic recursive gradient v(*)* is updated in

(3.1b) and (3.1c) via mixing mini-batch stochastic gradients from activated agents’ local datasets.

2. The outer loop adopts dynamic average consensus to estimate and track the global gradient VF(x(*))
at each agent by s(*) in (3.2), which allows the next inner loop to start from a less noisy starting
gradient v(!T1)0 = 5(t) " A key property of (3.2)—which is a direct consequence of dynamic average

consensus—is that the average of s(*) equals to the dynamic average of local gradients, i.e., s() =
t
%Zie[rz} 51@ = %Zie[n] sz‘(ng ))-

To enable better information sharing and faster convergence, inspired by [LCCC20], we allow DESTRESS to
perform a few rounds of mixing or gossiping whenever communication takes place. Specifically, DESTRESS
performs Koyt and Kj, mixing steps for the outer and inner loops respectively per iteration, which is
equivalent to using

Wout = Whee and W, = wkin

as mixing matrices, and correspondingly a network with better connectivity; see (3.2), (3.1a) and (3.1c).
Note that Algorithm 4 is written in matrix notation, where the mixing steps are described by Wi, ® I,
or Weut ® I, and applied to all agents simultaneously. The extra mixing steps can be implemented by
Chebyshev acceleration [AS14] with improved communication efficiency.

Compared with existing decentralized algorithms based on stochastic variance-reduced algorithms
such as D-GET [SLH20] and GT-SARAH [XKK22a], DESTRESS utilizes different gradient estimators and
communication protocols: First, DESTRESS produces a sequence of reference points {x(!)} that converge to
a global first-order stationary point and corresponding global gradient estimates {s(!)} that are updated by
full gradient computations, so that inner loops can refine x(!) using stochastic recursive gradients based on
accurate gradient estimates; second, the communication and computation in DESTRESS are paced differently
due to the introduction of extra mixing, which allow a more flexible trade-off schemes between different
types of resources; last but not least, the random activation of stochastic recursive gradient updates further

saves local computation, especially when the local sample size is small compared to the number of agents.

IThe stochastic gradients will not be computed if Aft)’s =0.
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Algorithm 4 DESTRESS for decentralized nonconvex finite-sum optimization

1 input: initial parameter (), step size 7, activation probability p, batch size b, number of outer loops T,
number of inner loops S, and number of communication (extra mixing) steps Kin and Koyt.

2 initialization: set xl(O) =% and s = V£ (%) for all agents 1 < i < n.
3 fort=1,...,T do

4 Setinner loop initial parameters u(1)0 = x(t=1) and v()0 = s(t=1),

5 fors=1,..,Sdo

(t)s

6 Each agent i samples a mini-batch Z; of size b from M; uniformly at random, /\l(t)’s ~ B(p)

where B(p) denotes the Bernoulli distribution with parameter p,! and then performs the
following updates:

u(t),S = (Win ® Id>(u(t)f571 — nv(t)lsil), (31a)
(t)s
A -
g =S ¥ (Vewz) - Ve z)) ol (31)
P Z,‘EZi(t)’s
i o(t)s — (Win @ I;)g")*. (3.1¢)
7 | Set the new parameter estimate x(f) = u(1)5,

8 Update the global gradient estimate by aggregated local information and gradient tracking:

s =(Wour @ 1) (s~ + VF(x)) — VF(x(~1))) (3.2)

1
9 output: x°!t 5=

~ Umform({u li € [n],t €[T],selS]}).

3.2 Convergence guarantees

This section presents the performance guarantees of DESTRESS. Due to the nonconvexity, first-order
algorithms are generally guaranteed to converge to only first-order stationary points of the global loss
function f(-), which is defined in Definition 3.

Theorem 6 shows that DESTRESS converges in expectation to an approximate first-order stationary point,

under suitable parameter choices.

Theorem 6 (First-order optimality). Assume Assumptions 1 and 2 hold. Set p € (0,1], Kin, Kout, S, b and 1 to be
positive and satisfy
(1 i D{K'”)S(l — ‘xKout>

Kin < d nL< . 3.3
TSP T (U aknaon Juph) (/57 (nph) + 1) .
The output produced by Algorithm 4 satisfies
outy ||2 4 =(0)\] _ £*
BI[VA); < g (B - 1), (3.4)

If there is only one agent, i.e,, n = 1, the mixing rate will be & = 0, we can choose Ki;, = Kout =

p = 1, and Theorem 6 reduces to [NvP 22, Theorem 1], its counterpart in the centralized setting. For
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general decentralized settings with arbitrary mixing schedules, Theorem 6 provides a comprehensive

characterization of the convergence rate, where an e-first-order stationary point can be found in expectation

S—0 (E[f(x“”)} —f*>

in a total of

ne
iterations, where T is the number of outer iterations and S is the number of inner iterations. Clearly, a
larger step size 7, as allowable by (3.3), hints on a smaller iteration complexity, and hence a smaller IFO
complexity.

There are two conditions in (3.3). On one end, Kj, needs to be large enough (i.e., perform more rounds
of extra mixing) to counter the effect when p is small (i.e., we compute less stochastic gradients every
iteration), or when « is close to 1 (i.e., the network is poorly connected). On the other end, the step size y
needs to be small enough to account for the requirement of the step size in the centralized setting, as well as
the effect of imperfect communication due to decentralization. For well connected networks where &« < 1,
the terms introduced by the decentralized setting will diminish—indicating the iteration complexity is close
to that of the centralized setting. For poorly connected networks, carefully designing the mixing matrix
and other parameters can ensure a desirable trade-off between convergence speed and communication cost.
The following corollary provides specific parameter choices for DESTRESS to achieve the optimal per-agent

IFO complexity.

Corollary 3 (Complexity for finding first-order stationary points). Under conditions of Theorem 6, set
log(+/npb-+1) log(2/ 1 i

S = L/mnl, b= [vm/n],p= [\/%1 , Kout = [W—" Kip = [(?‘(i(a)ﬂﬂ, 1 = g, and implement

the mixing steps using Chebyshev’s acceleration [AS14]. To reach an e-first-order stationary point, in expectation,

1/2
DESTRESS takes O(m + (m/z#) IFO calls per agent, and O(W - ((mn)/2 + ;Lz>) rounds of

communication.

DESTRESS achieves a network-independent IFO complexity that matches the optimal complexity in the

1/2

centralized setting. In addition, when the accuracy €*> < L/(mn)'/?, DESTRESS reaches a communication

L

complexity of O(W 3

), which is independent of the sample size.
It is worthwhile to further highlight the role of the random activation probability p in achieving the
optimal IFO by allowing “fractional” batch size. Note that the batch size is set as b = [\/ m/ n] , where m is

the local sample size, and 7 is the number of agents.

1. When the local sample size is large, i.e., m > n, we can approximate b ~ v/m/n and p ~ 1. In fact,

Corollary 3 continues to hold with p = 1 in this regime.
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H Erd6s-Rényi graph ‘ 2-D grid graph ‘ Path graph
11—« I 1
(spectral gap) 1 nlogn 2
SLz0 et . s 2
GT-SARAH 1/3 /2] L 2 1/3.2/3 172\ L 4 .1/3,5/3 /21 1L
[XKK22a] m+max {1, ()" (2)"2} - L | mtmax {2, m12n2/3, ()2 L | max {nt, m1n2, (1) 2] L
DESTRESS
(Algorithm 4) (mn)t/2 + e% m!/2n + ,,16/22L (mn®)V/2 + %
Improvement factors ma1/2 ml/2 ml/2
for e-independent term (%) T Wz
Improvement factors m\1/3  1mn\1/2 32 . 1/3,1/6 ml/? 3 1/3.2/3 w2
for e-dependent term max{l, ) } max{n , I, T} max {” L L W}

Table 3.1: Detailed comparisons of the communication complexities of D-GET, GT-SARAH and DESTRESS
under three graph topologies, where the last two rows delineate the improve factors of DESTRESS over
existing algorithms. The communication savings become significant especially when m = Q(7Z.). The
complexities are simplified by plugging the bound on the spectral gap 1 — a from [NOR18, Proposition 5].
m, n, L are defined in Section 1.1 and « is the mixing rate defined in (1.4). The big-O (defined in Section 1.4)
notation and logarithmic terms are omitted for simplicity.

2. However, when the number of agents is large, i.e., n > m, the batch size b =1 and p = vm/n <1,
which mitigates the potential computation waste by only selecting a subset of agents to perform local

computation, compared to the case when we naively set p = 1.

Therefore, by introducing random activation, we can view pb = V/m/n as the effective batch size at each
agent, which allows fractional values and leads to the optimal IFO complexity in all scenarios.

To gain further insights in terms of the communication savings of DESTRESS, Table 3.1 further compares
the communication complexities of decentralized algorithms for finding first-order stationary points under

three common network settings, which highlights the communication improvement over existing works.

3.3 Numerical experiments

This section provides numerical experiments on real datasets to evaluate our proposed algorithm DESTRESS
with comparisons against two existing baselines: DSGD [NO09, LZZ"17] and GT-SARAH [XKK22a].

For all experiments, we shuffle the datasets and normalize the samples by subtracting the mean and
dividing the standard deviation. We use the same number of agents, FDLA matrices, communication
graphs and Chebyshev’s acceleration scheme as in Section 2.6. In addition, since m >> n in all experiments,
we set p = 1 for simplicity. To ensure convergence, DSGD adopts a diminishing step size schedule. All
parameters are tuned manually for the best performance. We defer detailed descriptions of baseline

algorithms to Appendix B.1.
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3.3.1 Logistic regression with nonconvex regularization

To begin with, we employ logistic regression with nonconvex regularization to solve a binary classification
problem using the Gisette dataset.”> We split the Gisette dataset to n = 20 agents, where each agent receives
m = 300 training samples. The sample loss function is given as

2
Xi

d
A f,1}) =log (1+ (21 =) exp(x' f)) +1 ) 1o

i=1
where {f,1} represents a training tuple, f € R is the feature vector and I € {0,1} is the label, and A is the

regularization parameter. For this experiment, we set A = 0.1. Table 3.2 specifies parameter setting we use

for each graph.
Algorithms DSGD ‘ DESTRESS GT-SARAH
Parameters [[ 70 b | # p Kin Ko b S 1 b S
Erd6s-Rényi 1 10001 1 2 2 10 10| 0.001 10 10
Grid 1 10001 1 2 3 10 10| 0.001 10 10
Path 01 100|001 1 8 8 10 10 | 0.0001 10 10

Table 3.2: Parameter settings for the experiments on regularized logistic regression in Figure 3.1.

Figure 3.1 shows the train gradient norm and testing accuracy for all algorithms. DESTRESS significantly
outperforms other algorithms both in terms of communication and computation. It is worth noting
that, DSGD converges very fast at the beginning of training, but cannot sustain the progress due to the
diminishing schedule of step sizes. On the contrary, the variance-reduced algorithms can converge with a
constant step size, and hence converge better overall. Moreover, due to the refined gradient estimation
and information mixing designs, DESTRESS can bear a larger step size than GT-SARAH, which leads to the
fastest convergence and best overall performance. In addition, a larger number of extra mixing steps leads

to a better performance when the communication graph is less connected.

3.3.2 One-hidden-layer neural network training

Next, we compare the performance of DESTRESS to DSGD and GT-SARAH for training a one-hidden-layer
neural network with 64 hidden neurons and sigmoid activations for classifying the MNIST dataset [Den12].
We evenly split the MNIST dataset to n = 20 agents, where each agent receives m = 3,000 training samples.
Table 3.3 specifies parameter setting we use for each graph.

Figure 3.2 plots the training gradient norm and testing accuracy against the number of communication
rounds and gradient evaluations for all algorithms. DESTRESS significantly outperforms GT-SARAH in

terms of computation and communication costs due to the larger step size and extra mixing. Different

2The dataset can be accessed at https:/ /archive.ics.uci.edu/ml/datasets/Gisette.
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Figure 3.1: The train gradient norm and testing accuracy with respect to the number of communication
rounds (left two panels) and gradient evaluations (right two panels) for DSGD, GT-SARAH and DESTRESS
when training logistic regression model with nonconvex regularization on the Gisette dataset. Due to the
initial full-gradient computation, the gradient evaluations of DESTRESS and GT-SARAH do not start from 0.

Algorithms DSGD | DESTRESS GT-SARAH

Parameters || 1o b [7 p Kin Ko b S 1 b S

Erdés-Rényi 1 100|1 1 2 2 100 10 0.1 100 10
Grid 1 1001 1 3 4 100 10 0.1 100 10
Path 01 1001 1 8 10 100 10 | 0.0001 100 10

Table 3.3: Parameter settings for the experiments on neural network training in Figure 3.2.

from the previous experiment, DSGD performs the best for Erdés-Rényi graph and grid graph that are

well connected, while converges slower than DESTRESS on path graph.
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Figure 3.2: The train gradient norm and testing accuracy with respect to the number of communication
rounds (left two panels) and gradient evaluations (right two panels) for DSGD, GT-SARAH and DESTRESS
when training a one-hidden-layer neural network on the MNIST dataset. Due to the initial full-gradient
computation, the gradient evaluations of DESTRESS and GT-SARAH do not start from 0.
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Figure 3.3: The convergence precision 1/e? with respect to the number of total gradient evaluations for
neural network training averaged over 64 experiments. The shade shows the variance.
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3.3.3 Convergence and gradient computations

The last experiment investigates the convergence precision 1/€? of DESTRESS with respect to the number of
gradient evaluations. Under the same experimental setup, we conduct 64 different runs where each run
starts from a different initial point. The convergence precision is computed by the inverse of the running
average of the squared gradient norms. The results, including mean and variance, are shown in Figure 3.3,

which numerically validate the linear relation indicated by Corollary 3.



Chapter 4

Decentralized stochastic algorithm with

communication compression

Communication efficiency has been widely recognized as the bottleneck for large-scale decentralized
machine learning applications in multi-agent or federated environments. To tackle the communication
bottleneck, there have been many efforts to design algorithms with communication compression for
decentralized nonconvex optimization (cf. (1.3)), where the clients are only allowed to communicate a small
amount (commonly measured in bits) of quantized information with their neighbors over a predefined
graph topology. Despite significant efforts, the state-of-the-art algorithm in the nonconvex setting still
suffers from a slower rate of convergence O(G/€®) compared with their uncompressed counterpart to reach
an e-first-order stationary point for nonconvex objectives, where G measures the data heterogeneity across
different clients. We propose BEER, which adopts communication compression with gradient tracking, and
show it converges at a faster rate of O(1/€?). This significantly improves over the state-of-the-art rate, by
matching the rate without compression even under arbitrary data heterogeneity. Numerical experiments
are also provided to corroborate our theory and confirm the practical superiority of BEER in the data
heterogeneous regime.

This chapter is based our previous publication [ZLL*22].

4.1 Preliminaries

411 Assumptions

We first introduce Assumptions 5 and 6, which are imposed on the global loss function. Assumption 5

only assumes global loss function is L-smooth, which makes it weaker than Assumption 2. The Polyak-

44
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Lojasiewicz (PL) condition [Pol63] described in Assumption 6 can lead to linear convergence even when

the function is nonconvex. It’s worth noting that Assumption 6 is weaker than strong convexity.

Assumption 5 (L-smooth objective function). A function f(x) is L-smooth if Vx,y € R, the following inequality
holds for some L > 0:

[V£(x) =V, < Llx =yl

Assumption 6 (PL condition). A function f(x) satisfies the Polyak-Fojasiewicz condition if Vx € RY, the following

inequality holds for some y > 0:
2 *
IVF)5 = 20 (f(x) = £7),
where f* = argmin, _pa f(x).

Assumption 7 is a standard assumption for stochastic optimization algorithms, which implies a mini-

batch stochastic gradient of batch size b has a variance of o2 /b.

Assumption 7 (Bounded local variance). The variance of a local stochastic gradient at a uniformly randomly

selected data sample z; is bounded if Vi € [n] and Vx € RY, the following inequality holds:

s, | VO3 ) — VEi()|[2 < 02

4.1.2 Compression operators

Using compression operators to compress gradients or any data needed to be communicated can substan-
tially improve communication efficiency [TGZ"18, SCJ18, KSJ19, RSF21, FSG*21].

Definition 5 defines a randomized general compression operator that only guarantees the expected
compression error E||C(x) — xHi is less than the magnitude of original message ||x||3. If the compression
operator is unbiased, it falls into the unbiased compression operator category [AGL"17, KFJ18, MGTR19,
LR20] defined in Definition 5.

Definition 5 (General compression operator). A randomized map C : R? — R? is a p-compression operator if

Vx € RY and some p € [0,1], the following inequality holds:
2
E[[C(x) —x[f, < (1= p)x[3.

Definition 6 (Unbiased compression operator). A randomized map C : RY — RY is an w-unbiased compression

operator if Vx € R?, and there exists some w > 0, the followings hold:

E[C(x)] =x and E[C(x) —x|; < wl|x[}-
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It is possible to convert a general (biased) compression operator to an unbiased one. Example 1 shows
an example that random sparsification can be converted between these two categories by applying a

constant scaling. Examples 2 and 3 are two examples of general compression operators.

Example 1 (Random sparsification). Random sparsification keeps an element from a d-dimensional vector with

probability &. Let u € R where u; ~ B().
* Biased random sparsification is defined as randomy pzseq(x) = u © x, which satisfies Definition 5 with p = %.
* Unbiased random sparsification is defined as randomy, ,,pigsed (%) = %u ©® x, which satisfies Definition 6 with
w = % -1

Example 2 (Random dithering). Random dithering [AGL™17] quantizes the message to b bits after adding random

noise, which is defined as

(b-1)
gsgd, (x) := lxll2 sign(x) - 2-01 . 20 Vx| o
! ]2

where T = 1 + min {22(;1771), 2@%}, and u is the random dithering vector uniformly sampled from [0,1]%. gsgd,
satisfies Definition 5 with p = 1/7.

Example 3 (topy). top, [AHJ"18, SCJ18] keeps k elements that have the largest absolute values and sets other
elements to 0, which is defined as
top,(x) := x O u(x),

where [u(x)]; = 1 if the absolute value of the i-th element is one of the k-largest absolute values, otherwise [u(x)]; = 0.

top, satisfies Definition 5 with p = k/d.

4.1.3 Additional notation

We denote a gradient of local objective function as Vf;(x) := V/(x;z;), where z; € Z; is uniformly
randomly sampled from local dataset Z;. In addition, for a batch of b i.i.d. uniform random samples
{zix € Zi}tkep), the mini-batch stochastic gradient is defined as Vofi(x) = % Yo VO(x;zi ).

We define the distributed stochastic gradient and mini-batch stochastic gradient VF(X), V,F(X), and

distributed compression operator C(X) analogously to (1.7).

4.2 The BEER algorithm

This section presents BEER (cf. Algorithm 5) for decentralized nonconvex optimization with compressed

communication.
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At the t-th iteration, BEER maintains the current model estimates X () and the global gradient estimates
V(") across the clients. At the crux of its design, BEER also tracks and maintains two control sequences H (*)
and G) that serve as compressed surrogates of X () and V), respectively. In particular, these two control
sequences are updated by aggregating the received compressed messages alone (cf. Line 5 and Line 8).

It then boils down to how to carefully update these quantities in each iteration with communica-
tion compression. To begin, note that for each client i, BEER not only maintains its own parameters
{xl(t), vlgt), hlgt),gl(t) }, but also the control variables from its neighbors, namely, {h](.t) }ienr(i) and {g}t)}jeN(i).

Each iteration can be roughly broken into three steps.

¢ Update model estimate: Each agent i first updates its model xl(tﬂ) according to Line 3, by a gradient-
style update with a correction term using compressed surrogates of models, i.e., {h](t) }ienr(i)- This
update step incorporates aggregated information and compensates for the compression errors, thus

leads to better consensus among agents and improved communication efficiency.

(t+1)

¢ Update global gradient estimate: Each client i updates the global gradient estimate v; according to
Line 6, where the last correction term—based on the difference of the gradients at consecutive models—
is known as a trick called gradient tracking [QL18, DLS16, NOS17]. The use of gradient tracking is
critical: as shall be seen momentarily, it contributes to the key difference from CHOCO-SGD that
enables the fast rate of O(1/€?) without any bounded dissimilarity or bounded gradient assumptions.
Indeed, if we remove the control sequence G and substitute Lines 6-8 by v = ¥, (X)), we

recover CHOCO-SGD from BEER.

e Update compressed surrogates with communication: To update {h](.t) }ien(i), each client i first

(t+1)
1

computes a compressed message q,(;r]) that encodes the difference x - hgt), and broadcasts
to its neighbors (cf. Line 4). Then, each client i updates {h](.t)} jeN(i) by aggregating the received
compressed messages {q,(;rl) }ienr(i) following Line 5. The updates of { g](t) }iear(iy can be performed
similarly. Moreover, all the compressed messages can be sent in a single communication round at
one iteration, i.e., the communications in Lines 4 and 7 can be performed at once. This leverages
EF21 [RSF21] for communication compression, which is a better and simpler algorithm that deals with
biased compression operators compared with the error feedback (or error compensation, EF/EC)
framework [KRS]J19, SK20]. Using the control sequence G, BEER does not need to apply EF/EC

explicitly and can deal with the error implicitly.



CHAPTER 4. DECENTRALIZED STOCHASTIC ALGORITHM WITH COMMUNICATION COMPRESSION

Algorithm 5 BEER: Better comprEssion for dEcentRalized optimization

1 Input: Initial point X0 = x017, GO = HO =0,,,, V(O = VF(X(©)), step size 7, mixing step size
v, minibatch size b.

2 fort=0,1,... do

30 xtD) = xO) L yHOW — 1) — V)

. lelH*l) _ C(X(t+1) _ H(t)) > agent i sends q/(lrjl ) to all its neighbors
s HI) = B0 ¢ g

6 VD = v 4 4GO(W — I) + V,F(XH)) - ¥, F(X1)

7 Qgﬂ) = (vt — g) > agent i sends qﬁf/[-‘ Y 4o all its neighbors

8 G(H—l) _ G(t) + Q§t+1)

4.3 Convergence guarantees

This section presents convergence guarantees of BEER for nonconvex objective functions (cf. Section 4.3.1)
and PL objective functions (cf. Section 4.3.2). The convergence analysis is based on a Lyapunov function
tailored for BEER, given by

4

1— )2 L 1-—
Qgt)_l_%()g)_k%ﬂgt)_l_%ﬂy)l (4.1)

c1L
n

o —B[f(=)] - f* +

where {c;} are some constants depend on specific settings, E[f(%(*))] — f* represents the sub-optimality

gap, and the errors {Ql(t)} are defined by

2

2 ) —E|c! - v

ol .= E|H® - x® . 42

) = BIX0 -T2, ) = BV g1 |2,

Here, Q%t) and Qgt) denote the compression errors for X ) and V() when approximated using the
compressed surrogates H () and G, respectively, and Qét) and Qy) denote the consensus errors of X(*)

and V),
4.3.1 Convergence for nonconvex objective functions

Theorem 7 presents the convergence results of BEER for nonconvex objective functions

Theorem 7 (Convergence in the nonconvex setting). Suppose Assumptions 1, 5 and 7 hold. There exist absolute
constants c1,¢z,c3,C4,Cy, ¢y > 0, such that if we set v = cop(1 — ), 1 = cyy(1 —a)?/L, for the Lyapunov

function ®) defined in (4.1), it holds

17! 2 2(00) — M) 36c402
— (1) 4
r LIV < TPt T
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Theorem 7 shows the convergence results for BEER.

Full gradient case When we can access the full gradient, which is equivalent to 0> = 0, BEER converges at a
rate of O(e~2). This rate is faster than the O(e~3) rate by CHOCO-SGD [KSJ19] and DeepSqueeze [TLQ' 19],
and the O(e~*) rate by SQUARM-SGD [SDGD21].

More specifically, to achieve an e-first-order stationary point, BEER needs

© (a—lm)

communication rounds, where « and p are the mixing rate (cf. Definition 1) and the compression param-
eter (cf. Definition 5), respectively. In comparison, the state-of-the-art algorithm CHOCO-SGD [KS]19]
converges in O (ﬁ) communication rounds, with G being the bounded gradient parameter, namely,
E.m, [|VE(x; 2;) | < G2 Therefore, BEER improves over CHOCO-SGD not only in terms of a better
dependency on €, but also removing the bounded gradient assumption, which is significant since in
practice, G can be excessively large due to data heterogeneity across the clients.

The dependency on p of BEER is consistent with other compression schemes, such as CHOCO-SGD, Deep-
Squeeze and SQUARM-SGD for the nonconvex setting, as well as LEAD [KK]J*21] and EF-C-GT [LLHP22]
for the strongly convex setting.

As for the dependency on (1 — &)1, BEER is slightly worse than CHOCO-SGD, where CHOCO-SGD
has a dependency of O((1 — a) ™) whereas BEER has a dependency of O((1 — a)~2). This degeneration
is also seen in the analysis of uncompressed decentralized algorithms using gradient tracking [SLH20,
XKK22b], where the rate O((1 — a)~2) is worse than the rate of O((1 — a)~!) for basic decentralized SGD
algorithms [KDGO03, LZZ"17] by a factor of 1 — &. In addition, both BEER and CHOCO-SGD use small

1

mixing step size 7 to guarantee convergence, which makes the dependency on (1 — )" worse than their

uncompressed counterparts.

Stochastic gradient case In the presence of local variance, the squared gradient norm of BEER has an
additional term that scales on the order of O (%Z) (ignoring other parameters). By choosing a sufficiently

large minibatch size b, i.e., b > O (—2), BEER maintains the iteration complexity

02
‘06
1
© ((1 - a>3p62)

to reach an e-first-order stationary point, without the bounded gradient assumption, thus inheriting similar
advantages over CHOCO-5SGD as discussed earlier. In terms of local computation, the gradient oracle

complexity on a single client of BEER is

o 1 N o2
(1-w)dpe?  (1—-a)p?et)
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While our focus is on communication efficiency, to gain more insights, Table 1.4 summarizes both the
communication rounds and the gradient complexity for different decentralized stochastic methods. While
BEER does not require the bounded gradient assumption, it may lead to a worse gradient complexity in the
data homogeneous setting due to the use of large minibatch size. Fortunately, this only impacts the local
computation cost, and does not exacerbate the communication complexity, which is often the bottleneck. It

is of great interest to further refine the design and analysis of BEER in terms of the gradient complexity.

4.3.2 Convergence for PL objectives functions

Theorem 8 (Convergence under PL condition). Suppose Assumptions 1 and 5 to 7 hold. There exist absolute
constants c1,c2,¢3,Cq,C, ¢y > 0, such that if we set v = c,p(1 — ), . = cy7y(1 —a)?/L, for the Lyapunoov

function ®) in (4.1), it holds
36c402

(T) « (1 — Tg(0)
P < (1—un)® +67pr.

Theorem 8 shows the convergence guarantees for BEER under the PL condition. If we can access full
local gradients (¢ = 0), BEER converges linearly to the global optimum f* at a rate of O(xlog(1/¢€)). When
using stochastic gradients, BEER converges linearly to a neighborhood of size O(Z—Z) around the global

optimum.

4.4 Numerical experiments

This section presents numerical experiments on real-world datasets to showcase BEER’s superior ability to
handle data heterogeneity over agents, by running each experiment on unshuffled datasets and comparing
the performances with the state-of-the-art baseline algorithms both with and without communication
compression.

For all experiments, we split unshuffled datasets evenly to 10 agents that are connected by a ring
topology, so that we can simulate the scenario with high data heterogeneity across agents. Approximately,
for the a9a dataset, 5 agents receive data with label 1 and others receive data with label 0; for the MNIST
dataset, agent i receives data with label i. We use the FDLA matrix [XB04] as the mixing matrix to perform
weighted information aggregation to accelerate convergence. For each experiment, all algorithms are
initialized to the same staring point, and uses best-tuned learning rates and batch sizes.

Sections 4.4.1 and 4.4.2 compares BEER with 1) CHOCO-SGD [KSJ19], which is the state-of-the-art
nonconvex decentralized optimizing algorithm using communication compression, and 2) DSGD [LZZ17]
and D? [TLY"18], which are decentralized optimization algorithms without compression. Section 4.4.3

further evaluates the impact of communication network and compression operators.
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4.4.1 Logistic regression with nonconvex regularization

We first run experiments on logistic regression with a nonconvex regularizer [WJZ"19] on the a%a
dataset [CL11]. Similar to Section 3.3.1, following [W]Z*19], the objective function over a datum (a, b) is

defined as

(x;{f,1})) =log (1+lexp )+/\Z

1422
where {f,1} represents a training tuple, f € R is the feature vector and ! € {0,1} is the label, and A is the

regularization parameter which is set to A = 0.05.
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Figure 4.1: The training gradient norm and testing accuracy against communication rounds (left two
panels) and communication bits (right two panels) for logistic regression with nonconvex regularization on
unshuffled a9 dataset. Both BEER and CHOCO-SGD employ the biased gsgds compression [AGL"17].

Figure 4.1 plots the training gradient norm and testing accuracy against communication rounds
and communication bits for logistic regression with nonconvex regularization. The algorithms with
communication compression (BEER and CHOCO-SGD [KS]19]) converge faster than the uncompressed
algorithms (DSGD [LZZ"17] and D? [TLY*18]) in terms of the communication bits. However, CHOCO-SGD
fails to converge to a small gradient norm due to its inability to tolerate a high level of data dissimilarity
across different agents. In contrast, BEER and D? converge to the smallest gradient norm, while BEER
outperforms D? in terms of communication bits. The results for testing accuracy are similar, where BEER

achieves the best testing accuracy and is the fastest.

4.4.2 One-hidden-layer neural network training

Similar to Section 3.3.2, we evaluate BEER by training a 1-hidden layer neural network on the MNIST dataset
[LJBT95]. The network uses 64 hidden neurons, sigmoid activation functions and cross-entropy loss, where

the loss function over a training pair {f,} is defined as
£(x; (f,1)) = CrossEntropy(softmax (W, sigmoid(W1 f + ¢1) + ¢2),1).

Here the model parameter is defined by x = vec(Wy, c1, W, ¢3), where the dimensions of the network

parameters Wy, c¢1, W, c; are 64 x 784, 64 x 1, 10 x 64, and 10 x 1, respectively.
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Figure 4.2: The training gradient norm and testing accuracy against communication rounds (left two
panels) and communication bits (right two panels) for classification on unshuffled MNIST dataset using
a 1-hidden-layer neural network. Both BEER and CHOCO-SGD employ the biased gsgd,, compression
[AGL"17].

Figure 4.2 plots the training gradient norm and testing accuracy against communication rounds and
communication bits for 1-hidden-layer neural network training. In terms of the final training gradient norm,
BEER converges to a solution comparable to D? but at a lower communication cost, while CHOCO-SGD
and DSGD cannot converge due to the high data heterogeneity. In terms of testing accuracy, BEER and D?

have very similar performance, and outperform CHOCO-SGD and DSGD.

4.4.3 Network topology and compression operators

We further investigate the impact of communication network topology and compression operators on the
performance of BEER. We follow the same setup as Section 4.4.1 to run logistic regression with nonconvex
regularization (A = 0.05) on the unshuffled a%a dataset, by splitting it evenly to 40 agents. All experiments

use the same best-tuned step size 7 = 0.5, batch size b = 100 and v = 0.7.

Impacts of network topology Figure 4.3 shows the training gradient norm and testing accuracy of BEER
with respect to the communication rounds over different network topologies using the gsgds; compression
[AGL™17]. Experimented topologies are ring topology (x = 0.978), star topology (« = 0.951), grid topology
(¢ = 0.937), and Erd6s-Rényi topology with connectivity probability p = 0.5 and p = 0.2 (« = 0.49
and a = 0.23, respectively). Despite the huge differences in mixing rates, BEER can use nearly the same
hyper-parameters to obtain similar performance. The experiments complement our theoretical analysis
and show that BEER may converge way better in practice despite its cubic dependency of (1 —a)~! in

Theorem 7.

Impacts of compression schemes Figure 4.4 shows the training gradient norm and testing accuracy
of BEER with respect to the communication rounds and communication bits on a ring topology using

different compression schemes: no compression, gsgds (cf. Example 2) and top,, (cf. Example 3). The



CHAPTER 4. DECENTRALIZED STOCHASTIC ALGORITHM WITH COMMUNICATION COMPRESSICBS

g -B-Ring L i

8 151 P A Star | . 0.8 F&_ﬁg&:ﬁze@—‘i:;é

| —— Grid g

= -o-ER, p=02 =

Sl “ ER, p=05 €06 1

: o | |

:f) K= —B- Ring

0.5 - 204 —A— Star -

= & —o— Grid

= = o ~o-ER, p=0.2

g ot Pt e demnnt B 0.2 L ER,p=0.5
0 500 1,000 1,500 2,000 0 500 1,000 1,500 2,000

Communication rounds Communication rounds

Figure 4.3: The training gradient norm and testing accuracy against communication rounds for BEER
using the biased gsgds compression [AGL*17] for logistic regression with nonconvex regularization on
unshuffled a%a dataset.

compression parameters are chosen such that each compression operator transfers similar number of bits
per communication round. All experiments use the same best-tuned step size # = 0.5, batch size b = 100
and y = 0.7, except that we use 77 = 0.005 and -y = 0.8 for top,, compression.

In terms of communication bits, using compression operators improves over the uncompressed baseline,
because all algorithms with compression converge to a solution with lower gradient norm and higher
testing accuracy at a lower communication cost. In terms of communication rounds and testing accuracy,
different compression operators can lead to significantly behaviors. For example, using gsgd; compression
operator leads to faster converges than without compression, but using the top,, compression operator
leads to slower converges than without compression. In sum, BEER with gsgds reaches the highest final
testing accuracy while behaves similar to BEER without compression in terms of communication rounds,

which indicates the benefit of using communication compression.
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Figure 4.4: The training gradient norm and testing accuracy against communication rounds (top two
panels) and communication bits (bottom two panels) for BEER using different compression schemes for
logistic regression with nonconvex regularization on unshuffled a%a dataset.



Chapter 5

Decentralized private stochastic algorithm with

communication compression

To enable large-scale machine learning in bandwidth-hungry environments such as wireless networks,
significant progress has been made recently in designing communication-efficient federated learning
algorithms with the aid of communication compression. On the other end, privacy-preserving, especially
at the client level, is another important desideratum that has not been addressed simultaneously in the
presence of advanced communication compression techniques yet. In this chapter, based on BEER, we
propose PORTER, a decentralized stochastic optimization algorithm for decentralized nonconvex ERM
problems (cf. (1.3)) which enhances the communication efficiency of private decentralized learning with
communication compression, by exploiting general compression operators, gradient clipping and local
differential privacy.

We provide the first theoretical analysis of private decentralized optimization algorithms using com-
munication compression and gradient clipping, and show explicit dependency on the mixing rate and
compression parameter. Furthermore, we provide numerical evidence that shows PORTER converges in
similar communication rounds without sacrificing privacy nor utility compared to server/client private

optimization algorithm SoteriaFL-SGD [LZLC22].

5.1 Preliminaries

5.1.1 Local differential privacy

In decentralized learning systems, all agents share potentially sensitive information with their neighbors.

If some agents are exploited by adversaries, the system will face a risk of privacy leaking even though

54
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the system-level privacy is protected. Therefore, we introduce local differential privacy (LDP) defined
Definition 7 following [DJW13, ABCP13, CABP13, XYD19, WXDX20, ZZY 21, LZLC22], which protects

each agent’s privacy from leaking to other agents.

Definition 7 (Local differential privacy (LDP)). A randomized mechanism M : Z — R with domain Z and
range R satisfies (€, d)-local differential privacy for client i, if for any two neighboring dataset Zi,Z;- € Z at client i
and for any subset of outputs R C R, it holds that

P(M(Z;) € R) < eP(M(Z;) € R) + 6. (5.1)
The two datasets Z; and Z; are called neighboring if they are only different by one data point at client i.

Definition 7 is a more stricter privacy guarantee because it can imply general differential privacy (DP).
Consequently, LDP requires a larger perturbation variance than general DP. To identify the impact of the

decentralized LDP setting compared to centralized DP setting, we define the baseline utility

o = \/dlog(l/é)’ (5.2)

me

which can be understood as the final utility of a centralized system with m data samples that guarantees
(€,0)-DP. For typical private problems, the local sample size m has to be large enough for the privacy
perturbation to work, we impose a mild assumption that ¢, < 1. For example, the problem defined in (1.3)
has in total mn data samples, running an (€, 6)-DP algorithm on one server that can access all data will

achieve %me utility in n¢;,! iterations.

5.1.2 The SoteriaFL algorithm framework

This section reviews SoteriaFL [LZLC22] (cf. Algorithm 6) as it has inspired the development of PORTER.
SoteriaFL is a unified framework for differentially private optimization algorithms with unbiased commu-
nication compression in the server/client setting, which employs shifted communication to compensate for
the error induced by compression, and can use various local sub-routines to produce an estimate of global
gradients, e.g., stochastic gradient descent (SGD) or stochastic variance reduced gradient (SVRG).

During each iteration, each agent 1) computes an estimate of the global gradient using a local sub-
routine, 2) adds a Gaussian perturbation to the gradient estimate to preserve privacy, and 3) communicates

the perturbed gradient with its neighbors using the shifted communication scheme. Instead of directly
(£)

compressing the perturbed gradients, SoteriaFL maintains a reference s;

) _ 0

i

and compresses the shifted
message g at each agent. This extra shift operation allows SoteriaFL achieve much better

convergence behavior (fewer communication rounds) than existing algorithms.
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Algorithm 6 SoteriaFL (a unified framework for compressed private FL)

1 initial point x(0), step size 1, shift step size <y, variance o2

p/
2 fort=0,1,2,...,T do

3 for each node i € [n] do in parallel

initial reference si(o) =0y

4 Compute local gradient estimator g(t) o> It allows many methods, e.g., SGD, SVRG, and SAGA.

i
5 | Privacy: gft) = gft) + é‘ft), where é,‘l(t) ~ N(0,051)
6 Compression: let vi(t) = CH( gl(t) - sl(t)) and send to the server > Shifted compression.
7 Update shift s'! = sft) + 71:C! (glm — sgt))
8 end each node Server aggregates compressed information o' = s! + % Yok

9 A = ot — ot

10 stfl=st+plyr o

SoteriaFL-SGD is obtained by using mini-batch stochastic gradients as the gradient estimator for
Line 4. The theoretical analysis shows explicit dependency on the compression parameter, which helps to
better understand the communication-utility trade-off for private server/client optimization algorithms, as
show in Table 1.5. Compare the centralized DP setting, the server/client algorithm differentially private
algorithm DDP-SRM [W]EG19] reaches the same %cpm utility but at a worse n%d¢;,! iteration complexity.
SoteriaFL-SGD is also a server/client algorithm but with LDP guarantee, which reaches an even worse

utility but with potentially less iterations due to the stronger privacy constraint.

5.1.3 Gradient clipping

In practice, gradient clipping is frequently adopted to ensure the gradients are within a predetermined
region, so that the variance of privacy perturbation can be decided accordingly. The clipping operator we
adopt is a smooth clipping operator defined in Definition 8, which scales a vector into a ball of radius T
centered at the origin. Another widely used clipping operator is the piece-wise linear clipping operator
defined in Definition 9, which scales inputs whenever its gradient norm is larger than T and does nothing

otherwise.

Definition 8 (Smooth clipping operator). For x € RY, the clipping operator is defined as

T

Chpr(x) = TH.XHZX.

For X € RY*", the distributed clipping operator is defined as

Clip(X) = [Clip(x1), ..., Clip_(x4)].
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Definition 9 (Piece-wise linear clipping operator). For x € RY, the clipping operator is defined as

57

Clip,(x) = xmin {1, 7/ ||x[]2}.
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Figure 5.1: Illustration of input norm and clipped norm for the smooth clipping operator (Definition 8) and
piece-wise linear clipping operator (Definition 9), where 7 is the clipping parameter.

Figure 5.1 plots the norm of a vector before and after clipping for these two clipping operators, which
shows most fundamental difference is when ||x|, = 7, the piece-wise linear compression operator is
not smooth, which leads to more difficulties in theoretical analysis. When ||x||, is small, these clipping

operators behave like identity transformation, which keeps the stationary point property of objective

functions.

5.2 The PORTER algorithm

We propose PORTER (Algorithm 7), a novel stochastic private decentralized optimization algorithm for
finding v-stationary points of nonconvex finite-sum problems based on BEER, where gradient estimates V,
stochastic gradients G, perturbation noise E, compressed surrogate Q, and Q,, and their corresponding
agent-wise values are defined analogously to (1.5).

Key ingredients of PORTER are: 1) gradient clipping, which ensures the norm of clipped gradients
are bounded by T; 2) privacy perturbation, which adds a Gaussian noise to clipped gradients to achieve
privacy constraints; 3) compression with error feedback [RSF21], which accelerates the convergence with
biased compression operators; and 4) stochastic gradient tracking, tracks the global gradient locally at
each agent. The algorithm details explained in Section 4.2 also applies to PORTER, except PORTER doesn’t

explicitly show compressed messages as Lines 4 and 7, and PORTER adds perturbation to the stochastic
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Algorithm 7 PORTER

1 input: f(o), 1,7 T, b op, T

2 initialize: V() = QY = 6" = 0, Q¥ = x© — xO1]
3 fort=1,...,T do

s G =} Ty z0 Clip (VAX(1;2))

: G;Jt) — G\ + EW, where el(t) ~ N(04,0514)

6 Qg,t) — Qz(ft—l) +evi-b — Qgtfl)) > Communication
7 v =vED oW 1,) + 6 — i Y
g QY =0V yeoxt-n - Qi) > Communication

o X0 = X0 1 9Q(W 1) —yv

10 output: xy ~ Uniform({xl(t)\i € [n],t € [T]}).

gradients. PORTER initializes gradient-related variables to 0; and other variables to the same random value
%0, which improves the algorithm’s stability in early iterations and simplifies analysis but has no impact

on convergence rates.

5.3 Local differential privacy guarantee

Algorithm 7 adds a Gaussian noise el(t) ~ N (04, 0'}% I;) to ensure privacy. Theorem 9 proves our algorithm
is (€, d)-private when setting the variance of Gaussian perturbation to be (7;% = Tt?b*¢?2,/d. The proof is

deferred to Appendix D.1.

Theorem 9 (Local differential privacy). Let ¢, = 7W. Forany e < T/m? and & € (0,1), Algorithm 7 is
(€,0)-LDP after T iterations if we set

o2 Tt?b*1log(1/6)

p e = TT2h%¢2,/d. (5.3)

Using clipping operators guarantees all gradients’ ¢, norms are bounded by 7, i.e., Vi, t, g,([tl). H2 <t

Therefore, Theorem 9 holds for PORTER throughout.

5.4 Convergence with bounded gradient assumption

This section theoretically analyzes the convergence properties of PORTER under bounded gradient assump-
tion without gradient clipping. Section 5.3 shows PORTER is (€, d)-local differential private when using a

specific perturbation variance (7,2, = TT2b*¢2,/d, then presents convergence analysis.
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Assumption 8 (Bounded sample gradient). For any x,y € R and any datum z in dataset Z, it holds
Ve 2)]2 < 7.

With Assumption 8, PORTER can omit the clipping operator and reduce to Algorithm 8. Here, we assume

b=1.

Algorithm 8 PORTER with bounded gradient assumption

1 input: f(o), 1,7 T, Op, T

2 initialize: V() = QY = 6" = 0, Q¥ = x© — x01]

3 fort=1,...,T do

s GV = wext-n;z0)

5 Gg,t) = G(Tt) + E®), where el(t) ~ N(Od,crgld)

6 z(,t) = Qg,t_l) +e(vitn Qz(,t_l)) > Communicate
7 v =veD 40w —1,) + GV - Gi Y

8 QSf) = Q,(ffl) +eo(xt=1 — Q,(thl)) > Communicate

0 | XW =XV 41Q0(W - 1,) -y

10 output: X, ~ Uniform({xl(t)]i € [n],t € [T]}).

Theorem 10 presents the convergence result of PORTER using general compression operators (Defini-

tion 5). The proof is deferred to Appendix D.2.

Theorem 10 (Convergence using general compression operators). Assume Assumptions 1, 2 and 8 hold. Use
general compression operators (Definition 5). Set v = O((1 —a)p), n = O(v*3(1 — a)*3¢u /L), T = ¢;,2, and
op = Tt¢y,/d. Let A =E [f(x©)] — £*, Algorithm 8 reaches O((1 — &) ~8/3p~4/3¢,, - max {12, LA}) utility

in T iterations.

We can compare each term of the final utility in Theorem 10 with the results of the server/client
algorithm SoteriaFL-SGD, due to a lack of theoretical analysis of comparable algorithms. 1) PORTER will
always reach the same final utility, whose dependency on the compression operator is O(p~%/3). We
can convert SoteriaFL-SGD’s rate (cf. Table 1.5) using the approximation p = 1/(1 + w). When n is
not large enough compared to w, or using aggressive compression (w is large), SoteriaFL-SGD reaches
O(n'p~2¢y) utility, which is worse than PORTER, even though PORTER is a decentralized optimization
algorithm. 2) In terms of dependency on the baseline utility ¢,;, due to extra complexities induced by the
decentralized setting, PORTER takes O(¢,,2) iterations to reach O(¢y,) utility, which is worse than other

algorithms, e.g., SoteriaFL-SGD only takes O(¢;,!) iterations.
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5.5 Convergence without bounded gradient assumption

When assuming the bounded gradient assumption (cf. Assumption 8), PORTER can skip the clipping
()

operator, and G ;

becomes an unbiased estimator of the local gradient V fi(xl(t) ). However, Assumption 8
is rarely met in reality. For example, the gradient of a quadratic loss function is not bounded. Therefore, it
is of interest to examine convergence without the strong bounded gradient assumption, where we utilize
the gradient clipping operator Clip_(-) to ensure gradients are bounded.

However, it is necessary to introduce milder assumptions, Assumptions 9 and 10, which limit the
deviation of local objective functions to the global objective function. Because stochastic gradients at
different agents will lose correct scaling after clipping, which will break the stationary point property at
local minima. For example, consider optimizing a one-dimensional objective function over a 3-agent fully
connected communication graph. Initialize every agent with ¥?) = x*, where x* is one of global local
minima. Assume local gradients are g; = 1, go = 1 and g3 = —2, which leads to a global gradient of 03. If
we apply gradient clipping with T = 1, Clip, (1) = 0.5, Clip;(g2) = 0.5 and Clip,(g3) = —0.66, and the
global gradient is g’ = 0.33 # 0.

Assumption 9 (Bounded gradient dissimilarity). Vx € R? and i € [n],

Vi) = Vi), < V@),
Assumption 10 (Bounded local variance). Vx € RY and i € [n], E,.z, |V fi(x) — Vl(x;2) |3 < ng.

As an initial step to understand the clipping operation, we study a variant of PORTER, which applies the

clipping to the mini-batch gradient, i.e. Line 4 is modified to

ch=1 Yy vextY;z) (5.4a)
ZecZ()
GY = clip_(G"), (5.4b)

which is also a widely used operation in deep learning training. However, the privacy guarantee does not
apply to this variation anymore. Theorem 11 describes the convergence behavior of the modified version of

Algorithm 7 in this case. The proof is deferred to Appendix D.3.

Theorem 11 (Convergence without bounded gradient assumptions). Assume Assumptions 1, 2, 9 and 10
hold and use general compression operators (Definition 5). Let A = IE[f(f(O))] —frand v = O(p’%(l —
a)*%(r;/z WA, Set v = O((1—w)p), 1 = O(L*Ly%(l —a)%\/M/T), b=0(gv?), T=v 0, =
TT2¢2,/d, and T = (bdy,) ! = O(p% (1- tx)%qy,;l), Algorithm 7 with mini-batch clipping (5.4) reaches a v-first-

order stationary point in no more than T iterations, i.e.,

' x)
trg[%IEHVf(x )|, <v. (5.5)
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Theorem 11 establishes a simple framework for analyzing algorithms that use gradient clipping without
strong assumptions, which results in a clean deterministic bound of the iterations to reach a v-stationary
point. In contrast, most works that analyze gradient clipping require stronger assumptions. We believe our

technique can be applied to analyze the original version of PORTER too, which will be left to future work.

5.6 Numerical experiments

This section presents numerical experiments on the a%a dataset to numerically examine the performance of
PORTER, with comparison to the state-of-the-art server/client private optimization algorithm SoteriaFL-SGD,
which also utilizes communication compression and guarantees local differential privacy. More specifically,
we evaluate the convergence of utility and accuracy in terms of communication rounds and communication
bits, to analyze the privacy-utility-communication trade-offs of different optimization algorithms.

For all experiments, we split shuffled datasets evenly to 10 agents that are connected by an Erdds-Rényi
random graph with connecting probability p = 0.8. We use the FDLA matrix [XB04] as the mixing matrix to
perform weighted information aggregation to accelerate convergence. We use biased random sparsification
(cf. Example 1) for all algorithms where k = de—oj, i.e., the compressor randomly selects 5% elements
from each vector. We also apply gradient clipping with T = 1 to all algorithms for simplicity. For each

experiment, all algorithms are initialized to the same staring point, and use best-tuned learning rates, batch

w/Tlog(l/(S)

size 1 and o), = e

5.6.1 Logistic regression with nonconvex regularization

We run experiments on logistic regression with nonconvex regularization [WJZ"19] on the a%a dataset
[CL11] for different privacy settings. Similar to Section 3.3.1, following [WJZ"19], the objective function is
defined as

2

d
U(x;{f,1}) =log <1+lexp ) Zil—l— 7

where {f,1} represents a training tuple, f € R? is the feature vector and I € {0,1} is the label, and A is the
regularization parameter which is set to A = 0.2.

Figure 5.2 and Figure 5.3 show the convergence results of PORTER and SoteriaFL-SGD for logistic re-
gression with nonconvex regularization on the a9 dataset to reach (1072,1073)-LDP and (10~!,10~3)-LDP,
respectively. Under (102,1073)-LDP, which is a more stricter privacy setting, PORTER converges faster than
SoteriaFL-SGD in test accuracy, while PORTER converges slightly slower in train utility. Under (10~1,1073)-

LDP, PORTER performs SoteriaFL-SGD slightly worse than SoteriaFL-SGD. The results highlight PORTER’s
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Figure 5.2: The train utility and test accuracy vs. communication rounds for logistic regression with
nonconvex regularization on the a9 dataset when guaranteeing (1072,1072)-LDP. Both PORTER and
SoteriaFL-SGD employ randomyg) pigseq cOmpression (cf. Example 1).
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Figure 5.3: The train utility and test accuracy vs. communication rounds for logistic regression with
nonconvex regularization on the a9a dataset when guaranteeing (10~!,1073)-LDP. Both PORTER and
SoteriaFL-SGD employ randomig) pigsed cOmpression (cf. Example 1).

communication efficiency by showing it can achieve similar performance as its server/client counterpart,

i.e. SoteriaFL-SGD, especially under strict privacy constraints.

5.6.2 One-hidden-layer neural network training

Similar to Section 4.4.2, we evaluate PORTER by training a one-hidden layer neural network on the MNIST
dataset [LJB95]. The network uses 64 hidden neurons, sigmoid activation functions and cross-entropy

loss, where the loss function over a training pair {f,!} is defined as
£(x; (f,1)) = CrossEntropy(softmax (W, sigmoid (W1 f + ¢1) + ¢2),1).

Here the model parameter is defined by x = vec(Wj, c1, Wy, ¢3), where the dimensions of the network
parameters Wy, c1, Wy, ¢, are 64 x 784, 64 x 1, 10 x 64, and 10 x 1, respectively.

Figures 5.4 and 5.5 show the convergence results of PORTER and SoteriaFL-SGD for training a one-
hidden-layer neural network on the MNIST dataset to reach (1072,1073)-LDP and (10~',1073)-LDP,
respectively. PORTER Under both privacy settings, PORTER converges at a similar rate as SoteriaFL-SGD

in train utility. However, in terms of convergence in test accuracy, PORTER outperforms SoteriaFL-SGD
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Figure 5.4: The train utility and test accuracy vs. communication rounds for training a one-hidden-
layer neural network on the MNIST dataset when guaranteeing (10-2,10~%)-LDP. Both PORTER and
SoteriaFL-8GD employ randomysgs pigseqs cOmpression (cf. Example 1).
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Figure 5.5: The train utility and test accuracy vs. communication rounds for training a one-hidden-
layer neural network on the MNIST dataset when guaranteeing (10~!,1073)-LDP. Both PORTER and
SoteriaFL-SGD employ randomysgs pizseq compression (cf. Example 1).

under the more stricter (1072,1073)-LDP, while the two algorithms have similar performance under the

other setting. This experiment again empathizes PORTER’s communication efficiency by comparing to the

server/client algorithm SoteriaFL-SGD.



Chapter 6

Conclusions

The main focuses of this thesis are theoretical and practical communication and computation efficiency
of decentralized optimization algorithms, where these algorithms leverage techniques such as gradient
tracking, Newton-type updates, stochastic recursive gradients, communication compression and differential
privacy.

We start from the Network-DANE algorithm in Chapter 2, which adapts Newton-type updates to the
decentralized setting using gradient tracking and extra mixing, and achieves a condition number free (up to
a log factor) communication complexity for quadratic objectives. Network-DANE indicates that it is possible
to perform more local computation, i.e., solving a strongly convex optimization local problem at each agent,
and more communication per iteration, i.e., extra mixing, to reduce overall communication complexity.

Next, we propose DESTRESS, a stochastic recursive gradient algorithm, in Chapter 3. DESTRESS employs
recursive stochastic gradients, stochastic gradient tracking and extra mixing, which results in an optimal
IFO-complexity for arbitrary nonconvex ERM problems and improved communication complexity upon
existing works. DESTRESS reaches both communication and computation efficiency at the same time, which
emphasizes the efficacy of gradient tracking, extra mixing and stochastic algorithms.

Then, we propose BEER and PORTER in Chapters 4 and 5, respectively. While these two algorithms
share a similar structure that uses gradient tracking, communication compression and error feedback, they
focus on different perspectives. BEER achieves an improved communication complexity but at the cost of
worse IFO complexity, while being able to converge under high data heterogeneity. On top of BEER, PORTER
adds gradient clipping and privacy perturbation to gradients to protect the privacy of each agent, with
explicit utility and communication complexity. The development of BEER and PORTER shows that by using
gradient tracking and communication compression, the efficiency of decentralized optimization algorithms

can be significantly improved, and these algorithms can be easily extended to suit new problems, e.g.,

64
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privacy-preserving decentralized optimization.
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Appendix A

Appendix for Chapter 2

A.1 Derivation of Equation (2.6)
We observe that

fi(x) — <ij(i(t)),x> = Jx Hpx— xTHjE(t) + constant = 1 (x — f(t))THj (x — %)) + constant,

(1)

which allows us to derive a closed-form expression for x jas follows
(1 _ 1 =0\ T - - - 2 =012
) —arg min {5 (v~ #0)TH (e = 20) + (VF (6, x =)+ B -0}

= arg min {;(xx(t))T (Hj + ) (x — %) + <Vf(x(t)),xx(t)>}

x€R4

=% — (H;+uly) ' VD).

A.2 Proof of Theorem 1 and Theorem 2

This sections proves the convergence rate of Network-DANE for quadratic losses. When local and global loss
functions are quadratic, we can solve (2.9) explicitly. Specifically, Algorithm 1 can be alternatively written
as Algorithm 9 below.

For simplicity, we first proceed with the proof as if K = 1, then replace a with aX in the last step, and
we let H = V?f(x) = %Z}‘Zl H; be the Hessian of the global loss function. From the definition of the
homogeneity parameter 3, we have |H — H;l|; < g forall j = 1,...,n. In addition, we recall the notation

in Definition 2, (2.3) and (2.4), and define the error vector as follows

Vil =yl
elt) = ly® —1, 50|, |- (A.2)
L™ =V £y )]l

66
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Algorithm 9 Network-DANE for quadratic losses (2.10)
1 fort=1,2,--- do
2

y) = (WeI,)xt, (A.1a)
s = (WeIy)stD + H(y" —yt-D), (A.1b)
xt) = y(tfl) — (H+ yInd)*ls(tfl), (A.le)

where y(*) and s() are defined in (2.3), H := diag(Hy,--- ,H,) € R™*" and H; is defined in
 (2.10).

Establishing the convergence of Network-DANE relies on characterization of the per-iteration dynamics
of e!) for quadratic losses. Towards this end, we state the following key lemma — which is established in

Appendix A.5 — that plays a crucial role in the analysis.

Lemma 1. Let 7 = (TlTy and y = #;4 Suppose that Assumptions 3 and 4 hold. Then one has
61 1B+ 1P 7*Lp
elt) < aynB a4 anL anL et=1), (A.3)

frof+ampl af +at+1+ympl+npf+af +anp atyypl+anp

=G

Here, a < b indicates that a; < b; for all entries i.

In what follows, we invoke this result to establish Theorems 1 and 2 separately.

A.2.1 Proof of Theorem 1

By the choice of u stated in Theorem 1, we can show that
v<1 and np <nL <1 (A4)

In view of Lemma 1, we can obtain

e(t) S Gle(t71>

with a simplified matrix
6 2B PLP
Gi1:= |ayyB a+anl agl |, (A.5)
3¢ 7 a+2p
where e(?) is defined in (A.2). We first invoke an argument from [WYWH18] to show that e(*) converges

linearly at a rate not exceeding p(G1). Given that G, is a positive matrix (i.e. all of its entries are strictly
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greater than zero), one can invoke the Perron-Frobenius Theorem to show that: there exists a real-valued
positive number p(G1) € R — the spectral radius of G; — such that (i) p(G1) is an algebraically simple
eigenvalue of G associated with a strictly positive eigenvector x, (ii) all other eigenvalues of G are strictly
smaller in magnitude than p(G1). Therefore, there exists some constant C > 0 such that ey < Cyx, and

consequently,
e < G1el% < CG1x = Co(Gy)x. (A.6)
Invoking this argument recursively for all t, we arrive at
e < C(p(G1))'x- (A7)

Therefore, the rest of this proof boils down to upper bounding p(G;). Rearrange the characteristic

polynomial of Gy, given by

fl(/\) =det (/\I — Gl)

=(A = 01)p1(A) + ayy® B (20 + 4y — 261 — 7L) — 37 B (a — aypL +61), (A8)
where p1(A) is the following function obtained by direct computation
p1(A) = (A —a —ayL)(A —a = 2np) — 7anL — 2uyn*B* — 3y° 2. (A9)

From the Perron-Frobenius Theorem, we know that p(G1) is a simple positive root of f1(A) (so that
f1(p(G1)) = 0). However, it is difficult to compute it directly. In what follows, we seek to first upper bound

p(G1) by

+1), 1;"‘ +2;7/3}, (A.10)

oy 146 140nL /B
pl.—/\o—max{ > 'a+1ftx((;

then demonstrate that Ay < 1, which ensures linear convergence, and finally replace a with aX for the final

result.

Step 1: bounding p(G1) by Ag. The following calculation aims to verify the fact that: for all A > Ay, one
has f1(A) > 0, and hence p(G1) < A¢. Recall the definition of 67 in (2.13). When A > Ay > %, one has

1—6;

—0, >

A—0p > 5
ZEL(l_LLE)
20+ u L+puyo+u—pBo
1 o

= v (A.11)
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In order for the last inequality to hold, we must make sure that

a+yzﬁ if > o;

o’/

(A.12)
oc+pu>30, otherwise.

Note that the above relationship is guaranteed by the condition ¢ + u > (112})2 (g + 1). When A > A,

using (A.4), we can lower bound the first term of p;(A) by

(A—a—anL)(A —a —274p) 21;“ (11487715 (g +1> —myL)

>697L (g +1).
We can lower bound p1(A) by incorporating (A.4) as
p1(A) = (A —a —anL)(A — & —27B) — 7anL — 20y > — 3B
> 6917L(§ +1) —12yL
> 68k1p. (A.13)

As a result of (A.11) and (A.13), when A > Ay, the characteristic polynomial (A.8) satisfies
fi(A) = (A= 61)p1(A) + ay B (20 + 4y B — 261 — 7yL) — 3B (& — anL + 1)
> %17(7 -68knB — Yayy? B> — 377 B (a4 6y)
> 175ByL — ayy? B — 6n2p* > 0.
Therefore, any A that exceeds A cannot be a root of f;(+). This implies that the spectral radius p(G), of
necessity, obeys p(G1) < Ap.
Step 2: bounding Ag. This step verifies that all three terms in (A.10) are smaller than 1, thus leading to

the conclusion Ag < 1.

e First, observe that if (A.12) is satisfied, we have % <1- %T]U < 1.

* Wheno +pu > (1%%2 (g + 1), the second term in (A.10) obeys « + 1?%} (g + 1) <1.

¢ Finally, the third term in (A.10) is also less than 1, since

1+a T+a (1-a)? B 1 _14+a (1-a)? 1—a 11—«
< — < <1- .
PSSt Ty B s 2 o S T <!
(28

Step 3: replacing a with aX. This step gives the final results as

1+6 1401 L 14 ak
Pl:max{ L aK 4 ”K(EH), 5 +277!3}-

2 1—af\0o
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A.2.2 Proof of Theorem 2

By the assumption o + u > 360(7(!32 + 1) and ak < % as we can prove that 78 < 1 and aXyL < % The

o2

characteristic polynomial (A.8) in Appendix A.2.1 can then be lower bounded by

£i(A) = det (AT — Gy)
=(A—01) (A = & — &Sy L) (A — &K — 29B) = 7aXy L — 205?82 — 372
+ afKy? B2 (20K + 4B — 20, — 7yL) — 377 B* (aX — &KL + 6y)
> (= 01) (A — X = 20 (A~ &8~ 29p) — Ty — o — 37767

+ aXyn?p* (208 + 4np — 20, — 7yL) — 3y B (a — aFyL + 6y), (A.14)
provided that A obeys

> —_ — .
)L_max{ 7 +18017(T<02+1), 3 +25p

2

Given that all conditions in (A.12) are satisfied, we can show #28% < 5o - m

< 5o < 1. One can

thus continue to lower bound (A.14) by
1
AiA) > (A= 01) (A =X = 250) (A = X —218) — 8y ) — 11922

1 (1 p? 1 202

> 1170{1 {180170(2 + 1) - 2170] - 8170'} —11y°B
1 B _ 1122

> 17]0{4517/3; + 44no 8170} 11578

> %77[5 —115%c?

> 0.

Consequently, following similar arguments as in Appendix A.2.1, we can show that: under the conditions

of Theorem 2, the spectral radius of G; can be upper bounded by

C
B q

£ +1

p(Gy) <1-

where C is some sufficiently small positive constant. This immediately tells us that: to reach e-accuracy,

2
Network-DANE takes at most O ((5 +1) log(1/ e)) iterations. For each iteration, Network-DANE needs

o2

K = log(1/2x) < logx
loga ~1—u

rounds of communication, where we have used the elementary inequality 1 — « < log(1/«). Putting all

2 /42
this together leads to a communication complexity at most O (log i W)
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A.3 Proofs of Theorem 3 and Theorem 4

This sections establishes the convergence rate of Network-DANE for smooth and strongly convex loss
functions, following the analysis approach adopted in the proof of Theorem 1. Similarly, we first proceed
with the proof as if K = 1, then replace a with aX in the last step. The following key lemma plays a crucial
role, which characterizes the per-iteration dynamics of the proposed Network-DANE for general smooth

strongly convex losses. The proof of this lemma is deferred to Appendix A.6.

Lemma 2. Recall the notation in Lemma 1. Suppose that Assumption 3 holds, and ( B )2 < —Z—. One has

o+u — o+2u
02 nL L
e) < aynL a+anL anL =1, (A.15)

%—f—@zg—i—a'mﬁ zx—i—l—i—a%—f—ﬂﬁ—i—a%—i—zxnﬁ a+ynp+anp

=G’

Here, e!) is the error vector defined in (A.2), and the notation a < b indicates that a; < b; for all entries i.

A.3.1 Proof of Theorem 3

Under the conditions of Theorem 3, the inequalities stated in (A.4) remain valid. In addition, when

(117£)Z)Lz, we can verify that

o+u=

B \2 (1—a)*p? (1-a)? 1 (1-a)? 1 o o
( ) - 1272 = 72 <73 2 ~ o’ < :
o+ pu 170°x~L 170k 2 170« 2 o4+p  o+2u

When o +u > (117£)§)Lz, the LHS decreases faster than the RHS, thus the requirement of Lemma 2 is met. In

view of Lemma 2 as well as the fact 6, < 1, we can replace G’ by a simplified matrix that dominates G':
6> 2nL 4L
Gy:= |layyL a+ayl  anl |- (A.16)
3k 7 a+2yp
The above matrix G; is similar to G; in (A.5) in the quadratic case, except that the quantity 8 in the first
two rows of G is replaced by L (thus leading to a worse convergence rate).

Similar to the proof of Theorem 1, we shall upper bound p(G;) — the spectral radius of G;. To locate

the eigenvalues of Gy, we rearrange the characteristic polynomial of G; as follows

fz()\) =det (/\I — Gz)

=(A —02)p2(A) + ayy®L? (20 + 47 — 20, — 77) — 3B (2anL — y(a + anL — 6,)), (A.17)
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where p;(A) is the following function obtained by direct computation

p2(A) = (A — & —anL)(A — & — 27B) — 7anL — 2ayy°L* — 31 B.

From the Perron-Frobenius Theorem, p(G;) is a simple positive root of the equation f,(A) = 0. However, it
is hard to calculate it directly. In what follows, we seek to first upper bound p(G;) by

1 170kyL 1
pzz—AO—max{ 292,1” 101"1, er“+2;7/3}, (A.18)

and then demonstrate that Ag < 1, which in turn ensures linear convergence.

Step 1: bounding p(G) by Ag. The following calculation aims to verify the fact that f,(A) > 0 holds for

all A > Ag, so that p(G2) < Ag. Recalling the definition of 6, in Lemma 2, we see that when A > Ay > %,

A . 92 Z 1 —292
1
= 517(0— B\/(l — i) (1+ W))
> %n(v—ﬁ 2(1- W)) > %70, (A.19)

where we have used the fact 7 < 1 to reach the second inequality. For the last inequality to hold, we need

to make sure

ctu> g

(A.20)
c+u > 100, otherwise
which is guaranteed by the assumption ¢+ u > (117_02)%.
Similarly, when A > A, the first term of p,(A) can be lower bounded by
(A—a—anLl)(A —a—24B) > ! ; a (1Z0iﬂ7L - zan) > 80xnL.
Then, using (A.4) we can bound p(A) by
p2(A) = (A —a —anL) (A — & —27B) — 7anL — 2ayyL? — 3711
> 80xyL — 12yL > 68xy L. (A.21)

By virtue of (A.19) and (A.21), it is seen that when A > A, the characteristic polynomial f,(A) in (A.17)

satisfies
1
f2(A) >0 68y L — 8ayn*L* — 9nByL > 0.

Therefore, any A that exceeds Ay cannot possibly be a root of f,(+). This implies that the spectral radius

necessarily obeys p(Gz) < Ao.
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Step 2: bounding Ag. This step verifies that the three terms in the expression of Aj in (A.18) is smaller

than 1, allowing us to conclude that Ag < 1.

e First, observe that if (A.20) is satisfied, then we have % <1l- %170 < 1.

e Wheno + y > (117_02)%, the second term is « + 1710sz <1.

* We conclude the proof by checking that the third term is also less than 1, namely,

1+a T+a (1-a)?1p _1+a (1—a)? 1—a 11—«
2 < - <K <1-— .
7 tUPS—tg yLS 2 T S 2 85

Step 3: replacing & with aX. This step gives the final results as

1+6, g 170xkyL 1+4ak
pzzmax{ > , 0 +1—zxK' > +2nB ;.

A.3.2 Proof of Theorem 4

We first verify the assumption of Lemma 2. When ¢ + p = 360L ( £ 1) ,

T

o o
< .
c+u o+2u

( B )2 g B 1 1 1
vt 1) T 360212(B 21 = 360201/ P <2 B 2
c+p 3602L2(£ +1) 360%xL(5 +1) 360k (5 +1)
Therefore, Lemma 2 still holds.

By the assumption aX < J, we can further lower bound the characteristic polynomial (A.17) in

Appendix A.3.1 as follows:

fz(/\) det (/\I — Gz)

= (A= 82) (A= = aXyL) (A — aX —27B) = 72Xy L — 20 ypPL? — 3yB)
T (21xK +4np— 20, — 77) — 3B (szKnL — (oK + aKyL — 92))
> (A= 602) (A —a¥ - %170) (A —aX —278) — ;170 — oyPL? = 3yp)
— o L2 (02 + %v) —3yB(no+762)

> (A—6) ((/\ —ak - %170) (A —aK —29B) - 8170) — 5yoy*L? — 6y pyL, (A.22)

providing A obeys
1+ ak

/\Zmax{ . +180;7L(;+1), +2nB b

We can further lower bound (A.22) by

p

1 1 1
fa(A) > 4170{4 {18017L(E + 1) - 2110} - 817(7} — 5yoy*L? — 65yl > 0,
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as long as p satisfies ¢ +u > 360L(ﬁ +1). Therefore, following similar arguments as adopted in

I
Appendix A.3.1, the spectral radius of G, can be upper bounded by

C

P(Gz)Sl—ix(gH),

where C is a small positive constant. Consequently, to reach e-accuracy, Network-DANE takes at most

O (K(g + 1) log(1/ e)) iterations and O (logK : %)}fg(l/e)) communication rounds.

A.4 Proof of Theorem 5

The proof strategy of Theorem 5 is similar in spirit to the convergence proof of Network-DANE, where we
will carefully build a linear system that tracks the coupling of the consensus error and the optimization

error. Under the assumptions in Theorem 5, we can assume that 1 — 3ax — 38/0 > 0. Let
{=1/(1—-3ax—3B/0).

In what follows, we first introduce two key lemmas that connect the convergence behavior of Network-SVRG
in the network setting to their server/client counterparts (namely, D-SVRG) studied in [CZC*20]. Lemma 3,

proved in Appendix A.7, creates the linear system characterizing the iteration dynamics of Network-SVRG.

Lemma 3. Under the assumptions in Theorem 5, Network-SVRG satisfies

_<1/(1+30c1<+4g)+g>€ SgC al/x @/16_
1/2 0 0 0
E[e)] < / E[e(" V)], (A.23)
8(£)? 64(£)* 402 ax/2
| 64uxk 0 0 0 |
=G;

where the error vector is defined as

() = Fy)
L0 — |E= (fy") ~ f(y) /2
Is®) = Vf(y®)|3/0
[32Lly" ~ 1, &7 B/«

-2
-3

ko]

Here, v < % is the convergence rate of D-SVRG in the server/client setting under the same assumptions

=

[CZC™T20, Theorem 1].

Since every term in the matrices of linear systems of Lemma 3 is non-negative, all eigenvalues of

G3 are bounded by the maximum of the sum of rows according to the Gershgorin circle theorem. For
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Network-SVRG, by setting « = -1, which needs K < O(log, 1/x) = O(logx/(1 — «)), we can ensure that
the sum of the first row is bounded by 5/6, and the sums of other rows are also bounded by a constant
smaller than 1, under the assumption f < ¢/200. Therefore, invoking the Gershgorin circle theorem,

the spectral radius is bounded by a constant smaller than 1. To achieve e-accuracy, the total number of

iterations needed is O (log(1/¢)) and thus the communication complexity is O (log K- IOg(l/ ) )

A.5 Proof of Lemma 1

The proof is divided into several steps. (i) In Appendix A.5.1, we bound the convergence error /n|x(*) —
y*||2; (ii) in Appendix A.5.2, we bound the parameter consensus error ||x{) — 1, @ ) |5; (iii) in Ap-
pendix A.5.3, we bound the gradient estimation error ||s](t) — V£ (y")|2; (iv) finally, we create induction
inequalities of ||y*) — 1, @ 5|2, vn|[g") — y*||2 and ||s]<t) — V£(y")||2 in Appendix A.5.4 to conclude
the proof.

A.5.1 Convergence error

We begin by defining an auxiliary variable x;r, which can be seen as the result of one local iterate (2.9) of

the original DANE algorithm initialized at (=)
o =argmin {fi(x) = (V@) - VS G) )+ Sl -5 VI (A24)
Following the same convention as in previous definitions, we also define
1 +
= ;xj : (A.25)

Given that the function we optimize at each agent is strongly convex, the local optimality conditions of

(A.24) and (2.9) are as follows:

Vi) +ux —y) =V = HG) +p@ Y -y, (A.26a)

VG ) T =y =) =T T ). (A.26)

Taking the average of (A.26) over j = 1,...,n, we obtain another set of optimality conditions:
1 _ —(t—
p Z Vi) +uE —y) =u@" Y —y), (A.27a)

fZVf] ) 4D —yt) =u@h — ), (A.27b)

where we use the fact }; ]t D= XV f]( ) due to the property of gradient tracking (2.2).
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In view of the triangle inequality, the convergence error can be decomposed as
[ T I o PR Ea (A.28)

where the first term is the error caused by inaccurate gradient estimate, and the second term is the progress

of DANE initialized at *~1).

1. For the first term [|[x(!=1) — %" |5, we first plug in the Hessian of the quadratic losses to solve for

LD

+and x;r explicitly as

x](.tfl) :y](tfl) ~ (H;+ Vld)—ls](‘tfl)’ (A.29a)

x;r :y(tfl) _ (H]- + ‘uld)fl Vf(y(ffl)). (A.29b)

The first error term ||(*~1) — ¥¥||, can be written as

[Pt

=[Gy o 1) 0 =),

1 B s B o B
=H(;1§®1d) (y“ V-1, @Y — (H+ ply) 'V @7 Y) + (H + pl) s

7

= (1T @ 1) (B 4 ) (O - V@ 05|

where the last line follows from the definition of (/1) Then, we add and subtract (I, ® H + uI,,q) !

and rearrange terms, obtaining

[ P

:H (llT ® Id) ( (H+ply) ™ = (In @ H+ yInd)ﬂ) (s - VI, 07t ))
( 1 @ 1) (1 @ H o+ L) (5070 = V(1,070 ) |
_H( 1T®Id)(H+,uInd) WL, @ H— H)(I, @ H+ plyg) " (sU) — V(D))
( Id) H+pulyy) {1, @H - H) (I @ H+ puly) Y(VFy" YD) - Vi, @yt )
( 1T®1d) L @H+ ul,y)" 1(H—In®ﬁ)(y(f*1)_1n®y(t71))H2 A30
<[ G @ 1) -+ ) B ) (1 )€Y - 95
+H<;1I®Id)H |+ p) e =) (T + ply @ H ) H 5D 1, £ 7D

+H<%1;1T®Id)H H I, oH + ul,;) '(H -1, ® H) H Iy 1, ®yt 1) HZ
The last term in (A.30) follows from the identity

(17 © 1) (L @ H 4 pul) ™ (s — Vf (1, 090 ))
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=(H+ uly) ™" (%11 ® Id> (s D - Vi1, 07" Y))

=(H+ply)~" (%1; ® Id) (Hy(ffl) —1, ®Hy(t*1>)

=(H+ply)™" (%1; ® Id> (Hy" Y —1, @ Hg(™)

:(%11 ® Id) (I, @ H+ ul,y) "H(y"V -1, o 5 Y)

:(%ll @ 1) (L @ H+ ply) " (H- L o H)(y*~) ~ 1, 070 7).

Taken together with the identity |11} ® I;||, = % the assumption ||H; — H|2 < B, and the bound

|(H + ulg) "2 < Uﬂl and H nd Fuln @ H ) le < ?Lﬂ’ we can further bound (A.30) by

(1) _ =+ B 1) (t-1)
VRO~ o < o L) V)
L B
—1 A31
+(L+W+y+a+y)|!y @7 .. (A31)

2. Regarding the second term || — y*||2, we provide a slightly improved bound compared to [SSZ14].
In view of (A.29b),

= * —(t— 1 - —(t—
7 =yl =7 —y* = - T (H+ uL) VA
]

= (1 %ZH +ul)'H) @ — )

2

2

1 et
S| 5 L(HituD) H|| 7~y (A.32)

1=

Then, we use the triangle inequality to break the convergence rate in (A.32) into two parts:
1 1
1= Y+ ) H|
n= 2

<||r- @+ yI)‘lHHZvLHii((Hi+yI) — (H +pl)~ )HH (A.33)

When H = 01, it is straightforward to check that the first term of (A.33) is upper bounded by

HI_(H—HH)%HHz =1- c+u

Regarding the second term of (A.33), let A; := H; — H and use the definition of f, one derives

G+ < B < < 834

under our hypothesis § < u + ¢. In addition,

45 (e )
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= H% ;( io(‘l)m[““ uD) A" (H A+l = (H+ 1) )| (A.35)
=3 (X (1 4 ) A ) E]| a36
i=1 m=2
< L LI ) a7
3 mgm_ L _ L B
Smgz(aﬂl) Pl " Trporpora—p

Here, the line (A.35) is an expansion based on the Neumann series (whose convergence is guaranteed

by (A.34))
(Hy+pul) " = (H+pl+A) " = (I+ (H+pl)'a)  (H+pul)™!

{ Z "[(H+pul)~ 1Ai}m}(H+y1)1

The identity (A.36) holds since Y} ; A; = 0, and hence the summation in (A.36) effectively starts at
m=2.

Putting the above two bounds together back in (A.33), we arrive at

HI 1 f(Hi n yl)’lﬁH <0 =1-—2 L & (A.37)

< + .
n &= 2 c+pu L4puc+u)(c+u—B)

Putting together (A.31) and (A.37), and plugging back into (A.28), we can bound the convergence error

by:

Val[g =yl =Vl -y,

(- " 1 - -
< Onalg ) =yl Y = )
+(L P

L+ya+y+a+y)

[y -1, 07", (A.38)

A.5.2 Consensus error

Using the identity 7() = (%1; ® I d) y(*) and the update rule (A.1c), we can demonstrate that

v 1,050

(Ind - f1n1T oI )y(t)

2

(Ind - %lan ® Id> (W®1y) (y(f—l) — (H+ Mnd)—ls(t—n)

(WK 1,1, > ® I

2

(A.39)
2

:\»—\

’y(t_l) Loy - (Ind - %1711; ® Id) ((H + VInd)_ls(t_l))

2
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<ally"V -1, 07"V +a , (A.40)

1 1 (t—
(Ind - ;1711; ® Id) (H + ,uInd) 1s(t Y
2

where (A.39) is due to the following equality:
1 1 1
(Ind — 11, @ Id) (W1, = [(WK - nl,ﬂ,j) ® Id} (Ind — 11, ® Id),
which holds because the property of the averaging operator (%lnll ® Id),
1 1 1 1
<n1n1§ ® Id) (Ind --1,1 @ Id> - [Elnl,j (Id --1,1 ® Id” 21, =0,

and the fact that (A ® B)(C ® D) = (AC) ® (BD).

We rearrange the second term in (A.40) as

1
H (Ind — 1,1, ® 1d> (H + L) st

2

= (1 - bﬂ»®hﬁH+ﬂhﬂ (s - V)

+ (Ind— 1,17 @ L) (H+ i)~ (VD) = V(1 27 ))

+ (Ind A1y @ 1) (H+ ) (V0 70) = Ve y) |
= (1 - 1”1T®1d)(H+VI A7 (s = V)

+ (Ind_ M1, @ 1) (8 + L) (Lo B~ 1,070)

1 _ = _ = (-
(T = 1] @ L) (H 4+ plo) ' = (L@ Hob o) ) (L 0 H) (1,070 1,099

Using similar trick as in (A.30), the above quantity can be further upper bounded as

1 1 (f—
H@w—nuﬂ®ayﬂ+mm>wf“

2

1
<[t = ~11] @ L|[[(B + ) |84 = V)

= tt] @ | [+ ) | 1o Hly ) - 1,050V,
+Vn
Combine (A.40) and (A.41), we conclude that

)nyf1—1®yf”m

Val[g' Y =y, (A42)

1 - H 1| (-
L= 0] @ Lyl || (B 4 i) Uy @ H = H) (L @ H 7500 =yl (As)

7Hs(t*1) _ vf(y(tfl)) H2

(6 _
Iy 105 m_<w+a+y e

oL
L+y0+y

A.5.3 Gradient estimation error

In view of the fundamental theorem of calculus and the definition of §, it holds that

VG =5 = TG =W, = || [ 75 = e+ a=omae| (x| <plx—yl
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To begin, the update formulas (2.7) and (2.8) are equivalent to

y(f) =(W® Id)x(t_l), (A.43)

s(t) =(W® Id)s(tfl) + VF(y(t)) — VF(y(tfl)). (A.44)

Note that, since

we have the mixing rate of WK is
= [[WE =11, || = [W = 31,17 |© = af.
In view of the equivalent update rule (A.44),

1€ = V(YD) =[| (W o L)s + VE@Y) = VR ) = V()|

=W e 1) (s = VD)) + (W L)V Y)
+ VE(y®) = V) = V)|
H (W®I,) (st D _vrytD) )+V (y®)
+ (W I)Vf(y' ) = VR

Subtract and add ((11,1}) @ I4) (s = Vf(y¢1)), V(f — F)(1, @ 5) and V(f ~ F)(1, ") to
the previous equation, and rearrange terms,
s~ V) =[[We 1)~ Gy e 1] (s - Vi)

+V(F=f)y") = V(- )12 y")

+ (W L) (V) = Vit oy) - [VFE' ) - VR, @ y)]

et e (s - viet )|

<alls" D = V), +Bly"Y 1@y
+ | W e 1) (V) - Vi @) - [VEGED) - VEL 0 y)]
n [(jlm;) ® 14 (s = v | (A45)

Using the facts |[(11,1)) @ L[~ = [(11,1]) @ L] VF(y*~Y) and [(11,1]) @ L] V(F - f)(1, &

y*) = 0, the last term of (A.45) becomes

[[Wer) - G e ] (V¢ - At - V(- Ha,eg¢))
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+ (V=P 7 ) - V(- L ey"))
+ (W L)~ L] (VEG') - VF1 07|

<|wer) - Crah o] I1V¢ - PHEt) - V(- HE oy ),
IV =P oy"™V) = V(f =)L ©y")ll2

+|(We L) — L IVEG) = VE@, 074 )2

<aBlly"V -1, @7 Vo + Va7V =y |2+ (e + DLy -1, @7V . (A.46)

We used H(W Q1) — I,

L= lwen) - (3l en) + (F1] o L) - 14| <
1

L), + G @ 1) — 1

Combining (A.45) and (A.46), we obtain the bound

|wer) - (11 e

< a + 1 to obtain the last inequality.

I8 = VIl <afls* = VAT, + Blly" 1 @72 + pyalg" — vz

+(ap+ @+ DL)[ly* Y 1, @7 V| + Va7V —y* . (A47)

A.5.4 Linear system

Recall the definitions 1 = s + > and the error vector (2.13). Combining (A.38), (A.42) and (A.47)

1
EeTi
leads to the matrix G defined in (A.3).

A.6 Proof of Lemma 2

The proof follows the same procedures as the proof of Lemma 1. (i) In Appendix A.6.1, we bound
the convergence error /n|7") — y*||2; (ii) in Appendix A.6.2, we bound the parameter consensus error
ly®) —1,, @ 5¥)||; (iii) finally, using the bound we obtained in Appendix A.5.3 of the gradient estimation
error, we create induction inequalities of ||y(*) — 1, @ 7!, v/n|[7") — y*||2 and L~ ||s](t) —Vf(y®)|s in
Appendix A.6.3 to conclude the proof. For consistency and simplicity, we use the same definitions of x™ in

(A25),n = sl and v = LJHT as in the proof of Lemma 1.
A.6.1 Convergence error
We continue to decompose the convergence error as (A.28), and bound the two terms respectively.

1. For the term ||®(!~1) — %*||,, we first subtract (A.26a) from (A.26b), which gives

V) = V) pl Y =) = V) s
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V- HE) =V ) Y -,
then use the strong convexity of f;(-) and the definition of  to bound both sides,
IV £ = Vhie) + ™ =2l = e+l =2
IVF@! ™) =st V9 (F = /G = V(- ) ! —g D),
<B+mlyl ™ =gV + 1V = s
Therefore, combining the above two inequalities, we have
Y

_ + —(f—
I O = B g

Subtracting the optimality conditions in (A.27),
1 t— =
0e Y Vfix') ZVf] 21 _xt)
]

1 - -1 1 B
~a DA - L"f(‘ )~ ;]Z (fo@) L) (L) ED - F),
Note the gradient of the function Lx — Vf;(x) is a (L — ¢)-Lipschitz function. Taking the ¢, norm

and plugging in (A .48), we have

01 +||2_L+HH7 ([ = ViG] - [ - VA |
<t DI = A - st - VA6,
_£+;,12H V],
<I£+Za+yn2|| —sf 7, + E+Z§ifti2|\ D gy, (ag9)

where the last line follows (A.48).

B

m)z < ‘sz we can invoke [FGW21,

2. For the second term || X" — y*||,, because of the assumption (
Theorem 3.1], which is a careful analysis of the error of DANE, and bound the error as

0+y \/ +‘M

—y* |y = 6, |[7Y — y* 5. A50
P 17 =y"ll2:= 62y vl (A.50)

" =yl <

Putting together (A.49) and (A.50), and plugging back into (A.28), we can bound the convergence error
by:

Val[g? =yl =D~y

—(t— 1 L . _
<OVl =yt + o S VAT =
+ L (-
$ PR Lyt 1, 0y, (A51)

L+ya+y
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A.6.2 Consensus error

Let H fo V2§ (cx +(1- c)y(-t)) dc and HY = diag(H, 'Y Hét), ..,Hgf)). Via the fundamental
(t=1)

theorem of calculus, we can solve for x: j from the optimality condition (A.26b) as

x](t_l) _ y](t—l) B (H](t—l) n #Id)fls](t—l). (A.52)

Similar to (A.40), we decompose the consensus error as

_ _ (- 1 _ 1t
Iy =10 @72 <ally® ™ =1, @7 |2+ | (L — (1017) © L) (B + L) )|

Then, we bound (A.53). Adding and subtracting terms and using the triangle inequality,

[ (= G117 @ 1) (O i)
<[ (1 = Gty © 1) (HOD 4 a7 (5070 = V() 4+ V() - Vi, 070 ) |
] (b= 1) © 1) (HOD 4 )9, 0 30)| (A54)

2

We can bound the first term in (A.54) as
1 _ _ _ _ _ (-
| (T = Gt @ L) (HOD 4 ) 7 (s = V) + V(D) = V(L 0 7 1>>) l,
1
gH(Ind— (-1a1)) ®1d) (HD 4 u1,,, H [stD — Vi) + VD) - Vi, 05t

< (1807 = VA ) 2+ V£ ) = V1 7))

Nl

(I =V F D)2+ LIy ~ 107 2) (A55)

Then, for the second term in (A.54),

[ (= G117y @ 1) (HID 4 p1,) 7 9 f 1 05 |
= (e = 1) @ 1) (O 4 i)™ — (L4 1)) Vf 7D

<[| D 4 L) Ly~ BOD) (L)L) V07|
<L—a L
“L4+puo+pu

2

Valgt T — ¥l (A.56)

Therefore, by combing (A.53), (A.54), (A.55) and (A.56), we can bound the consensus error by:

Iy =1, 070> <( )||y ~1,07];

IVF(D) — st + 2L ValgeD gl (ASY)

a+y L+ya+y
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A.6.3 Linear system

Combining (A.47), (A.57), (A.51), we reach the matrix claimed in (A.15).

A.7 Proof of Lemma 3

The proof follows similar procedures as the proof of Lemma 1. (i) In Appendix A.7.1, we bound the

expected function value convergence errors E[ Y ; (f (x](t)) — f(y*))] and E[ L], (f (y](.t)) —fy))];

(i) in Appendix A.7.2, we bound the expected parameter consensus error E|ly(!) — 1, @ 7 13; (iii) in

Appendix A.7.3, we bound the expected parameter consensus error E|y(") —1, @ 7*)|[3; (iv) finally, we

create induction inequalities of IE | 1 (f(x](.t)) —f(y)] E[ 1 (f(y](t)) —fN] EIyY -1, 0593

and E|ly(") — 1, ® 5| to conclude the proof. Expectations in this section are conditioned on x(~1)

, y(t_l)

and s*~1), if not specified.

A.71 Function value convergence error

First, we bound the function value convergence error of y(*) using the previous estimate x(!~1). By the
strong convexity of f(-) and the assumption of « < 1/x,
(1) -1y, Lo —02
Y fly;”) <nf(y )+ 5y - Loy
j=1
2
<nfE) + ZL D — 1, 0703

<nf(E) + 2D —1, 0303

I
1=

(FE) + (TFEED), 2D —x00) 4 Y —20)3)

o
2"

-
I
—_

FY). (A.58)

IN
M:

-
I
—

. t
Next, we bound the function value convergence error after local update, }7 (f (y]( )) — f(y*)). By
constructing the following helper function, we can connect local updates of Network-SVRG to that of
D-SVRG [CZC20], which is the counterpart of SVRG in the server/client setting. For agent j at the tth

time, we define the corrected sample loss function as

5(j t t t
19 (x;2) = €(x;2) + <s]( ) Vf(y]( )),x—y]( )> .
Then, define the corrected local and global loss functions as

. 1 .
) = 0z) = fie) + (s = Vi) x -y,
zEM;



APPENDIX A. APPENDIX FOR CHAPTER 2 85

% Y ) = )+ (s = V) x—y). (A.59)

Here, h(t/)(-) and hl(t’] )( -) are o-strongly convex and L-smooth functions, and Hh(t] (x) — htD) (x) | , < Bby
the definition of . Let ") denote the optimum value of 1) (-).

The key observation is that the local update (2.20) at agent j is the same as the update at agent j when

applying D-SVRG to optimize i) initialized with y](.t)

and global gradient used in D-SVRG updates at y](t)

. This is true because Vz € M, the sample gradient

satisfy
VIV (u;2) — VIV (u';2) = VE(u';z) — VE(u;z), and Vh(t’j)(y§t)) = s](.t),

which agree with (2.20). Therefore, we can apply [CZC"20, Theorem 1] to bound the optimization error of

optimizing h (/)

E 1) ()~ ] < v (0t (y) ), (A.60)

()

where x ;s the output at agent j produced by running one iteration of Alg. 3, which is also the output

of running one iteration of D-SVRG at the same agent, v is the convergence rate of D-SVRG, which can

be bounded by v <1 — 1 - 25 when choosing step size § = %( 8 =) and the number of local updates

S =160L (1 - 2£)7?
Next, we relate function value descent of h(*/) to the function value descent of f. Plug in (A.59) and

rearrange terms,

<hD(a) = (1=l —vf(y?)
— (s = Vi) =y - —v) (v -y))
:h(f,]')( ](t)) h(t]) (hgfr]) *f(y*))
_ < () —Vf(y (f)),x](f) _ y](f) —(1-v) (yopt . y](f)) > ,
where we used 1) (y*) > th’f ) and v < 1 to reach the last inequality.

Taking expectation on both sides and combining with (A.60), we reach the following function value

descent of f(-):
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~E[(s - V)" =y - 10 (7 —y"))
v (f") ~ f) —E (s = Vi) o)~y — vy - o)) ],
where the last line follows from (A.59). Summing the previous inequality over all agents and using matrix
notations, we obtain the following inequality

> £ = £y)

j=1

E <v

_E [<s(f> VW), xW -1, ® yoptﬂ

if(y}”) )
2

+E [(s9 = Vfy"), g —1,05°)] . (A61)
Our next step is to carefully bound the last two error terms in (A.61).
’ <s(t) _ Vf(y(t)),x(t) 1, ® y0pt> ‘
<|Is” = V) 22" — 14 @y 2
<(alls'™! = VA D)l + 2Ly ~ 1, @50
+ 28]y 1, 0y 2+ Blly — 1 @y ) [+ — 1, @y
<zl s = VA B+ a Ly — 1 @7 DB+ SaLle) — 1, @y 3
FBIY D~ 10y 3+ Iy -1, 0y 34 B 1,0 o3, (A62)

where the first inequality is due to (A.72), and the last inequality is obtained by Cauchy-Schwarz inequality.

Similar to (A.61), because of the strong convexity of loss functions, we have
Iy~ 1n 093 < f,; (Fe) - f).
Then, we can further bound (A.62) as
(s V), 2 —y*) | <zal s~ Tr(y )3+ a Ly — g3
L 6 ) + B X (- )
+ (? + 3 :21 (F) = £y)). (A.63)
Similarly, we have the same bound applicable for the last term of (A.61):
(s = V)9 —y®) | <gal s~ VD) B +a Ly 5B

22N () - ) + R () - 0)
= =

(Lo & (76 - 10), (A6

j=1
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where the last term is due to (A.58).

Put together (A.62), (A.63) and (A.64) and taking expectation, we reach the following bound

E g(v(l + 3ax + 4'8) + é) i (f(x](-t_l)) —f(y*)>

o o/ i

Y (£ - £y

j=1

+al s = VEGUT)B 20 Ly Y — g

+% il (f(y](tfl)) —f(y*)) I (3[3 +3m) E (f(x](,f)) —f(y*))] .
=

g

n
j=1
(A.65)

Rearranging terms, we proved the advertised bound.

A.7.2 Consensus error

We first bound the consensus error ||y} — 1, @ 5(*) 13/ («L). Similar to (A.40),

Iy =1, 0§V |3 <a?[xY — 1, 02V
=a? 2"V — 1, @ y°P 3 — na?|ly* — ="V

<a?|]xY — 1, @ y°PY3. (A.66)

Then, using the strong convexity of f(-),

_ L1
Iy — 1, @73 <a? Y 2l — P 3
j=1

<225 (R )~ ) (A67)

j=1
A.7.3 Gradient estimation error
To bound the gradient estimation error, we note that
[s = V)2 =W & Ip)s'™ + VE@") = VE(") = V()2
—|We L) (s = VD)) + (W L) V) - Ty Y)
+ VE(y") = V@) + V) - V)|
<||wer) (s = Vi) |+ | We 1) VAt - vt

2

+IVE =)+ VE =) (A.68)

We then bound the three terms in (A.68) respectively.
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1. The first term can be bounded as
|W e T (s = VA,
=|we L) - Vi) ~ (Cra)) e L) (s - Vi)
| (Grahen) (- vi )],
<alls™ = VA )+ (Gl o 1) (1 - A
—as" = VA 4| (Gl o 1) (VE- N - VE- ™) |

<als'" = V) 2+ Blly Y — vl (A.69)

2

2

where we used the fact H ((%lnl;lr )1 d) H2 = 1 and the definition of B to reach the last inequality.

2. As for the second term in (A.68), we have

H (W L)V f(ytD) - Vit H
SH(W@ I)Vf(y'Y) - ((%1,11;) ® Id) Vf(y(t—l))H

+| ((%1"1;) ® L) V() = V)|
<a((y) @ 1) V) - Vi)

<2 VEGHY) = Vi)

<2L[y" Y =gV, (A.70)

2

2

2

where the third inequality follows from the similar trick we used to obtain (A.66).

3. Using the triangle inequality and the definition of §, the last term in (A.68) can be bounded by
IVE=HE) +VE =A@ < Blly" =yl +Bly" ) =y (A7)
Combining (A.68), (A.69), (A.70) and (A.71), the gradient estimation error can be bounded by

Is® = V£ )ll2 <alls™ = VA )2+ 281y — vl

+Blly'® =yt + 2Ly — gV, (A.72)

Because of the strong convexity, ||y — y°Pt||3 < %2;7:1 (f () — f (y*)). Combining with (A.58), we

reached the following bound
- _ 3282 & _ .
s~ VF(y )8 <4l — VA3 + 22N (£ ) - £)
j=1

2 n
+ Y ()~ f) + 162y g B (A73)
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A.74 Linear System

Combining (A.58), (A.67), (A.65), and (A.73), we obtain the claimed linear system.
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Appendix B

Appendix for Chapter 3

B.1 Experiment details

For completeness, we list two baseline algorithms, DSGD [NO09, LZZ"17] (cf. Algorithm 10) and GT-

SARAH [XKK22a] (cf. Algorithm 11), which are compared numerically against the proposed DESTRESS

algorithm in Section 3.3.

Algorithm 10 Decentralized stochastic gradient descent (DSGD)

1 input: initial parameter ¥), initial step size 1jg, number of iterations T.

2 initialization: set x

(0) _ %(0)

i

3 fort=1,...,T do

4

5

)

Each agent i samples a mini-batch Z l.(t
following updates:

from M; uniformly at random, and then performs the

1
8=y I vl

Z,'Ezl-(t

Update via local communication: x(*1) = (W @ I;)(x() — %gm).

6 output: x°t = x(T),

B.2 Proof of Theorem 6

For notation simplicity, let

tin = &, gy = aon

throughout the proof. We define the global gradient Vf(x) € R™ of an (nd)-dimensional vector x =

x], -

L%, | ! analogously to Section 2.1.3.

90
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Algorithm 11 GT-SARAH

1 input: initial parameter %0, step size #, number of outer loops T, number of inner loops 4.
2 initialization: set v(0) = y(©) = VF(x(?).
3 fort=1,...,T do

4 Update via local communication x(t) = (W @ I;)x(t=1) — yy(t=1),

5 if mod (t,¢q) =0 then

6 o) = VF(x().

7 else

8 Each agent i samples a mini-batch Z l.(t) from M; uniformly at random, and then performs the

following updates:

o)

(Ve z;) — ve™; z)) + oY,
ZiGZi(t)

S| =

9 Update via local communication y() = (W @ I;)y!"=1) + o) — p(t=1),

10 output: x°Ut = x(7),

The following fact is a straightforward consequence of our assumption on the mixing matrix W in

Definition 1.

T _ . , .
Fact 1. Let x = [xlT, e ,x,ﬂ ,and X = %E;’:l x;, where x; € RY. For a mixing matrix W € R"*" satisfying

Definition 1, we have
1. (%1,I®1d)(W®1d)x - (%1J®1d)x:z;
2. (Ly— (G110 e L)(Wely) = (We l;— (21,1]) @ Ij) (I — (311,1)) ® I).
nd n-n+tn d d d n-n+tn d nd n-n+n d

To begin with, we introduce a key lemma that upper bounds the norm of the gradient of the global loss
function evaluated at the average local estimates over n agents, in terms of the function value difference
at the beginning and the end of the inner loop, the gradient estimation error, and the norm of gradient

estimates.

Lemma 4 (Inner loop induction). Assume Assumption 2 holds. After S > 1 inner loops, one has

¥ Vv f(aH)s 2<2 —(1),0 —(1),8
L IVA@D)5 < (/@00 - @)

T (10 p(a(0s) _ (ths]2 T (02
+ ) IVF@S) =55 = (1 —nL) ) ([ f5
s=0 s=0

Proof of Lemma 4. The local update rule (3.1a), combined with Lemma 1, yields

—(#),5+1

u =ull)s — 175(”'5.
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By Assumption 2, we have

f(ﬁ(t),s—l-l) _ f(ﬁ(t)'s _ 175(1‘),5)
< F@0%) — (V@) 150%) + &zt |
2 —(H)sy  =(f)s112
= £@%) = 1|9 2+ 1|9 a0 50| - (1 - LLY 500

where the last equality is obtained by applying —(a,b) = %(|la — b[|3 — ||a|3 — [|b]|3). Summing over

2
27

(B.1)

s =0,...,5 —1 finishes the proof. I

Because the output x°"* is chosen from {ul(t)'sf1 li € [n],t € [T],s € [S]} uniformly at random, we can

compute the expectation of the output’s gradient as follows:

WTSE[V ) = Y0 ) zuanw )3

i=1t=1s=
—EZEWﬁN|b
T S—1 0, ¢ »
_ZZIEHVf @) = V1, @) + V1, @)
t=1s=
G T
<2 Z Z (]EHVf(u(t)'s) — V1, @ 7o) + E||V (L, ®ﬁ(t)'s)’|§)
i L= (t), (),
<2 z z (L2E[u® — 1, @702 + nE | VF@ED2)]3), (B2)

where (i) follows from the change of notation using the stacked gradient, (ii) follows from the Cauchy-

Schwartz inequality, and (iii) follows from Assumption 2. Then, in view of Lemma 4, (B.2) can be further
bounded by

T S—-1
nTSE||V f (x5 < ‘Zl(mm )] - )+2L22 ZIEHu F 1,000

T —
2y Y (EIVF@0) — o052 - (1 - pDE[s3), @
t=1s=0
where we use )0 = %) and f(@")5) > f*.

Next, we present Lemmas 5 and 6 to bound the double sum in (B.3), whose proofs can be found in

Appendix B.4 and Appendix B.5, respectively.

Lemma 5 (Sum of inner loop errors). Assuming all conditions in Theorem 6 hold. For all t > 0, we can bound the

summation of inner loop errors as

5-1 51
212 Y E|jut)s —1, ®ﬁ(t),5||§ +on Y E|VE@e) — 55|
s=0

s=0

<
- 1—a,

2 S
(o H I e R 202 1,5 4 3 Y[
s=
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Lemma 6 (Sum of outer loop gradient estimation error and consensus error). Assuming all conditions in
Theorem 6 hold. We have

11n

ZDEH 20

6412 S T 2 L _(1)112
) ) _ (t) 2 ) _ (t)
1— ain (npb+1)tzzllE|‘x Liox ||2+2“th:11EHS L,os"|, <

Using Lemma 5, (B.3) can be bounded as follows:

TSE £y < 5 (B ) ~2n (G5 1), ;u I3

6412 S T-1 s o
+ 1-— Xin ‘ (pr + 1) g) ]EHx(t) o 1” ®x(t)H2 +20{m Z ]EHS(t) - 1n ®S(t) 2

" IIMH

(B.4)

where we bound the sum of inner loop errors L? 255;01 IEHu(t)’s —1,@ubs ||§ and n Zf:_& E ||Vf(ﬁ(t)'s) —

2, and the

*(t)'SHi by the initial value of each inner loop ]EHx(t) -1, ®E(t)||§ and 1E||s(t) —1, @350
summation of the norm of average inner loop gradient estimator nY.5_; E ||5(t)'s’1 ||§
By Lemma 6, (B.4) can be further bounded as

4n —!

(k100 - 57) 20 - n1) Y- L Bl

n
< T (EFE0) - £),

nTSE||Vf (x5 <

which concludes the proof.

B.3 Proof of Corollary 3

Without loss of generality, we assume 1 > 2. Otherwise, the problem reduces to the centralized setting with
a single agent n = 1, and the bound holds trivially. We will confirm the choice of parameters in Corollary 3

in the following paragraphs, and finally obtain the IFO complexity and communication complexity.

. . l 1
Step size 7 We first assume ajn < § < 7 and aout < \/pr+1 < 2, which will be proved to hold shortly,

then we can verify the step size choice meets the requirement in (3.3) as

(1_‘X|n> (1—Déout) . > (1/2)4 ] 1 _ 1

1 +aK|naKout /pn 10L(1/ npb + 1) 2 20L  640L°

Mixing steps Ki, and Koy Using Chebyshev’s acceleration [AS14] to implement the mixing steps, it

amounts to an improved mixing rate of acpep < 1 — 1/2(1 — &), when the original mixing rate « is close to

1. Set K;,, = {MW and Koyt = [bg(ﬂpbm—‘ . We are now positioned to examine the effective mixing

V1—a V1—a
rate aj, = afin and Kout = , as follows
cheb cheb
) log(y/npb+1) V2log(/npb+1) (ii) V2log(y/npb+1) 1 (i) 1
Nout = DCKOUt < o Vi-a = T=acheb < —logacheh < < Z
— —= — 7
cheb cheb cheb cheb \/pr‘f‘ 1 2
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log(+/npb+1)
Vi-a

n >1and b > 1. By a similar argument, we have «j, = ocfr‘]”eb < %

where (i) follows from Kyt = { “, (ii) follows from logx < x — 1, Vx > 0, and (iii) follows from

Complexity Plugging in the selected parameters into (3.4) in Theorem 6, We have

V() [} < g (B0~ 1) = O ()

L

Consequently, the outer iteration complexity is T = O (1 + 1722

). With this in place, we summarize the

communication and IFO complexities as follows:

e The communication complexity is
(mn)1/2log (2(n/m)'/2 +2) + log ((mn)1/* + 1) (1+ L ))
m (mn)l/ZGZ

1 n/m)t2+2
:O( og (( 1_)“ + )-((mn)1/2+£)>,

T - (SKin + Kout) = O(

e2

where we use 2/p = 2[\/:7/:1 < A V\;"n%jl) =2(v/n/m+1) to bound Kijp,.

e The IFO complexity is T - (Spb + 2m) = O(m + M)

€2

B.4 Proof of Lemma 5

This section proves Lemma 5. Appendices B.4.1 and B.4.2 bounds the expected inner loop gradient
estimation error and consensus errors by their previous values and the sum of inner loop gradient
estimator’s norms, Appendix B.4.3 then creates a linear system to compute the summation of inner loop

errors using their initial values of each inner loop, which concludes the proof.

B.4.1 Sum of inner loop gradient estimation errors

To begin with, note that the gradient estimation error at the s-th inner loop iteration can be written as
RV (%) ~ 0
_ 1 T —(t),s (t),s 2
-] (117 1) (TFaec %) o)

2
- ]EH (%12 ® Id) (VE(1, ©70%) = VE@®#)) + el; . Id) (VE@u5) — 5(09) ‘2

2
‘ 2

< Z]EH (%1,1 ® Id) (VF(1, @ #0) — VF(u(t)s)) Hi + ZIEH (%11 ® 1d> (VE(u()s) — o0s)

212
n

2

2

< ZCE[u5 — 1, 705 + 2K (%Q ® L) (VE@*) —o9) |, (B.5)
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where the first equality follows from (2.4), and the last inequality is due to Assumption 2. To continue, the

expectation of the second term in (B.5) can be bounded as

| (317 @ 1) (VF@®) — 002}
K| (%1;{ @ 1) ((VFD#) — 00) — (VE@51) — o0571) 1 (VF(ul)s1) - gl051)) Hi
2 (%11 @ 1) (VEu®?) = 00%) — (VE@571) - o271 Hi
FE|(G1] ©1) (VF@Os ) — o)
2 Y| (17 @ 1) ((TFGO8) —o04) — (TR o)
8] (7 012) (FFOD) o)
© 58] (31 0 1) (TR0 —o4) - (VFWOS) —o04) "o

Here, (i) follows from the expectation with respect to the activating indicator Aft)’s and random samples

25, conditioned on u(1)5~1 and v()s—1:

E [(}11;{ © 1) (VF@#) — o07) u<t>fsl,v<t>fsl}

= Y VA~
i=1

1 t),s )5, t),s—1, S— S—
—ElnpleS) Y (Ve ) - e ) ) [uhs 1,000 1]

Zl‘GZi(”'S

11111 ® Id> (VEu®s=1) —lths=1), (B.7)

(ii) follows by recursively applying the relation obtained from (i); and (iii) follows from the property of

gradient tracking, i.e.
1 1 1 - (1) _ =
(G1 @ L) VF@?) = = Y Vi) =~y VAiR) =5t =500, (B.8)
i=1 i=1

which leads to (%1;{ ® Id> (VF(u(t)/O) - v(f)fo) —0.
We now continue to bound each term in (B.6), which can be viewed as the variance of the stochastic

gradient, as

IEH (%1; ® Id) ((VF(um’s) — o) — (VF@bs=1) - v(t)’s_l)) Hi
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X (t),s 2
i 1 & A;
CE| =Y T (VA = VA@T) = e (Ve z) - Ve 2)
=1 8700 P 2
@ 1 ¢ (t), (£)5-1 /\(t) ()5, (£),5—1 2
2 a) E||(Vfi(u*) = W fiul* ) (Ve z) = Vi) =),
lzlz,EZi(t)’S
iy 1 L -1 5
Yol L B[O EIVe sz - vea )|,
i=1 Ziezi(t),s
1
L? ]EHu(t),s (t)s 1 , (B.9)
~ n2pb 2

where (i) follows from the update rules (3.1b) and (3.1c), (ii) follows from the independence of samples
and E [Alm’s] = p, (iii) follows from similar argument with (B.7), and the last inequality follows from
Assumption 2 and E [(Agt)’s)z} =p.

In view of (3.1a), the difference between inner loop variables in (B.9) can be bounded deterministically

as

—1112
Hu(t),s _ u(t),s 1 Hz

_ H in® Id )s—1 o Tﬂ)(t)’s_l) o u(t},s—l”i
@

‘ ((W'" ® 1a) — Ind) (=1 —1, @@tls1)
2
— 17 ((Win ® Id) - (%lnl;lr) ® Id) (v(t),sfl _ 1;1 ® 5()}),571) _ 171n ®ﬁ(t),5*l H2

((Wi" ® 1q) = Ind) @1 —1, @utls1)

2
-7 ((Win X Id) — (%lnl;{) X Id) (v(t)’sfl -1, ® f(t)’sil) H2 + 17211”5(”’571 H;

2

- (B.10)

< 8u 7 — 1, @@ B+ 20 7o — 1, @2 4 o

where (i) and (ii) follow from ((Win ® I;) —I,4) (1, ®%) = 0 and (Win® ;) — (31,1]) ® I;) (1, %) = 0
for any mean vector X; and the last inequality follows from the property of the mixing matrix ||(Win ®
Ig) = Lnal| o, < 2 and [[(Win @ Ig) = (31n1;) @ La|, < ttin.
Plugging (B.9) and (B.10) into (B.6), we can further obtain
2
]EH( “1,1)) @ 1) (VE@u®O®) — o) ‘
S
1)k £)k=112
< g LI a0

8L2 s—1 _ 2“m77 L _ 5 2L2 s—1 _ 5
< S - 1, 0w+ 2L R a0t 1, 09042+ T a5

2
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Using (B.5) and the previous inequality, we can bound the summation of inner loop gradient estimation

errors as

S—
Z E||V (@) o

s=0

1 )
= Zfl‘ Z]EHu t)Sfl ®u() ]EH(%LI@Id) (VF(I«I(Q’S)*’U(O’S) ‘2
5=0
ZLZS LZS 1s—1 b, 0
<5 LE[ -ten Do+ 0 w2pp 1 LB =1 w4
6—0
|n772L25 1s-1 () 2 217 L —1s-1 Y
Elo"k —1 o\ Ellz
R SZOkZ [0~ 1, g; [

8S 21251 (2

4:So‘m’?ZL2 E= (t),s _ —=(t),5]/2 2577 L
+ AL S o0 -1, 00+ 220 T

s=0
where the last inequality is obtained by relaxing the upper bound of the summation w.r.t. k from s — 1 to

S—-1

The quantity of interest can be now bounded as

S—1
212 Y E[ju5 -1, @ alt)s 2 E||Vf (@1 -5

5=0 5=0

4S5 - _ 2
= (W +1)-8L2 ZOIEHM(”'S -1, 070

8Socm172L2
npb

4Sy%12
ZIEHU“ ~1L, 2| + ’7 Z]EH O3 (B11)

s=0

B.4.2 Sum of inner loop consensus errors

Using the update rule (3.1a), the variable consensus error can be expanded deterministically as follows:

1 2
||u(t) -1,Qu (t), SH = H ( nd — ( 1,1 ) ® Id) (Win ® Id)(u(t)’s_l — ﬂv(t)’s_l)Hz
0)
< || (1 - (llnl;{) @ 1) (w1 = ””(t)'s_l)Hi
202
< ||t 1y @y el o5~ 1,050, B12)

|n

where (i) follows from the fact

(Ind - (1

1,1 )®Id)(W®Id) - (W®1d—(%1n1;{)®1d) (Ind—(lln )®1d)

and the definition of the mixing rate. The last inequality follows from the elementary inequality 2(a, b)
1+zx

5%l + 1255 ], so that |a -+ bJ3 < 2 lal3 + 2 b]3
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Furthermore, using the update rules (3.1b) and (3.1c) and defining A — %diag()\gt)'s, AP , /\(t)’s) ®

I, the gradient consensus error can be similarly expanded as follows:

o ~1, 03043

= [ (= Gy o 1) Wi 0 1504
< afy (Inr(%lnl;r )®14)g"” 2
S B ol -1, 090

L [l s on)ass s o
R L el P
(2)m\;v<f>fs—l1n®v<f>fs—1\y§+m(s\\ w0571 1, @ a3

20 [0 =1, @2 4 P [20 )
= (2 + L Yt 0 a0e

mn R Y m'”Hv(t)’“ 2 (B.13)

where the second term in (i) is obtained by Jensen’s inequality, (ii) follows from Assumption 2 and

1a®]|,, <
op —

%, and (iii) follows from (B.10).

B.4.3 Linear system

2 t), (1),
Lot o5 — L ]E|‘u()5_1n®u()s 2| od B — 202 7212 0

. By taking expectation of

E[os — 1, 9 5 (1—af,)p? nEE|[5(0)* 2
(B.12) and (B.13), we can construct the following linear system
g y
[ 242 202 7> L2
el < 14a, 1—“2n e(Ds—1 | phs—1
L (1—a?,)p? l+o<2 (171x2n)p2
r 272
Xin 1'"7,(: 1
< el L psl — G elths=1 4 p(H)s1) (B.14)
160, i
LTanp? S0 ¥ w2

=:Gin
where the second inequality is due to 2aj, < 1+ ocizn and 1 + aj, > 1. Telescope the above inequality to

obtain

el)s <G3 el Z G kbt (B.15)
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Thus, the sum of the consensus errors can be bounded by
5—1 5—1
Y el <04 L (el + Z Gy 1)
s=0
5—1
=Y Gjel® +22GS kp(t)
s=0

s=1k=

— S—1S—1—k
Z (1),0 + Z Z Gisnb(t) k—1
= k=1 s=0

(i) S=1 S—15-1

<Y G0+ Y Y G5 bt

5=0 k=1 s=0

(iii)

o S—1
< Y G (04 Y be) (B.16)
5=0 5=0

where (i) follows by changing the order of summation, (ii) and (iii) follows from the nonnegativity of Gi,

and b(*)* respectively. To continue, we begin with the following claim about G, which will be proved

momentarily.

Claim 1. Under the choice of 17 in Theorem 6, the eigenvalues of Gin are in (—1,1), and the Neumann series

converges,

2 4u¢i2n172L2
1- in 1— in 3

ZG (I, — Gin)" 1 < ! (=)™ | (B.17)
3242 2

(1—ain)3p? 1—ain

Let QE = [8 (ﬁ + 1) 85“‘2"77%2} , in view of Claim 1, the summation of consensus erros in (B.11) can

pnb pnb
be bounded as

4S S —ms2 , 8SaE LA T ()12
(s 1) 822 L B 2|3+ S0 it -1, 30
S5—-1
= gI—E Z e(t)rs
5=0
o) S—1
<en( L Gn) (e + ¥ p0H)
s=0 k=0
S5—1
< gn(l—Gin) " (e(t)’o +3 b(t)'s),
5=0

and

SStxquLz
1- uc,n npb

+

1 [ 2 2,272 212
Gin(I2 = Gin) < | 128 (£ + 1) 3uf,  8Sapy’L? 32ufp’L7 (npb +1) +

T—ai, \ npb (1—ain)3p? pnb (1—ain)3
16 48 302 12842 42 L? S 1602 (1—2in)
S | may (Tph + 1) T a? o) \app Tt 0

IA
—

| o
S
E
VS
3l
= |n
<
+
—_
~—
N
R
S
—_
~
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(1,%")3(1,“0“) < (1*‘Xin)3(l*aout)

10 (1+intout /npb) (/57 (npb)+1) — 10(+/S/(pnb)+1)”

where we use (3.3), L < to prove the last two inequali-
ties.
Therefore, (B.11) can be bounded as

5—1

5—1
712 Z;) IEHu(t),s —1,@uabs Z;;) IEHVJC(ﬁ(t),S) _ 5(t),s| ;
S= s=
_ 5—-1 45 212 5—1
< (= Gn) ' (004 T p05) + 2L N 500 ]
5s=0 p s=0
2
< 161156, -(nsﬂ?+1)ll~:|\xf D1, %Y |3+ 202 E||s ) — 1, 050D
D‘inﬂzL2 45772L2 . 2 =(t),5—1]2
(T e ) BB
2
162_ -(nsﬂ)+1)1Eth V-1, 0x V|2 + 22 E[s*V — 1, 250V}

2n (P s—1112
< (#),s—1
+ 25 sgllEHv HZ’

4,272 2,272 2 x4 )6
where the last inequality is proved by incorporating (3.3) as (ff‘;z)gpz < A(lf‘_"zinL)z < (122?,1)2 4 18‘(')“) < 21—5

d4quL2 < S 4 1

. < Rg.
npb = npb 100(\/5/(npb)+1)2 25
Proof of Claim 1. By the definition of Gi, in (B.14), the characteristic polynomial of Gi, is

4o 212 32ai *L?
SO = =N e+ 0 7 =)~ T

By (33)’ 17L S (1_“in)3(1_aout) < (1_108n)3 and Xin S P, we have (32“?n772L2 < 3206i2n172L2

10(1+txino¢oun/npb) (\/S/(npb)Jrl) - 1I-ain)?p? = (1-wn)? —

32 2 4 32a 212
Too%in (1 —ain)* <1, so that f(—=1) > 1 — o)~ 0, and

dat L% 324?12

f()=@1- “in)z - P2 - (1 — ain)2p2

36at n2 L2
> (1 i 2 in
> (1 —ain) 0= )2
36
2 V4
> (1 — i) 100(1 &in)* >0

Because f(ain) < 0, all eigenvalues of Gi, are in (—1,1), then the Neumann series converges, yielding

Z G, = (I, — Gin)!
1 — ajy (1 — ain)?p* — 4 ?L* 205, > L2p?
4.2 — v )2 44,272
(1 — ain)*p? — 4((1 — win)? + 8) it 2L i 1642 (1 — ajn)?p?
1—ai, _(1 - “in)zpz 2D‘iznﬂszp2

<
T (1= ain)*p? —4((1 — ain)? + 8) e 212

1602 (1 — ajn)?p?

n
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271242

0 1- (1—win)?p®  205,7°LPp

T (1= ajn)tp? — 360&?n772L2

16lxiZn (1 - D‘in)zpz
2 41xi2n172L2

(ii) T—an (T—ain)?

<

= 7

3242

n

2
(1—ain)3p? 1—ain

where (i) and (ii) follow the fact (1 — ain)? < 1, and (1 — ain)*p? — 36at 72L2 > (1 — ain)*p? — S5ad (1 —

in)® > (1 — in)*p? — 2802 (1 — ain)®p? > (1 — ain)*p? due to (3.3).

B.5 Proof of Lemma 6

This section proves Lemma 6. In the following subsections, Appendices B.5.1 and B.5.2 derive induction
inequalities for the consensus errors and Appendix B.5.3 creates a linear system of consensus errors to

compute the summation.

B.5.1 Sum of outer loop variable consensus errors
The variable consensus error can be bounded deterministically as following,

[~ 1, 0203

2
|
2

= H (Ind - (;1111;) ®Id) ®
o]

1
1
’(Ind - (Elnli—’lr

0)
(ii)

1 2
’ (Ind - (C11,) @ Id) (Win ® 1) (u(t)’s_l - Wv(t)'s_l) Hz
2
< |1 - (11,111) @ 1) (w571 - nv(f)'s—l) H
202 —(1).5—1|2
—ﬁ”” ~ 1, eus 1”2 1— 2“7’ 1,008 2/

where (i) uses x(t) =415, (if) uses the update rule (3 1la), and the last two inequalities follow from similar

reasoning as (B.12). Apply the same reasoning to '" Hu )51 1, @ut)S-1 H and use H;‘_ <1, we can

prove

~(]2 2a, Za.nn ()52
I -1, @ 0|3 < ( )Hut)o 1, @700+ T ZH s —1, 0007

1+ aln in s=0
208 \S) (1-1) H-D 2 4 2% (t
= x -1, 0% —in’ o5 —1, @ ot)s (B.18)
(1 + zxizn) | ! 2+ 1-a2 SZ’ | "

where the last equality follows from x(!~1) = 4(t)0,
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Take expectation of the previous inequality, by (B.16), we can further compute the summation in (B.18)

as follows
S—1
ZOIEHv(*)fS—lnm( )% < ﬁ%lﬁl\xt D -1, 0%V
s=
_ C(_1) 112 202 L2 5=l
o (]EHs(t D1, 05 D|2 + i .nﬂ ”Z]EHU )

Together with x() = 410 and s() = (1), (B.18) can be further bounded as

0 1 eox=d? 205, \S | 20fy’L? 32 (1) _ 1 o =(t-1)|2
E[x" -1, 0% H2§<(1+';i2n) + 1Ii“i2n (1_mnm)3p2 E||x 1, x" V|5

2a2 12 2 _ 202 %12 =
#2502 -1, 5B+ 2L Y )

n
< ainE[lx*1 — 1, 02D |2

ai’ (2, 2007
+<1_am 3 (E[s) =1, @517 +<1_“ nZ]EHv

). (B.19)

The last inequality is obtained by using (3.3) and the fact that 0 < aj, < 1 as follows

( 2D‘izn )S 2"CiznrlzL2 . 32‘XiZn ( 2O‘izn )S “izn(l — “in)z . 64‘XanZLZ
1+a2, 1—a2  (1—ain)?p? \1442 Ttain (1 —ain)op?
2, o -

1+a2 " 100 1+ap

20(i2n Oéin<1 — Déin)z

T 1+a2 14 a2

= Kjn.

B.5.2 Sum of outer loop gradient estimation consensus errors
In view of the update rule for the gradient tracking term (3.2) and reorganize terms,

s 10 @502 = || (e~ Grat)) @ 1,)s®)

= [ (hua = G117) @ 1) (W 1) (8¢9 4+ VE) — VEG))

2
_12f1ut |s¢D 1, ®St1H2
out
202, 1 ) _ w0 |
i (Ind (n1"1")®1d) (VF(x ) — VE(x ))HZ, (B.20)

out

which follows from similar reasonings as (B.12). The second term can be further decomposed as
! ® -1y |
| (1 = C1a]) @ 1) (VEGED) = VEGED) ) |

< [[VFG") - VEGEED)|

<12 —1,0x0) - (xV —1, 0% V) 4 (1, 070 — 1, 02 )[2
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:L2H(x(t)—1n ®E(t)) (x (= 1)—1 @ x(t- 1) || +nL2||x Hz

2

< 212[|x® — 1, @ |5 +2L2||x"D — 1, @ %V |2 + 54212 - n i |5t (B.21)
s=0

where the last line follows from the update rule (3.1a) by identifying ") — %=1 = y Zf;ol ()5 and
Cauchy-Schwartz inequality.
With (B.21), (B.20) can be further bounded as follows

< Zaout HS( ) 1 ®S(t 1)H2 out <2L2Hx 71 ®xt)“
1- ‘Xout

) _ 30|12
HS 1, ®@s HZ =1 +‘Xout

20 (t=1) —(t—1) |2 272 E= —(t),5]|2
+212|x 1L, 0% |3+ 52120 Y [5053)
s=0

< oY 1 @5V 2 (203 2, 00
5-1
R St M L 52
s=0

Combine with (B.19), after taking expectations, (B.22) can be further bounded as

(D112 _ _(f_ 402
]EHS(t)—1n®S(t)H2<lXout]EHS(t 1)—1n®s(t 1 HZ 1_073;1:]]5” (t-1) 1 ®xt 1) ||2
)
T R LU e (a.nnauxf REETEE Sl

de 20, 7% L?

S—1
A (st 1, o stD|E 4 2R s 2 )
s (E I+ ey " S EIT)

+

402,12 4a?n?
R R e e L R T ]
+M(1+0€m E[x*V —1, ozt H2

1 — aout
<2agutSU2L2 4ﬂ%utl‘2 4lxi2n172 Zaiznrlsz
1—aout 1—aout (1 - ‘Xin)z (1 — D‘in)r)

S—1
7)n Y E[70];
s=0

) 403, L*  dagn? (t-1) (t-1)
< (ocout+ 1=t (1 — )’ )]EHS 1, ®s ||2
402 12
AL B0 1, 30
5—
SauSLE Z E|[z()s (B.23)
1 — aout

where (i) is obtained by applying the condition in (3.3) as follows

dagl”  dad®  2007L% adn’L? 320 p7L?

1— o (1—in)? (1—ain)p?  1—aow (1—ain)3p?
outquLz 32oc (1 zxn)6
1 — aout 100(1 — tx,n)
outS’72L2

7
1 — aout

| /\
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where the inequalities are obtained by using S > 1 and 0 < aj, < 1.

B.5.3 Linear system

4 474
L2E||x®) —1, @ %®) 2 B L™ SR8
Defining elt) .= ()0 — H " 1‘2 and b’ = (1;”“” 2 Lo H i , we construct
B 1, 030} sl
—Rout 5—0 2
a linear system by putting together (B.19) and (B.23) as
402 212
fin (Tt 1 t 1 t
elt) < . . s eV 4 b/ = Goyre D 41’0, (B.24)
402 2L
o (14 @) Gou + 105 G2

=:Gout

Then, following the same argument as (B.16), we obtain

T 0 T
Y e <Y Gl (e 4+ Y0 ). (B.25)
t=1 t=1 t=1
Before continuing, we state the following claim about Gt which will be proven momentarily.

Claim 2. Under the choice of n in Theorem 6, the eigenvalues of Gout are in (—1,1), and the Neumann series

converges,
> = (.
t -1 —WQin l*lxin 170(01”
2 Gout = (12 - Gout) <
2
t=0 1605, 2
(171xi,1)(171x0ut)2 1—aout

With Claim 2 in hand, and the fact that e(®) = 0, we can bound the summation of outer loop consensus

errors by
6412 S L » 222 L )
N (| Ellx® -1, @ % in Ells® =1, 05®
(o +1) LBl ~ 1w 2 st 3, 050
T
= gzut Z e(t>
t=1
T
< gou(I2 = Gour) ™! (e(o) + Z b,(t))
t=1
T R
= gout(IZ - Gout)_ Z b ( )r (B26)
t=1
2
where ¢g,; = {16‘;“ (5 +1) 12“,;4?“]-
Note that by elementary calculations,
qut(IZ - Gout)i1
2 8aZ 7> L2
1—ain (1—ain)3 (1—aout)
64 (S 2
= [1_"“” (”71’ + 1) 2“"‘} 1642 2
out

(1—oqn)(1—zxout)2 1_l’(out
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_ 64 321x ocou 64 S Saln;ysz 41Xizn
= {1 ( 7pb +1) Cor T Toa e Toun (npb +1) " T=am P (—ten) T Tt

(2 128 s 1 3207 a3 6
(1717‘in)2 (Tph + ) + (1 “ln)(l “out)z lxln + 1 ’XOUt

(i) >
128 S 32“ “ou 10D‘in
< [(1%)2 (pr + 1) t T ) (oo )? 1aout}

where we use (3.3) to prove (i), and 1/(1 — ajn) > 1 and 1/(1 — aout) > 1 to prove (ii).
Thus, (B.26) can be bounded using (3.3) as

8t L*
T . —1 | (1—ain)3p?
Sout(I2 — Gout) 302,521
1—aout
- 128 ( S . 1) N 3202 a2, 8k ptLd 10af,  3a5,Sy*L?
o (1 - D‘in) nPb (1 - am)(l - D‘out)z (1 - D‘in)3p2 1 — aout 1 — aout
1024ai tL* ( S ) N 25640 a2, L N 30ag, a3, 1pb - S/ (npb) L2
(1 —ain)?p? \npb (1 —ain)*(1 — aout)?p? (1—aout)?
30
< 1ahy?L? 4 3ad a2,y L% + 100
L1
25’
which concludes the proof.
272
Proof of Claim 2. For simplicity, denote ¢ = ?‘i‘fz_ L)Z and d = 7°“t Then Gou: can be written as
G Xin Cc
out = 7

d(1+4 ain)  out +cd
whose characteristic polynomial is
f(A) = (@in — A) (@out +cd — A) — (1 4 i )cd.

First, note that f(1) can be bounded by

f(l) = (D‘in - 1)(¢Xout +cd — 1) - (1 + Déin)cd
= (1 — ain)(1 — @out) — 2cd >0,

where the last inequality is due to the choice of 7, namely,

4‘Xout 4l)‘innzL2 1
: < (1 - ain) (1 — ttout).
1 —aout (1 - “in) 6( ﬂcm)( (XOUt)

Combined with the trivial fact that f(—1) > 0 and f(ai,) < 0, all eigenvalues of Gt are in (—1,1).

cd =

Consequently, the Neumann series converges, leading to

. (1—ain)2(1 zxout)z l6zx Dcout172L2 4vci2n(1—1xout);72L2
Gt — (I G )71 | (—ain)®(1—aour)2=32a,02, 17202 (1—ain)3 (1—wout)?—32a a2, 12 L2
Z out — 42 7 Lout - 3
= 4(1 le) (l+’xln)’xout (lf‘xin) (1*“out)
(1—ain)3 (1—aout)? 732“|n“0ut772L2 (1fzxin)3(lfaout)2732ai2nuc%ut;72L2
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2 8aZ L2
< 1—ain (1—ain )3 (1—aout)
_— 7
1602, 2
(1_“in)(1_0¢out)2 1_"‘out

where we use the condition in (3.3) to prove 32a2 a2, 7?L? < 32(1 — ain)°(1 — tout)? < (1 — ain)3(1 —

vcout)z to bound the denominator.



Appendix C

Appendix for Chapter 4

C.1 Technical lemmas

We first recall some classical inequalities that helps our derivation.

Proposition 1. Let {v,...,v;} be a set of T vectors in RY. Then, VB > 0, we have

IB 2 1 2
(01) < Bl + 5ol 1)
1
i + )12 < (1+ B) sl + (1 + ﬁ) o1, €2)
T 2 T
Yool <ty [l (C3)
i=1 i=1

Here, (C.1) is referred as the Cauchy-Schwarz inequality, (C.2) and (C.3) are referred as Young's inequality.

Additional notation The following notation will be used throughout our proof:
VF(®) := [VA®X), VAE), ..., Via®)], VuF(X) = [V A(®), Vofa(X), ..., Vifal(®)].

Properties of the mixing matrix We make note of several useful properties of the mixing matrix in the

following lemma.

Lemma 7. Let W be a mixing matrix satisfying Definition 1. For any matrix M € R¥" and m = 1 M1,,, we have

2

— T2 — Turl? e T
HMW—mln F:HMW—mlanFSaHM—mln ]

(C.4)

In addition, for any v € (0,1), the matrix W = I + (W — I) satisfies Definition 1 with a spectral gap at least
7(1—a).

107
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Proof. The first claim follows from the spectral decomposition of W. Since W is a doubly stochastic matrix,
the largest absolute eigenvalue of W is 1 and the corresponding eigenvector is 1,. Let vy, ..., v, be the

eigenvectors of W corresponding to the remaining eigenvalues. Then, we have

HMW—ml,;r

2 2
= | mw - w| = Y (W, —71,) 3,
i=1

where the first equality follows from 1, W = 1,}, m; denotes the transpose of i-th row of matrix M, and 7;

denotes the average of m;. Now we decompose m; — m;1, using the eigenvectors of W. Noting that
_ 1
Ly (mt; = 1) = 1y =1y 11, m; =0,

and thus we can write

n
m; —m;l, = Z Cjv;
j=2

an
for some {c; } j—>- Then, we have

n n n
IW (m; — ;1) |17 = [|W Z;ijjH% <(1-(1-a)) Z;CJZ <(1-(1-a) 220]2 = (1= (1 —a))llm; — 71,3,
= = =

and we conclude the proof of this claim.

For the second claim, recall the fact that if v is an eigenvector of W corresponding to the eigenvalue A,
then v is also an eigenvector of W with the corresponding eigenvalue (1 — ) + yA. This claim follows
from simple computation based on this relation.

O

A key consequence of gradient tracking Before diving in the proofs of the main theorems, we record a

key property of gradient tracking. Specifically, we have the following lemma.
Lemma 8. If5(*) = 1V, F(X()1,, then for any t > 1, we have
1~
o) = Eva(xﬁmn, (C.5)

and

(1) — () _ Z@bls(x(t))ln_ (C.6)

Proof. We first prove (C.5) by induction. For the base case (t = 0), the relation (C.5) is obviously true by the

means of initialization. Now suppose that at the t-th iteration, the relation (C.5) is true, i.e.,

o) = %?bp(xﬁ)nn,
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then at the (t + 1)-th iteration, we have

D) — lv(tﬂ)ln

n

= %V(t)ln + %7G(t) (W 1)1, + % (%F(X(f“)) - %F(X“))) 1, (C.7)
1 1 /e _

= V01,42 (th(x<f+1>) — V,F(x® )) 1,
1

= E%F(x(t“))ln.

where (C.7) follows from the update rule of BEER (cf. Line 6), the penultimate line follows from W1, =1,
and the last line follows from the induction hypothesis at the t-th iteration. Thus the induction hypothesis
is also true at the (f + 1)-th iteration, and we complete the proof of (C.5).

For (C.6), it follows from the update rule of BEER (cf. Line 3) that

D — %) 4 %H(f)(w -I1—- %V(t)l

— 2 ) — 50 _ Z% F(X®1,,

where the second line uses W1, = 1, and (C.5). O

C.2 Recursive relations of main errors

For convenience, we repeat the definitions in (4.2) below.

2

ol =6t - v ?

7

(compression approximation error:) Qgt) =E HH B _x (t)‘ .

2 2

7

(consensus error:) Qgt) =FE HX(t) —x1]

, ol —E HVW Ol

F

(gradient norm:) Qét) =E|zY|3.

Lemma 9 creates induction inequalities for {QZ@} that captures the approximation errors induced
by compression and the consensus errors due to the decentralized setting. Then, we can show that the
Lyapunov function defined in (4.1) descends, which leads to the claimed convergence results in Theorem 7

and Theorem 8.

Lemma 9. Suppose Assumptions 5 and 7 hold, then for any t > 0, we have
Qi < (1 -£+ 67:(:) ol +0-0f + 67:(:05” + 622051” + 6”’;720;”, (C.8a)
ol < 18,°CL? al 4 (1 -£+ 67:C> o + 18y°cL? af)
N 672C + 18L%2 N 18L25%n ald 4 12nc?

* p bp

, (C.8b)
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) - 69C 0 g0 (1A= 0 6 0 o

of*V < 50 +0-0f +<1 > ) 08+ g0 o0l (C.80)
(1) _ 189CL2 () . 69C oy 189CL% oy (o v(l—w)  18L%p% Y\
B (=) R () R C R ST Y P A

18ny?L? 1), 12n02

-0t T —w

(C.8d)

where
C=[|W —1I||2 = Cmax(W — I)? (C9)

is the square of the maximum singular value of the matrix W — L.

Note that the eigenvalues of W and I all lies in [—1,1], and thus clearly C < 4.

Proof. We will establish the inequalities in (C.8) one by one.

Bounding Qgt) in (C.8a) First from the update rule of BEER (cf. Line 5), we have

HH(H—l) _ X(t+1)H2 _ HH(t) +C(X(t+1) _ H(t)) _ X(t+1)Hz
F F

<= -0
2

£ (C.10)

< (1-§) e - 2

where the first inequality comes from the definition of compression operators (Definition 5) and the second

2
inequality comes from Young’s inequality. It then boils down to bound HX (t+1) — x(®) e for which we

have
S e
= [r(E® — xO)W ~ 1) + 9 (xO ~ 21 W - 1) - v O]
<arex0 -0 rave|xO -z v
= 32C HXW —H® HF +39%C HXW — 7017

2 2
- + 312 HV(t) —7i1] ] + 3772n||5(t) 5,

(C12)
where in the first line we use the update rule of BEER (cf. Line 3), in the second line we use the property of
the mixing matrix 1, W = 1.}, and in the third line, we apply Young’s inequality (cf. (C.3)). In the fourth
line, we use ||v||3 = ||v — 01, |3 + no? for any vector v with an average o. Plugging this back into (C.10),

we get

e e < (15 ) o 4 2 o

F
s

Plugging in the definitions of ngt), we obtain (C.8a).
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Bounding Qy) in (C.8b) Similar to the derivation of (C.8a), by applying the update rule of G*) in BEER

(Line 8), and Young’s inequality, we have

Hv(m) _ G(m)HZ _ HG(t) +eovitD G(t)) _yt+D) Hz
F F

<o v

< (-9 o0 -yl -0l

- (C.13)

2
It then boils down to bound ||[V+D) — V() ||” | By the update rule of BEER (cf. Line 6), we have
F y p

[V v = 260w - 1) + (FuEx ) - T,Ex )|
= [[¥(G61 — VYW — 1) 9V — 501 ) (W — 1) + (T,E(X D) — Ty (x|

< 3’)’2C H G(t) —v® H'z: 4 3,),2(: Hv(t) . 5“)11 '2:

X(t+l va H

A
w
3
N
(@)
Q
\
=

2 2
2c lv® — 5017
437 CHV st |

X(H—l)) VE(X t) H 6”‘7

< 3')/2C ’G(t) — V(t) "2: +3’)/2C Hv(t) _5(t)1;lr 2

x5

< 342C ‘G(t) —v® ‘i + (39*C +9L%%) HV(t) _5(t)1'—’rHi

2 2
1992012 X0~ HO | +-9p2cn? [ x® — 017 | 4 or2pn|o 3 + 2,
where (i) comes from Young's inequality (cf. (C.3)) and basic facts of matrix norm (cf. (C.9)), (ii) comes

from the bounded variance assumption (Assumption 7), (iii) comes from the smoothness assumption

(Assumption 5), and (iv) follows from (C.12). Combining the above inequality with (C.13), we have

R R L e P

< (1 .y 6’75(3) 6 - V(t)Hi N 672(3+;8L2’72 v 501

2

F

x® - H

1872CL2 H ) HZ N 18’)’2CL2 H 2 18L21721’l H ||2 127102'
F

1T
x" Ly F b

Plugging in the definitions of Ql(t), we obtain (C.8b).

2
Bounding Qgt) in (C.8¢c) To bound the consensus error HX (1) _x(t+1)q ] e by the update rule of BEER

(cf. Line 3), we have

HX(t+l) fi(tﬂ)l; i

2
- HX(“ +yHOW — 1) — pv® —5O1T 4 45017 HF
(i

2
W—x01 4 4(HO - xOYW 1) — gV 4 y51] i
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< 14—y —a) [xO - x01]

@ <1 )] “)> Hx(f) —x0q7 "
2 F

(s

2 (1200 o o (1 (wcHH |72 HV ~oe]]})
e [ <fii> 20+ -,

( ) 29« <>)(W—1)Hi+2q2HV(f) — 5]

<272 H (t))(W—I)Hi—i-ZyzHV(t) Ol

where (i) follows from the definition W=1I+ v(W —1I), (ii) follows from applying Young’s inequality

twice and Lemma 7, i.e.

|xw —x01]
'

< (1 -1 —a)) X0 201

7

(iii) follows by choosing = (1 — a)/2, and (iv) uses the definition of C (cf. (C.9)). Plugging in the

definitions of ngt)/ we obtain (C.8c).

Bounding Qy) in (C.8d) First, note that

Hv(t+1) 75(t+1>1;Hi _ Hv<t+1) —o1] 431 — ﬁ(t“)lnTHi

(t+1) _ () 113

= v —a01] | o

<[y~
- F

Thus by the update rule of BEER (cf. Line 6), we have

V(D) (T 2

F
v 50T
F

= ||[v®) 4 4Gt (W—1I)+ ﬁbp(x(tﬂ)) — ?bF(X(”) _ g(t)lg

IN

2

F

(W — ) + (T,FX ) — T, F(xO)) |

— v OW — 5017y 1 (6D -

2(1 ’Yl_“)HV

;<1 71_“)HV ()1T

F

—

67C HG(t) B V(t)HZ 612 HXUH) B X(t)HZ 12n0?

(1—a) F+’)/(1ftk) F+b')/(1ftk)
<(1_ 7( 1 —a) 18L2 2 HV ST 2 69C HG(t) B V(t)HZ
- 'y(l — ) "llF (1—a) F
18yCL? O 18')/CL2 017 18y’ L* 0 | 12n0°
+ (1-a) HX H (1-a) HX o Y(1—a) 17512+ by(1—a)’

where (i) and (ii) are obtained similarly as the derivation of (C.8c), and the last line follows from (C.12).

Thus, we can get (C.8d) by plugging in the definitions of Ql(t) and conclude the proof. O

)
( ) (272C HG(U — V(t)Hi 1012 HX(tH) _ X(t)HZ n 4no?

b

)

)

2

F

)
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C.3 Proof of Theorem 7

This proof makes use of Lemma 8 and Lemma 9 to construct a Lyapunov function and then demonstrates

its descending property using a linear system argument.

Step 1: establishing a descent property of the function value First, we have the following inequality

captures the “descent” of the function value.

Sy Wm0y 0 o)) o L2
fEHD) < fED) =y (30, VEED)) + L2503
2
_ N _ /. n _ _mn2 . 4L _
=f&") - §\|Vf(x“))||% - §Hv(”||§ + EHVf(x“)) —a|[; + THU“)II%
_ _ _ _ 2L\ =
= ) - LIV B+ 2 wre) -0 - (-5 ) 103
(ii) _
< 5 - LIV A0 + S|, — GO - (4= L) o3
— N v ey 2 - T ivEE1, - VE(XOY1 12 — (T -T2 1502
= fEY) = SIVAED)IL+ 5 5 [VEEY )1 (X2 = (5 =5 ) P12
+ 5 LI VFXO)1, = T F(X )1, 3
12 <VF( xM1, — V,F(XD)1,, VEED)L, — VF(X(f>)1n>,
where (i) comes from the L-smooth assumption (Assumption 5), (ii) comes from Lemma 8. Take expectation

on both sides, and using the bounded variance assumption (Assumption 7) and independence of stochastic

samples, we get
—(t+1) N NI =) a2 (1 _ 1L
Ef(z )éEﬂx>—2HWﬂx>b+m¢MVHx>h—VHX)hb—<2—:Z)H|b+%n
(i) _ 21 o2
<7 - TENVSGO)B+ L R - vre) |- (- T )E|fwz+ e

2
_(n_nt
F (2 2)“3” ”2+2b

where (i) comes from Young’s inequality, and (ii) comes from the L-smooth assumption (Assumption 5)

again. Finally, by substituting definitions of Qét) and Qét), we reach

(i)
smﬂﬂ%—ngﬂﬁ%%+%fﬂb@—ﬂ%I

2 2 2
Ef0Y) < BfEY) — LBV E) 3+ 1 af) - (’7 _ ’7L) o) + 17 (C.14)

Step 2: constructing the Lyapunov function By representing

a® = o o) o7, (C.15)



APPENDIX C. APPENDIX FOR CHAPTER 4

Lemma 9 can be written more compactly as

5 A

y 6"/ c 672C 612 [ 6y
1 + 0 0 0 0
1872CL2 + 672C 1872CL? 67>C+18L%,? 18L217%n
Q) < P P P b 4 P ol 4
o 61C 0 1— y(1-a) 67]2 0 5
(1—a) 2 7(1-a)
18yCL2 67C 18yCL2 1 209 4 181242 18152 L2
L (1-q) (1-a) (1-a) 2 v(1-a) ] Ly(1-a)
——
=A ::bl
Define the Lyapunov function
co(1—a)? c3L cs(1—a)?

By _ ol qo PO *)
IEf(x)f—i—an—i- L Qz"‘nﬂs"‘ L Qy

—Ef(x") - +s'Ql),
where

al o -a) L o(l-a)?
n nL n nL

for some constants ¢y, ¢, ¢3, ¢4 that will be specified later.

By (C.16) from Lemma 9 and the descent property (C.14), we have

t-l-l) f( (t+1) )_f*+STQ(t+1)
2

2
1 /AR WNCIN
2E||vf( 2 >Q 2bn

nL* o
I3 + ZnQ (

N

<Ef(xY) - f* -

+s! (AQ(t) +0Wb; + b2>

2 2 2bn

2 2
<ol TE|Vsat) - (§ -1 ) o + B+ Ta—sT Dl 45T+ 6 )

2
—sTbl) Of + (5L +5"b2) ‘%

2
=)~ TE|VED B+ (sTA-sT 400 - (” -

2 2 2

114

(C.17)

(C.18)

2

(C.19a)

(C.19b)

2
where g =1[0 0 % O]T. For a moment we assume that there exist some constants ¢y, ¢, ¢3,c4 > 0 such
that
s"(A-I)+4q" <o,
2
Ui Ui L Tb
T 1= >0,
2 2 S =
leading to

(1) < o0 _ TEIFEO)E + (L +5Tby) L < & — TE|v D)2
o) < o) — TE|VED) 3+ (5L +5T02) T < @) — TE|VFED)IE+

The proof is thus completed by recursing the above relation over t =0,...,T — 1.

o? 36c40>
cyLbp”
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Step 3: verifying (C.19) It boils down to verify (C.19) is feasible, and it is equivalent to verify there exist

parameters ¢y, ¢2, ¢3, 4,7, > 0 satisfying the following matrix inequality:

€1

I-AT —a)? —a)?] |c
diag Er (1—a) ,E’ (1—a) 2 >

—b; n nL n nL o

C4

q
7L
v

Nl

Note that by choosing v = ¢ (1 — a)p, 7 = ¢;7(1 — «)?/L, and setting ¢, < 6\% and ¢, < §, we get

6v>C

1-24 <1-8

2

Z/

1—

Y(1 —a) N 181252
2 y(1—a)

<1-

7(1—a)
TR

(C.20)

Now, it suffices to show that there exist ¢y, ¢y, ¢3,c4,¢y, ¢y > 0 such that the following inequalities are

satisfied:
_ oL
4n

0

60y (1-a)yCL
n

nL

_66%@7(1—&)3

| —12c,c, (1 — )]

_ 18Gp(1-a)'L _ 6cypL _ 18Ceqp(1—a)’L]
n n n
p(1—a)? 0 6Ccyp(1—a)? €1
4nL - nL
 18cy (1-a)9L y(1—a)L _ 18Cy(1—a)L ©2
n 2n n
6Cy(1—a)?(1+3c2 (1-a)?) 6cqy(1—a)? y(1-a)3 ]
- nL - nL 4nL
57 p| L
—36¢,Ccy (1 —u)°5 0 —36cy(1—a)7 |

v

_(CWC’YP(l —a) — 1) %

Given p <1, (1 —a) < 1, this can be further reduced to show the existence of ¢y, 2, ¢3, ¢4, ¢y, ¢y > 0 such

that

1 —72Cc},

0 1
—12Ccy —35Cc,
—24c%c7 —24c,(1+ 3C%)

| —12¢cycy —36cycy

—24Ccy —72Ccq |  ~
1
0 —24Ccy
C2
1 —36C >
C3
—24c§ 1
C4
0 =36c; | ~

Cy
0

_—1 +cyey |

This can be easily verified by noting that as long as ¢, and c, are set sufficiently small, it is straightforward

to find feasible c1, ¢y, c3, c4.

C.4 Proof of Theorem 8

The proof strategy of Theorem 8 is similar to that of Theorem 7. However, we need to create a slightly

different linear system to improve convergence under the new assumption.

Denote « := L/u. Taking the same Lyapunov function ®() in (C.17), by the same argument of

Appendix C.3 up to (C.18), we have

o) < Ef (V) - £~ TE|V/ )3+

2n

2 2
¢ n  n°L t
Q;>_<2_2 >Qg>

2
o
—F’Y——FsT

2bn

2
(An(f) +0by + 2112)
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_ . 2y o2
< (1= BFE) )+ Tk gDl - (1T T ) ol & (L sTe)

2 2
—(1_ () Ta_(1_ T, T\ob_(1_"1L_ 7 6 (1 T\
=1 -nu)® +(s A—(1—nu)s' +gq )Q (2 5 S bl) Qg —l—(2n+s bz) o

whereg =10 0 % 0]T, and the second inequality follows from the PL condition (Assumption 6). If

we can establish that there exist there exist some constants cq, ¢y, c3, ¢4 such that

s' (A= Q- +4q" <0, (C21a)
2
n_ E —s'h, >
112 5T >0, (C.21b)

we arrive at

O < (1= )@ + (L 4 5Tp,)

Recursing the above relation then complete the proof.
It then boils down to establish (C.21). By similar arguments as Appendix C.3, in view of (C.20) and

p <1,(1—a)<1,itis sufficient to show there exist constants c1, ¢y, c3, cs, ¢, ¢y > 0 such that

1-fa ;e —24Ce, —72Cey| 4 | 0]
dcyey 1
0 1— 2 0  —24Cc, 0
2¢y, €2
—12Cc, —35Cc, 1-2 _36C 2
C3
~24c2c, —24cy(1+3c2) 243 1- 2 ) 0
4
| —12¢yc, —36¢yCy 0 —36c; | T ° | —1+cyeq )

This can be easily verified by noting that as long as ¢, and c, are set sufficiently small, it is straightforward

to find feasible ¢y, ¢y, c3, c4.



Appendix D

Appendix for Chapter 5

D.1 Proof of Theorem 9

This section proves Theorem 9 in the following steps: 1) define privacy loss and moment generating
function, 2) define mechanisms and sub-mechanisms, 3) bound overall moment generating function and

show the choice of perturbation variance satisfies all conditions.

Moment generating function Let 0 and aux denote an outcome and an auxiliary input, respectively.

Then, we can define the privacy loss of an outcome o0 on neighboring dataset Z and Z; as

P(M(aux,Z) = o
c(o; M,aux,Z,Z;) = log ]P((M(aux Z;) = 0))/
it VAN

and its log moment generating functions as
aM(A;aux, Z, Z;) = log B, pM(auxz) [ €Xp (Ac(0; M, aux, Z, Z;)) ]
Take maximum over conditions, the unconditioned log moment generating function is

&l/"‘()\) = max oc,M()\,‘auX,Z/Zi)-
aux,Z,Z;

Sub-mechanisms Definition 7 defines the LDP mechanism, but it is not enough to model decentralized
algorithms. To model the perturbation operation happens on agent i at time t, we define a sub-mechanism
as Mlgt) :D — R, where i € [n],t € [T], which can be understood as the perturbation added on agent i
at time t. In addition, we define another mechanism C : R — R to model the compression operator and

Co /\/lft) to represent the full update at an agent, and use M to represent the full algorithm.

117



APPENDIX D. APPENDIX FOR CHAPTER 5 118

Proof of LDP The overall log moment generating function for agent i can be bounded using [LZLC22,

Lemma 2] as

t

()

T T (1)
~ ~CoM,; ~M;
aM(A) < lexi (1) < lei (A).
t= t=

Letg = % denote the probability each data sample is chose. For agent i and A > 0, assume g < @

2 ()
and A < % log ﬁ We can apply [ACG" 16, Lemma 3] to bound each &IM’ (A) as

A/v[]m - qz)t(/\—i-l)TZ q3)\3T3 B qZ)\ZTZ
AT = (1—9q)o3 ( o >_O( oh )

To conclude the proof, we can verify there exists some A that satisfies the following inequalities when

Tq\/Tleog(l/()) and g = %/

choosing 0, =

TqtAN2 A
G ) =7

exp(—Ae/2) <,

D.2 Proof of Theorem 10

This section proves Theorem 10 in the following 4 subsections: Appendix D.2.1 derives the descent
inequality, Appendices D.2.2 and D.2.3 create two linear systems to bound the sum of consensus errors in
the descent inequality, and finally Appendix D.2.4 specifies hyper parameters to obtain convergence rate.

To reuse this section’s results in Appendix D.3, we assume Assumption 10 in deriving descent lemma
and linear systems, and lift this assumption when computing convergence rate in Appendix D.2.4 using

g < 2T.

D.2.1 Function value descent
Using Taylor expansion, and taking expectation conditioned on time ¢,
By [f(F ) — @) < B(VfEY), D) + B ot

2L
= —(VF(E"),EHV]) + ”TlEtHﬁ(t“) ||§

2
27

2
—77<Vf(7(t)),lEt[§g+1) + E(t“)]) + %]Etni(tﬂ)

where the last equality is due to o) = g,(f) that can be proved by induction.
(t)

Because E¢[e; '] = 0; and stochastic gradients are unbiased,

E[f(xY) — f(x1)]
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— p(TFE), VEXO) (11,)) + TR [
2
= 1()vr@") - TFXO) (21, [} - IV ED); ~ [VEEO)(10)[2) + TR oD

- L , Lo
_g’|vf(x(t))||§+’727||x(t)_x(t)l;IH'lZ:jL%Etnv(tﬂ)nz UHVF ))(11 ) ; (D.1)

where the last inequality is due to Assumption 2.
Let A = E[f (Y(O))] — f*. Take full expectation and average (D.1) over t = 1,..., T, the expected utility
can be bounded by
1 & 2 28 1 L2 (4T
T;]E‘]Vf(x( ))Hz =T T, Z]EHX —x1; HF

(D.2)

1 _
3 rL L B[tV - 3B TE) ()

D.2.2 Sum of variable consensus errors

This subsection creates a linear system to bound Y/ ; E||X®) — %1} ||i by YL, E[|[v® —5t1)] ||2F and
Y ]E||5(t) Hi To simplify notations, let W = I, +y(W — I,,), and denote the mixing rate of 1% by

& = HW — (%lnl;lr ) Hop. Lemma 10 analyzes the mixing rate of the regularized mxing matrix.

Lemma 10 (Mixing rate of regularized mixing matrix). Assuming 0 < v < 1. The mixing rate of W can be

bounded as
a<l+q(a—1). (D.3)

Proof of Lemma 10. Let Ay =1 > Ay > ... > A; > —1 denote the eigenvalues of W. Corresponding
eigenvalues of W are 1+y(A; —1),i=1,...,n

The mixing rate of W is

& =max {[1+7(A2— 1),

(An =D}
< max{|1 — v+ 72, 11— 7] +'Y|An|}

=1+y(a—1).

Variable consensus error

Take expectation conditioned on time f, and use Young’s inequality, the variable consensus error can be

bounded as

]EtHX(tJrl) - x(t+1)1;||i
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= B (X0 + 9@ W — 1) - v ) (1, - (21,1))) Hi

— 2
= lEtH (x® %17 (W — (21,1])) + QY™ — x)y(W — 1) — v (1, — (11,1])) HF

< 12l =) (W - ()
B QU — X)W — 1) — gV (1, — ()|
< 12X =) (W - (21,1])
By (@ - xOY W - 1)+ v (- )|
2 X0 s 2+ O gl - x| M
(;) 5‘HX(t) _Y(t)lei i MQI%HQS&) HzF n 1422&]&”‘/(#1) _ gt T i (D.4)
where (i) is obtained by [|[W — I, [|op < 2, (ii) uses 2& < 1+ a2, 1 — & < 1— &% and Definition 5.
Variable quantization error
Assume v satisfies the following inequality (which will be verified in Appendix D.2.4)
7 < %(fzp) (D5)

Take expectation conditioned on time t, the variable quantization error can be decomposed and bounded

as
1
E; ||Q(t+ ) t+l HF

= E[|QY + c(x — @) — x (1) 2

= ]EtHC(X Q,(f)) _ (X(t) _ Q)(Ct)) _ (X(tJrl) _x® |||:

@) 2

2 2
< T Rlex = @) = (XU = QE|[E + g Bl - XV
(ii) ( ) (t) ) 2 (1) 012
< mHX —Qx ||F+EIEtHX - X HF

_ AU 70w _ o2
—1+(1—p)HX QI
+ fz)lEtH'y(QS(f“) _ X(t))(w —I,)+ 7(X(t) —f(t)l,j)(w ~I,) - r]V (t+1) HF
(iii) 242 1 2 2492 B . )
< (1 - g) HX(t) (t)HF ; i o |\Q(t+ ) (t)HF + ?Hx(t) - x(t)li—li—HF + %EHV(M)HF

— 2 2
< (1- 6+ 2O 00— xO) 4 2220 5012 4 Ly

(iv) 242 6
< (1- 810 - xO[ + 22T -] |+ Lo e, D)
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where (i) is obtained by applying Young's inequality, (ii) uses Definition 5, (iii) uses the fact | W — I,,||
and (iv) uses (D.5).

p — 7

Linear system

_ 2
X —=01,7|¢

Let egt) = 0 ERE we can take full expectation and rewrite (D.4) and (D.6) in matrix form as
Q" — x|

» o 16(1-p)7? 4 (t+1) _ =(t+1)7T |2
& . ——=E||V -7 1
IE[egtJrl)} S e , 1—-& ]E[egt)] + 1—& H6 ) , n HF
0 1
W ogog L)
= GE[e{"] +b"). (D.7)
We can compute (I, — G1)~! and verify all its entries are positive:
1 e 16(}#})72
(In — Gl)il = — )2 2 -
(-0 §- ST B |
1 0 16(176)72
<[P e (D.8)
s(1—a)p 2477 1—4a

where we assume the following inequality to to prove (D.8), which will be validated in Appendix D.2.4:

oy P 16(l—p)? 2492 1
(1—a) i Tz ; 8(1 &)p. (D.9)

Sum expected error vectors ]E[e§t>] overt=1,...,T,

T T
Z]E[ (t)] Z(G Ele} (t= )]+b( ))
t=1 t=1
Y (1)
<G 2 ]+ G1E[e;”] + 2 b
Reorganize terms, multiply (I, — G1)~! on both sides and use ego) = 0,, the sum of error vectors can
be bounded as
Lo 0
Y Ele;)] < (In—G1) ' Y by, (D.10)
t=1 t=0

The sum of consensus error can be computed as
L 2
Y B[ - =01,
t=1

< [1 o} (1 G) " Y b}
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2 _ 2

S [Z (1) } 1%2%1EHV(” —v(zlmF

s(1—&)p L E|VOf:

2 T 2 T

_ 1 ° () _5ingT|? 4 16(L=p)7” 6 (0|2

g;(1_&)p(1_&zﬂz||v 0 e+ == LEIVUIR)
G  8y? o 96(1 _ 2 768(1—p)v*? & (2
= (1_&)p(1_&+ )ZEHV(t *U(t)erHF+W;”EH”mHF

@ 165* & 0 =04T12 L 76810V &
S mt:ZlIEHV — 0 1,,, ||F+Wt;nﬂ3”v

(D.11)
where we use the equality HV(t) Hi = HV(t) —g1] H2F +n|o) |3 for (i) and use (D.5) for (ii).

D.2.3 Sum of gradient consensus errors
. . . . _ 2
This section creates a linear system to bound the sum of gradient consensus error Y/_; E I vi) —zt) | F
—(1)12
by Y7, E|[5")||; and constant terms.
Gradient consensus error

Take expectation conditioned on time ¢ and reorganize terms, the gradient consensus error can be expanded

as

2
=B (V0 10l W - 1)+ 65 - 617) (1, - (F1)) |

— 2
=i (v = 210) (W~ G110)) + (@ VO (W - 1) 4+ (657 = 67) (1 - Gaaa) |

Then, take full expectation, use the update formula and Young’s inequality similarly to (D.4),
]E||V(t+1> —ﬁ(tﬂ)l,ﬂﬁ:

AD 2
2 lv? —f(t)lnTHF

< g

= g v<”)(w 1)+ (6 = 6 (1 Gl ),
<a V<t> Qi — vy (w -1

14 (G G,Ef))(zn—(%lnll))l\i
GS)&HV(”—#”lIHiJr116:Y,23¢]E’|Qz(1t+1)_ I 1 o =&l

(ii) 16n(t2 + 02d
< & M

_ 2
v 01T |2 + MEHQQ —vo 2 2RI

(D.12)
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< 1, (ii) is due to Definition 5

where (i) is proved using the facts |[W — I”HOP <2and |I, - (%IHII)HOP <

and

El 6y -6z < 2B 6|2 + 28] 6|7

=2(E| Y™V} + nold) +2(E| GV + nold)

< 4n(7* + oyd). (D.13)
Gradient quantization error

Eif| QY - VUL =B (@ — v — (vt — v |2
2 2
< = =
1+ (1- 1—(1-p)
2(1

— 2
Sax%ﬁmv—v N+ S w1+ 6

]EtHV(H'l) _ v

R - VO I

p'IIF

2(1 — 672
< 2g el VO SRR v w - n;

2 n élEtHG;tH) B G(t) 2

62
F VO - L) » e

() 2472 2 2442 _haT2 | 24n(T? +opd)
< (1—§+f)HQv (t)HFﬂLTHV(”—v(t)lzﬂ\ﬁfp
(i) 242 B 24n (72 + 02d)

< (1 - g) Q% — v |2 + %Hv(ﬂ —at] | + %’ (D.14)

where we use (D.13) and the fact (1 P )1 ZL >1- g when p > 0 to reach (i) and use (D.5) to reach

P
(ii).

Linear system

_ 2
Ve~ o1

Let egt) _ . We can write (D.12) and (D.14) in matrix form as
1! — v
o, | & ] o [l
Ele, "] < 2?2 | _p Ele,’] + 24n(2+02d)
e i —

= GoE[e})] + Y.
Because G, = G1, we can use the same argument as in Appendix D.2.2, and use (D.8) to prove

LIV o0t [1 o] (- 6o (61" + ot

16Tn('rzjr(7}%d)

1 16(1-p)7 =2
< %(1 —&)p [i 1—2 24Tn(t?+07d)
0
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where we use (D.5) to prove the last inequality.

With (D.15), we can bound (D.11) by

C ol _ (01T 2
;]EHX - lnHF

1602 & _ 2 768(1
< @_7”&)2;@||V(t) — o1 [ + WZ”EHU 7
1672 64 768(1
= (1 —17&)2 Ne —zﬁc)zTn(T2 +U§d) (— Zn]EHv(t HF
< (11°f4’7) (e + o) + Zn]EHv

where we use (D.5) again to prove the last inequality.

D.2.4 Convergence rate

124

(D.15)

(D.16)

Note bounded gradient assumption can imply Assumption 10 for some ¢y < 27, we can bound the expected

norm of average gradient estimate as

_ 2 — 2
E|lo"; = Eligy|;

2, %4
~Eg? 3+ 2
o2 o2d
<E[|VEEO) (G|l + £ + L=
4 o2d
< E|VFXO) 31|y + - + -

We assume

Using (D.16) (D.17), expected utility (D.2) can be bounded by

2A
*Z]EHVf (t)||2<*+* fZIEHX“ 1|2

+ = znuanv —fEIEHVF NE1)|;

(D.17)

(D.18)
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125
28 1 12 1024;7 2
1 oz Ly (/112
+ f Z’?L]EHZ’ 12 - T Y E|VF(X )(ﬁln)Hz
= t=1
(i) 2A 1024;72L2 ) 277L L
S Tt g oar(T 2 ood) + ]Evt) ]EVF )(11,)
2A 10247212 2
< = 4 = 7
ST a—a (T -+ apd) + — &)} 4( )
(i) 2A  10245%L%7? 8nLt?
= 4 L (1+T¢? 1+ T¢?,
ST gy (LT + (1_a)%< o)
(iti) 24 20484%12t>  16nLt?
4 L (D.19)
0T (1= (1 _a)

2
where we use (D.18) for (i), substitute b = 1 and O'%d = (M) =

2 42 . .
e Tt*¢;, for (ii), and substitute
T = ¢,,2 for (iii).

We set the step size as

(D.19) can be further bounded as

1 & _ 64LA 27292 72
7 LEIVAED) g < Py 2T, T

= Yi(l-a)s (1-a)s 2
< szLAcpm4 N 3T2¢m4
rI(l—a)i  (1-2a)3
67¢m

max {TZ, LA},

where we use the assumption in (5.2) that ¢, < 1 to prove the second inequality, and use Lemma 10 to

reach the last inequality.

Lastly, set the hyper parameter - as

1
T = 100 —(1—a)p.

We can now verify conditions (D.5), (D.9) and the condition on 7 are all met to conclude the proof:

7= 10000 = (D:5)
4 2 (- w)?p? < (1-4)%p?
_ D.
T =T 0000 = 10000 = (D9)
4
7L < % N (D.18)
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D.3 Proof of Theorem 11

This section proves Theorem 11 in 2 subsections. Appendix D.3.1 derives the descent inequality using results
from Appendices D.2.2 and D.2.3. Appendix D.3.2 first assumes all expected gradient norm ||V f(x(*))]],
are greater than a threshold v (i.e. E||Vf (x1) | , >vforallt=1,...,T), then specifies parameters and
proves the average of expected gradient norm is smaller than that threshold % YL E|VAED)|, < v,

which contradicts the assumption hence proves the algorithm reaches E||V f(¥"))||, < v within T steps.

D.3.1 Function value descent

H B o . .
Let ;" = THL;”HZ and () = m Similar to Appendix D.2.1, use Taylor expansion and take

expectation conditioned on ¢, we can expand the function value descent as

E:[f(&HY) — FE0)]
< E(VFED), ) + Tyt
17 2y,

= —E(Vf(EY), 3, + B o3

- —nIEt<Vf<f<f>>,§¥“>> + %}Etllf“*” I
— (), Clip, (V) + yE(TF(E0),Clip, (V7)) ~ g ) + L o012

= 0| VFED)[; + B VFE), Clip (VF (")) - g£””> +EE o)

< g [V A2 + 9| V) | Clip (V) g0, + CLB 52 2oy
The Ey||Clip, (V£ (%)) — /Y|, term in (D.20) is the error introduced by gradient clipping, which can

be analyzed by splitting it to 4 terms as following

ratucin (VF(ED)) —gt™ |

2
ol [ ||2g5t) ~ervrann e,
- 1§ <r+ ||;E”||zg’(t) R ||v;<x§”>||2g§t>)
}
" rlu_zl (r+ |v; ”)bgl@ B ||v;<x§”>||zvf )
+ig(f+|v;< ”)|zvﬁ(x’(t))_~r+||v;<ac<f>>|zvﬁ<x’(t)))

T

1y (- e —
oy VA = TSR E

\v4 y(t)
v E ), F)

2
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—

-
7+ g

T+ |

T (t)
&i
|Vfl-<x§”>|z) )

(g — V"))

T+||sz(

M2

T

Y N —
T+[|VFED)|p \n

( T
ST+ HVfi(x(t)

VA

o THIVAED)],

VA - Vi)

2

Next, we bound each term separately using triangle inequality, Assumptions 9 and 10.

Bound the first term (D.21) as

.
oi(Cn P HV; i,
1 (l|st”]l, — |V
:E;Et (T+y‘|‘;ﬂ""2 TH+ ﬁcsz, @ N, )gft) 2
=% (\Hgl I = V£ H’ |vﬁ ™, Tj||Lg|z‘g||zH2>
gjé g = 19 £
< 3 EAVE L~ VAL’
= 2 LV I+ 19 =205 L 7))
< 2 Vel + 9 AGE 248 9G]
= L VEls" - VA1
<

Bound the second term (D.22) as

Ly NONY I g TA R

ng T—l—Hsz " H2< vAED) ) ”z; T+HVfi(x(t))H2 ~ Vb
Bound the third term (D.23) as

1 & T T (1)

— — Vv i Xl

B e~ e V)
-3 S I, Vi)

i (r+[ VA xz(t )|l,) (7 + ||vf(§(t))”2) l 2
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(D.21)

(D.22)

(D.23)

(D.24)

(D.25)
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o 7| VA |y = [VFEO
1 T+ ||vf(y(f))”2

S| =

1& - 12 _ 7
< Lovlivsa) ||2—||sz-<x<f>>||2\+f>:fs<f>!r|wi<x<f>>||z—||Vf<x<f>>||2!
1
D”LHx |, + 25“) HVf ®)]2
(5(t) 3
01|+ 55 IV FE) o, (D.27)

where we use () <1 to reach the last inequality.

Bound (D.24) as

T t =(t
T 5 5 T )
- T+ ||V;(x(t))||2”v )(11”) Vf(x Hz

sOL _
< W|| x®) _ x(t)l;erF- (D.28)

2

Using (D.25), (D.26), (D.27) and (D.28), the function value descent inequality (D.20) becomes

e
E; [f(y(tﬂ)) _f(y(t))] < _W‘S(t)HVf ||2 ZLIE H5 (t+1) ||2
11|V FED) || Clip, (V£(E)) — "V,
2
(t)HVf (1) ||§+ E]Et‘|5(t+1)|‘
2000
A, (3 + oA+ X0 301 )

= 20|+ Lna o+

=[x - x01]])

[ VAED o (TE+ 2 f

< — sV A 3 + LR o+

(D.29)

/

210y —(t) 25()77L () _ (09T
+ 2% o], + 2 x50,

where the last inequality is due to

261 _
A |, 2 2Ex0 x0T
212 _
<o) 20 [ LA 2 2 x) —oa 2
2002 k0 _goq] 2

< Lo v +
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D.3.2 Convergence rate

Different from (D.17), with the use of gradient clipping operator, we can only bound the expected norm of

average gradient estimate as
Ell" 3 = Elgy 13
—(t —
= [z +2"3
— E|g" |5+ E[2") |3
o2d
<+l (D.30)

Let A=E[f (E(O))] — f*. The techniques used is similar to that used in Appendix D.2, so that we can
reuse results from Appendices D.2.2 and D.2.3, namely (D.16), in the following proof. Take full expectation
and use (D.30), sum (D.29) over t =1,...,T,

-0 =T E(OTAEIR) + 2y R,

2 T _ 5 L B 5
# 22§ px0 - 01] |+ BE 5 ot

<—5l2na(<f>||w<f<f>>||§) 2””2E||Vf M,

212 1024
+ ( 1024 o,
n — &)

5y I ; —(t 2no —t
:-ggm(a<>||Vf<x<>>||§) - ZIEHW Ol

167312 ; , 0pd 2048173L2 s n2LT ; , opd
+(1_&)2(T —) = T(tT +apd)+72 (T —1—7).

Compared to the descent inequality in Appendix D.2.4, (D.31) has a unique terms: E(6(") ||V £(x(®)) H;)

T
(7 +o3d)) + %DEH@“*”HE

(D.31)

which is expected norm of clipped gradients. To be able to analyze this terms, we need to use convexity

and monotonicity from Lemma 11.

Lemma 11. Let g(x) = 5 and h(x) = xg(x) = C’% When x > 0, g(x) and h(x) increase monotonically, while

g(x) is concave and h(x) is convex.

Proof of Lemma 11. 1t is sufficient to prove Lemma 11 by evaluating the first-order and second-order

derivatives of g(x) and h(x).

Because g'(x) = (C(jf;;zx - (Cfx)z > 0 and K (x) = g(x) +x¢'(x) > 0, g(x) and h(x) increase
monotonically.
¢(x) is concave because ¢”(x) — 2c(c+x) _ 2 <o,

(c+x)* = (c+x)
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h(x) is convex because b’ (x) = 2¢’(x) + xg" (x) = (Cii{)z — (63:5)3 = (C+x)3 > 0. O
Next, we substitute T = v (cf. Theorem 11), and assume the following inequality
E[VFE)2 > v. (D:32)
By Lemma 11, the expectation of clipped gradients can be bounded as
2
|| VD)
E 5(t)||vf(§(t))”2 = 2
< ) H e et

T(E[|V/EY)]),)°
THEHVf =)l

>

> B[ VAED),

T+V
= 51EHVf(x(f>)H2. (D.33)
Using (D.30), (D.33) and Assumptions 9 and 10, we can further bound the RHS of (D.31) as

R W LN oA

161312 o2d\ 20481312 21T o2d
+ 1 (T2 L) + st/ M T (7% + o2d) + = (72 + %)

(1-4a)? (1-a)* 2
< I 9 O, + 2 2 o)+ ST (2 )
Z E[VfE"Y),+ 2048?252(1 + THP2) + 3T1’7ELT (1+TH%%),  (D.34)
where we use (D.18) and b = (24%) to prove the last inequality.
Reorganize terms, (D.34) can be further bounded as
! t-il]Eva(x(t)) I, < USUAT 16(318477;)L (14 i)+ 2 1 g

O 8AbPm N 327687*L*v  48yLv

- v (1—a)* 1—a

(i<i) 8Abdy 409617L1/ N 485 Lv

oo (1 —a)f 1-4a7

< 8AbPw 4144;7L18/, (D.35)
v (1-2a)s

where we substitute T = (b¢,,) ™! to prove (i), use (D.18) for (i), and use (1 — &)~ < (1 — &)~%/3 to prove

the last inequality.

5(1-a)3 /b 24
Sety = % VX T¢m and 7y = j5(1 —a)p, and use b = ( ‘7“) (D.35) can be further bounded

as

T
T LIV, < P, POV IS
t=1 (1 — 5()5 (1 _ &)3
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365,/LAbdy,
PPN
(1-4)3
_ 8760,/TAgn 0 036
=— 3 - :
(1—a)s3 v
Choosing v = M, (D.36) simplifies to + Y./ | E||Vf (E(t))H , < v, which further implies

(1-2)3
3t € [T] such that E||Vf(x("))]|, < v. However, this contradicts the assumption (D.32), which leads to the

convergence results in the theorem.
Lastly, we can verify conditions (D.5), (D.9) and (D.18) are all met to conclude the proof:

2

2 Y

7" = 10000 = (D-5)
4 2 (1—a)?? < (1-a)*?
_ 2. D.9
Y=Y 0000 = 10000 = (D9
vi(1—a)i \/DLAG,
nL = :
24 T
— 31 —a)i- ‘TstLZA‘Pm
4
4 4+ (1—4a)3
=3 (1 — a)s . % = (DlS)
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