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Abstract

In this paper, we analyze the cubic-regularized
Newton method that avoids saddle points in
non-convex optimization in the Federated
Learning (FL) framework and simultaneously
address several practical challenges that naturally
arise in FL, like communication bottleneck and
Byzantine attacks. We propose FEDerated CUbic
REgularized Newton (FED-CURE) and obtain
convergence guarantees under several settings.
Being a second order algorithm, the iteration
complexity of FED—-CURE is much lower than its
first order counterparts, and furthermore we can
use compression (or sparsification) techniques like
d-approximate compression to achieve communi-
cation efficiency and norm-based thresholding for
Byzantine resilience. We validate the performance
of FED-CURE with experiments using standard
datasets and several types of Byzantine attacks,
and obtain an improvement of 25% with respect
to first order methods in total iteration complexity.

1. Introduction

In FL, it is well-known that one of the major challenges is to
tackle the behavior of the Byzantine machines (Lamportetal.,
1982), which behave completely arbitrarily. This can happen
owing to software or hardware crashes, poor communica-
tion link between the local machines and the center machine,
stalled computations, and even coordinated or malicious at-
tacks by a third party (see (Yin et al., 2018; Blanchard et al.,
2017)). Another critical challenge in FL is the communica-
tion cost between the local machines and the center machine.
The gains we obtain by parellelization of the task among sev-
eral local machines often get bottle-necked by the this cost.
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In order to fit complex machine learning models, one often re-
quires to find local minima of a non-convex loss f(.), instead
of just critical points which may include several saddle points.
Training deep neural networks and other high-capacity
learning architectures (Soudry & Carmon, 2016; Ge et al.,
2017) are some of the examples where finding local minima
is crucial. (Ge et al., 2017; Kenji, 2016) show that the station-
ary points of these problems are in fact saddle points and far
away from any local minimum, and hence designing efficient
algorithm that escapes saddle points is of interest. Moreover,
(Jain et al., 2017; Sun et al., 2016) argue that saddle points
can lead to highly sub-optimal solutions in many problems
of interest. This is amplified in high dimension as shown in
(Dauphin et al., 2014), and becomes the main bottleneck in
training deep neural nets. Furthermore, a line of recent work
(Sun et al., 2016; Bhojanapalli et al., 2016; Sun et al., 2017),
show that for many non-convex problems, it is sufficient to
find a local minimum. In fact, in many problems of interest,
all local minima are global minima (e.g., dictionary learning
(Sun et al., 2017), phase retrieval (Sun et al., 2016), matrix
sensing and completion (Bhojanapalli et al., 2016; Ge et al.,
2017), and some of neural nets (Kenji, 2016)). Also, in
(Choromanska et al., 2015), it is argued that for more general
neural nets, the local minima are as good as global minima.

The issue of local minima convergence becomes non-trivial
in the presence of Byzantine local machines as they can
create fake local minima that are close to the saddle point
of the loss function f(.), and these are far away from the true
local minima. This is popularly known as the saddle-point
attack (see (Yin et al., 2019)), and it can arbitrarily destroy
the performance of any non-robust learning algorithm.

The problem of saddle point avoidance in the context of
non-convex optimization has received considerable attention
in the past few years. In the seminal paper of (Jinetal., 2017),
a (first order) gradient descent based approach is proposed. A
few papers (Xu et al., 2017; Allen-Zhu & Li, 2017) following
the above use various modifications. A Byzantine robust first
order saddle point avoidance algorithm is proposed in (Yin
etal., 2019), and probably is the closest to this work. Being a
first order algorithm, the convergence rate is quite slow (the
rate for gradient decay is 1/ VT, where T is the number of
iterations). Moreover, implementation-wise, the algorithm
presented in (Yin et al., 2019) is computation heavy, and
takes potentially many iterations between the center and
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Algorithm 1 FED-CURE
1: Input: Step size 7, parameter 0 < a < 5,v>0,M >0
and J-approximate compressor ().
. Initialize: Initial iterate x, € R?
: for k=0,1,....T—1do
: Central machine: broadcasts xy,
for i € [m] do in parallel
5:  i-thlocal machine:
Non-Byzantine: Compute local gradient g; ;, and Hes-
sian H; j; locally solve the problem equation (1). Use
the compressor ) and send Q)(s; ,+1) to the center,
Byzantine: Generate x (arbitrary), and send to center
end for
6:  Center Machine:
(1) Sort the local machines in a non decreasing order
according to norm of updates {Q(s; r+1)},
(ii) Return first 1 — 3 fraction indices, U,
(iii) Update: xg41 =%k +7x IM%I > icu, QSik+1)
7: end for

W N

the local machines (as we check in Section 4). Hence, this
algorithm is not efficient in terms of the communication cost.

In this work, we consider a variant of the famous cubic-
regularized Newton algorithm of Nesterov and Polyak
(Nesterov & Polyak, 2006), namely FEDerated CUbic
REgularized newton (FED-CURE), which efficiently
escapes the saddle points of a non-convex function by
appropriately choosing a regularization and thus pushing the
Hessian towards a positive semi-definite matrix. The primary
motivation behind this choice is the faster convergence rate
compared to first order methods, which is crucial in terms
of communication efficiency in applications like FL. Indeed,
the rate of gradient decay is ﬁ

FED-CURE simultaneously uses (i) a j-approximate com-
pressor (defined shortly) to compress the message send from
local machines to center for communication reduction and
(ii) a simple norm-based thresholding on the (compressed)
solution sent by the local machines to defend adversarial
(Byzantine) attacks. Norm based thresholding is also a
standard trick for Byzantine resilience as featured in (Ghosh
etal.,2021;2020a). However, since the local optimization
problem lacks a closed form solution, using norm-based
trimming is also technical challenging in this case.

1.1. Our Contributions

Technical Novelty We propose FED—-CURE that escapes
saddle point efficiently and converges at a rate of ﬁ,
which is faster than the first order methods (which converge
atl/ VT rate, see (Yinetal., 2019)). Also, the convergence
rate matches to that of the centralized scheme of (Nesterov
& Polyak, 2006) and hence, we do not lose in terms of
convergence rate while making the algorithm distributed.

In FED-CURE, the center machine aggregates the solution
of the local machines. We emphasize that, unlike gradient
aggregation, the aggregation of the solutions of the local
optimization problems is a highly non-linear operation, as
evidenced by even a much simpler second order optimization
algorithm like GIANT ((Wang et al., 2019)). Hence, it is
quite non-trivial to extend the centralized cubic regularized
algorithm to a distributed one. The solution to the cubic regu-
larization even lacks a closed form solution unlike the second
order Hessian based update or the first order gradient based
update. The analysis of FED—-CURE is carried out by lever-
aging the first order and second order stationary conditions
of the auxiliary function solved in each local machines.

Along with the saddle point avoidance, we simultaneously
address the issues of (i) communication efficiency and (ii)
Byzantine resilience by using a d-approximate compressor
and a norm-based thresholding scheme respectively. A
major technical challenge here is to simultaneously address

the above mentioned issues jointly.
Experiments In Section 4 (and in Appendix D), we verify

our theoretical findings via experiments. We first show
that FED—-CURE indeed avoids saddle points via a simple
example. Moreover, we use benchmark LIBSVM ((Chang &
Lin, 2011)) datasets for logistic regression and non-convex
robust regression and show convergence results for both
non-Byzantine and several different Byzantine attacks. We
observe that the algorithm of (Yin et al., 2019) requires 25%
more total iterations than ours.

1.2. Problem Formulation

We minimize a loss function of the form: f(x) =
LS fi(x), where the function f : R — R is twice
differentiable and non-convex. We consider a standard FL
framework with m local machines and one center machine
where the local machines can only communicate to the
center machine. Each local machine is associated with a
local loss function f;. We assume that the data distribution
is non-iid across local machines, which is standard in FL. In
addition to this, we also consider the case where « fraction
of the local machines are Byzantine for some o < % The
Byzantine machines can send arbitrary updates to the central
machine which can disrupt the learning. Furthermore, the
Byzantine machines can collude with each other, create fake
local minima or attack maliciously by gaining information
about the learning algorithm and other local machines.
Furthermore, as stated in Section 1, we use a generic class
of compressors from (Karimireddy et al., 2019):

Definition 1.1 (6-Approximate Compressor). An operator
Q(.):R? — R? is defined as § approximate compressor on
aset SCRYIf, Vo €S, |Q(z)—x|> < (1-0)|z||?, where
d €(0,1] is the compression factor.

2. Algorithm: FED—-CURE

In this section, we describe FED—-CURE. Starting with initial-
ization xg, the center machine broadcasts the parameter to
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the local machines. At k-th iteration, the i-th local machine
solves a cubic-regularized auxiliary loss function based on
its local data:

. ¥ M
Si,k+1ZargmslnngS+§STHi,kS+F72||S||37 ey

where M > 0,y > 0 are parameter choose suitably and
8i k, H; 1 are the gradient and Hessian of the local loss
function f; computed on data (S;) stored in the local
machine givenby g; , =V f;(z;) = Is—li‘zzl_esini(xk,zi)
and H; , = V2f;(zy) = \sﬁZzieSi V2 fi(xp,2). After
solving the problem described in (1), each local machine
applies compression operator () as defined in Definition 1.1
on update s; 1. The application of the compression on the
update is to minimize the communication cost.

Moreover, we also consider that (< %) fraction of the local
machines are Byzantine in nature. We denote the set of
Byzantine local machines by B and the set of the rest of the
good machines as M. In each iteration, the good machines
send the compressed update of solution of the sub-cubic
problem described in equation (1) and the Byzantine
machines can send any arbitrary values or intentionally
disrupt the learning algorithm with malicious updates.

After receiving all the updates from the local machines, the
central machine outputs a set / which consists of the indices
of the local machines with smallest norm. FED-CURE
chooses the size of the set to be (1—3)m. Hence, we ‘trim’
[ fraction of the local machine so that we can control the
iterated update by not letting the local machines with large
norm participate and diverge the learning process. We denote
the set of trimmed machine as 7. We choose 3 > « so that at
least one of the good machines gets trimmed for theoretical
tractability. The central machine updates the parameter, with
step-size 7y as Xg11 =X+ 7k ﬁzz‘eut Q(Si k+1)-
Remark 2.1 (Exact solution only for theory). We emphasize
that the exact solution of the sub-problem is only required for
theoretical tractability. In practice, it is not possible to obtain
such solution. For that reason, in experiments (Section 4) we
run the gradient based first order algorithm of (Tripuraneni
etal., 2018) to achieve this. We expand on this in Section 3.1.
Remark 2.2. Note that, we introduce the parameter y in the
cubic regularized sub-problem, which was absent in the origi-
nal formulation of (Nesterov & Polyak, 2006). v emphasizes
the effect of the second and third order terms in the sub-
problem, and is important for convergence of FED—CURE.

3. Theoretical Guarantees

Assumption 3.1. f(.) is twice continuously-differentiable
and bounded below, i.e., f* =inf, cpa f(z) > —00.

Assumption 3.2. The loss f(.) is L-Lipschitz continuous
("%, [f(x) = f(y)] < L|[x —yl]), has Ly-Lipschitz gra-
dients (||Vf(x)—V f(y)|| <Li||x—y|) and Lq-Lipschitz
Hessian ([|[V2f(x)=V>f(y)[| < L2[x~yl).

The above assumption states that the loss and the gradient
and Hessian of the loss do not drastically change in the
local neighborhood. These assumptions are standard in the
analysis of the saddle point escape for cubic regularization
(see (Tripuraneni et al., 2018; Kohler & Lucchi, 2017;
Nesterov & Polyak, 2006; Carmon & Duchi, 2016)).

We assume the data distribution across local machines to
be non-iid. However, we assume that the local gradient
and Hessian computed at local machines (using local data)
satisfies the following gradient and Hessian dissimilarity
conditions. Note that these conditions are only applicable
for non-Byzantine machines only. Byzantine machines can
generate arbitrary gradients and Hessian.

Definition 3.3 (Bounded Heterogeneity). For ¢, > 0
and ey > 0, we have ||Vf(xx) — 8kl < ¢ and
V2 f(xx) —H; || <ep forall k and i.

We emphasize that bounded gradient and hessian dissim-
ilarity are quite common in FL, and are one major way to
characterize the degree of heterogeneity. For example, see
(Zhao et al., 2018; Sahu et al., 2018; Li et al., 2018; Sattler
et al., 2019; Mohri et al., 2019; Karimireddy et al., 2020;
Fallah et al., 2020) and the references therein. These papers
use this bounded heterogeneity condition to motivate the
need of obtaining a single model for all local machines.

Values of ¢, and ¢ in special cases In (Kohler & Lucchi,
2017; Tripuraneni et al., 2018; Wang et al., 2020), the authors
consider gradient and Hessian with sub-sampled data being
drawn uniformly randomly from the data set leading to
(eg,€7r) diminishing at the rate oc 1/+/]S] where | S| is the
size of the data sample in each local machine.

Remark 3.4 (Two rounds of communication €, =0, e =0).
We can make €, =0 via one more round of communication
in each iteration. In the first iteration, all the local machines
compute the local gradient, sends back and the center ma-
chine broadcasts the global gradient V f (x;,) = =3 g; 1.
In this manner, the local machines solve the sub-problem (1)
with the actual gradient. Note that (Wang et al., 2019) does
this exactly to avoid €,. Similarly, with more communication
cost, we can make € ; =0 by allowing local machines to send
local Hessians and the center to aggregate and broadcast the
aggregated Hessian. However, in standard FL, one typically
avoids this additional round of communication and deal with

gradient and Hessian dissimilarities.
Theorem 3.5 (Convergence of FED-CURE). Suppose
0<a<pg< % and m > 2. Furthermore, we choose the

problem parameters, M = O(m(1—)(1++/1-6)3), and
Mk = 73 = 7y, for some constant ¢ > 0,v > 3. Then,
after T iterations of FED—CURE (Algorithm 1), the sequence
{x;}L_ | generated contains a point ¥ such that

- X ~ X
IV S @IS 75 + o+ XG5 Amin (V£ (2)) 2 =T — e =y
where (x1,..,x 1) are T independent and depend on m,d,[.
The complete expressions can be found at Appendix B.
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Figure 1. (a) Plot of the function value with different initialization to show that the algorithm escapes the saddle point with functional
value 0. (b,c,d) Comparison of our algorithm with ByzantinePGD (Yin et al., 2019) in terms of the total number of iterations.

Corollary 3.6 (Matching (Nesterov & Polyak, 2000)).
Suppose a=0,6=0,=1, m=1 (centralized), n=~vy=1.
With this, we get ||V f (Z)|| < O( 7375 ) and Amin (V2 f () >
-0 (ﬁ) which matches (Nesterov & Polyak, 2006).

Discussion In Theorem 3.5, we have three terms. The first
term implies rate of decay for gradient and the minimum
eigenvalue of the Hessian are O(1/7'3) and O(1/T3),
respectively. We point out that both of these rates match
with that of the centralized version of the cubic regularized
Newton as shown in (Nesterov & Polyak, 2006).

The second term depends on €, and €. This is owing to
the non-iid nature of data. Note that in the centralized setup
of (Nesterov & Polyak, 2006), this aspect of heterogeneity
was absent. Furthermore, as mentioned above, in the special
cases, both the terms €, and €7 decrease at the rate of 1 / \/@ s
where | S| is the number of data in each of the local machines.

The third term is an error floor that decays with the number
of machines, m, and can be made arbitrarily small. As shown
in Corollary 3.6, this term vanishes when m = 1. This term
originates from several sources. First, the center machine
simply aggregates the solution of the local machines to
obtain the next update. Unlike gradient aggregation, this
yields a different solution from the global one, and hence
one incurs a bias. This is the cost of going from centralized
to a distributed setup. Second, our norm based thresholding
also creates an error floor.

Comparison with (Yin et al., 2019) In arecent work, (Yin
etal., 2019) provides a perturbed gradient based algorithm
to escape the saddle point in non-convex optimization in
the presence of Byzantine local machines. Also, in that
paper, the Byzantine resilience is achieved using techniques
such as trimmed mean, median and collaborative filtering.
These methods require additional assumptions (coordinate
of the gradient being sub-exponential etc.). In this work,
we do not require such assumptions. Also (Yin et al., 2019)
requires several rounds of communications between the
central machine and the local machines whenever the norm
of the gradient is small as this is an indication of either a local
minima or a saddle point. In contrast to that, our method
does not require any additional communication. Our method
provides such ability by virtue of cubic regularization. Our
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algorithm achieves a superior rate of O(1/7'%) compared
to the gradient based approach of rate O(1/+/T). Our algo-
rithm dominates ByzantinePGD (Yin et al., 2019) in terms
of convergence, communication rounds and simplicity.

3.1. Solution of the cubic sub-problem

The cubic regularized sub-problem (1) needs to be solved
to update the parameter. As this particular problem does not
have a closed form solution, a solver is usually employed
which yields a satisfactory solution (Cartis etal., 201 1a; Agar-
wal et al., 2017; Carmon & Duchi, 2016). For the purpose of
theoretical convergence analysis, similar to previous works
(Wang et al., 2020; Zhou et al., 2018; Wang et al., 2019), we
consider that local machines obtain the exact solution in each
round. However, in experiments (Section 4), we apply the
gradient based solver of (Tripuraneni et al., 2018) to solve
the sub-problem. In Appendix C, we discuss this in detail.

4. Experimental results

First we show that FED-CURE escapes saddle point with
a toy example with (d=2) min,,cgz[f1(w)+ f2(w)] where
f1(w) =w? —w3 and fo(w) =2w? —2w3 (Here w; denotes
the i-th coordinate of w. In Figure 1 (a) we observe that
our algorithm escapes the saddle point (0,0), with random
initialization. Note that, checking whether a point is a
local minima or a saddle point is an NP-hard problem for
non-convex losses (see (Jin et al., 2021), Sec. 2.2). So, for a
simple toy problem, we may brute-force our way through to
show saddle points escape, but this becomes intractable for
real data examples. Also, in Figure 1 (b)-(d), we compare
the total iteration complexity with PGD of (Yin et al., 2019).

More experimental details can be found in Appendix D. Here
we provide a brief overview. We demonstrate the conver-
gence of our algorithm, FED—CURE with benchmark dataset
LIBSVM ((Chang & Lin, 2011)) with and without compres-
sion for both convex and non-convex losses. We choose four
different Byzantine attacks, and show resilience against them.
We compare our results with ByzantinePGD (Yinetal.,2019),
a standard benchmark for robust saddle point avoidance algo-
rithms. Furthermore, we compare FED—-CURE with standard
Federated Learning algorithms such as FEDGLOMO(Das
etal., 2020) and FedAvg (McMahan et al., 2017).
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Supplementary Material

A. Detailed Related Work

Saddle Point avoidance algorithms: In the recent years, there are handful first order algorithms (Lee et al., 2016; 2017; Du
etal., 2017) that focus on the escaping saddle points and convergence to local minima. The critical algorithmic aspect is running
gradient based algorithm and adding perturbation to the iterates when the gradient is small. ByzantinePGD (Yin et al., 2019),
PGD (Jinetal., 2017), Neon+GD(Xu et al., 2017), Neon2+GD (Allen-Zhu & Li, 2017) are examples of such algorithms. The
work of Nesterov and Polyak (Nesterov & Polyak, 2006) first proposes the cubic regularized second order Newton method and
provides analysis for the second order stationary condition. An algorithm called Adaptive Regularization with Cubics (ARC)
was developed by (Cartis et al., 201 1a;b) where cubic regularized Newton method with access to inexact Hessian was studied.
Cubic regularization with both the gradient and Hessian being inexact was studied in (Tripuraneni et al., 2018). In (Kohler
& Lucchi, 2017), a cubic regularized Newton with sub-sampled Hessian and gradient was proposed and analyzed. Momentum
based cubic regularized algorithm was studied in (Wang et al., 2020). A variance reduced cubic regularized algorithm was
proposed in (Zhou etal., 2018; Wang et al., 2019). In terms of solving the cubic sub-problem, (Carmon & Duchi, 2016) proposes
a gradient based algorithm and (Agarwal et al., 2017) provides a Hessian-vector product technique. (Zhang & Li, 2021) employs
a a negative curvature finding algorithm based on gradient descent and accelerated gradient descent method to improve the
PGD algorithm (Jin et al., 2017). (Avdiukhin & Yaroslavtsev, 2021) proposes perturbed compressed SGD with error feedback.

Compression: In the recent years, several gradient quantization or sparsification schemes have been studied in (Gandikota
etal.,2021; Alistarh et al., 2018; Wang et al., 2018; Alistarh et al., 2017). In (Karimireddy et al., 2019), the authors introduced
the idea of d-approximate compressor. In (Ghosh et al., 2020b), the authors use J-approximate compressor to sparsify the
second order update.

Byzantine resilience: In the distributed learning context, (Feng et al., 2014) proposes one shot median based robust learning.
A median of mean based algorithm was proposed in (Chen et al., 2017) where the worker machines are grouped in batches
and the Byzantine resilience is achieved by computing the median of the grouped machines. Later (Yin et al., 2018) proposes
co-ordinate wise median, trimmed mean and iterative filtering based approaches. Communication-efficient and Byzantine
robust algorithms were developed in (Bernstein et al., 2018; Ghosh et al., 2021). A norm based thresholding approach for
Byzantine resilience for distributed Newton algorithm was also developed (Ghosh et al., 2020a). All these works provide
only first order convergence guarantee (small gradient). The work (Yin et al., 2019) is the only one that provides second
order guarantee (Hessian positive semi-definite) under Byzantine attack.

B. Theorem 3.5 with special cases

We here state the convergence guarantee of FED—-CURE formally.

Theorem B.1 (Convergence of FED—-CURE). Suppose 0 < a < < % and m > 2. Furthermore, we choose the problem
parameters, M =O(m(1—B)(1+v/1—-0)*), and n, = 7= 1y = 7, for some constant ¢>0,v > 3. Then, after T iterations
of FED—CURE (Algorithm 1), the sequence {x;}1_, generated contains a point T such that

IV £ @) < 2o +€a X6, Mnin (V2 F(@)) 2= 5 —esr =,
T3

where,
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x1:0((1_a)2((11fﬁv)1_5) +m(1-B)(14VI=0)°)

(xvi=o)i-a) B))(l ) s m(1-B)(1+VT=8)?)

1
szo( (1= ““*V O m(1-B)(14vI= )}( )

LINE
(1- m

!
s ﬁ) +(1_§)mu<1+ﬂ>)
=0 |ma-

.

x2=0(

m(1-5)(1+v1=8)%+ LV Ly

)

Here, we state two corollaries. First, we relax the compression by choosing § =1 and then the Byzantine resilience.

Corollary B.2 (No compression). Suppose 0 < a << 1, and we choose M = O(m(1— B)), n =~ =c/m"T for some
¢ > 0,v > 3. Then, after T iterations of FED—CURE for uncompressed update (§ = 1), the sequence {x;}_, generated
contains a point I such that

IV 7@ < 575 +6o G Amin (V21 (@) 2 = 25 —€mr =,
where,

a=0(G=5 +m-A. xe=O([=g-+m(1-5)

o= O[5y -3 G+ (=t )

an=0((m(1=9)+ 5 ) ),

Note that we still obtain similar three terms, but the expressions of x1, x2.xa, Xz have reduced, which improves the
convergence guarantees. The observations we made in Theorem 3.5 continues to hold here.

Next, we choose the non-Byzantine setup with o= =0 in addition to the uncompressed update. This is just the distributed
variant of the cubic regularized Newton method of (Nesterov & Polyak, 2006).

Corollary B.3 (Non Byzantine and no compression). Suppose we choose M =O(m), n=~y=c/T'm" for some ¢>0,v > 3.
Then, after T iterations of FED—CURE for uncompressed update (5 =1), the sequence {x; }_, generated contains a point
T such that

3

X2
||Vf( )”— T2/3 +eg+XGa)‘mm(v f( )) Z*F*€H7XH7

—)-

Note that the term x1,X2,x¢ and x g have further reduced, thus improving the performance. As v > 3, the parameter x g, X x
are decreasing with the number of worker machines. Note that even in the simple distributed variant, the extra error terms
(second and third terms) are present. As explained earlier, these are owing to the non-iid nature of data distribution and the
simple (biased) aggregation of local solutions at the center respectively.

where, x1=x2=0(m) and x¢ =0(—z—)xz =0(—¢

7’/_
m 3

C. Solution of the cubic sub-problem

The cubic regularized sub-problem (1) needs to be solved to update the parameter. As this particular problem does not have
a closed form solution, a solver is usually employed which yields a satisfactory solution. In previous works, different types
of solvers have been used. (Cartis et al., 2011a;b) solve the sub-problem using Lanczos based method in Krylov subspace.

8
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Figure 2. Comparison of the FED-CURE with (a) FedGLOMO and FedAvg (b) for Gaussian attack. (c) Comparison of FED-CURE with
robust PGD. (d) Plot of the gradient norm for ’a9a‘ data-set with Gaussian attack for robust linear regression.

In (Agarwal et al., 2017), the authors propose a solver based on Hessian-vector product and binary search. Gradient descent
based solver is proposed in (Carmon & Duchi, 2016; Tripuraneni et al., 2018).

Previous works, (Wang et al., 2020; Zhou et al., 2018; Wang et al., 2019), consider the exact solution of the cubic sub-problem
for theoretical analysis. Recently, inexact solutions to the sub-problem is also proposed in the centralized (non-distributed)
framework. For instance, (Kohler & Lucchi, 2017) analyzes the cubic model with sub-sampled Hessian with approximate
model minimization technique developed in (Cartis et al., 2011a). Moreover, (Tripuraneni et al., 2018) shows improved
analysis with gradient based minimization which is a variant studied in (Carmon & Duchi, 2016). Both exact and inexact
solutions to the sub-problem yields similar theoretical guarantees.

In our framework, each local machine is tasked with solving the sub-problem. For the purpose of theoretical convergence
analysis, we consider that local machines obtain the exact solution in each round. However, in experiments (Section 4),
we apply the gradient based solver of (Tripuraneni et al., 2018) to solve the sub-problem. Here, we let each local machines
run the gradient based solver for 10 iterations and send the update to the center machine in each iteration.

D. Detailed Experimental results

We now validate on benchmark LIBSVM ((Chang & Lin, 2011)) data-set in both convex and non-convex problems. We
choose the following loss functions:

* Logistic loss:ming, cga = >, log(14exp(—y;x! w)) + ﬁ w2,

. . . 1 (yi—wTx;)?
* Non-convex robust linear regression: min, cga ;> log(~*—5—"~

+1),

where w € R is the parameter, {x;}"_, € R? are the feature vectors and {y; }}_, € {0,1} are the corresponding labels. We
choose ‘a9a’(d =123,n ~ 32K, and split the data into 70/30 and use as training/testing purpose) and ‘w8a’(training data
d=300,n~50K and testing data d=300,n~ 15K ) classification datasets and partition the data in 20 machines.

We demonstrate FED-CURE in the presence of Byzantine machines and compressed update. For com-
pression, each worker applies compression operator of QSGD (Alistarh et al., 2017). For a given vector
x € R [Q(x)]; = ||x]|2sign(x;) x Ber(|x;|/||z||2) for all i € [d]. We consider the following four Byzantine at-
tacks: 1. ‘Gaussian Noise attack’: where the Byzantine worker machines add Gaussian noise to the update. 2. ‘Random
label attack’: where the Byzantine worker machines train and learn based on random labels instead of the proper labels. 3.
‘Flipped label attack’: where (for Binary classification) the Byzantine worker machines flip the labels of the data and learn
based on wrong labels. 4. ‘Negative update attack’: where the Byzantine workers computes the update s (here solves the
sub-problem in Eq. (1)) and communicates —cxs with ¢ € (0,1) making the direction of the update opposite of the actual one.

Comparison with ByzantinePGD We compare our uncompressed version of FED—-CURE (¢ = 1) with ByzantinePGD
of (Yinetal., 2019) here. We take the fotal number of iterations as a comparison metric. One outer iteration of Algorithm 1
corresponds to one round of communication between the center and the worker machines (and hence one parameter update).
Note that in our algorithm the worker machines use 10 steps of gradient solver (see (Tripuraneni et al., 2018)) for the local sub

9
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problem per iteration. So, the fotal number of iterations is given by 10 times the number of outer iterations. For both the algo-
rithms, we choose ¢2 norm of the gradient as a stopping criteria. For ByzantinePGD, we choose R=10,r=>5,Q =10,13;, =10
and ‘co-ordinate wise Trimmed mean. In the Figure 1 (b-d), we plot the total number of iterations in all four types of attacks
with different fraction of Byzantine machines. It is evident from the plot that our method requires less number of over all
iterations (at least 48.4%, 29% and 25% less for 10%, 15% and 20% of Byzantine machines respectively).

Although FED-CURE uses Hessian (second order) information, the sub-problem actually uses gradient based first order
algorithm, and hence we compare the total iteration complexity mentioned above. To the best of our knowledge, there is no
saddle point avoidance second order algorithm in FL framework, and so we adhere to the comparison with first order methods.
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Figure 3. Non convex robust linear regression with ‘a9a’ (a,b,c,d) and ‘w8a’ (e,f,g,h) with 10%,15%,20% Byzantine worker machines
for (a,e). Flipped label attack.(b,f). Negative Update attack. (c,g) Gaussian attack. (d,h) Random attack.

Comparison with standard FL algorithms We have implemented and compared the performance of standard FL algorithm
like FedGLOMO (Das et al., 2020) (Federated Learning via Global and Local Momentum) and FedAvg (McMahan et al.,
2017) with FED—-CURE. The results are shown in Figure 2(a,b). Our method outperforms these standard baselines since they
can tolerate Byzantine attacks (Gaussian attack in the experiment).

Training loss for compressed update In Figure 3, we plot the function value of the robust linear regression problem for
"flipped labels*, "negative update‘, ’Gaussian‘ and ’'Random label* attacks with compressed update for both ‘w8a’ and ‘a9a’
datasets. We choose the parameters A=1,M =10, learning rate n, =1, « ={.1,.15,.2} and S =+ %, where number of
worker machines m = 20. In Figure 2(d), we plot the gradient norm (||g||) for Gaussian attack with 10%,15% and 20% of
machines being Byzantine.

Classification accuracy We show the classification accuracy on testing data of ‘a9a’ and ‘w8a’ dataset for logistic
regression problem in Figure 4 and training function loss of ‘a9a’ and ‘w8a’ dataset for robust linear regression problem

in the Figure 4. It is evident from the plots that a simple norm based thresholding makes the learning algorithm robust.

Training loss for uncompressed update In Figure 5, we plot the function value of the robust linear regression with the
similar attacks for the uncompressed update (§ = 1) for both ‘w8a’ and ‘a9a’ dataset.
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E. Proofs of main results

In this part, we establish some useful facts and lemmas. Next, we provide analysis of Theorems 3.5.

E.1. Some useful facts

For the purpose of analysis we use the following sets of inequalities.
Fact 1. For aq,...,a,, we have the following inequality

n n 3 n

| (Za> I° < (ZIIM) <n® llai® )
i=1 i=1 i=1
n n 2 n

| (Za> [ (leai) <ny Jaill? 3)
i=1 i=1 i=1

1 n 1/r 1 n 1/s
L e B I 4

Lemma E.1 ((Nesterov & Polyak, 2006)). Under Assumption 3.2, i.e., the Hessian of the function is Lo-Lipschitz continuous,
forany x,y € RY, we have

Fact?2. Foray,...,a, >0andr<s

IV.f(x) =V f(y)=V*f(x)(y - >y —x|? (5)

F)—fx)-ViE) (y—x)— IIy x||? (6)

Next, we establish the following Lemma that provides some nice properties of the cubic sub-problem.
LemmaE.2. Let M >0,y>0,gc R He R4, and

2

s=argming x—|—2XTHX+ 5 (B3RS (7
The following holds
g+oHs+ 22 jgjs=0, ®
H+@||s\|1¢o, ©)
g's+g STHS< 47 lIs[l®. (10)

Proof. The equations (8) and (9) are from the first and second order optimal condition. We proof (10), by using the
conditions of (8) and (9).

M T
gTs+gVSTHs=—(7HS+272S||S> S+%WSTHS an

M
=—ys"Hs——-7"s I+ 57s' Hs

M M
<Vl = A2 lsl (12)

M .
~ ISl

In (11), we substitute the expression g from the equation (8). In (12), we use the fact that s” Hs + % lIs||? > 0 from the
equation (9). O
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E.2. Proof of Theorem 3.5

First we state the results of Lemma E.2 for each worker machine in iteration &,

M
gi,k‘f"VHi,ksi,kJrl+?'y2”5i,k+1”5i,k+l =0 (13)
M
’YHuk‘*‘?VQHSi,IcHHIEO (14)
M )
gz:ksi,k—&-l+%ngk+1Hi,kSi,k+l < *Z’YzHSi,kH 3 (15)

We also use the following fact form the setup and trimming set
U|=UNM|+[UNB| (16)
IM|=UNM|+|T M| (17)
Combining both the equations (16) and (17), we have

|U|=|M|—|TOM|+|UNB| (18)

Now we state the following fact from the trimming set. as mentioned in the Algorithm 1, the norm of the update from any
worker machines from the set I/ is less than the norm of the update from any worker machines in the set 7. Now as 5> «,
at least one good machine (the largest norm) is in the set 7. So, we can claim the following,

ForallieUNB, ||s;|| <max||s;|
ieM

Summing over all the Byzantine machines in the untrimmed set which is L/ N3, we get

> [l ammax].|
ieUnB

as [UNB|<am. Also,
PR BEDBN|
iEMNT ieM
Combining the above two equations, we get
YRR ||-||SZH~||+OémgI€1%<II-II (19)
i€uUnB iEMNT ieM

For the rest of the calculation, we use the following notation

= il 20
ax [|si| (20)

If the optimization sub-problem domain is bounded, I can be upper-bounded by the diameter of the parameter space. Note
that in the definition of I, the maximum is taken over good machines only.

Characterization of I':  For any good worker machine 7 € M, we have the following
. M
o401 =argming] s+ 2 s"Hy s+ 5]

for some M >0 and y= 7. Next, we consider u; ;1 ="8; 1 and we get the following expression

1

M
Jul H sl

. T
U; k41 = argming; ,u-+
g,
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Following the similar results of the E.2, we have the following result from the second order condition,

1
g7. kWi, k+1 +3

M
3 uly H g g < - i gg ||

Therefore,

M, s
7 ikl
1
<llgi kel g1l + 5 IH e [l e ||
1
=llgi k= VI (Sikt1) FVI(Sirr1) Wikl +5 ||Hi k= V2 f(Si k1) + V2 F(8i g 1) [0 g1 |

S(lgir =V Sirr DI HIV I (Sikr) Wi ks1ll+5 (IIsz V2 (i) IV F (8104 1) D 01

<(egtL) i1l + (err+La) g s ||

In the above expression, we have €y, ey are gradient and Hessian dissimilarity respectively and ||V f(s; p+1]] <
L,||V2f(si k+1]| < L1 which are constants. This shows that ||u; 1] to be bounded and hence max;e aq || x+1]| to be
bounded. Fory= %, we have

ISi 1]l = [wi g+1/7]|=O0(T)
=I'=0(T) 21

From the definition of the §-approximate compressor in Definition 1.1, we use the following simple fact

QG < (1+V1=0)llx]| (22)

At any iteration k, we have (with Taylor’s expansion)

f(%ky1) = f(xx)

1 L
<V ()" (g1 —x1) + 5 (Xi1 —x%)" V2 f(xp) (Xk41 —Xk)+§2 x5 1 — x>

T
|Z/{|vf Xr) TZQ (Sike+1)+ 2\M|2 (ZQ Sik+1 ) V2 f(xx) (ZQ(Si,k+1)>

=2

Terml Term?2

3
|Z/{‘ ZQ Sz k+1

Term3

(23)

In 23, we use the update of the parameter in the center machine x4+ — X = |7277k| Zieb{ Q(s;,k+1), as expressed in the
Algorithm 1.
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First we choose the Term 1 in (23) and expand it using (18)

LV f(xk) )" Q(siki1)

‘U| icU

:(1_77;) [ZQ S; k+1 Z Q Sz k+1 Z Q(si,k+1)]
ieM iEMNT ieunB
:(1_77% Z [ggksikﬂ +Vf(xk)TQ(Si,k+1)—ngSi,kH]
ieEM
Terml.1
+(1_77WVf(Xk)T [_ Z Q(Si,k+1)+ Z Q(si,k+1)‘| (24)
iEMNT i€eUNB
Terml.2

First we consider Term 1.1 in (24) ( notice that the sum is over only good machines),

(1 jg)m Z (&1 ki 1+ YV (xk) T QS0 041) — 87 S0 k1]

ieM

¢ nk Zgi]:ksi,k+l+7nk Z [V F(xk) T Q(Si k1) =V (x0) ' Si kg1 + V(%) T Si 1 — &) Si ks

- m, 1—B)m ieM
Zgz ] Si k1 = ﬂ) S V)T (Q(Sikr1) =i k1) + (VF (%k) —8ik) " Sikr1]
16/\/1 ieM
k Mk

Smi;;gi,ksukﬂ+mi§/twvf(xk)H 1Q(ss k+1) —Sik+1 | IV f(xk) =i k|l |ISi k+1]l]

S(l_ng),rnzgg:k&,k-i-l‘F(l_n;)TniZ {Lmnsi,kﬁ-lH""_GgHSi,k—&-lH} (25)
i S hsuen 5 (VTS0 26)

In (25), we use the following facts: 1. ||V f(xy)|| < L as the function f is L- Lipschitz. 2. ||Q(Si k+1) — Sik+1ll <
(xk) —&i,k || < €4 (gradient dissimilarity). In (26), we use the bound

stated in (20).

Next we consider Term1.2 in (24),

J%Vf(xk)jw — Z Q(Si,k+1)+ Z Q(Si,k+1)‘|

iEMNT ieuUns
S| 3 IVelIQs )+ 3 llVf(Xw“"Q(Si»k“)'}
LiemMnT ieUnB
< S Qs+ Y QG >||] @n
(1=B)m _ie%;T o ie;]B .
Nk L
< _;%umsi,m+i€z[;%n@<si,k+l>||] @
L [
S e _ﬁm%«nc)(si,m)|+am?€1%<||c2<si,k+l>} @
SW(HM) {%%IISMHI)] .
<W(1+m>r v
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We use the fact |V f(xx)|| < L in (27), ,the fact stated in (19), in (28). We use the definition of d-compressor in (30) and
the bound of update as described in (20) in (31).

We apply the bound derived for Term1.1 in (26) and for Term1.2 in (31) in the bound for Term1 in (24) and derive the following,

Terml
al
Zgl i1+ )(L\/ S+e )F+(n’“ 6)(1+\/ or
Mk Mk T.r
| A T s H; k& I = P
L
b (LVT=+e) T+ 22 (144/T—5)D
(1-5) (1-5)
v* My, Mk
<L =Tk S H
> 4(1 6)m2||szk+lH (1 6) 2 1k+1 i, kSi, k41
1—
+M(L\/l—5+69)F+M(1+\/1—6)F (32)
(1-8) (1-8)
Inline (32), we use the bound stated in (15).
Now we consider the Term 3 in equation (23),
3
UiZQ(Si,k-&-l)
b=
L277k
i 33
< 6\U| %{HQ Sikt1) (33)
L
_GTZZT Y olQEiar)IP= D 1Qsiss)IP+ Y 1Q(sins) ||] (34)
ieEM 1EMNT ieUNB
L
< Lot ZHQ sier) P+ D 1QGiken)? (35)
6‘u| ieUNB
L
< Lot > 1Qsies0) 1P +ammaxl|Q(siin) | (36)
6(1 ﬂ) ieM
Lonj, 3 3 3 3
<_ 221k _ ) _ )
S fm %:A(Hm 8)3|si pga +am5ré%((l+\/1 8)3|si g (37)
L
< B (1 T S s P+ amr? (38)
6(1—p8)m 5

In (33), we use the fact stated in (2). Nextin (34), we expand the trimmed set I{ using (18) and in (36), we use the bound
of (19). Finally, in (37), we use the definition of the J-compressor and the bound stated in (20) in (38).
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Now we consider the Term 2 in (23)

T
2|U|2 (ZQ Si k+1 ) VQf(xk) (ZQ(Si,k-l—l))

iceU €U

o Qse) V() Q)

(1 €U
Term?2.1
+72 3 Qsisn) TV () Q(s5001)
2(1 ) i#£jEU
Term?2.2
Now we consider Term?2.1 in (39) and expand it using (18)
D Qsint1)"V f(xk)Q(si k1)
=
= Sik+1 Xk Sik+1)— Sik+1 Xk Sik+1 Sik+1 Xk Sik+1
Q( VIV f(x1)Q( ) Q( )E V2 f(x1)Q( )+ Q( ) IV f(x1)Q( )
iEM iEMNT ieBNU
Term2.1.1 Term2.1.2
We consider Term?2.1.1
D Qsins1) V2 F(xk)Q (1541
iEM
=> shaHigsigi— Y st Higsik i+ Y Qsint1) V2 (x1)Q(sik41)
ieM ieM ieM
=3 st Higsiki1— > st (Hi— V2 f(x0)sinr1— D8l V2F(Xk)Siks1+
ieM ieM ieM
+> Qsikr) "V (xR)Qsi k1) = D SLit VA (xk)Qsiki)+ Y Qsini1) V2 F(xk)si k41
ieM ieM ieM
= Z S;’F,k+1Hi,kSi,k+1 - Z Sg:kJrl(Hi,k = V2 f(x1)Si 41— Z (Q(sikr1)—Sikr1) V2 F(xk)Siks1+
iEM ieM ieM
+ 3 Qi) VAL (x1)(Q(Sik41) =S +1)
ieM
< st Hagsipr+ O (Vo) =Ha)lsipral*+2 > IV o) lllsina [11Q(Si k1) —Siskra|
ieM ieM iEM
<Y s Higsik i+ Y enllsirnl*+2D LivI=dllsi x|
iEeM ieM ieM
<Y st Higsikri+ Y (en+2LiV1=0)si k1 |)?
ieM ieM
< Z SzijrlHi,kSi,kJrl +(1—a)m(eg+2L1vV1-6)T?
ieM

In 40, we use the Hessian dissimilarity bound of ||(V?2 f(x;) — H; )| < g and the Hessian bound of ||(V? f (xx)|| < L1.

And in 41, we apply the definition of the §-compressor.
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Next, we consider the Term2.1.2,

Z Q(si k1) V2 f(xk)Q(1.k41)

i€EMNT

< Y LillQsike)|P+

iEMNT

< Li(1+vV1=6)?|s; 2 Li(1+v1=0)2|ls; 2
_nglea%c 1(1+ ) lIsi kvl +ngg§ 1(1+ ) lIsi gl

i€B

ieBNU

> LillQsips)]?

eBNU

i€B

<BmLi(14+V1-0)*T? +amL; (1+v1-6)*T?
=(a+p)mL(1+vV1-6)°T?

Combining (42) and (45), we bound the Term2.1,

Term2.

<Y sl Higsine +(1-a)m(en +2L1V1-5)I*

ieM

Now we consider the Term 2.2 in equation (39)

1

> Qsikt1) V2 F(x1)Q(s5.k41)

itjeU

< Li(14+V1=6)?|Isi gt 1l ISl

i#jeU

=Li(1+

<Li(1+

2 llzsz kel = lIsipell ]
iceU

€U

VITH)?

€U

U llsinanll? = llsinll ]
€U’

+ D Qsier1) VA (xk)Q(Sik41)

+(a+B)ymLy (1+vV1-6)*1?

=Li(1+V1-0)*((1-B)m— 1)[Z|Si,k+1||2— ST lsiwsalP+ D lsiwgall?

<L(1+

V1=6)%( B)m—

ieEM 1iEMNT

) [Dsz .y ]

ieU

=L (14+V1-0)*((1—B)m—1)(1—B)mI*?

ieBNU

In (47), we apply the definition of § compressor. We use the expansion described in (18) in (48).

Now combining the results in (50) and (39) we get,

> sl Hisi g1+ (1—a)m(e +2L1VI=8)I?+ (a+B)mLy (1+V1-6)°T?

ieM

Ly(14V1-6)*((1-

Bym—1)(1—B)mI?
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Now we combine all the upper bound of the Term 1, Term 2 and Term 3
S (&Krt1) = f(xn)

2
=My, 3 Mk YT
< Sik+1l|"— 77— > =Sipr1HikSik+1
4(1—5)7712” + || (1—3)771 EZAA2 Jk+1+44, +

nk(l «) n(a+p)L
Ty VI T (L VIOT

+”7’€{(1 o) (e +Li+La(1+VI=8)) + (a-+8) Ly (14+V1=0)?| I

2(1—6) m
Li(1+V1-0)*T?+ Lo (1+v1— Z||slk+1|| +amF3]
iEM

6(1—pB)m

_( _ '72M77k Lg’r]k, B i - - |
_( (14 vT) )lg%uszkﬂu s (7 G ot s

+(7M(LM+69) ”’“(‘Hﬂ)(uﬁ)) Bl (14 V=5 ar?

(1-8) (1-8) 6(1-25)
2
*72(1—%% ((1=a)(en+2LvVT=0)+(a+ B La(1+VI=0)2) + Ly (14+V1=3)*((1 = B)m—1) (1 - B)m T

Also we assume that v > b 6) and use the fact —s; 1 H; 18; 41 < V l|si,k-+1]>. We also choose that

)\FZ(nk(l_a)(L\/l—é—i—eg) L m@EBL L )) Lale 1 /T=gpars

(1-5) (1-5) 6(1-p)
+2(1L7W((1—a)(6H+2L1\/1—6)+(a+6)L1(1+\/1—5) )+Li(1+vV1=6)*(1—-B)m—1)(1— 5)m)r2
C}))

Using the fact step-size 1, =
O(%>) Now we have,

J(Xkr1) = f(xx) (52)

v* My Long =3) 3, Mk My, |3
<<_4(1—B)m+6(1—ﬁ) 1+ l;;'slk“” 2(1— )m(w_(l—ﬁ)m>i§42lsz’kﬂ|| o

Mn? L
:<_4(17—ﬁ7)7§m2+6(1j%k) (1+v1-9) )Zna k[P A

for some v > 3 and the bound of I" as described in (21), we have Ar to be upper bounded by

m”T

ieEM
:_)\compW Z ”nksz k+1 H +)\F (53)
where
_ ’}/M _ L2 53 .
Acomp_[4(1_ﬁ)2nkm2 6(1—6)7’71(1—’_ 1 5) ](1 a)m

To ensure Azomp >0, we need

M>ng(1+x/1—5)3 (54)

(m(1—B)(1++I=0)%). Thus

Now for the choice of 7, = ﬁ and 7
we have A¢omp=0(1) and Ap = C’)(

1
m Z ansz k+1|| =

i€EM

). Now we have

[f (xk) = f(Xp41)+Ar]

)\comp
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At any iteration k, we have

l[%k41— %8 = || Q(5k+1)||3

ZH%O (sige+1)?

ZEM
(1+V - 3
SiZHﬂkSi,kHH
(1=Fm i
(1+\/ , ,
Z:||77k5m+1||3 Do lmsirral®+ Y Imksinsal®
ieEM iEMNT i€UNB
(1+vI- [
<o | Y i [P ammiT?
(1_ﬁ)m ieM

Now we consider the step ko, where ko =argming<p<r—1||Xg+1 — X |-

OgilgTHXkH—XkH

(141 [

< 313
_Og}clgT (1—ﬁ)m Z”Wksz k+1|| +amnkf‘|

ieM

1= 1 VIZ0)? 3(1-a) 1 , 3, @ 33

Tkzo( + ) (1 ﬂ) (1*01)”11.;4“%51’]9“” +Enko

LN- g g7 1m0 [ S = fGa) | A mi T
S?k20(1+ ) (1 B) l )\comp +)\comp+ 1-a )\comp

1 s(1—a) | f(xo)—f~ Ar a Mg,

< pOHVId) 1=B) | Acoms ,;J mmﬁzl axmmp]

§(1+\/175)3(1:0‘)

T)\comp )\comp l—a )\comp

f(Xo)—f*+ Ar L %)FS]

3

- are upper bounded by O(-1;) and higher order of O(-1;).

comp

With the choice of 7,y we have the terms /\ and i Z

We have

f0)=f" M« nkor?’l

T)\comp )\comp 1-a >\comp

1 (I-a)

1
ém lz ||77kosi,k0+1|3+04m77201—‘3‘| <
ieM

fxo)=f* A« n3F3]

T/\comp )\comp -« /\comp

1 3 f(XO) _f* wcomp
= E i < = C
(ka)mieM”"’“Os ot 7= { T Xcomp T T
_ f(xo)—f" .
where Y comp = =5, where Cr is O(1/m).
So, we have the term .oy, is of the order O(1).
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The gradient condition is (using (13))

IV f(xk41) |
V 7 Hz 7, 7 2,
H f(Xpg1)— |/\/l\ Zg kK |M|Z§47 k180 k41— |M|z§4 |S d1lSi k4
||V f (K1) =V (x0) = V2 f (%) (@01 — 1) ||+ |M| > (gin- Vf(Xk))H
iEM
+ (V2 f (%) (Th1 — k) = |M| > Higsiki |/\/l| Z ||Sz kot 1][8i k41
ieM ieM
< Lani ZQ Sik+1)|| Te€ +M7 ZH i |+ ZV2 Xk )Q(8i+1) >_Hissinri
T2 | U T2 M | \M|
€U €U ieM
(55)
Now consider the term in (55)
V2 Xk Q(Szk 1 H, ESi k41
M; - |M\Z€ZM *
< |L{| ZV2 X)) Q(Si k1) — Z V2 f(x1)Q(8i k1) + Z V2 (x1)Q(8i k41) |M|Zszszk+1
ieM iIEMNT ieBNU iEM
Nk
< |U|ZV2 x)Q(Sik+1) — |M|ZH1kSzk+1 Tl > IV F0)Q(si k1)l
ieM ieM iEMNT
|u| Z ||v2 Xk Sl k+1)H
eBNU
|L{| ZVZ Xk Q(Sz k+1) |M| ZVZ X Q(Sz kt1)
ieEM ieEM
V2 f(x1)Q(Si k41) V2 f(%k)Si k41
a2 3 '
VQ Szk 1— Hlkslk 1|+ 1+v1 Ll Si k+1 +amI’
|M‘2§Vl + |M|l§/1 + (1 /B) ( ,L;AH + || ]
Mk Y
<( - )L1(1+ Isik+1ll+=—=— =6y Isiptall
T e ;M Al EM '
) ZHSZ k+1\|+ ) (I+V1=6)Ly ZHSZ k1| +aml]
ieM
< Mk 1 vVI=8)(2 7L1
“\0=pm Ly(1+ 6)(2+am)— Z”Sz k+1H+ ZHSzk-H“
11—«
((=gemavis )(LleH) Z|\nksm+1||+( oS aVIor

Next we consider the term
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)
L‘;”k W%Q Siki1)
. ”k§||s7k+1
Ik L;Mnsi,kﬂnui 3 Il
—L2(12(+1@)2”'3i;||si,k+1|2+L2O‘<1zg’ kg2
So finally we have
IV f (xpe1) |
§L2(12zrlm2”’%i§4|si,k+1||2+eg+2(lj\{12)mieZM|Si,k+1||2
+<8:Z§2L1(1+M)_;(L1_6H)><1—1oz>m,§4”msi’k“|
+L2a(12—é—1§)277ir2+(;7’“0;)(14_\/7)
Now we choose > =2 2Ly (1+VT=8) 2%
IV (k)
T
Lga(124(—1\i?)27713 2y (fioé) (1+VI=0)T+¢,
23
o[ty H(l_;)mi;||nksi,k+l||3
. Lw(lJf?V”ﬁ P A 1V,
At step k=ky,
IV f(xko+1)l
[HE ) B T
S{Lz(lgziljﬁ\)ﬁ Kw mp> e,
[LQ(l_Zﬁl_Z}/m) ;Wﬂc/uha“zg Pk gz K9 (1T
< S teatXo
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where x1 = [L2(1_g()£1_+6)¢m)2 2n? }(%mp) /3. Andas Cr = O(55;), we have xg = O(—52s—=) + O(:%). Asv >3,
X is always decreasing with m.
The Hessian bound is
min(sz(ka))
_(1 Oé Z)\mlnvf(xk—i-l)}
— . o o 2
_mz )\mln [Hz,k (Hz7k \Y% f(Xk+1))]
ieEM
1 2
*mz [anin (FLi i) — | HL i — V2 £ (xi11) ]
ieM
Z)\mm zk Z ||H1 kfv f(xk+1)||
1 M~ 1
> e Y = sl g Y [Hi= V2 F ()|
<1—a>mieZM 2 <1—a>miEZM
1 9 9
~ agm 2 VA£G = V2 o)
iceM
1 M~ 1
> - N7 , e N 3
—(1fa)m_2 T [mkSi k1]l —€m (1—a)mz 2[1%k —Xp g1 |
ieM ieM
My[ 1 172
il 3
>—— . L e o
= 2 _(1_ Z||"7ksz,k+1”_ ol | Xk —Xpr1]| —€m
My[ 1 1% Ta+vizs)
g 3 1=
> ; P B ) : _
= o _(1—04)mi€ZM”nks ’k“”_ 1T (1=B)m ;llnks 7k+1|] €
r 41/3
My 1 3 (H‘\/;
25— i —L ; ; .
= 2y _(1_a)mi§AIInks g1l | 2= (-3 Zans k+1||+7€;u||nks | =
r 11/3
M~ 1 5 (1+VI=d)(1—a) 1
= o S - Si —e
= 277k _(17Q)mZ€ZAA||T/k ,k?+1|| ] 2 (].*ﬂ) (1*a)mZ§A”nk JC«I»]_H H
(1+V1=-8)a
Lamy (57
At k=ky we have
Amin(v2f(xk0+1)) (58)
MY [Yeomp o 17° - AHVI=0)(1=0) [Yeomp , - |7 (1+vI=8)a
L e A VI=0)a
B 2771«[ T +CF] T a-p 7 TOr| el
M 1+v1= 1 M 1+v/1=0)(1—
> {umum) }iﬁip( ) _€H_<VC%/S+L2(+M)< a)cé/3>
20k (1-8) 2nk (1-73)
(1+vV1-0)
a-p "
a7~ (59)

WhereXQ_[g/’['ZJrL % comp - And , we have 1 = O — )+ O(:5). Asv >3, we xg to be strictly

decreasing with m.
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Finally, we restate the Theorem 3.5,

Theorem 3.5 (Convergence of FED-CURE). Suppose 0 < a << % Furthermore, we choose the problem parameters,

M =0(m(1-B)(14+Vv1=9)3), and n=~ = =5 for some constant ¢ >0,v > 3. Then, after T iterations of FED~CURE
(Algorithm 1), the sequence {x;}~_, generated contains a point & such that

||Vf(§;)||_T2/3+eg+XG, )\min(VQf(fg))Z—%—eH—XH, where,

[Lo(1—a)(1+v1=6)?  M~?
X1= I 2(1—ﬁ) + 27]]2@ ](wcomp)2/3
=[5, VO e
C[La(1—a)(14+v1-6)? 2/3 , Loa(1+V1-0)%n7
o= [P G b P s T
(M~ (1+v1-0)(1—-a) / (1+vV1-0)x
XH—(2n+L2 ) )013+L ) — Ll
Tllcomp:f()\O)_f*a”dCF: Ar
’VM L2

(1+vV1=08)*](1—a)m

/\comp: [4(1_ﬁ)nkm2 - 6(1—ﬁ)m
Ar— (Uk(loz) (Lm+€g)+nk( B)L (1+\/7)> Lon; (14+V1-0)3al®

(1-5) (1-5) 6(1-p)
2
Jrig(l_ng)zm((1*O‘)(€H+2L1\/1*5)+(a+ﬂ)L1(1+\/1*5) VL (1+V1=68)3((1—-B)ym—1)(1— 5)m>F2.
For the choice of = =% and v = (m(1—B)(1+v1-6)?), we have Ar = O(-1) and Acomyp to be O(1).

E.3. Proof of Corollary 3.6

In this Corollary statement we consider centralized (m =1), uncompressed (J = 1) and non-Byzantine setup (o= =0). With
these parameters, we have the value of Ar from equation (51) to be 0. Consequently, we have Cr =0. With y=1, we have

M L

)\com
P 4771@ 6

So in order for Acomp > 0, for constant step-size (1, = 1), we need M > % With Cr =0, =0, we have xyg = xg =0.

Moreover we have x1 = [ Z2EM] (¢ comp)?/® and x2 = [ 22 (1heom, ) 1/3. Asitis a centralized setup, there are no gradient
and Hessian dissimilarities €; = ey =0. So we have

1 . 2M+L 1
:| (wcomp)Q/g T2/3 ’ )\min (V2f(l')) >— |:22:| (wcomp)1/3 T1/3 5

Ivr@s |2

where M > % Thus, the convergence rate of FED—-CURE reduces to that of (Nesterov & Polyak, 2006).
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