Don’t Compress Gradients in Random Reshuffling:
Compress Gradient Differences

Abdurakhmon Sadiev' 2% Grigory Malinovsky', Eduard Gorbunov!-234}

Igor Sokolov!, Ahmed Khaled®, Konstantin Burlachenko!, Peter Richtarik!

'King Abdullah University of Science and Technology, Saudi Arabia
2Moscow Institute of Physics and Technology, Russian Federation
3Mohamed bin Zayed University of Artificial Intelligence, UAE
4Mila, Université de Montréal, Canada
5Princeton University, USA

Abstract

Gradient compression is a popular technique for improving communication com-
plexity of stochastic first-order methods in distributed training of machine learning
models. However, the existing works consider only with-replacement sampling of
stochastic gradients. In contrast, it is well-known in practice and recently confirmed
in theory that stochastic methods based on without-replacement sampling, e.g.,
Random Reshuffling (RR) method, perform better than ones that sample the gradi-
ents with-replacement. In this work, we close this gap in the literature and provide
the first analysis of methods with gradient compression and without-replacement
sampling. We first develop a distributed variant of random reshuffling with gradient
compression (Q-RR), and show how to reduce the variance coming from gradient
quantization through the use of control iterates. Next, to have a better fit to Feder-
ated Learning applications, we incorporate local computation and propose a variant
of Q-RR called Q-NASTYA. Q-NASTYA uses local gradient steps and different local
and global stepsizes. Next, we show how to reduce compression variance in this
setting as well. Finally, we prove the convergence results for the proposed methods
and outline several settings in which they improve upon existing algorithms.

1 Introduction

Distributed learning plays a crucial role in the training of modern Deep Learning (DL) models since
distributed approaches are able to significantly reduce training time [Goyal et al., 2017, You et al.,
2019]. Moreover, distributed methods are mandatory for such applications as Federated learning
(FL) [Konecny et al., 2016, McMabhan et al., 2017], where multiple nodes connected over a network
collaborate on a learning task. Each node possesses its own dataset and cannot share this data with
other nodes or a central server. As a result, algorithms for federated learning often rely on local
computation and lack access to the entire dataset of training examples. Federated learning finds
applications in diverse fields, including language modeling for mobile keyboards [Liu et al., 2021],
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healthcare [Antunes et al., 2022], and wireless communications [Yang et al., 2022]. Its applications
extend to various other domains [Kairouz et al., 2019].

Distributed learning tasks are often solved through empirical-risk minimization (ERM), where the
m-th device contributes an empirical loss function f,,,(x) representing the average loss of model z
on its local dataset, and our goal is to then minimize the average loss over all the nodes:

| M
min | f(z) def i Z fm(@) |, (D
m=1

zeRd

where the function f represents the average loss. Every f,, is an average of sample loss functions f?,
each representing the loss of model = on the i-th datapoint on the m-th clients’ dataset: that is for
eachm € {1,2,..., M} we have

U
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For simplicity we shall assume that the datasets on all clients are of equal size: ny = ny = ... = nyy,
though this assumption is only for convenience and our results easily extend to the case when clients
have datasets of unequal sizes. Thus our optimization problem is

. 1 M n .
min | f(x) = > ;fm(x) : 2

m=11

Because d is often very large in practice, the dominant paradigm for solving (2) relies on first-order
(gradient) information. Federated learning algorithms have access to two key primitives: (a) local
computation, where for a given model = € R? we can compute stochastic gradients V f? () locally
on client m, and (b) communication, where the different clients can exchange their gradients or
models with a central server.

1.1 Communication compression

In practice, communication is more expensive than local computation [Kairouz et al., 2019], and as
such one of the chief concerns of algorithms for distributed learning is communication efficiency.
Algorithms for distributed/federated learning have thus focused on achieving communication effi-
ciency, with one common ingredient being the use of gradient compression, where each client sends
a compressed or quantized version of their update instead of the full update vector, potentially saving
communication bandwidth by sending fewer bits over the network. There are many operators that can
be used for compressing the update vectors: stochastic quantization [Alistarh et al., 2017], random
sparsification [Wangni et al., 2018, Stich et al., 2018], and others [Tang et al., 2020]. In this work we
consider compression operators satisfying the following assumption:

Assumption 1. A compression operator is an operator Q : R® — R® such that for some w > 0, the
relations

E[Q(x) =2 and E ||Q(x)—:z:H2}§w||zH2 hold for z € R?.

Unbiased compressors can reduce the number of bits clients communicate per round, but also increases
the variance of the stochastic gradients used slowing down overall convergence, see e.g. [Khirirat
et al., 2018, Theorem 5.2] and [Stich, 2020, Theorem 1]. By using control iterates, Mishchenko et al.
[2019b] developed DIANA—an algorithm that can reduce the variance due to gradient compression
with unbiased compression operators, and thus ensure fast convergence. DIANA has been extended
and analyzed in many settings [Horvéth et al., 2019, Stich, 2020, Safaryan et al., 2021] and forms an
important tool in our arsenal for using gradient compression.

1.2 Random Reshuffling

Despite the importance of addressing the communication bottleneck, local computations also signifi-
cantly affect the training. For simplicity, consider the 1-node scenario. In this case, the update rule
of the standard work-horse method in stochastic optimization — stochastic gradient descent (SGD)



Table 1: Summary of known and new complexity results for solving distributed finite-sum optimization problem (2). Column “Complexity"
indicates the number of communication rounds to find a solution with accuracy € > 0. Column “RR?" shows whether an algorithm uses
Random Reshuffling, “C?" indicates whether a method applies the compression of gradients or difference between the gradients and also whether
methods for communication, “H?" means independence from the constant of data heterogeneity in the complexity, “CVX?" indicates whether
each loss on the ¢-th datapoint on the m-th client is convex, but not strongly convex. Notation: £ = Lmax/u and K = Lmax/f are conditional
number of problem (2), where Ly,ax = Lipschitz constant, v and g are the strong convexity constants of f and f respectively; variances
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M 1n the case of SGD, RR we use X in “H?" to show that the complexity of these methods is provided in the non-distributed setup.
@ The following inequality is useful for the comparison of complexities: o2 < af.
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[Robbins and Monro, 1951] — can be written as follows: x4, = 2, — 7V I (z¢), where j is sampled
from {1, ...,n} uniformly at random. This procedure thus uses with-replacement sampling in order
to select the stochastic gradient used at each step from the dataset. However, in the training of DL
models, without-replacement sampling is used much more often: that is, at the beginning of each

epoch we choose a permutation 71, T, . .., T, of {1,2,...,n} and do the i-th update using the 7;-ith
gradient: 217! = 2! — vV ™ (21). Without-replacement sampling SGD, also known as Random

Reshuffling (RR) [Bottou, 2009], typically achieves better asymptotic convergence rates compared
to with-replacement SGD and can improve upon it in many settings as shown by recent theoretical
progress [Mishchenko et al., 2020, Ahn et al., 2020, Rajput et al., 2020, Safran and Shamir, 2021].
While with-replacement SGD achieves an error proportional to O (%) after T steps [Stich, 2019],

Random Reshuffling achieves an error of O (%) after T steps, faster than SGD when the number of
steps T is large.

1.3 Can Communication Compression and Random Reshuffling be Friends?

As we described earlier, Random Reshuffling and communication compression are two important
tools for training modern DL models, and both techniques are relatively well understood. However,
there are no papers that study Random Reshuffling and communication compression in combination.
This leads us to the natural question: how these techniques should be combined to improve the
convergence speed of existing distributed methods?

1.4 Contributions

In this paper, we aim to develop methods for Distributed and Federated Learning that combine
gradient compression and random reshuffling. While each of these techniques can aid in reducing the
communication complexity of distributed optimization, their combination is under-explored. Thus
our goal is to design methods that improve upon existing algorithms in convergence rates and in
practice. We summarize our contributions as follows.



¢ The issue: naive combination has no improvements. As a natural step towards our goal, we
propose and study a new algorithm, Q-RR (Algorithm 1), that combines random reshuffling with
gradient compression at every communication round. However, for Q-RR our theoretical results do
not show any improvement upon QSGD when the compression level is reasonable (see Table 1).
Moreover, we observe similar performance of Q-RR and QSGD in various numerical experiments.
Therefore, we conclude that this phenomenon is not an artifact of our analysis but rather an issue of
Q-RR: communication compression adds an additional noise that dominates the one coming from
the stochastic gradients sampling.

¢ The remedy: reduction of compression variance. To remove the additional variance added
by the compression and unleash the potential of Random Reshuffling in distributed learning
with compression, we propose DIANA-RR (Algorithm 2), a combination of Q-RR and the DIANA
algorithm. We derive the convergence rates of the new method and show that it improves upon the
convergence rates of Q-RR, QSGD, and DIANA (see Table 1). We point out that to achieve such
results we use n shift-vectors per worker in DIANA-RR unlike DIANA that uses only 1 shift-vector.

< Extensions to the local steps. Inspired by the NASTYA algorithm of Malinovsky et al. [2022], we
propose a variant of NASTYA, Q-NASTYA (Algorithm 3), that naively mixes quantization, local
steps with random reshuffling, and uses different local and server stepsizes. Although it improves
in per-round communication cost over NASTYA but, similar to Q-RR, we show that Q-NASTYA
suffers from added variance due to gradient quantization. To overcome this issue, we propose
another algorithm, DIANA-NASTYA (Algorithm 4), that adds DIANA-style variance reduction to
Q-NASTYA and removes the additional variance.

Finally, to illustrate our theoretical findings we conduct experiments on federated logistic regression
tasks and on distributed training of neural networks.

2 Algorithms and convergence theory

We will primarily consider the setting of strongly-convex and smooth optimization. We assume that
the average function f is strongly convex:

Assumption 2. Function f : R® — R is p-strongly convex, i.e., for all x,y € R,

F@) = £y) = (VE@).a = y) = Sl —y|*, 3
and functions fi, fi,... fi, : R — Rare convex foralli =1,...,n.

Examples of objectives satisfying Assumption 2 include ¢5-regularized linear and logistic regression.
Throughout the paper, we assume that f has the unique minimizer z, € R?. We also use the
assumption that each individual loss f;, is smooth, i.e. has Lipschitz-continuous first-order derivatives:

Assumption 3. Function f!, : R? — R is L; ,,-smooth for every i € [n] and m € [M], i.e., for all
z,y € R% and for allm € [M] and i € [n],

IV £ (@) = VLW < Limllz — yl|. 4

. def
We denote the maximal smoothness constant as Ly, = max; m L; m

For some methods, we shall additionally impose the assumption that each function is strongly convex:
Assumption 4. Each function fi : R? — R is [i-strongly convex.

The Bregman divergence associated with a convex function A is defined for all z,y € R? as
def
Dp(z,y) = h(z) = h(y) = (Vh(y),z —y).
Note that the inequality (3) defining strong convexity can be written as Df(z,y) > £z — y||2.
2.1 Algorithm Q-RR

The first method we introduce is Q-RR (Algorithm 1). Q-RR is a straightforward combination of
distributed random reshuffling and gradient quantization. This method can be seen as the stochastic
without-replacement analogue of the distributed quantized gradient method of Khirirat et al. [2018].



Algorithm 1 Q-RR: Distributed Random Reshuffling with Quantization

Input: x( — starting point, v > 0 — stepsize
1: fort=0,1,...,7 —1do
2:  Receive z; from the server and set x?,m =1
Sample random permutation of [n]: 7, = (72,,..., 7% 1)
for:=0,1,...,n—1do
for m = 1,..., M in parallel do _
Receive z} from the server, compute and send Q (V fm" (xi)) back
end for .
Compute and send z{ ™ = 2} —y L M 0 (V o (xff)) to the workers
9:  end for
10: Ti41 = ZL’?
11: end for
Output: zp

A A

We shall use the notion of shuffling radius defined by Mishchenko et al. [2021] for the analysis of
distributed methods with random reshuffling:

Definition 2.1. Define the iterate sequence x'+! = ¢ — I ng:l V fr (24). Then the shuffling

radius is the quantity
M
o2 2 max ! Z]ED (2t ay)
rad i 72M ] fr *9 Lk .

We provide clarifications regarding this term in Appendix C.1. To compare our subsequent results
with known ones, we introduce bounds on the shuffling radius. The following lemma demonstrates
that these bounds are independent of the stepsize -y, even though + is used in Definition 2.1.
Lemma 2.1 ([Mishchenko et al., 2020]). Let Assumptions 3, 4 hold. Then the shuffling radius o2,
satisfies the following inequlity

pn 2 Linaxn 5
?0*,71, < Orad < 4 *,M)

wherea def % 2 IV fi(z)|? and fi = ﬁ 2—1 S

We now state the main convergence theorem for Algorithm 1:
Theorem 2.1. Let Assumptions 1, 3, 4 hold and let the stepsize satisfy 0 < v < (% Then,

14242 ) Linax
for all T > 0 the iterates produced by Q-RR (Algorithm 1) satisfy

~ 7 22 om 2fyw
EH'IT - ‘T*‘|2 < (1 - lylu’) g on - .’L'*||2 d (C* *)7 (5)

where ¢2 ' L El IV o) 2, and 02 2 21§ znw (@) = V()12

m=1i=1

All proofs are relegated to the appendix. By choosing the stepsize  properly, we can obtain the
communication complexity (number of communication rounds) needed to find an e-approximate
solution as follows:

Corollary 1. Under the same conditions as Theorem 2.1 and for Algorithm 1, there exists a stepsize
~ > 0 such that the number of communication rounds nT' to find a solution with accuracy € > 0

(ie. Bz — || < ) is equal to O <(1 + A‘*/’I) fmax | w(]f/[i:?) + \;L> , where O(-) hides
constants and logarithmic factors.

The complexity of Quantized SGD (QSGD) is [Gorbunov et al, 2020]:
1) <(1 + ﬁ) L’;‘j‘" + (WCEHHM)JE)) . For simplicity, let us neglect the differences between

Mp2e



Algorithm 2 DIANA-RR

Input: 1z, — starting point, {h{ A
for learning the shifts

mie 1 ; — initial shift-vectors, v > 0 — stepsize, o > 0 — stepsize

1: fort=0,1,...,7 —1do

2:  Receive z; from the server and set x?,m =4

3:  Sample random permutation of [n]: 7, = (7),,...,7"%"1)

4: fori=0,1,...,n—1do

5: for m =1,2,..., M in parallel do ‘ ‘
6: Receive 7! from the server, compute and send Q (V fo () — h?’,’g) back
7 Set g7 = hip + Q (VAR () — i)

8: Set h;r_;"'lm = htj;;fl +aQ (mem (h ) — h?*;;l)

9: end for
10: Compute z; ™ = 2} — v Zm 1 gt m and send 21! to the workers
11:  end for
12: Ti+1 = l‘?
13: end for

Output:

i and p. First, when w = 0 we recover the complexity of FedRR [Mishchenko et al., 2021]
which is known to be better than the one of SGD as long as ¢ is sufficiently small as we have

nol,fs < o2y < nLot /4 from Lemma 2.1. Next, when M = 1 and w = 0 (single node, no
compression) our results recovers the rate of RR [Mishchenko et al., 2020].

However, it is more interesting to compare Q-RR and QSGD when M > 1 and w > 1, which is
typically the case. In these settings, Q-RR and QSGD have the same complexity since the O(1/¢)
term dominates the O(1//z) one if ¢ is sufficiently small. That is, the derived result for Q-RR has no
advantages over the known one for QSGD unless w is very small, which means that there is almost
no compression at all. We also observe this phenomenon in the experiments.

The main reason for that is the variance appearing due to compression. Indeed, even if the current
point is the solution of the problem (] = ), the update direction —y= >"M_ Q (V fom (xé))
has the compression variance

Eo

( (Vi (2.)) = VI (@)

m=1 m=1

2 2 M .
] < TSIV @I

This upper bound is tight and non-zero in general. Moreover, it is proportional to 42 that creates the
term proportional to v in (5) like in the convergence results for QSGD/SGD, while the RR-variance is
proportional to 2 in the same bound. Therefore, during the later stages of the convergence Q-RR
behaves similarly to QSGD when we decrease the stepsize.

2.2 Algorithm DIANA-RR

To reduce the additional variance caused by compression, we apply DIANA-style shift sequences
[Mishchenko et al., 2019b, Horvith et al., 2019]. Thus we obtain DIANA-RR (Algorithm 2), which
applies compression to the differences between the gradients and learnable shifts. Since the shifts are
updated using the past gradients information, one can see DIANA-RR as a method with compression
of gradient differences. We notice that unlike DIANA, DIANA-RR has n shift-vectors on each node.

Theorem 2.2. Let Assumptions 1, 3, 4 hold and suppose that the stepsizes satisfy v <

1 1 . .
min { g (H?;})Lax} s and oo < 7. Define the following Lyapunov function for every t > 0

d . 40.}’)/2 M n-—1
R e NVE SN = 1AL % (6)

m=1 j=0




Algorithm 3 Q-NASTYA

Input: z( — starting point, v > 0 — local stepsize, n > 0 — global stepsize
1: fort=0,1,..., 7 —1do

2:  for m € [M] in parallel do

3 Receive z; from the server and set x%m = T4
4: Sample random permutation of [n]: 7w, = (7
5: fori=0,1,...,n—1do
6

7

8

TOYL""’ ?nil)

Set a4 = i, — YV S (1)
end for
: Compute g; ,m = %n (z¢ — a7,,) and send Q;(gs,m) to the server
9: end for o

10:  Compute g; = ﬁ Y ome1 Q(gt,m)

11:  Compute x;11 = =+ — ng; and send x4 to the workers

12: end for

Output: x7

where A{H’m = hﬁ“l,m - Vf,#’ (x«) Then, for all T > 0 the iterates produced by DIANA-RR
(Algorithm 2) satisfy
—_n 27202
E[Ur] < (1-~7) T%+%

Corollary 2. Under the same conditions as Theorem 2.2 and for Algorithm 2, there exists stepsizes
v, a > 0 such that the number of communication rounds nT to find a solution with accuracy € > 0 is

5<n(1+w)+(1+gg)hﬁfv«+\;ﬂ).

ens

Unlike Q-RR/QSGD/DIANA, DIANA-RR does not have a O(1/=)-term, which makes it superior to
Q-RR/QSGD/DIANA for small enough . However, the complexity of DIANA-RR has an additive

O(n(1 4 w)) term arising due to learning the shifts {A} ,,, }me(nr],ic(n)- Nevertheless, this additional
term is not the dominating one when ¢ is small enough. Next, we elaborate a bit more on the

comparison between DIANA and DIANA-RR. That is, DIANA has O ( (1 + ) Luss + () )

Mp2e
complexity [Gorbunov et al., 2020]. Neglecting the differences between p and ji, we observe
a similar relation between DIANA-RR and DIANA as between RR and SGD: instead of the term
O((1+w)o?/(Mp2e)) appearing in the complexity of DIANA, DIANA-RR has O(w/\/zji#) term much
better depending on €. To the best of our knowledge, our result is the only known one establishing
the theoretical superiority of RR to regular SGD in the context of distributed learning with gradient
compression. Moreover, when w = 0 (no compression) we recover the rate of FedRR and when
additionally M = 1 (single worker) we recover the rate of RR.

2.3 Algorithms with Local Steps

In this subsection, we study a new variant of NASTYA, Q-NASTYA (Algorithm 3), that unifies
quantization, local steps with random reshuffling, and uses different local and server stepsizes.
Although it improves in per-round communication cost over NASTYA but, similar to Q-RR, we show
that Q-NASTYA suffers from added variance due to gradient quantization. To overcome this issue, we
propose another algorithm, DIANA-NASTYA (Algorithm 4), that adds DIANA-style variance reduction
to Q-NASTYA and removes the additional variance.

Theorem 2.3. Let Assumptions 1, 2, 3 hold. Let the stepsizes vy, n satisfy 0 < n < oL L

max (14357 )
0<y< 5nL1ma . Then, for all T > 0 the iterates produced by Q-NASTYA (Algorithm 3) satisfy
T 9 2 LmaX
E flor = o] < (1= ) oo =l 875 ¢ 4 5T (04 1) o 02).

Corollary 3. Under the same conditions as Theorem E.1 and for Algorithm 3, there exist stepsizes
~v = n/n and n > 0 such that the number of communication rounds T to find a solution with accuracy



Algorithm 4 DIANA-NASTYA

Input: x( — starting point, ~{iz()7m}f¥f:1 — initial shift-vectors, v > 0 — local stepsize, n > 0 — global
stepsize, o > 0 — stepsize for learning the shifts

1: fort=0,1,..., 7T —1do
2 form =1,..., M in parallel do
3 Receive x; from the server and set a:,?m =T
4: Sample random permutation of [n]: 7, = (70,,..., 7% 1)
5: fori=0,1,...,n—1do
6 Set ity = 2t = YV il (24,1,)
7 end for

8: Compute g; ,m, = Wln (z¢ —a},,) and send Q; (g¢,m — he,m) to the server
9: Set hit1,m = hem + @9t (Ge,m — him)
10: Set gt,m = ht,m + 9 (gt,m - ht,m)
11:  end for

12: ht+1 = ﬁ Zf\n/lzl h/t+1,m = ht + % 27]\5:1 Qt (gt,m - ht,m)
N M . M

13: gt = ﬁ EmzlAgt,m =h + ﬁ Yot 2t (Gtm — hem)

14: xt+1 =Tt — ngt

15: end for

Output: xp

€>01SO<""‘“‘<1+ )+ &

¢ Lmax  [¢2 1 92 ) | 0 h 0 such
o T2+ 5 ) Ify — 0, one can choose n > 0 suc

that the above complexity bound improves to o ( ~max (1 + ) + 17 5“3) .

We emphasize several differences with the known theoretical results. First, the FedCOM method
of Haddadpour et al. [2021] was analyzed in the homogeneous setting only, i.e., f,(z) = f(z)
for all m € [M], which is an unrealistic assumption for FL applications. In contrast, our result
holds in the fully heterogeneous case. Next, the analysis of FedPAQ of Reisizadeh et al. [2020]
uses a bounded variance assumption, which is also known to be restrictive. Nevertheless, let us
compare to their result. Reisizadeh et al. [2020] derive the following complexity for their method:

1) ( max (1 4 £) + %:—jg + ﬁzs) . This result is inferior to the one we show for Q-NASTYA:

when w is small, the main term in the complexity bound of FedPAQ is O (1/=), while for Q-NASTYA

the dominating term is of the order O (1/\/z) (when w and ¢ are sufficiently small) We also highlight
that FedCRR [Malinovsky and Richtérik, 2022] does not converge if w > M*vue/ @2, |I*), while
Q-NASTYA does for any w > 0. Finally, when w = 0 (no compression) we recover NASTYA as a
special case, and using y = 7/n, we recover the rate of FedRR [Mishchenko et al., 2021].

Theorem 2.4. Let Assumptions I, 2, 3 hold. Suppose the stepsizes vy, 1, o satisfy 0 < v < 5

»
Laxn

0 <n < min { 500 W} and o < 15— Define the following Lyapunov function:
def Swn
Vi1 = o — o] + Z 1 er1,m — B || 0
m=1

Then, for all T' > 0 the iterates produced by DIANA-NASTYA (Algorithm 4) satisfy

nL
E[¥r] < (1—%) xpo+§”: ((n+1)¢ +07). ®

Corollary 4. Under the same conditions as Theorem E.2 and for Algorithm 4, there exist stepsizes
v =n/n, n > 0, « > 0 such that the number of communication rounds T to find a solution with

accuracy € > 0 is O (w + Lmax + £/ E‘Za" \/ 2+ > If v = 0, one can choose n > 0

such that the above complexity bound improves to O (w + % (1 + H)) .
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Figure 2: Local methods

Figure 3: The comparison of the proposed methods (Q-NASTYA, DIANA-NASTYA, Q-RR, DIANA-RR),
DIANA-RR-1S (a modification of DIANA-RR), and existing baselines (QSGD, DIANA, FedCOM,
FedPAQ). All methods use tuned stepsizes and the Rand-k compressor.

In contrast to Q-NASTYA, DIANA-NASTYA does not suffer from the O(1/=) term in the complexity
bound. This shows the superiority of DIANA-NASTYA to Q-NASTYA. Next, FedCRR-VR [Malinovsky

~ (o _1\" ~
and Richtdrik, 2022] has the rate O <El+8(11)ﬁn))2 + ﬁ(ﬁfﬁm)) , which depends on O (1/z).

However, the first term is close to O ((w + 1)&2) for a large condition number. FedCRR-VR-2
utilizes variance reduction technique from Malinovsky et al. [2021] and it allows to get rid of

o . ~ [ wi(i-22)°? B
permutation variance. This method has O - ( ( = “)”n), 7 + ‘ffi* complexity, but it requires
1—(1— 1 2

KkVET

additional assumption on number of functions n and thus not directly comparable with our result.
Note that if we have no compression (w = 0), DIANA-NASTYA recovers rate of NASTYA.

In Appendix J, we provide versions of Q-NASTYA and DIANA-NASTYA with partial participation of
clients, which is another important aspect of FL, and derive the convergence results for them.

3 Experiments

We evaluated our methods for solving logistic regression problems and training neural networks
in three parts: (i) Comparison of the proposed non-local methods with existing baselines; (ii)
Comparison of the proposed local methods with existing baselines; (iii) Comparison of the proposed
non-local methods in training ResNet-18 on CIFAR10.

Logistic Regression. To confirm our theoretical results we conducted several numerical experiments
on binary classification problem with L2 regularized logistic regression of the form

M n
. def 1 1 =
= a7 —_ m,i | » 9

def .
where f,; = log (14 exp(—ymiah;x)) + A|2[3 (@mi ymi) € Réx € {=1,1},i =1,...,np
are the training data samples stored on machines m = 1,..., M, and A > 0 is a regularization
parameter. In all experiments, for each method, we used the largest stepsize allowed by its theory



multiplied by some individually tuned constant multiplier. For better parallelism, each worker m
uses mini-batches of size ~ 0.1n,,. In all algorithms, as a compression operator Q, we use Rand-k
[Beznosikov et al., 2020] with fixed compression ratio ¥/d ~ 0.02, where d is the number of features
in the dataset.

In our first experiment (see Figure 1), we compare Q-RR, DIANA-RR, and DIANA-RR-1S with
classical baselines (QSGD [Alistarh et al., 2017], DIANA [Mishchenko et al., 2019b]) that use a with-
replacement mini-batch SGD estimator. DIANA-RR-1S is a memory-friendly version of DIANA-RR

that stores and uses a single shift A, ,, on the worker side rather than n individual shifts hz;"n. Figure 1
illustrates that Q-RR exhibits similar behavior to QSGD, with both methods being slower than DIANA
methods across all considered datasets. DIANA-RR-1S and DIANA show comparable convergence
rates, indicating that random reshuffling alone, without introducing additional shifts, does not make
a significant difference. Finally, DIANA-RR achieves the best rate among all considered non-local
methods, efficiently reducing the variance and reaching the lowest functional sub-optimality tolerance.
These experimental results align perfectly with our theoretical analysis.

The second experiment shows that DIANA-based method can significantly outperform in practice
when one applies it to local methods as well. In particular, whereas Q-NASTYA shows comparative
behavior as existing methods FedCOM [Haddadpour et al., 2021], FedPAQ [Reisizadeh et al., 2020]
in all considered datasets, DIANA-NASTYA noticeably outperforms other methods.
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Figure 4: The comparison of Q-RR, QSGD, DIANA, and DIANA-RR on the task of training ResNet-18
on CIFAR-10 with n = 10 workers. Top-1 accuracy on test set is reported. Stepsizes were tuned and
workers used Rand-k compressor with ¥/d = 0.05.

Training Deep Neural Network model: ResNet-18 on CIFAR-10. Since random reshuffling is a
very popular technique in training neural networks, it is natural to test the proposed methods on such
problems. Therefore, in the second set of experiments, we consider training ResNet-18 [He et al.,
2016] model on the CIFAR10 dataset Krizhevsky and Hinton [2009]. To conduct these experiments
we use FL_PyTorch simulator [Burlachenko et al., 2021].

The main goal of this experiment is to verify the phenomenon observed in Experiment 1 on the
training of a deep neural network. That is, we tested Q-RR, QSGD, DIANA, and DIANA-RR in
the distributed training of ResNet-18 on CIFAR10, see Figure 4. As in the logistic regression
experiments, we observe that (i) Q-RR and QSGD behave similarly and (ii) DIANA-RR outperforms
DIANA. For further experimental results and details, we refer to Appendix B.

4 Conclusion

In this work, we provide the first study of distributed random reshuffling with communication
compression. Our theoretical and empirical findings illustrate the inefficiency of naive combination
of random reshuffling and communication compression. We also show how this issue can be resolved
via the usage of shifts for communication compression. Finally, we develop and analyze methods
with random reshuffling, communication compression, and local steps. It is worth mentioning that
although our theoretical results are obtained for strongly convex problems, the considered methods
perform well in the experiments on non-convex tasks like training neural networks.
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A Extra Related Works

Federated optimization has been the subject of intense study, with many open questions even in the
setting when all clients have identical data [Woodworth et al., 2020b,a, 2021]. The FedAvg algorithm
(also known as Local SGD) has also been a subject of intense study, with tight bounds obtained only
very recently by Glasgow et al. [2022]. It is now understood that using many local steps adds bias to
distributed SGD, and hence several methods have been developed to mitigate it, e.g. [Karimireddy
et al., 2020, Murata and Suzuki, 2021], see the work of Gorbunov et al. [2021] for a unifying lens on
many variants of Local SGD. Note that despite the bias, even vanilla FedAvg/Local SGD still reduces
the overall communication overhead in practice [Ortiz et al., 2021].

The success of RR in the single-machine setting has inspired several recent methods that use it as a
local update method as part of distributed training: Mishchenko et al. [2021] developed a distributed
variant of random reshuffling, FedRR. FedRR uses RR as a local client update method in lieu of SGD.
They show that FedRR can improve upon the convergence of Local SGD when the number of local
steps is fixed as the local dataset size, i.e. when H = n. Yun et al. [2021] study the same method
under the name Local RR under a more restrictive assumption of bounded inter-machine gradient
deviation and show that by varying H to be smaller than n better rates can be obtained in this setting
than the rates of Mishchenko et al. [2021]. Other work has explored more such combinations between
RR and distributed training algorithms [Huang et al., 2021, Malinovsky et al., 2022, Horvéth et al.,
2022].

There are several methods that combine compression or quantization and local steps: both Basu et al.
[2019] and Reisizadeh et al. [2020] combined Local SGD with quantization and sparsification, and
Haddadpour et al. [2021] later improved their results using a gradient tracking method, achieving
linear convergence under strong convexity. In parallel, Mitra et al. [2021] also developed a variance-
reduced method, FedLin, that achieves linear convergence under strong convexity despite using local
steps and compression. The paper most related to our work is [Malinovsky and Richtérik, 2022]
in which the authors combine iterate compression, random reshuffling, and local steps. We study
gradient compression instead, which is a more common form of compression in both theory and
practice [Kairouz et al., 2019]. We compare our results against [Malinovsky and Richtarik, 2022] and
show we obtain better rates compared to their work.

B Experimental details

In this section, we provide missing details on the experimental setting from Section 3. The codes
are provided in the following anonymous repository: https://anonymous.4open.science/r/
diana_rr-[]BOAS5.

B.1 Logistic Regression

To confirm our theoretical results we conducted several numerical experiments on binary classification
problem with L2 regularized logistic regression of the form

N

M
. def 1 1
min, | f(z) = M;a;fm , (10)

where f, ; o log (1 + eXp<_ymia7—;ix)) + )\H.TH% (@mi, ymi) e Rix € {_1’ 1}7i =1...,np
are the training data samples stored on machines m = 1,..., M, and A > 0 is a regularization
parameter. In all experiments, for each method, we used the largest stepsize allowed by its theory
multiplied by some individually tuned constant multiplier. For better parallelism, each worker m
uses mini-batches of size ~ 0.1n,,. In all algorithms, as a compression operator Q, we use Rand-k
[Beznosikov et al., 2020] with fixed compression ratio ¥/d ~ 0.02, where d is the number of features
in the dataset.

Hardware and Software. All algorithms were written in Python 3.8. We used three different CPU
cluster node types:

1. AMD EPYC 7702 64-Core;
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2. Intel(R) Xeon(R) Gold 6148 CPU @ 2.40GHz;

3. Intel(R) Xeon(R) Gold 6248 CPU @ 2.50GHz.

Datasets. The datasets were taken from open LibSVM library Chang and Lin [2011], sorted in
ascending order of labels, and equally split among 20 machines \clients\workers. The remaining
part of size N — 20 - | N/20| was assigned to the last worker, where N = Z%:l Ny, is the total size

of the dataset. A summary of the splitting and the data samples distribution between clients can be
found in Tables 2, 3, 4, 5.

Table 2: Summary of the datasets and splitting of the data samples among clients.

Dataset M N (dataset size) d (# of features) n,, (# of datasamples per client)
mushrooms 20 8120 112 406

w8a 20 49749 300 2487

a%a 20 32560 123 1628

Table 3: Partition of the mushrooms dataset among clients.

Client’s Ne  # of datasamples of class "-1"  # of datasamples of class "+1"

1-9 406 0

10 262 144
11-19 0 406
20 0 410

Table 4: Partition of the w8a dataset among clients.

Client’s Ne  # of datasamples of class "-1" # of datasamples of class "+1"

1-19 2487 0
20 1017 1479

Table 5: Partition of the a9a dataset among clients.

Client’s Ne  # of datasamples of class "-1"  # of datasamples of class "+1"

1-14 1628 0

15 1328 300
16 - 19 0 1628
20 0 1629

Hyperparameters. Regularization parameter A was chosen individually for each dataset to guar-
antee the condition number L/, to be approximately 10%, where L and p are the smoothness and
strong-convexity constants of function f. For the chosen logistic regression problem of the form
(10), smoothness and strong convexity constants L, Ly, L; m,, i, it of functions f, f,,, and ffn were
computed explicitly as
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Ly, = Anax < ALAn+ 2)\I>
4n,,
1
Lim = Amax (4amla 4+ 2)\1)
7 2A
po= 2

where A, is the dataset associated with client m, and a,,; is the i-th row of data matrix A,,,. In
general, the fact that f is L-smooth with

M Z Mo Zle

m=1 i=1
follows from the L; ,,-smoothness of fi (see Assumption 3).

In all algorithms, as a compression operator O, we use Rand-k as a canonical example of unbiased
compressor with relatively bounded variance, and fix the compression parameter & = |0.02d |, where
d is the number of features in the dataset.

In addition, in all algorithms, for all clients m = 1,..., M, we set the batch size for the SGD
estimator to be b,,, = [0.1n,, |, where n., is the size of the local dataset.

The summary of the values L, L,,, L; , Lmax, , by, and k for each dataset can be found in Table 6.

Table 6: Summary of the hyperparameters.

Dataset L Lyoax A k b, (batchsize)
mushrooms 2.59 5.25 258-107% 1.29-107* 2 40

w8a 0.66 285 6.6-107° 3.3-107° 6 248

a9a 1.57 3.5 1.57-107* 7.85-107° 2 162

In all experiments, we follow constant stepsize strategy within the whole iteration procedure. For each
method, we set the largest possible stepsize predicted by its theory multiplied by some individually
tuned constant multiplier. For a more detailed explanation of the tuning routine, see Sections B.1.1
and B.1.2.

SGD implementation. We considered two approaches to minibatching: random reshuffling and
with-replacement sampling. In the first, all clients m = 1, ..., M independently permute their local
datasets and pass through them within the next subsequent L ::J steps. In our implementations
of Q-RR, Q-NASTYA and DIANA-NASTYA, all clients permuted their datasets in the beginning of
every new epoch, whereas for the DIANA-RR method they do so only once in the beginning of the
iteration procedure. Second approach of minibatching is called with-replacement sampling, and it
requires every client to draw b,,, data samples from the local dataset uniformly at random. We used
this strategy in the baseline algorithms (QSGD, DIANA, FedCOM and FedPAQ) we compared our
proposed methods to.

Experimental setup. To compare the performance of methods within the whole optimization
process, we track the functional suboptimality metric f(x:) — f(x, ) that was recomputed after each
epoch. For each dataset, the value f(z,) was computed once at the preprocessing stage with 10716
tolerance via conjugate gradient method. We terminate our algorithms after performing 5000 epochs.

B.1.1 Experiment 1: Comparison of the Proposed Non-Local Methods with Existing Baselines

In our first experiment (see Figure 1), we compare Q-RR, DIANA-RR, and DIANA-RR-1S with
classical baselines (QSGD [Alistarh et al., 2017], DIANA [Mishchenko et al., 2019b]) that use
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Figure 7: The comparison of the proposed methods (Q-NASTYA, DIANA-NASTYA, Q-RR, DIANA-RR),
DIANA-RR-1S (a modification of DIANA-RR), and existing baselines (QSGD, DIANA, FedCOM,
FedPAQ). All methods use tuned stepsizes and the Rand-k compressor.

a with-replacement mini-batch SGD estimator. DIANA-RR-1S is a memory-friendly version of
DIANA-RR that stores and uses a single shift i ,,, on the worker side rather than » individual shifts

h?;,’l Figure 1 illustrates that Q-RR exhibits similar behavior to QSGD, with both methods be-
ing slower than DIANA methods across all considered datasets. DIANA-RR-1S and DIANA show
comparable convergence rates, indicating that random reshuffling alone, without introducing ad-
ditional shifts, does not make a significant difference. Finally, DIANA-RR achieves the best rate
among all considered non-local methods, efficiently reducing the variance and reaching the lowest
functional sub-optimality tolerance. These experimental results align perfectly with our theoret-
ical analysis. For each of the considered non-local methods, we take the stepsize as the largest
one predicted by the theory premultiplied by the individually tuned constant factor from the set
{0.000975,0.00195, 0.0039, 0.0078,0.0156,0.0312,0.0625, 0.125, 0.25, 0.5, 1, 2, 4, 8, 16, 32, 64,
128,256,512, 1024, 2048,4096} .

Therefore, for each local method on every dataset, we performed 20 launches to find the stepsize
multiplier showing the best convergence behavior (the fastest reaching the lowest possible level of
functional suboptimality f(x;) — f(xy)).

Theoretical stepsizes for methods Q-RR and DIANA-RR are provided by the Theorems 2.1 and 2.2,
whereas stepsizes for QSGD and DIANA were taken from the paper Gorbunov et al. [2020].

B.1.2 Experiment 2: Comparison of the Proposed Local Methods with Existing Baselines

The second experiment shows that DIANA-based method can significantly outperform in practice
when one applies it to local methods as well. In particular, whereas Q-NASTYA shows comparative
behavior as existing methods FedCOM [Haddadpour et al., 2021], FedPAQ [Reisizadeh et al., 2020]
in all considered datasets, DIANA-NASTYA noticeably outperforms other methods.

In this set of experiments, we tuned stepsizes similarly to the non-local methods. However, for
algorithms Q-NASTYA, DIANA-NASTYA, and FedCOM we needed to independently adjust the client
and server stepsizes, leading to a more extensive tunning routine.

As before, for each local method on every dataset, tuned client and server stepsizes are defined by the
theoretical one and adjusted constant multiplier. Theoretical stepsizes for methods Q-NASTYA and
DIANA-NASTYA are given by the Theorems E.1 and E.2, whereas FedCOM and FedPAQ stepsizes
were taken from the papers by Haddadpour et al. [2021] and Reisizadeh et al. [2020] respectively.
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We now list all the considered multipliers of client and server stepsizes for every method (i.e. v and n
respectively):

* Q-NASTYA:

— Multipliers for  : {0.000975, 0.00195, 0.0039, 0.0078, 0.0156, 0.0312, 0.0625, 0.125,
0.25,0.5,1,2,4,8, 16, 32, 64,128};

— Multipliers for 7 : {0.0039, 0.0078, 0.0156, 0.0312, 0.0625, 0.125, 0.25, 0.5, 1, 2, 4, 8,
16, 32, 64, 128}.

* DIANA-NASTYA:

— Multipliers for y and 7 : {0.000975, 0.00195, 0.0039, 0.0078, 0.0156, 0.0312, 0.0625,
0.125,0.25,0.5, 1, 2,4, 8, 16, 32, 64,128};

* FedCOM:

— Multipliers for « : {0.0312, 0.0625, 0.125, 0.25, 0.5, 1, 2, 4, 8, 16, 32, 64, 128, 256,
512,1024, 2048, 4096, 8192, 16384, 32768 };

— Multipliers for 7 : {0.000975, 0.00195, 0.0039, 0.0078, 0.0156, 0.0312, 0.0625, 0.125,
0.25,0.5,1,2,4,8, 16, 32, 64, 128}.

* FedPAQ:

— Multipliers for 7 : {0.00195, 0.0039, 0.0078, 0.0156, 0.0312, 0.0625, 0.125, 0.25, 0.5,
1,2, 4,8, 16, 32, 64, 128, 256, 512, 1024, 2048, 4096, 8192, 16384, 32768, 65536,
131072, 262144, 524288, 1048576 }.

For example, to find the best pair (v, n) for FedCOM method on each dataset, we performed 378
launches. A similar subroutine was executed for all algorithms on all datasets independently.

B.1.3 Experiment 3: Comparison of DIANA-RR with EF21 and DIANA

In our third experiment (see Figure 8), we compared DIANA-RR with DIANA and EF21-SGD
[Fatkhullin et al., 2021]. The EF21-SGD is the state-of-the-art algorithm for contractive compressors
in distributed non-convex settings. All compared algorithms used a with-replacement mini-batch
SGD estimator, consistent with the setup in Section B.1.1. However, in this experiment contrast with
Section B.1.1, we employed reliable theoretical step sizes that ensure guaranteed convergence.

The EF21 algorithm family is designed for usage with contraction compressors in non-convex
optimization for L-smooth objective functions in for of Equation 1. For scenarios involving un-
biased compressors such as Rand-k, the EF21-SGD can be adapted through scaling [Fatkhullin
et al., 2021]. More specifically, an unbiased compressor C(z) : R — R which satisfied Assump-

tion 1 via applying the transformation C’(x) dof (w+ 1)~ C(x) yields a contraction compressor
E[|C'(z) — z|?] < (1 — @)||]|?,Vz € R? with & = 1/w+1. In particular, this procedure makes
Rand-k compatible with the EF21 algorithm family. In this experiment, we implemented EF21-SGD
following the refined analysis from [Richtarik et al., 2024], which offers a stricter better convergence
guarantee through improved bounds on the theoretical step size compared to [Fatkhullin et al., 2021].

As shown in Figure 8 EF21-SGD does not perform fast enough in scenarios involving using unbiased
compressors for strongly-convex optimization problems compared to DIANA-RR and DIANA.

B.2 Training Deep Neural Network model: ResNet-18 on CIFAR-10

Since random reshuffling is a very popular technique in training neural networks, it is natural to test
the proposed methods on such problems. Therefore, in the second set of experiments, we consider
training ResNet-18 [He et al., 2016] model on the CIFAR10 dataset Krizhevsky and Hinton [2009].
To conduct these experiments we use FL_PyTorch simulator [Burlachenko et al., 2021].

The main goal of this experiment is to verify the phenomenon observed in Experiment 1 on the
training of a deep neural network. That is, we tested Q-RR, QSGD, DIANA, and DIANA-RR in
the distributed training of ResNet-18 on CIFAR10, see Figure 9. As in the logistic regression
experiments, we observe that (i) Q-RR and QSGD behave similarly and (ii) DIANA-RR outperforms
DIANA.
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Figure 8: The comparison of the proposed variance-reduced DIANA-RR and baselines DIANA, EF21-
SGD. All algorithms use theoretical step-sizes, Rand-k compressor, number of workers is 20.

60 —— 5
=2 - 0 B-D0CEISTTV 875
e e 2
40 E 5
2 [ 250
d ]
gzo g -@- QSGD y= 0.001 325 DIANA y=1.0
o QSGD-RR y = 0.001 =2 —%— DIANA-RR y=1.0
5 PaY o
F 0 2 4 6 3 F 0 1 2 3
#bits/n le7 #bits/n lell

Figure 9: The comparison of Q-RR, QSGD, DIANA, and DIANA-RR on the task of training ResNet-18
on CIFAR-10 with n = 10 workers. Top-1 accuracy on test set is reported. Stepsizes were tuned and
workers used Rand-k compressor with #/d ~ 0.05.

To illustrate the behavior of the proposed methods in training Deep Neural Networks (DNN), we
consider the ResNet-18 [He et al., 2016] model. This model is used for image classification,
feature extraction for image segmentation, object detection, image embedding, and image captioning.
We train all layers of ResNet-18 model meaning that the dimension of the optimization problem
equals d = 11,173,962. During the training, the ResNet-18 model normalizes layer inputs via
exploiting 20 Batch Normalization [Ioffe and Szegedy, 2015] layers that are applied directly before
nonlinearity in the computation graph of this model. Batch normalization (BN) layers add 9600
trainable parameters to the model. Besides trainable parameters, a BN layer has its internal state
that is used for computing the running mean and variance of inputs due to its own specific regime of
working. We use He initialization [He et al., 2015].

B.2.1 Computing Environment

We performed numerical experiments on a server-grade machine running Ubuntu 18.04 and Linux
Kernel v5.4.0, equipped with 16-cores (2 sockets by 16 cores per socket) 3.3 GHz Intel Xeon, and
four NVIDIA A100 GPU with 40GB of GPU memory. The distributed environment is simulated
in Python 3.9 via using the software suite FL_PyTorch [Burlachenko et al., 2021] that serves for
carrying complex Federate Learning experiments. FL_PyTorch allowed us to simulate the distributed
environment in the local machine. Besides storing trainable parameters per client, this simulator
stores all not trainable parameters including BN statistics per client.

B.2.2 Loss Function
Training of ResNet-18 can be formalized as problem (1) with the following choice of f?,

|nm|

fonl) = |Tl| S CEWY, g(a®, ), (an
m j=1
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where CE(p, q) & — SoFclasses . - log(g;) with agreement 0-1og(0) = 0 is a standard cross-entropy
loss, function g : R28%28 x RY — [0, 1]#¢1asses js a neural network taking image (/) and vector
of parameters x as an input and returning a vector in probability simplex, and n,, is the size of the
dataset on worker m.

B.2.3 Dataset and Metric

In our experiments, we used CIFAR10 dataset Krizhevsky and Hinton [2009]. The dataset consists of
input variables a; € R?®*28%3_and response variables b; € {0, 1}'° and is used for training 10-way
classification. The sizes of training and validation set are 5 x 10* and 10* respectively. The training
set is partitioned heterogeneously across 10 clients. To measure the performance, we evaluate the loss
function value f(z), norm of the gradient |V f(z)||2 and the Top-1 accuracy of the obtained model
as a function of passed epochs and the normalized number of bits sent from clients to the server.

B.2.4 Tuning Process

In this set of experiments, we tested QSGD [Alistarh et al., 2017], Q-RR (Algorithm 1), DI-
ANA [Mishchenko et al., 2019a] and DIANA-RR (Algorithm 2) algorithms. For all algorithms,
we tuned the strategy € {A, B, C'} of decaying stepsize model via selecting the best in terms of the
norm of the full gradient on the train set in the final iterate produced after 20000 rounds. The stepsize
policies are described below.

A. Stepsizes decaying as inverse square root of the number epochs
1
Yo = Yinit mv

Yinit ife <s,

ife > s,

where 7, denotes the stepsize used during epoch e + 1, s is a fixed shift.

B. Stepsizes decaying as inverse of number epochs

1 .
N = ’y’init'mv ife> s,
Yinit ife <s.
C. Fixed stepsize
Y = Yinit-

We say that the algorithm passed e epochs if the total number of computed gradient oracles lies

between e Zi\le Ny, and (e + 1) Zf\:{:l n,y,. For each algorithm the used stepsize ;¢ and shift

parameter s were tuned via selecting from the following sets:

Yimit € Vset = {4.0,3.75,3.00, 2.5, 2.00, 1.25, 1.0, 0.75, 0.5, 0.25,
0.2,0.1,0.06,0.03, 0.01, 0.003, 0.001, 0.0006 }.

S € st 2 {50,100, 200, 500, 1000}

In all tested methods, clients independently apply Rand-k compression with carnality k¥ = |0.05d .
Computation for all gradient oracles is carried out in single precision float (FP64) arithmetic.
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Figure 11: Comparison of QSGD and Q-RR in the training of ResNet-18 on CIFAR-10, with n = 10
workers. Here (a) and (d) show Top-1 accuracy on test set, (b) and (e) — norm of full gradient on the
train set, (c) and (f) — loss function value on the train set. Stepsizes and decay shift has been tuned
from sge; and s+ based on minimum achievable value of loss function on the train set.
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Figure 12: Comparison of DIANA and DIANA-RR in the training of ResNet-18 on CIFAR-10, with
n = 10 workers. Here (a) and (d) show Top-1 accuracy on test set, (b) and (e) — norm of full gradient
on the train set, (c¢) and (f) — loss function value on the train set. Stepsizes and decay shift has been
tuned from sg.; and ~y,.; based on minimum achievable value of loss function on the train set. For
both algorithms stepsize is fixed. For both algorithms stepsize is decaying according to srategy B.

B.2.5 Optimization-Based Fine-Tuning for Pretrained ResNet-18.

In this setting, we trained ResNet -18 image classification in a distributed way across n = 10 clients.
In this experiment, we have trained only the last linear layer.

Next, we have turned off batch normalization. Turning off batch normalization implies that the
computation graph of NN g(a, x) with weights of NN denoted as x is a deterministic function and
does not include any internal state.

The loss function is a standard cross-entropy loss augmented with extra f-regularization all=ll* /2
with o = 0.0001. Initially used weights of NN are pretrained parameters after training the model on
ImageNet.

The dataset distribution across clients has been set in a heterogeneous manner via presorting dataset
D by label class and after this, it was split across 10 clients.

The comparison of stepsizes policies used in QSGD and Q-RR is presented in Figure 14. The behavior
of the algorithms with best tuned step sizes is presented in Figure 13. These results demonstrate that
in this setting there is no real benefit of using Q-RR in comparison to QSGD.

B.2.6 Experiments

The comparison of QSGD and Q-RR is presented in Figure 11. In particular, Figure 9 shows that in
terms of the convergence to stationary points both algorithms exhibit similar behavior. However, Q-
RR has better generalization and in fact, converges to the better loss function value. This experiment
demonstrates that Q-RR with manually tuned stepsize can be better compared to QSGD in terms
of the final quality of obtained Deep Learning model. For QSGD the tuned meta parameters are:
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Yinit = 3.0,s = 200, strategy = B. For QSGD-RR tuned meta parameters are: 7y;,;; = 3.0, s = 1000,
strategy = B.

The results of comparison of DIANA and DIANA-RR are presented in Figure 12. For DIANA the tuned
meta parameters are: y;n;t = 1.0,s = 0, strategy = C and for DIANA-RR tuned meta parameters are:
Yinit = 1.0, s = 0, strategy = C'. These results show that DIANA-RR outperforms DIANA in terms of
all reported metrics.

B.3 Discussion

More about used arithmetics. We used FP64 (IEEE 754) due to its superior numerical stability
compared to FP32, FP16, and BFloat16. While FP32 and FP16 are commonly used for inference
tasks, the choice of precision for training depends on the specific requirements of the task. In certain
cases, FP32 may be sufficient, but for others, FP64 is necessary to ensure stability.

The performance gain from switching from FP64 to FP32 can indeed vary based on the GPU model.
For instance, the NVIDIA A100 40GB GPU used in our experiments offers approximately a two-fold
increase in computational throughput with FP32 compared to FP64. The specific architecture of
the GPU influences the choice of precision, and these characteristics can differ across various GPU
models and updates.

The computational burden. The primary focus of the paper is to highlight the fundamental
complexities and limits of algorithmic behavior. The experiments presented in our paper are intended
for illustrative purposes.

The computational demands of our work are significant. Performing experiments beyond
ResNet-18/CIFAR-10/FP64 with 10 clients is near the limit of what is feasible with our com-
putational resources. In our simulation involving 10 clients sharing a common dataset, we ran 2000
rounds/epochs for fine-tuning. Based on an estimate of 2 minutes per epoch, the total computation
time would be approximately 66 hours per run (2 minutes/epoch x 2000 epochs = 66 hours). Taking
into account the grid search with 18 preset learning rates, 5 sets of decay parameters, and 4 algorithms,
the total estimated computation time would be around 23760 hours (66 hours x 18 x 5 x 4). This
represents a substantial amount of computation time. Therefore, conducting a comprehensive compar-
ison involving four algorithms with an extensive grid of hyperparameters is already challenging for
models larger than ResNet-18 on CIFAR10. To cover 23760 hours of training would indeed require
approximately 40 GPUs running continuously for about 25 days. Nonetheless, we have conducted
numerous experiments to ensure a thorough and fair comparison.

Training in overparameterized regime. During training image classification Convolution Neural
Networks, we got two results for QSGD-RR as an improvement of QSGD. During training only the
last layer (see Fig. 13) there are no benefits QSGD-RR, but QSGD does not behave worse.

When training the whole network (Fig. 11), the results suggest that Q-RR is much better than Q-SGD.
Although we do not have formal proof explaining this phenomenon, we conjecture that this can be
related to the significant overparameterization occurring during the training of a large model on a
relatively small dataset. That is, the model can almost perfectly fit the training data on all clients,
leading to a decrease in the heterogeneity parameter. In this case, there is no need for shifts since
the variance coming from compression naturally goes to zero, and the complexities of QSGD and
DIANA match (see Table 1). In this situation, Q-RR performs better than QSGD since the compression
does not spoil the convergence of RR. Therefore, DIANA-type shifts are not always necessary to get
improvements. Nevertheless, we conjecture that they are necessary when the datasets are larger and
more complex.
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Figure 13: Comparison of QSGD and Q-RR in the training of the last linear layer of ResNet-18
on CIFAR-10, with n = 10 workers. Here (a) shows Top-1 accuracy on test set, (b) — norm of full
gradient on the train set, (c) — loss function value on the train set. Stepsizes and decay shift has been
tuned from sg.; and 7.+ based on minimum achievable value of loss function on the train set. Both
algorithms used fixed stepsize during training.
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Figure 14: Comparison of QSGD and Q-RR in the training of the last linear layer of ResNet-18 on
CIFAR-10, with n = 10 workers. Here (a) and (b) show Top-1 accuracy on test set, (c) and (d) — loss
function value on the train set, (e) and (f) — norm of full gradient on the train set. Stepsizes and decay
shift has been tuned from s,.; and vs.; based on minimum achievable value of loss function on the
train set. During training stepsize was fixed. Batch Normalization was turned off.
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C Missing Proofs for Q-RR

In the main part of the paper, we introduce Assumptions 3 and 4 for the analysis of Q-RR and
DIANA-RR. These assumptions can be refined as follows.

Assumption 5. Function f’r = 1 Efwl fm : RY = R is L-smooth for all sets of permutations
m=(m1,...,7Tm) from[n ]andallz € |nl, i

e IV (2) = V™ (y)H < Lljz—yl Vr.yeR™
Assumption 6. Function f’ri = ﬁ ZM f;,r@:" R? — R is p-strongly convex for all sets of
permutations ™ = (71, ..., Ty from [n] and all i € [n], i

: ot ot 7,7 ﬁ
min {57 (@) = 17 ()~ (V57 ) - y>} > Slle =yl Va,y e R

Moreover, functions fi, fi, ..., fs; : RY — R are convex foralli = 1,...,n.

We notice that Assumptions 3 and 4 imply Assumptions 5 and 6. In the proofs of the results for
Q-RR and DIANA-RR, we use Assumptions 5 in addition to Assumptions 3 and we use Assumption 6
instead of Assumption 4.

C.1 Shuffle Radius Clarification

Our results depend on the so-called shuffling radius proposed by Mishchenko et al. [2021]:

2ddemx{ 2MZIEID x*,x*)},

where i1 = i — 25 me"‘ (@4).

One can think of the shuffling radius as a counterpart to the variance term in SGD. Both concepts
measure how much the algorithm’s performance can fluctuate near the optimal solution, but the
cause of these fluctuations is different: in SGD, it is due to random sampling, and in RR, it is due
to reshuffling. Additionally, Lemma 2.1 provides bounds for the shuffling radius — showing the
maximum and minimum possible values — based on the variance at the optimum, reinforcing the
shuffling radius as a useful way to understand how RR behaves. This relationship helps clarify how
the reshuffling process influences the algorithm’s path and its efficiency in reaching an optimal point.

C.2 Proof of Theorem 2.1

For convenience, we restate the theorem below.
Theorem C.1 (Theorem 2.1). Let Assumptions 1, 3, 5, 6 hold and 0 < v < =

all T' > 0 the iterates produced by Q-RR satisfy

~———— Then, for
L+2 ;g ma f

—\nT 2+2 0, Z'Vw
Ellzr —o* < (1= y)"™ oo = al|? + == + = ( + 7)),

where ¢} = Z IV fn ()%, and oF = 577 Z i IV fi (2 *)—me(w*)||2-

m=1 m=11i=

Proof. Using #'t! = 2% — L M V fm (x,) and line 7 of Algorithm 1, we get

et Z (Q(vriniah) = Vi @)

= Jlzi -2’ -2y <A14 S (Q(Vsar (@) = Vfmir (@a)) it - x>

m=1

(e (v @h) - Vi (@)

eyt = 2

2

=[-
1=

m=




Taking the expectation w.r.t. Q, we obtain

M
Eq [Jaf*" — a7 = Hwi—wi||2—27<]\147;(vfm Lac >),xi—xi>

2

1 & oy i
e ||| 57 2 (Q(VH @) - Vi (@)

m=1

In view of Assumption 1 and E¢[|€ — c||? = E¢||¢ — E¢&||? + ||E¢€ — ¢||?, we have

M

Bo [laf*! —ai*!17) = ot =o' = 5} 32 (VA () = V5 (o =)
Mm:l ,
#%E0 || 37 3 (0 (VS ah) - Vi)
M " 2
2 |4 S (VR ) - VA )
m=1
) 2'7 M i . . . )
< fot_xiu M Z <me"”(xi)—Vf,,["’(x*),x%—xi>
M " 2
#9373 (V) - Vi (0)
M
s |os )|

where in the last step we apply independence of Q (V ff,rf" (a:i)) for m € [M]. Next, we use
three-point identity* and obtain
i i i i]l2
Eg (Il =2l P] < [l — 2]

2y i
M Z:: ( ‘rrI l‘*,.’L't) + Df:: ($t,l‘*) - Dfﬂn (x*,x*))

M 2
Z_ (Vi @) = Vi (@)
7w

ihed Y fTm
23 [

*For any differentiable function f : R? — R we have: (V f(x) —V f(y),x—2) = Ds(z,2)+ Ds(z,y) —
Dj(z,y).
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Applying L-smoothness and convexity of - Z -1 ", fi-strong convexity of ﬁ 22:1 o, and

L, .x-smoothness and convexity of ffn, we get

, o -y 1 X ,
Bo [laf* i 2] < (=) [lai —ai|* —2v (1= Lv) 57 D D,y (@l )
m=1
va = N
+2’yi Z D x*,m* M2 Z vamm(xllf)
m=1
< (1—7ﬁ)Hxi—xiH2—27<1—f/y)1ﬁ/[:D i (2 x)
= t * M — f::lm ty x

m=1
M

1
LS D e+

m=1

2

2720 M s
T N
m=1

2'yw 2

Z vam xt me ()

So, we get

+

i1 it )2 i a2, 2w = e, 2
Eo (ot — a2 < (1= o — ] |V £ )

* M2
m=1
2y M
+M W; Df‘ﬂ'in (LL'*, (E*)
T 2w max
—2v(1—~ L+ ZD"’ xt,x*
m=1
Taking the full expectation and using a definition of shuffle radius, 0 < v < W and
7 max

wa;"n, (xi,x,) > 0, we obtain

m

i+l itl)2 ~ i )2 5 0 . 27w M i 2
E[loft —at?] < (1—3@E [[|o} —ai]’] +20%0% + T DB ||V ()
m=1
M n
= (1 - ’Wj)E [Hl‘; - w;HQ} + 27 Urad + ]\}Qw Z Z varjn(x*)H2
m=1 j=1
S (1_7:[7)]53[”‘%;_‘%1“2} +2’V Urdd—i_i(g* *)'

Unrolling the recurrence in i, we derive

n—1

Efloes —zl?] < (1= E [ller — 2] + 24%02 > (1 = )
j=0

272w -
+=p @+l Zl—w
7=0

Unrolling the recurrence in ¢, we derive

T—1 n—1
E(llor —2d?] < (1=30)" lwo — zel® + 24%026 D (1 =)™ > (1 =)
7=0

t=0
272(“) nT—1 n—1
e (G o2) Y (=@ (1 =)
3=0 §=0
Since ZJ 0 "1 —yp)i < =5 we get the result. O
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Corollary 5. Let the assumptions of Theorem C.I hold and

Y= mind — 1 55, 55M2 . (12)
L4 2% Liax | 6050 6w (CF +03)

Then, Q-RR finds a solution with accuracy € > 0 after the following number of communication
rounds:

o + — =
g M o p M ep? [ei3

~<f wLmax+iC3+af+ amd>'

Proof. Theorem C.1 implies

2202 2’yw
Ellor — 2. < (1 =48)"" [lwo — 2.* + = =t = (e (13)

To estimate the number of communication rounds required to find a solution with accuracy € > 0, we

need to upper-bound each term from the right-hand side by /3. Thus, we get additional conditions on
v:

2’720'r2ad € 2’7(") 2 €

— < 7, * o) <z

<y mpp (Gre) <y

and also the upper bound on the number of communication rounds n7’

1
nT = O ( )
TH
Substituting (12), we get a final result. O

C.3 Non-Strongly Convex Summands

In this section, we provide the analysis of Q-RR without using Assumptions 4, 6. Before we move
one to the proofs, we would like to emphasize that

M )
Pt =y S (V).
m=1

Then we have

n—1 M
Tyt = Ty — wz ZQ(me %))—%—7—229(%“ )),
1=0 m=1
where 7 = ~yn. For convenience, we denote
n—1 M
o= 5> > (Vi ah)
i=0 m=1

allowing to write the update rule as x;11 = ¢ — 7g;.

Lemma C.1 (Lemma 1 from [Malinovsky et al., 2022]). For any k € [n], let &\, ..., &x, be
sampled uniformly without replacement from a set of vectors {¢1, ..., &,y and &, be their average.
Then, it holds
EE, =£ E[I& -7 = o (14)
’ k(n—1)" "~
F n F k n =
where § = %Zi:l §ir §n = %Zi:l bnpy 0% = %22:1 & —€lI?

Lemma C.2. Under Assumptions 1, 2, 3, 5, the following inequality holds

- Tz n—1 .
Eo [-27(gs, m¢ — x.)] < —%II% = a|? = 7(f (@) = flzi) + . Z [EHEE
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Proof. Using that Eg [g] = 5= Yo i Zm 1 me («%) and definition of h*, we get

n—1 M
1 o
~2rBollgem —aa)] = —qp >0 D (VIR (ad) v~ )
=0 m=1
1 M -1
S (Vi @) = V7 ()00 — )
n m=1 ¢=0
Using three-point identity, we obtain
2 M n—1
—2’7’EQ [<gt,(Et — (E*>] = —mn;lg ( ::LI xt,x*) + D 7r7 ($*71’t) Df:;;n (irtvx;))
or 2 27 = i
= —27Dy(m,xs) — ZDf" m*,a:t)—l-fZDf,,i(a:t,xt)
1=0 1=0

-1
7L -
~2rDp(ar, ) + ; v} — |2,

IN

where in the last inequality we apply L-smoothness and convexity of each function f " Finally,
using p-strong convexity of f, we finish the proof of the lemma.

O

Lemma C.3. Under Assumptions 1, 2, 3, 5, the following inequality holds

Eo [llg:|?] < 2L (L + 7Lmax) % Z [} — =[] + % (¢ +07)
=0
48 (Lt g L) (F(@) = f(2.))

Proof. Taking the expectation w.rt. Q and using variance decomposition E [[|¢[?] =
E [l€ = E g [I7] + L], we get

2

i n—1 M )
Eo [llg:’] = Eeo | ﬁ Y o (Vfﬁm(fﬂi))
=0 m=1
| ol M . 2
= Eo ‘ S Zl( (Vs ) = V13 (o))
1 n—1 M 2
Zv
=0 m=1
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Next, Assumption 1 and conditional independence of Q (V fm ’"( )) form =1,...,M,i =
0,...,n—1imply

] ol M . .2
Sollal’] = gz 2 3 e U)Q(Vf::m:cz))—mm(xz) }
:z l_M 2
T 2 VR
i=0 m=1
L ol M . | nl M P
< szuvmwn i 2 2 VI )
S N LR R 3p o] (T |
e 2
Zi (Vi @) = Vi @)
i=0 m=1

-1 M
=0 m=
Using Lyax-smoothness and convexity of fi and L-smoothness and convexity of f”i =

;
o Z%Zl form, we derive

n—1 M n—1 M

4, .
EQ [||gt||2:| S M;;LQLHIEIXZ Z Df::;n (If‘,axt M2 2 Z Z va m H
i=0 m=1 ) i=0 m=1
n—1
+4L— ZD,W (ah, @) + 2|V f (o))
=0
_ n—1 M
S 4(L+ Inax) Zvar 'rtvxt M2 2 Z Z va " H
n—1 2
o 222\\w ") = VA )|+ 2095 @) - V)P
=0 m=1
~ =W - 1S, 2 ¥
< (L) -l i 8 [P
n—1 M
M2 ) maxZZDf;r;n Tty Tx +4L(f( ) f(.T*))
=0 m=1

Taking the full expectation, we obtain

E [HgtHQ} < 2L (f + MLanax) inz:lE [Hx; — xt”ﬂ M2 5 z:l EM: E [Hme (74) ]
i=0

~ 8
+ (4L + 22 L) B1f22) — S22
= AL (Bt o) 2Bt ] 4 2 ()
Mn M%) n ¢ ¢ Mn V* *

(4T + Lo ) B LS = S]]
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1

it Then, the following

Lemma C.4. Let Assumptions 1, 2, 3, 5 hold and 7 <

inequality holds

2472 (L + 2= Lunax ) E[f (1) — f(@)]

S
ing
S
&
!
8
A

2

w o
+872—Mn (Cf + Jf) + 872 :L’n,

2 fia) = o fi (), i € [n].

where o2 n= 1 ZZ 1 IV fi(zy)

Proof. Since z} = x; — - Z%Zl Z;;E Q (Vfgj" (xi)) we have

‘ [ 1 M i1 . 2
Eo [laf —zil?] = 7*Eo |||37= 2. > Q (Vi (al))
m=1 j=0
I 1 M i—1 2
= B ||l5= 3 > (2(VHir@l)) - Vi (al)
—1j=0
M i1 2
T VG
m=1 j=0
M i—1 ) ; 2
< M2n2 le]ZoEQ {HQ(VJC " )_mem(x.g) }
M -1 2
szfm xt
m=1 j=0
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Using Assumption 1, L-smoothness and convexity of f”i = ﬁ Z%: 7 and Ly, ax-smoothness
and convexity of ff;l, we obtain

. M i—1 o 1 M -1 ) 2
Bo flei—wl?] < 2 3 S| vai |+ | S S v e
m=135=0 m=1 j=0
2
272w <L 4 2 NI i—1 ;
< s 22 |[VEE @) - V@) 42| 2 Y vs )
m=1 j=0 =0
2
= . )
+272 gz (vfw ( ) VT (xt)) (15)
7=0
272w L L 2
i 2 ||V )
m=1 j=0
472w M on-l i—1 2
) i
< V2 Z mefo;; (x],24) + 272 —ZVf (24)
m=1 j=0 } §j=0
n—1 M n—1
1 272w - 2
+4L7-QE Z Dfﬂ (xf,:rt) + a2 vamm (fﬂt)
Jj=0 m=1 j=0
w 1 n—1
= 472 (L—|— i Lmax) EZDJC,,J (x1, )
=0
2
1 j 27' w M on-l
w2 LS V| i L [VaR@) . as)
7=0 m=1 j=0

Next, we need to estimate the second term from the previous 1nequality. Taking the full expectation
and using Lemma C.1 and using new notation o7 = + Y- | E[[|V 7 (2;) — V f(2)|]?], we get

l’i—l ) 2 Z.Q 2.2 1—1 2
E|-D VM @) | = SEIVA@]+ SE ZZ( V™ () = Vi)
j=0 j=0
;2
< SE[|IVF@)IP] + IV f7 (@) =V fla)|]
]*1
< E[nwwn%%af. ()

Taking the full expectation from (16) and using (17), we obtain

n—1
i 7 w j
Eflai—al?] < 47 (L4 5Lunax) Y E[ Dy (o, 0)
7=0

Ju

)
+27%E [||Vf($t)”2} + 2772 j}zwz i/[: ZE [Hme Tt H }

3

;-.
\)

Using L-smoothness of f ”j, we get

E[|ei —z?] < 2L (L+ maX)ZE[th —xtH?]
2 2 2 27’ R e, i 2
+2PE [V @)I’] + =—0f + 155 > D E Hmem(:Et)H .

m=1 5=0

<.
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1

2\/L(L+ 3% Lunax)

Since 7 < we have

E[|ef —z? < 2 (1 —2L7? (E max)) ZE {H:ct — | }
glwmwmwﬂﬁfﬁ+§$§§§EWWWmm
e
§4;$]ii?ﬂWhﬂm—Vhﬂm)j
mmilj E {vaﬂ } +47%E [V f () — V£ (2)]1?]
+fziiEmwmm 1V £ ()]
e
< 35 35 s ot vt
%;ﬁj}qwm@g}+WMWﬂm VsG]
&jiﬁ[uvﬁ(m Vi (z0)|] Z]E IV (z0)]?] -
e

Summing from ¢ = 0 to n — 1 and using L-smoothness of f? and Ly,ax-smoothness of ff;z, we obtain

n—1 2w 7— ~
FYEflsf -] < S LuwE @) - f@)]+ LB [far) - f.)
=0

72 ~
2 (@ o?) + T2, + SR f () — f(e)].

8Tw

O
Theorem C.2. Let Assumptions 1, 2, 3, 5 hold and stepsize y satisfy
1
0<y< — . (18)
16n (L n MLan,()
Then, for all T' > 0 the iterates produced by Q-RR satisfy
n 2nL
Efler 2?2 < (1= ") floo — el +1870F (L2 4 02) 4 02,)
TwW o2 2
87
+ MM (g‘k + U*>7
where
1 i 2
== IVfi ol (19)
i=1
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Proof. Taking expectation w.r.t. Q and using Lemma C.3, we get

Eg [lze+1 — ] lze — 2]l = 27Eq [{ge, w¢ — )]

<

+7°Eq [|lg'[I*]

lxe — x*HQ —27Eg [<gt Ty — x*ﬂ

+27°L (L +— max) ZE |z — 24 ||?]
~ 4720
2 — —
872 (L4 37 Luna ) (F(w0) = f(@2) + 5 2(C2 4 02),
Using Lemma C.2, we obtain
Eg [[lress — 2ul?] < floe — |
o T n—1
=5 e = 2l” = 7(f(2e) = flz) +*Z|Ixt—wtll
. w 1 n—1
+27°L (L4 5 Linax ) = D E[lle} — 1]
=0
~ 47' w
2 —
+87% (L4 2 Linax ) (f (@) = f(@2) + 7 (¢2 +0%)
r
< (1-3) e —al
(187 (T4 s L) ) (f (@) = ()
1 n—1 )
+’7’L (1+27 <L+ Lmax)) - E[Hl’% 71}“2]
n
=0
4
T )
Next, we take the full expectation and apply Lemma C.4:

E [z — 2.?] < (1 - 72“) E [|lz; — )]

—r (1-87 (L4 5o Lax) ) E [ (1) = (2]

+247°L (1427 (L o L)) (L4 2o L) (f () = £ (@)

L (120 (L 52 (5 )+

Using (18), we derive

<

(1= ) E lllee - . ]

+975T (]\Zn(ﬁ +o?) +

E [#e41 — z4l?]

2
*

N

"n> P Ao

+oo
Recursively unrolling the inequality, substituting 7 = n-y and using (1 —

t 2
) < . we get the

t=0

result.

Corollary 6. Let the assumptions of Theorem C.2 hold and

Lmax) VSQE:L( At

38

1
16n (L + %

Y = min

_1
2
*n ’

O

euM
24wA2 (7

(20)



where A2 = (2 + o2. Then, Q-RR finds a solution with accuracy € > 0 after the following number
of communication rounds

6 @_'_iLmax WC*+U nL\/ C*+0-2 +0£n
I \/ eud \ M

Proof. Theorem C.2 implies

'ynL

n
Eflor—ol?] < (1-"22)" oo — ol + 18

+8fy (C*+U)

( (<*+U)+U*n)

To estimate the number of communication rounds required to find a solution with accuracy € > 0, we
need to upper bound each term from the right-hand side by /3. Thus, we get additional conditions on
~:

~ 2nL

185 (37 (@ Hod) tol,) <50 8 (@ ol <

and also the upper bound on the number of communication rounds n’1T’

nT = O<1)
TH

Substituting (20) in the previous equation, we get the result. O

<
37
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D Missing Proofs for DIANA-RR

D.1 Proof of Theorem 2.2

Lemma D.1. Let Assumptions 1, 3, 5, 6 hold and o« < 1-%:# Then, the iterates of DIANA-RR satisfy

2
tom =V ()|

» z Eq (I 71m — Vi ()]

2aLmax
+ i ZD fmin (zt,x,).

Proof. Taking expectation w.r.t. Q, we obtain
Eo [Ih1m — VI @OI?] = Eo 15 +aQ(V frir (w) — hi) — V£ (2. 1]
= |1y — VIR )l
+20Eg [(QV frir (a1) = hi) b = Vfal (@) )]
+a’Eo [IQVEEF (@) ~ hTRIF]
= |~ Vi @)
+2a <Vf,7,r£"( H - ht’,’;l,h m Vfgj”(:c*)>
+a?Bo Q£ (2}) — A 2]

Assumption 1, L, ,x-smoothness and convexity of f, and o < 1/(1+w) imply

Eo [Ih1m — Vi @OI?] < 55— V fr ()

+2a <Vf " (@) — Wl B Vfﬁf"(x*)>

+a2(L+ w) |V frm (2f) — hymP?
< |hfm, — V(@)

o (V75 (@) = W, W+ VI (@) — 29 £ (1) )
< hm — Ve (@)

+al| VI (al) = V@)l = allhfm, — Y far ()|
< (- a)llhfn — Vi @)l

+al|V far (xh) = V fai ()2 1)
< (1- a)”h:% — Y fm (;1;*)”2 + QOLLmaXDfW% (:17;, T

O

Summing up the above inequality for m = 1,..., M, we get the result.

IN

Theorem D.1. Let Assumptions 1, 3, 5, 6 hold and 0 < ~v < mm{ %} a

2007 L+5 Liax
Then, for all T' > O the iterates produced by DIANA-RR satisfy
2 20.2
E[Ur] < (1—p)" @p + 20,

where W, is defined in (6).
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Proof. Using zit! = i — 25" g (:z:*) and line 9 of Algorithm 2, we derive
M ;
P> (97 — Vi (2.)

— it - ?;i« b )t 52

=1

1 &L, ;
TP CERALR)

m

2

—

e L

,_n

2

Taking expectation w.r.t. Q and using E[|£ — ¢||* = E[|£ — E¢||? + [|E€ — ¢[|?, we obtain

. X . 2 M 71—"' i 7!'1' i 7
Bo [l — ot IP] = flof — ot = 37 32 (VIR o) = VIR ), — )
m=1

2
+72EQ % i (Q (me (If) h ,:rrﬁ) h e Vfﬁ”(z*))
m=1
2y M
< ot =il = 57 D (VR () = Vi () ah - )
m=1
2
+Eq || 17 3 (Q (Vs (i) = ki) = V £ () + b, )
m=1
e " 2
+ Mm:1 (me (@) — me (x ))

Independence of Q ( V f;,?"' (zh) — h?%) ,m € [M], assumption 1, and three-point identity imply
Eq [laf*! =7 < lai - o
2y M
3 Z (Dfm (z%,2}) + D £ (zt,2,) =D . (a:i,:m))

f m
m=1 "
2
Tom
ht m ’

YW = i g

T v @ -
m=1
1 M i i )
= > (Vi @)~ Vi @)

m=1

2

IN

7 7
cht |

Z ( o @a)) 4 D oy (@ 2) = D (xi,x*))

7n m

272w M 2
+=5 Mmz_\)m (&) = Vi (2)
1 M i i 2
2 T T (ot
|57 2 (VH @) = Vi)

2

27wM 2
S|
m=1

h;% - Vf;';'m (x*)
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Using Lyax-smoothness and pi-strong convexity of functions fi and L-smoothness and [i-strong

. i M . .
convexity of f™ = ﬁ Dot "m_we obtain

Eg [llzit! — 2o Y?] < (1 —~p) ||« — |

2w
—2v (1 (L + — i max)) Z Df,,: xt,x*

2 w i 2
Z Df x*vx* ,Y mem(x*)

Taking the full expectation and using Defenition 2, we derive

E[llef™ = o2 < (1— i) |[laf - at]
~ 2w 1 M i
=2y (1= (L 7 Lmax ) ) 37 DB (D, (o)

o

T — V()

’Y w M
+2'730-rad + 2 E |:
M m=1

Recursively unrolling the inequality, we get

E e - o] < (1-7@)" H%*%ﬂ

i 2 S omys [|pi - v )

]

=1j=0
M n-1 ‘
2y (1 (B Jtme)) 37 2 S0 -8 [ (o)
m=1 j=0
n—1 )
+29%020 > (1 — i)
j=0
Next, we apply (6) and Lemma D.1:
n—1
E[Wa] < (1-70)"E [Hwt — ] ] +29%05 ) (1 =)
=0
2 M n—1 2
+(et-a)+ ) > S i [ - s )]
m=1 j=
1 M n—1 ) )
727 (1 - C’YO‘Lmax - L + Lmax)) M Z Z(l - ’Yﬁ)JE |:wa$” (xi,x*) 5
m=1 j=0 "



= < = < S — i
where ¢ = Mg Using o — and vy < min { PRl v~y }, we obtain

E¥] < (1—70)"E [|lo - x*nﬂ

4w i 2
F(1-5) 22 5> S aays i - o5 o]
m=1 j=0
n—1
+2’7 rad (1 - Wﬁ)j
7=0
. @
< max{(1—3)" (1-5) E[w
n—1
+2’Y rdd (1 - Wﬁ)J
7=0
n—1
< (- m)E[] + 29%0% ) (1 7R
j=0
Recursively rewriting the inequality, we obtain
T-1 n—1
E[Ur] < (1= o+ 2902 > (1—y@)™ Y (1 —i)
t=0 j=0
nT—1
< (=) + 29702 Y (1)t
k=0
+o0 \ k
Using that > (1 — %) < -2 we finish proof. O
= Y
Corollary 7. Let the assumptions of Theorem D.1 hold, o = 1+7w and
1 —
Vzmin{;ﬂw 1 ,Qeu}_ 22)
nu I + ﬁLmaX Orad

Then DIANA-RR finds a solution with accuracy € > 0 after the following number of communication
rounds: B
A L w Lmax Orad
@) 1 —+ ——= .
(n( +w)+ i + i + )

H Vepd

Proof. Theorem D.1 implies

2
E(Wr] < (1— )" 0y + 270

To estimate the number of communication rounds required to find a solution with accuracy € > 0, we
need to upper bound each term from the right-hand side by 5. Thus, we get an additional condition
on y:
2’7 rad < 57
m 2
and also the upper bound on the number of communication rounds n7T’

nT = O(1>
T

Substituting (22) in the previous equation, we get the result. O
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D.2 Non-Strongly Convex Summands

In this section, we provide the analysis of DIANA-RR without using Assumptions 4, 6. We emphasize
that 2t = 2} — v 2 an\f 1 9t . Then we have
n—1 M

Tip1 = Ty — VZ th%_xt_TizZ

=0 m=1

We denote §; = Mn > 1 Zm 10 ;’;L
Lemma D.2. Let Assumptions 1, 2, 3, 5 hold. Then, the following inequality holds

n—1

—27EQ [(9t — hwy 1 — m)] < _%th — P =7 () = flan) + 7L ; e — 2t1%,
where h* = V f(x,) = 0.

Proof. Since h* = V f(x,) = 0, the proof of Lemma D.2 is identical to the proof of Lemma C.2. [
Lemma D.3. Let Assumptions 1, 2, 3, 5 hold. Then, the following inequality holds

R s 1 n—1 : "
o [I3e=hal?] < 2L (L4 grLumax) = D llat =il +8 (L4 37— Lmnax) (fla) = F(2.))
=0

n—1 M )
Mz o 3 S Ik = Vi )
1=0 m=1

Proof. Taking expectation w.r.t. Q, we get

’ 2

n—1 M 2
. 1 R
Eg {Hgt - h*m = Bo |3 SN gim —ha
=0 m=1
i n—1 M , 2
=0 m=1
[ 1 n-l M i i ) i ) i :
= Eo |57 22 X (A — Vi @) + Q (Vi (ah) = b))
=0 m=1
| "l M 2
+ Fzzvfm (wy) — hy
i=0 m=1
Independence of Q (V S (2) — hf%) ,m € [M] and Assumption 1 imply
1 n—1 M : ;
Bo I~ hl?) = g7 2 O B || - Vo e + © (V5 e - )]
i=0 m=1
1 n—1 M 2
+| Mn ;mzlvf (@) — ha
M 1 n—1 ) . 2
< Tp Xgmzl v sty —nzi |+ |2 ;Vf“ (2f) — ha
n—1 M n—1
2 o ~
< > |V @) = Vs )|+ = > |V @) = Vs (@)
n-1 M . = ) 2
+ 353 > 3 [ - v e v 2|5 v e -
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Using Ly,ax-smoothness and convexity of f and L-smoothness and convexity of f ™ we obtain

n—1 M =
Eo [llg: — hu|?] < MQZ‘;"ZZD - (20 +*Zwa v} 1)
=0 m=1
n—1 M : 2 _
b SO i - V| 44 () - F)
i=0 m=1
n—1 M
s 30 O [V ) - |
=0 m=1
< of (z+ 2 L) ant—xtn +4L (f(2) = f(x2))
n—1 M
+ max Z Z D wl l’t,lﬂ*
=0 m=1
n—1 M 5
=V foi" ()
i=0 m=1
O
LemmaDd4. Let a < H-% and Assumptions 1, 2, 3, 5 hold. Then, the iterates produced by DIANA-RR
satisfy
n—1 M s n—1 M 5
S S o (b - VAR IR < TSNS I - VAR )l
=0 m=1 =0 m=1
7 n—1
200 L L ax i
22 5 g —
i=0
+4aLmaX (f(xt) - f(CC*)) :
Proof. Fist of all, we introduce new notation: #, = v S 'S Eg {Hh?;’}l -V f:f;"' (x*)HQ}
Using (21) and summing itup fori =0,...,n — 1, we obtaln
1_OénflM i i a n—1 M s ] i
Hipr < Z Z 1hgm =V far ()12 + Mn Z Z IV far (1) = ¥ fn () ||
=0 m=1 =0 m=1
-1 M n—1 M )
< O S I - VR P+ S IV SR () = Vi )l
i=0 m=1 i=0 m=1
20 n—1 M
2
Mi 4 mz; ||me — Ve (@)l

Next, we apply Lyax-smoothness and convexity of £, and L-smoothness and convexity of f s

n—1 M ; n—1 M
HtJFl < Vfg’bm(x*)‘P maxz Z D ,rz xt,:ct
=0 m=1 =0 m—1
n—1 M
maxZZD 7r7" .’Kt,$*
1=0 m=1
n—1 M n—1
S M Z Z ”h o Vf m(‘r*)H2 + 7LLmaxZ ||«Tt —It”
i=0 m=1 i—0
n—1 M
oSS D )
=0 m=1
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1

20 /L(L+ 1% Limax)

Lemma D.5. Let Assumptions 1, 2, 3, 5 and 7 < Then, the following inequality

holds
1= w o?
1 2 2 (7 2 *n
p o Elle o) < 2r (L+mLmax)E[f<xt>—f< )+ 82
n—1 M s :
sy 38 [0 v
=0 m=

where orfm = %Z?:l ||Vfl(55*)||2

Proof. Since z} = x; — 7 Z%Zl Z;;E ( m 4+ Q (Vf ™ (x]) — hfm)) we have

2
M -1
; 1 J i J
2 2 ™ (o s
Eg [|lzi — 2] = 2Eg mmZ::U:o (ht,m +Q (me (z1) — ht,m))
: 2
1 M i—1 ; ) i ) ;
— 2 Tom (] Tm (e Tm
= 7Eo ||+ Z 0( = V() + Q (Vi (a]) - b))
m=1 j=
i 2
M —_
Z v (
m=1 j=0
Independence of Q (V Fmm (z]) — hy Z’n), m € [M] and Assumption 1 imply
. 2 7-2 Mo l 7 j wt j wd 2
Eo [lof ~zil?] = 55> EQ[ t%—wmmmz)w(wmm(xi)—ht,rn)H]
m=1 j=0
2
| Mo
2L (o
+7 - Z 4 Vo (x])
m=1 j=0
A 2
20 i—1 o ) 1 i—1 ;
S DD M \F A CAR NN I D S
=1;j=0 =0
2
or2y L - J
< TN Y |l - v |+ 2 ZW 1)
m=1 j=0
27—2&1 = ﬂ-Zn nz . ﬂ'j J 7 2
+]\427,L2 Z ’ ht,m Vf H Z va ( t) - Vf (xt)H :
m=1 j=0
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Using Ly,ax-smoothness and convexity of f and L-smoothness and convexity of f™ , we obtain

i 472w Mo ; ﬂa
Eo [|lzf — z:|] < WLH]&X Z ZDfﬁn (z],2¢) + 272 ZVf (x4)
m=1j=0 "™
272, M n-1 ; ; 9 2T2L2 n-1 . 2
T T j
S S| RO s R
m=1 j=0 7=0
2
L w = = ;
2 2 s
< 2L (T4 g L) 5 D Nl =l +27%|| 2 3"V (@)
j=0 j=0
27_2w M n-—1 - g 9
+]\42 htﬂTrriLivfmm(xt)
m=1 j=0

Taking the full expectation and using (17), we derive

n—1

) - 1 )
Eflof —il?] < 27°L(L+ 1 Lmax) = D E [llaf = zil?] +27E [V (@) ]
=0

hi =V fm™ ()

2 272 9
] +—E[o7]

Using Lax-smoothness and convexity of f? and L-smoothness and convexity of f™ , we obtain

E [z — 2% < 27%L (L+ —Lmax) ZE [let — x| ]

47’ w L - i 2 972 )
M2TL2 Z Z E |: ht;;L - mem (JU*)H :| + TE [O’t:l
m=1 j=0

#47? (L 4 7 Lo | ELf(a1) = )]

Now we need to estimate 2 E [07]. Dueto E [07] < 230 | E [V fi(ay)]?]. we get

2 2 )
TRl < 2 EVA G
j=1
7_2 n . .
< S ENVH@) - VFE)] ZE IV 5w
j=1
<

872 ~ & 472 9
Py LZE [ij (xt,x*)} + Py ZU"»*'
=1 =1
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Combining two previous inequalities, we get

E[|lz —a|?] < 27°L (L+—Lmax) ZE[llxt—xtn}

2 M n-—1 2:|

T =Dy > [ - Vst )

47 (L . Mi ooy b ) B 1 (21) = f(2.)]

872 472 & 9
+=—LE[f(@) = f@)] + 5 Do

1

— , We obtain
L(L+ 52 Lmax)

Summing from ¢ = 0ton — 1 and using 7 <

n—1

E[llz} - z?] < 2 (1 —27°L (L4 5 Lnax ) ) %ZE [Nk — ]|?]
i=0

M n—1 2

iz 2o 2B ]

82 (z " MnL> E(f(ze) — f(2.)]

— Vi ()

IN

T ~ 2 &
TR TCA I E oo

n
O
We consider the following Lyapunov function:
M n-—1
Wipr = foues — 2+ T Z S|t - Vo )| (23)

m=1 j=0

Theorem D.2. Let Assumptions 1, 2, 3, 5 hold and

< mi @ 1 < 1 10w
min { —, — ., a< . = .
RS nu 12”(L+%Lmax) 1+w aMn
Then, for all T > 0 the iterates produced by DIANA-RR satisfy
nyp v*nL 2
E[U;] < (1—7) Wy +201 202

Proof. Taking expectation w.r.t. Q and using Lemma D.2, we get

I?

||5L't — Tgt — Ty + Th*
2 — 24||* = 27EQ [(§e — h*, ¢ — x4)] + T°Eg [[19: — 2*[|”]

T N
e — 2.|” - 5 e = 2. + 7*Eg [[19: — h*II°]

Eg [[z141 — 247

IN

n—1

—7 (f(we) = f(2.)) + 7L~ Z e — a1

i=1
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Next, due to Lemma D.3 we have

n—1
Eo[loe 2] < (1= ") e — = 7 (7w) — fa)) +7E Z e — a2
+27’2L (L + — max) Z th - ‘Tt||2
+87'2 (E + mLmax) (f(xt) - f(llf*))
4w7_2 n—1 M i )
+aE ;mzlnh = V(@)
deor? n—1 M i i
< (1= T e —aul® + 5 2 D IhEm — Vi @)l
1=0 m=1
—r(1-8r (T + MLLW)) (F(e) = J(2.)
L (1427 (B 20 L)) ant—xtn
Using (23), we obtain
2 n—1 M
BoWin] < (1= ) e =l 4 50 3 If — Vi (o) P
1=0 m=1

n—1
~ 1 .
+7L (1-‘1-27' (L+ )) nzo||x;_mt||2
2 M 'r’L—l 2
Y E| |
m=1 j=0

To estimate the last term in the above inequality, we apply Lemma D.4:

:+1,m - Vf;frlm (.13*)

dor? UL i
Eo[Wr] < (1= lwe—al?+ 35 > Y 075 — Vi @)

i=0 m=1

(187 (L4 MLLW)) (f(ae) = f(a))
+7L <1+2T (L+ ));ant—mtﬂ

n—1 M

11—«
2 2
ol S i - 9 e
QOZELmaX nl *
07—27 Z Hmt - xt||2 + 4‘CTQO[Lmax (f(mt) - f(.’E ))
n 1=0
L2l M
< (=)l (1-as ) S YD I - VAR @I
1=0 m=1

-7 (1 —deralpmax — 8T (z + MLanax)) (f(ze) = flz4))

n—1
7 7 w 1 i 2
+7L (1 + 2ctalpax + 27 (L + M—anaX>) . ZZ:% lxf — x|
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Let H; =
Lemma D.S, we get

el {Hht m -V f;;;:" (x*)HQ} Taking the full expectation and using

B[] < (1= 2)E o -] + (1 —a+t 64]\;1) Hi
—T (1 —4detoLmax — ST (E + MLLmax)> E[f(z:) — f(24)]
+7L (1 + 2cTtalmax + 27 ( max)) Z: ||17t - l’t||
< (1T2M)IE[||Q:tI*|2]+(1a )
—T (1 —dcertalyax — 8T ( max)) [f(x ( o))

+2473L (1 + 2ctaLpax + 27 (L + —Lmax ) ( max) Ef(z¢) — f(z)]

2
*,1

n

o
+873L (1 + 2¢TraLmax + 27 (L + Lmax))
87 Lw
cMn
where A is a positive number to be specified later, we have

w ~ (A4 1w
7Lm x) =1 2 L Lm x |
Mn a + 7'( + Mn a )

_|_

Aw
aMn?’

(1 + 2CTOZLmaX + 27 (L + — Mn max)) Ht

Selecting ¢ =

14+ 2ctalpma + 27 (E +

~ w ~ (A+ 1w
— der — 8 (L+ — >1—-8r L+ 2= .
1 —deralmax — 8 (L Wn Lmax> 1-8 <L Wn Lmax>

Then, we have

E[W,,.] < (1—%>]E[||xt—x*||] (1—a+A>th

., (1 _gr (z n WLW» E[f(20) — f ()]

Lo (z N WLW)) E[f(z) = f(z2)

2
*

37 [~ w
42473 (L + Lmax) (1
N - (A+1
18731 (1 +or (L + H)wLmax» i
M n

n
8o ~ 7 (A4 1w
+ZTL (1 +27 (L + mLmax>> H.

1 . .. .
I AEEDE T where B is some positive constant, we obtain
(L4550 Linax)

N

Taking 7 =
- 4o 8a ~ 2
E¥en] < (1-5)E o -] + (1a+A+ATL(1+B>)Ht

i (1 B (1 . ;)) E[f(z:) — f(.)]

~ 2 o2
8L (1 + = ) =2,
+37 (+B>n

Choosing A =10, B=12,7 < %, we have

2
~0
E[U,,] < (1 - mm{”‘ a }) E[,] + 10r3L ="
2°2 n
p =0
< (1 - 7) E[¥,] + 10r3L =2
2 n
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+oo

Recursively unrolling the inequality, substituting 7 = n~y and using > (1 — %)t < -2, we finish
=0

proof. O

Corollary 8. Let the assumptions of Theorem D.2 hold, o = and

1
14w’

1
4 =min{ ——, _ 7 i . (24)
2np’ 19y, (L + e Lmax> 10nLo?,,

Then, DIANA-RR finds a solution with accuracy € > 0 after the following number of communication

rounds:
~ nL w Ly, nl
O 1 o= -~ max —— 0Oy
n( +w)+u+M p +“s,u3a’

Proof. Theorem D.2 implies

2nL
’Ynoz

E[Ur] < (1—ym)"" ¥+ 20

*,m"

To estimate the number of communication rounds required to find a solution with accuracy € > 0, we
need to upper bound each term from the right-hand side by 5. Thus, we get an additional condition
on y:
Y+
nL €
7 ag 2 < 5,

and also the upper bound on the number of communication rounds n7’

nT:(5<1>.
YH

Substituting (24) in the previous equation, we obtain the result. O

20

*,m
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E Theoretical Results for Q-NASTYA and DIANA-NASTYA

Theorem E.1. Let Assumptions 1, 2, 3 hold. Let the stepsizes vy, 1 satisfy 0 < n < m,
max ( 1+ 45

0 <7 < gg——- Then, for all T > 0 the iterates produced by Q-NASTYA (Algorithm 3) satisfy

97 anax ((n

T
Eflor = al) < (1= ) lwo -l + 805+ +1)¢ +02)

Corollary 9. Under the same conditions as Theorem E.I and for Algorithm 3, there exist stepsizes
~ = /n and 1 > 0 such that the number of communication rounds T to find a solution with accuracy

5>Ois(5( max (1—|— C*3—|-\/ E’;“‘\/C* ) If v — 0, one can choose n > 0 such

that the above complexity bound improves to o (me (1 + M) + 37 ECH )

We emphasize several differences with the known theoretical results. First, the FedCOM method
of Haddadpour et al. [2021] was analyzed in the homogeneous setting only, i.e., f,(z) = f(z)
for all m € [M], which is an unrealistic assumption for FL applications. In contrast, our result
holds in the fully heterogeneous case. Next, the analysis of FedPAQ of Reisizadeh et al. [2020]
uses a bounded variance assumption, which is also known to be restrictive. Nevertheless, let us
compare to their result. Reisizadeh et al. [2020] derive the following complexity for their method:

10) ( Lmax (1 4 L) 4 %;—; + WZE) . This result is inferior to the one we show for Q-NASTYA:

when w is small, the main term in the complexity bound of FedPAQ is O (1/c), while for Q-NASTYA
the dominating term is of the order O (1//z) (when w and ¢ are sufficiently small). We also highlight
that FedCRR [Malinovsky and Richtarik, 2022] does not converge if w > M*vue/(2|[«7 . ||*), while
Q-NASTYA does for any w > 0. Finally, when w = 0 (no compression) we recover NASTYA as a
special case, and using v = 7/n, we recover the rate of FedRR [Mishchenko et al., 2021].

Theorem E.2. Let Assumptions 1, 2, 3 hold. Suppose the stepsizes v, n, o satisfy 0 <~y < 1

»
ln1xn

0 < n < min { TR W} and o < 1. Define the following Lyapunov function:

def 8w
Wipn s — a2+ S0 Znhmm Bl 25)

Then, for all T' > 0 the iterates produced by DIANA-NASTYA (Algorithm 4) satisfy

21,
E [¥r] < (k%) qfo+375 ((n+ 1) +0?). (26)

Corollary 10. Under the same conditions as Theorem E.2 and for Algorithm 4, there exist stepsizes
v =1/n, n > 0, @ > 0 such that the number of communication rounds T to find a solution with

accuracy € > 0is O <w+ =max (] %) + ,/%\/Cf + UE) .If v — 0, one can choose n > 0

such that the above complexity bound improves to O (w + Lamax (1 + %)) .

In contrast to Q-NASTYA, DIANA-NASTYA does not suffer from the O(1/=) term in the complexity
bound. This shows the superiority of DIANA-NASTYA to Q-NASTYA. Next, FedCRR-VR [Malinovsky

and Richtérik, 2022] has the rate O < (Wjéi(l_)712 + ‘F(Cﬁo*)> , which depends on O (1/,z).
However, the first term is close to O ((w + 1)k ) for a large condition number. FedCRR-VR-2
utilizes variance reduction technique from Malinovsky et al. [2021] and it allows to get rid of

Ca] Gt K
(17(17_1_,)% TomvE

additional assumption on number of functions n and thus not directly comparable with our result.
Note that if we have no compression (w = 0), DIANA-NASTYA recovers rate of NASTYA.

permutation variance. This method has o

complexity, but it requires
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F Missing Proofs for Q-NASTYA

We start with deriving a technical lemma along with stating several useful results from [Malinovsky
et al., 2022]. For convenience, we also introduce the following notation:

n—1
1 i .
m = \Y m" : m).
9t, n E f (xt, )

1=0

Lemma F.1. Let Assumptions 1, 2, 3 hold. Then, for all t > 0 the iterates produced by Q-NASTYA
satisfy

n—1

2 2L?nax( al i 2 w 4w 9
o (o) < 208D S22 ot Pt (14 22) () - pl)+ 252,

|
m=1 i=0

where Eq is expectation w.r.t. Q, and (? = 3 Zi\:{:l IV fon () ||

Proof. Using the variance decomposition E [||¢]|?] = E [||¢ — E [¢] ||?] 2, we obtain

1n71 i
Eo [llg:l”] = H ( Zwm ,m>> == V(g
=0

2

M n—
Tr‘"l
L S v
m=1 i=0
2 2
Asm.1 w M 1 n—1 " . M n-1
S Dl EDITAE I Y D Dp Tt
m=1 i=0 m=1 i=0

Next, we use V fo (2¢) = L S0 V2 (2,) and [la + b2 < 2]|al|? + 2]|b]2:

2

2 et i i 2w M
BollalP] < 55 30 |10 3 (Vo wh) = VAR @0) |+ 51 3 IV ()
m=1 i=0 m=1
1 M n-—1 ; . ; 2 1 M 2
#2 |5 323 (VAR ) = VA )| 4257 3 oo
2(1+ g) M 1 n—1 o . 2
S X n;(wm (2hn) = VI 22))
2w M 9 9
taz ~ IV fm (@) lI” + 2|V f ()]

Using L;, ,,-smoothness of fi and f and also convexity of f,, we obtain

M n—1

Bollol?] < 208 S35 10 mh (ah,) - Vi

m=1 i=0

Z IV () = ¥ ()|

M
+% 32 9 hne) I 429 5) 95wl

202, (1 M onol Limax
) SR )

m=1 1=0

O
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Lemma F.2 (see [Malinovsky et al., 2022]). Under Assumptions 1, 2, 3, it holds

M n—1 (ol i , 1 maanl
mZZ< T @)= ) < B2 () - 1 zMan“ Nt~ zll?
Lemma F.3 (see [Malinovsky et al., 2022]). Under Assumptions 1, 2, 3 and v < 57—, it holds
M n—1

M 375 fad — @” < 89202 Lanax (F(20) — F(22)) + 2920 (02 + (n+1)¢2) .

m=1 i=0

Theorem F.1. Let Assumptions 1, 2, 3 hold and stepsizes ~, 1 satisfy

1
0<n< ——— <y <_— . 27
7= 16 L (1 + ) Ty @7

Then, for all T > 0 the iterates produced by Q-NASTYA satisfy

T 9v2nL nw
— 2| <(_@) _ |2 4 2 Mhmax (2 2) 4 g 2.
Elllar =] < (1= ) llao =P+ 57— 25 (00 4 (n 4 1)E) +8 77

Proof. Taking expectation w.r.t. Q and using Lemma F.1, we get

Eo [[lzee1 — zl?] = llae — 2.]1* — 20Eg [{g¢, 2 — 2.4)] + 1°Eg [|lg°]1%]
M -
1 T
< o= 2 - 20Eg < T (n > mext,m)) o~ x>]

m=1 i=0

2L2 (1 + 7 M == 2

= [

mz:l =0 "

81 Lmax(1+ 17) (Fla) = fla) + 3¢

M n—-1
< oo =2l =205 S S (VAR @l ) - )
m=1 ¢=0
2L (4 1) $ 3
) 2t =]
mzzjlzzo t

Next, Lemma F.2 implies

Eo [[eis1 —al?] < e — oul® = 222 — 2> — 0 (f(2e) — f(2))

2
w M n—1 9
+8772Lmax (1 + M) (f(xt) - f( max Z thm xt”
m=1 =0
2 QLmaX 1+ M n-—1
+ U M ZZthm—xtH +477
m=1 i=0
< (1- f) o — a1 —n(l—sanaX (1+ M)) (f@e) = f(z.)
Lunax (1 + 27 Lax (1 L
LT (1+2n + Z T +477

M
n m=1 1=0
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Using Lemma F.3, we get

Eo [Jorr —auf?) < (1= ) lan —aul® = (1= 80L (14 7)) (Flae) = f(2.)

w
+77Lmax (1 + anmax (1 + M)) ) 872n2Lmax (f(xt) - f(l‘*))
41 Lmax (1 + 21 Liax (1 + %)) -29%n (af + (n+ 1)(3)
w
dn? =2
YIS
In view of (27), we have
Eo [larm — o] < (1= ) o — 2l + 40? 37¢2

—n (1 — 8N Lnax (1 + M) — 8y %2, (1 + 2Lmax? (1 + %))) (f(@e) = flz4))

+2nn L (14 20L (1+ %)) (02 +nc?)

< (1Y a2 4 42t D 0+ (0 1)02)
M 4
. . . . . too i t 2
Recursively unrolling the inequality and using (1 — 7) < e e get the result. O
t=0

Corollary 11. Let the assumptions of Theorem E.1 hold, y = n/n, and

) 1 eun 9 =12 epuM
= 1 . 28
! mm{lﬁLmax (5 5) V0L "V i oo

Then, Q-NASTYA finds a solution with accuracy € > 0 after the following number of communication

rounds:
A Lmax w C* max
1 /n | .
O( . ( + — M ,/ 2+ /)

epM
16me(1+;\;)’ 24w

If v — 0, one can choose n = min { } such that the above complexity bound

improves to

Proof. Theorem E.1 implies
> " 2, 97°nLiax 2 2y, oW o
B oy — 2] < (1= B0) " oo — P + 5T (4 1)+ o) + 852

To estimate the number of communication rounds required to find a solution with accuracy € > 0, we
need to upper bound each term from the right-hand side by /3. Thus, we get additional conditions on

:

9 1% Linax 9 o\ € nw o €
—— 1 <z, 8—(, <3
2 np ((n+ )C* +0*) 3 MMC* 3
and also the upper bound on the number of communication rounds 7'

=0 (5)

Substituting (31) in the previous equation, we get the first part of the result. When v — 0, the proof
follows similar steps. O
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G Missing Proofs for DIANA-NASTYA

Lemma G.1. Under Assumptions 1, 2, 3, the iterates produced by DIANA-NASTYA satisfy

M

1 R . N 1
o |22 3" G — W — )| £ e -l - S () - f)
m=1

1 M n—1

— D i (z,,xt, )

M 2 2Pt (e
m=1 i=0
M n-—1

me %

PP CEE

where h* = V f ().

Proof. Using that Eg [§1,1m] = g1,m and definition of h*, we get

l M
1 R . 1 *
_EQ lM — <gt,m —h , Tt —1‘*>‘| = _Mm 1<gt,m —h , Tt —1‘*>
M n-—-1
= S SV )~ VI ) )
m=1 1=0

Next, three-point identity and L, ,x-smoothness of each function f# imply

M M n—1
1 . 1 ;
~Eg lM m}g‘l (Gt.m — I 21 — m] =~ n;‘l ; (Df,l b @08 ) D ot (002 m) = D o, (xhxt,m))
M n—1
< —Df(l‘t,.r* - Mi Z:: Z:O ::LL x*vxi,m)
M n—1
lme S S oy
m=1 =0
Finally, using p-strong convexity of f, we finish the proof of lemma. O

Lemma G.2. Under Assumptions 1, 2, 3, the iterates produced by DIANA-NASTYA satisfy

2L2 w M n—1
Eo [llg — k7] < L D3 3t = @l + 8L (14 57 ) (F(a) = f(2)
m=1 i=0
4w M
T2 Z [em — T |12
m=1

Proof. Since gy = - M g and E||€ — ¢||? = E||¢ — E€|? + E||EE — ¢||?, we have

2
M
EQ “'gt - h*HZ] = EQ M Z ht m Q (gt m ht m) h* )
T )
= Eo || 57 X (i +Qgtm —hem) = gt]| | + llge = .
m=1
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Next, independence of Q (g¢,m — hem), m € M, Assumption 1, and Ly,ax-smoothness and convex-
ity of each function f! imply

M
. . w N
Eo [I9:—h*I2] < 175 D I9tm = humll® + llge = b*)
m=1
M 2 M
2w 2w
S W - Z me t,m me(l‘t) + W Z ||me($t) — ht7mH2
m=1 m=1
+2|lg: — me)n +2(V () — b
Q(JJ M 2 2w M
< B — Z VI @) = V()| + 172 2 IV () = hem?
m=1 i=0 m=1
1 M 2
i 2 ( Z VIR me<zt>) + 2|V () - 72
2Lr2nax 1 + Mo UJ M
< # DD Mt —wel® + 35 D V() = el
m=1 1=0 m=1

+2|V f(ae) = ||

Using Ly, .x-smoothness and convexity of f,,, we get

2L2 M n-—1 2% M
Ego [”gt — h*HQ] < M7 Z Z ||Ii7m - £Et||2 + e Z IV fin(zt) — ht,mH2
m=1 ¢=0 m=1
+4 maX( ( ) (SU*))
QL?H N M n—1 ) A M
< T T R S A O A
m=1 1=0 m=1
4w 2
+W Z [ht;m = holI” + 4Lmax (f(z1) — f(24))
m=1
2L (L 57) S~ SLWw
< TM Z [} 1y — 2 ]|” + Z Dy, (x4, 24)

m=11

I
=)

M
4w N
"’m Z [Bem = hiall” + 4Lmax (f (z0) = f (@) -
m=1

Lemma G.3. Under Assumptions 1, 2, 3, and o < the iterates produced by DIANA-NASTYA

satisfy

1+’

n—1

M
Z hosrm — 052 < M Znhtm—h*n? MW;I 2 1 — ¢

— =0
+4aLmax (f(zf) - f(:E*)) .

i
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Proof. Taking expectation w.r.t. Q and using Assumption 1, we obtain

1 X 1 M
17 2 B llhesrm =Bl = 57 D Eo [llhem +aQ(gtm = hem) = hiyll?]
= m=1
1 M
< 27 2 (e = B3 1° +20EQ [(Q(gem — heim): hem —

m=1

M
M Z ||Q gt,m — ht,m)Hﬂ

IA
S
M=

(Hht,m - h:n||2 + 20 <gt,’rn - ht,ma ht,m - h:n>)

3
I

214w+ ZHgtm he,ml|®

Using a < 1+w, we get
XM XM
i Y Eo[llhesim —hylP] < 17 2 (e = 1%+ {gem = Pms B + Gem =
m=1 m=1

IA
|-
NE

1

3
I

<

M
«
Bl + 22 S gt — B
m=1

Finally, L,.x-smoothness and convexity of f,,, imply

M
=S Bo [lherim — B3l < ~ B
2
2 M
#3122 (o = Vme) P4 19 ) = 15, )
M
<R D M B Z; Dy, (z0..)
20 L1832 i , ’
+M Z i (V fmm (Tt ) — Vi (zt))
m=1 =0
l-a &
< M Z [ht;m — ha, i1 + 4 Lmaxe (f(20) = f(z4))

n—1

M
2Lmax0( Z th . thH
m=1 i=0

o))

2h7,))

(Iem = B I + @llgem — B lI* = allhem — i, [1?)

O
Theorem G.1. Let Assumptions 1, 2, 3 hold and stepsizes v, 1, « satisfy
«a 1 1
0<y<——, 0<p<min —y,—/—m——~,, a  ——. 29
7= 16Laen "= {m 16 L (1+3;)} o P
Then, for all T' > 0 the iterates produced by DIANA-NASTYA satisfy
9
E[\PT]_(1—%) v, +§7;‘ (02 + (n+ 1)¢2). (30)
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Proof. We have
lzerr —2ull® = llae = nge — @ +nh*||?
= lee = @l* = 2000 — h*, 2 — 20) + 171§ — B[

Taking expectation w.r.t. @ and using Lemma G.1, we obtain

Eo [lzer1 — 2ll?)] = |l — 2.ll? — 2nEq [(§¢ — %, m¢ — 2)] + n°Eq [||g: — 2*||°]
M n-—1
i
< (1= %) e =2l = n(f (o) = fla) ——mzlzgm (s 1)
L " M n-—1
max 7 2 2 ~ * |12
Mn mzz:lz:O 2} o — zell® +0*Eq [l — *II7] -

Next, Lemma G.2 implies

M n—1
Nk 2 i
Eo [larss —l?] < (1= %) lae =l = n(f(w0) = fl@2)) = - - 2 3D (i)
M n—1 212 w M n—1
maxn 277 Lmax (1 + 7) %
S S a2 2 e LIS S S e
m=1 ¢=0 m=1 ¢=0

M
772 <8Lmax (1 + %) (f(xt) - f(l‘*)) + % Z Hht,m - h;z2>
+

< (1= ) fow =l = (1 = 80 (1
w 1 M n-—1
+Lna) (14 20Lmax (14 37) ) 71 mz::l > i - w2
M n-—1 4772w M
7 * |12
TS STD e () e S e — B
m 1::=0 m=1

Using (6) and Lemma G.3, we get

Eg [Vi11]

w
< (U= ) e =P = (1= 8L (14 57) ) (Fla) = Fla))
w 1 M n-—1 )
+Lmaxn (1 + 277Lmax (]— + M)) 7 Z Z ”xft,m - xtHQ
m=1 1=0
277 M n-1 477 w M
_ - D . % By — h* 2
DI ILENNEIMEE S DI
M M n-—1
l—a * 2aL1211 X i
ten® | =57 D0 e = BllP + =52 37 Y h = ell® + 40 Lina (£ () f(a:*))>
m=1 m=1 i=0
i 40\ 1 &
2 2 * |12
< (1 - 7) e — 4] 41 ( (1-a)+ M) Mﬂ; em — hl
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Taking the full expectation, we derive
M
Ny 2 2 4w 1 2
E[¥,,] < (1 - 7) E [z — 2.2 + 7 (c(l —a)+ ) = m§::11@ [Aem — B2 2]

_n (1 — 87 Lmax (1 n %) _ 4ancL) E[f(ze) — f(z,)]

w 1 i
+Lmax77 (1 + 277Lmax (1 + M) + 2anCLmax) Mn z::l Zz_; ]E |‘x1€7m - xt||2] :
Using Lemma F.3, we get

4w\ 1 <
Bl < (1= L) (o wl) 47 (1= @)+ 52) 57 SB[l 1317
m=1

—n (1 — 87 Lmax (1 n %) - 4omchax) E[f(z) — f(z,)]
87712 L2 ) (14 20Lma (14 37 ) + 200Lma ) E[f (1) = f(2.)]

+272nLmaxh (1 + 20 Lax (1 + %) + 2anchax> (o’f +(n+ l)Cf) .

In view of (29), we have
9 M
E[@n] < (1-5)E[le -2+ (1-5) 5 D E[lhem — 1]
m=1

9
+=9*nLmaxn (07 + (n + 1)¢7)

4
+oo
Using definition of Lyapunov function and using »_ (1 — %)t < %, we get the result. 0O
=0
Corollary 12. Let the assumptions of Theorem E.2 hold, v = n/n, a = H%’ and
. o 1 eun 9 o —1/2
=min{ —, , n+1)(; +o . 31
n {Q,U 16 L (1 T gﬁw) YA (( )Cx *) (3D

Then, DIANA-NASTYA finds a solution with accuracy € > 0 after the following number of communi-

cation rounds:
A Lmax max
Ofw+ Z+oifn].
I

If v — 0, one can choose n = min {

5 MW} such that the number of communication

rounds T to find solution with accuracy € > 0 is

5<w—|— LI;aX (1—&-;}))

9 2anax
E[wr]) < (1- %) Wo + 577 ((n+1)¢ +07).
To estimate the number of communication rounds required to find a solution with accuracy € > 0, we
need to upper bound each term from the right-hand side by 5. Thus, we get an additional restriction
on 1

Proof. Theorem E.2 implies

912 Linax
57& ((n +1)g;+a)<5

and also the upper bound on the number of communication rounds T’

r=0(,)

Substituting (31) in the previous equation, we get the first part of the result. When v — 0, the proof
follows similar steps. O
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H Alternative Analysis of Q-NASTYA

In this analysis, we will use additional sequence:

> Vim(zs). (32)
Theorem H.1. Let Assumptions 1, 3, 4 hold. Moreover, we assume that (1 — 'yu)” < 9/1111 /1éc =
C < 1 for some numerical constant C' > 1. Also let B = —n < SC o and v < 1——. Then, for all
T > 0 the iterates produced by Q-NASTYA satisfy
< max l—ﬁ 1-—- ¢+ + B'y 2 (33)
- 10° 2 Tra

w 1
B (lor - ] < (1= 25 ) oo =+ 257208 + 3857 B
where A, = LS Jlar | — 2] and 624 < Liax (C2 + n03/a).

Proof. The update rule for one epoch can be rewritten as

1 m=1 T, — Iz
$t+1:xt_77MZQ<t7m)-
M

yn

Using this, we derive
2

lzt41 — 33*H2 =

.M 2y —a
t,m _
ey () -
M Ty — T
- Y ) — T, — ot Ttm
= ey — . n<xt o3y 20 ("= )>
xt xtm
? e Sof H

Taking conditional expectation w.r.t. the randomness comming from compression, we get

1 M Ty —
E —x? = —x]?r=2 B — E ot Ttm
QllTe+1 — || 21 — .|| 77<It x "M < n

m=1

el

m=

+ ?72EQ

n
Tt— Ty m

Next, we use the definition of quantization operator and independence of @ ( ), m € [M]:

n

1 M Zy— 2
2 2 t,m
Eqllztt1 — zull” < flze — z[” — 21 <$t — Ty, M m§:1 (’Y" >>

71

+772 i—ﬁ/[:
MMm:
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Since 8 = -L, we obtain

M
1 n
Eq i1 — .l < oy — 2.]|* — 28 <xt “Toqr Z (e — ft,m)>

m=1

M
52**2““ ol + B2 MmZ:: — Tim)
M
_||a:t—ac*|| +25<xt—m* Mmzz mtm—xt)>

M
MZ Thm — )
=

1 & 1
xt‘ﬂ”*”(Mzwm—wt)) e 3 el

2

1 M
D S LR
m=1

2 W
+8 Z e = afll”

Using the condition that z,. = ﬁ Z%Zl xy ,, we have:

2

1 X 1
Eqllzert — 2] < |[(1 - B)(z¢ — z4) +5( Z R *m)> W Zl\wt o

=1

Convexity of squared norm and Jensen’s inequality imply

Eqllzees — ool < (1= B)llwe — x.l|* + 8

Next, from Young’s inequality we get

2

w
Eqllwii — zl® < (1 = B)llze — z|® + B ||~ + SBZMth — x|

M

n
E : 'rtm_ *m)
m=1

M M
2 W n no2 2 W 2
+3ﬁ Mﬂmz:: ”xt,m _aj*,m” +36 Mﬁm: Z‘*H .

Theorem 4 from [Mishchenko et al., 2021] gives

M n—1
1 n n n
7 2 ||xt,m—x*,m||2] < (1= )" [loe = @al?] + 202620 | 30— )
m=1 7=0
= ()" e — 2 lP] + 247620
TH
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It leads to
R 1
Ellzess — 22 < (1= B)llae — .| + 8 ((1 )" [l = ] + 2v3a?adw)
w w 1
+ 3ﬁ27”xt - m*”Q + 3527 <(1 - ,yu)n |:||xt - {E*” :| + 2’7 rad’}/ﬂ)

S(l—ﬂ+6(1 W)+ 352 382 (1= )" ) —

M
285 (1+3Bi)+362ii 3 N =l
rad,y‘u M M M *,1M x|
Using (1 —yu)" < 9/11_(:/146, we have
9/10 — 1/c
1y < L2 1C
(I—yp)" < Y=
1 9 1
-y (1+=) <= - =
(1 —p) (+C) 0" C
B A=)+ T 21— <0
10 c C

Next, applying 8 < 17 sc -, we derive

L= B+ B1—yu)" +3B2 + 332 — (1fw)"g1fﬁ

Finally, we have

3 1 1
JEnxm—xﬂs(l— o = . + 267050 (1+ 5

w 1

B
<(1— ||xt—x*||2+ Bv
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I Alternative Analysis of DIANA-NASTYA

Theorem L.1. Let Assumptions 1, 3, 4 hold. Moreover, we assume that (1—~u)™ < 9/113_:/123 =B<1
for some numerical constant B > 1. Also let = ,yln < #ﬁ_‘_l and vy < ﬁ and also o <

Then, for all T > 0 the iterates produced by DIANA-NASTYA satisfy

15} a\ " 2
10 2 pmin(yg, 5)

BY*6rua- (34)
Proof. We start with expanding the square:

@41 — 2]|? = | — nge — 2]

M
1
Ty — UM Z (ht,nb + Q(gt,m - ht,nb)) — Tx

m=1

M
:xt—x*||2—2n< Z htm + Q(gt,m — ht7m))7$t_x*>
m=1

2

M
Z htm+Q gtmfht,m))
m:

Taking the expectation w.r.t. Q, we get

M
1
Eqllzert — zu]* = |z — 2> — 20 <M Y Geams e — fU*>

m=1
2

+ T}QEQ

=[=

M
Z htm+Q gtm ht,m))
m:

M
1
= ||z — 2.l — 29 <M Z Gt,m, Tt 17*>

2 2

+ nQEQ

S

1 M
_ gt
MWLZZI t.m

M
Z htm+Q gtm ht,m) _gt,m)
el 2 LS gz
= t * Mm:1 t,ms Lt *
w < 1 M
2 2, 2
+n e z:: Gt m — hemll” + 1 Mmzzjlgt,m

M
1
< ||$t—$*||2_27]<M E gt,m,wt—$*>
m=1

2

1 M
M Z gt,m

m=1

M
2w
2 2 2 2

m=1
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Next, using definition of g, ,,, we obtain

1 M Ty — X
Ellzess — .| < e — .2 - 2n<M > o m— >

M
2w 2w
721 O Wgtm = Bl + 7225 Z Ftm —

m=1

LM
= |zt — z.|? +2a<M Z (x?m —z), Ty —x*>
o M
313 22 ot = el 415 Znhtm—

2

M
1
Ty — Ty + E :Et m
m:l

2w
2 2
+7IWZ||gt,m— hom|® +n MQZHhtm_

m=1

1 M
(1= B)(w —w) + 5 (M > (@fm —x::,m)>

2w 2w
2 Z ”gtm*h*,m”2+772 Z ||htm7

Let us consider recursion for control variable:
”htJrl,m - h*,m||2 = ||ht,m + aQ(gt,m - ht,m) - h*,m”2

= ”ht,m - h*,mH2 +a <Q(Qt,m - ht,m)v ht,m - h*,m> =+ O‘QHQ(gt,m -

Taking the expectation w.r.t. Q, we have
IEQHhHl m = h* m”2 < Hht,m - h*,mH2 + 2« <gt,m - ht,ma htm@
Using o < —5 we have

IE||ht—|-l,7n - *,m||2 < ||ht,m - h*,mHZ

+ 2« <gt,m - ht,ma ht,m - h*,m> +a ”gt,m -

= [Ihem = o ®

M 2

2: xtm

m=1

B |

e

I?
*,mM

2

Poesm|”

m) + 0 (@ +1) [lgem —

el

+ 2« <gt,m - ht,ma ht,m - h*,m> + o <gt,m - ht,ma 9t,m — ht,m>

= [Ihem = o ®

+o <gt,m - ht,ma gt,m — ht,m + 2ht,m - 2h*,m>

= [htm = amll?
+o <gt,m - ht,’nu gt,m + ht,m - 2h*,m>
= htm = amll?

+a <gt,m - ht,m - h*,m + h*,ma 9t,m + ht,m - 2h*,7n>

= ||ht,m - h*,m||2
+ a <gt,m - h*,m - (ht,m - h*,m)y (gt,m -

h*,m) + (ht,m - h*,m»

= 1t m = hemll* + @llgem = heml|* = @llem = hom]®

= (1= )lhem = heml® + allgem — hamll.
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Using this bound we get that

M M
1
MZEQHht+1,m_h*mH2 (I—a)— Z [tm — *mH2 Z llgt,m — *m”2
m=1

m=1
Let us consider Lyapunov function:

dwn? 1 M
‘1’t=|\$t—x*ll2+7*2 hm = T |-

Using previous bounds and Theorem 4 from [Mishchenko et al., 2021] we have

" 1
W1 < (1— B)lles — a2+ 8 ((1 W) Elle; - 22 44 wafad)

2w M 2w 1 M
MMWZ: Bl = hoonl + 0757 37 3 Bl — e
M

M
77 2 4(.4.}77 1 2
+(1— —M z:: 1B = Bemll? + a2 22 D " Ellgim = humll

m=1
M

don® 1 & 6w 1
< 1—7) Ehm— *m2 2 E m_h*m2
<(1-3 37 2 Bl #4757 37 2 Bl = bl

1
L (1= B[ — a2 + 8 ((1 W) Elles - 22 44 wofad)

Let us consider

M n 2

9o 1 . 2_y = _ T em
n M;E”gt,m h*,mH = z:: yn
M T 2]- a x?m_x:}m ?
= mz e I e
M 2
Z e — ]2 +252 ZEH%m* 22 |
n=1 m=1

1 M
< 2B°E o — aul* +26° 17 D Ella — ol

m=1

Putting all the terms together and using (1 — yu)" < 9/1111/123 B<1,8< 5= We have
M
Wi < (1- B+ 122267 + 1227621 — )" + B(1 — )" ) Ellz — |2 + 87" ? 6%

6w 5 1 4wn?
9522W 3 L 52 (177) E||htm — h *mz
+ 6 i rad+ D) Z H t ||

8 2 don? 1 &
< (1= 55 Bl - nlP + 2ove2 4 (1= 5) ¥ 3 Ellan el

g
gmax<1—10 2 U, + ﬁfy 524
Unrolling this recursion we get the final result. O
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Algorithm 5 Q-NASTYA-PP

Input: z( — starting point, v > 0 — local stepsize, n > 0 — global stepsize
1: fort=0,1,..., 7 —1do

2:  Sample a cohort S; with cardinality C' uniformly
3:  for m € S; in parallel do
4: Receive z; from the server and set xto’m =24
5: Sample random permutation of [n]: 7, = (70,,..., 7% 1)
6: fori=0,1,...,n—1do
7 Set i}, = af =YV foi" (a7 1)
8: end for
9: Compute g; , = Win (:ct — xfm) and send Q;(g¢ ) to the server
10:  end for

11:  Compute g; = & > ,.cq, Q(gr.m)

12:  Compute z;41 = x4 — ng; and send ;41 to the workers
13: end for

Output: zp

J Partial Participation for Method with Local Steps

J.1 Analysis of Q-NASTYA with Partial Participation

Lemma J.1. Let Assumptions 1, 2, 3 hold. Then, for allt > O the iterates produced by Q-NASTYA-PP
(Algorithm 5) satisfy

n—1

212, (1 M .
EQ,St |:||gtH2} < % Z Z Hx;,m - xt||2 + 8Lrnax (1 + %) (f (xt) - f ((E*))
m =0

n :
=1 1=
M-C 9
+4(C+CmaxM1 1)

where Eq s, is expectation w.rt. Q, S, and 02 = - fo:l [V fm (%)%

Proof. E[[I€]*] = E[ll¢ — E[¢]]I*] + |IE€||*, we obtain

Eo [lg:1°]
n-l i . n-l i ) n-l i ) ?
=Eq [ D> (Q <711 SV (xtm)> -y (x;m)> t e 3 SV (vh) ]
meSt 1=0 =0 meSy 1=0
anEall 3 ( (i S v (m:,m)> - %fwﬁn (i) 171
meSy 1=0 i=0

=Em
2

& X S (sin)
meS; i=0

n—1 2
1 .
:C2 ]EQ § ||£'m”2 + g <£rn7'£l E E me (xim)
meSy m,LES . m£1 mESt i=0
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Using independence between &, and §; for different m, [ and Using (2), (3), we get

Eo o] =5 Y Eo H ( Zwm ,m>>—ij§_§wﬁ" (% m) 2

meSt

2

1 n—1 i ;
a Z vamm (xt,m)
meSy 1=0
<oz 2

2

1 n—1 i :
n Z vamm (Fm)

meS: 1=0

2
Z vfm ,m)
meS, i=0

n—1
Rewriting previous inequality and using V f,, (z Z v fm (x¢), we have
=0
2w 132 (ot
Eo [lonl] <z 2 ||5 2 (Vo (ahm) = VA" (@0 ) > IV ()
meSt =0 mGSt
’ 1
Z (Vf " ‘ vf " ('Tt ) 6 Z vfm ('rt)
meSt i=0 meS

2(1+2) :
375
Y

jjé (Vs (@) = Vi (@0)

2
Z vfm mt

mESf

Z IV fon ()| + 2

mESf

Using L-smoothness of f ¢ and f and also convexity of f,,, we obtain

o [la?] <2058 S 5 ot at,) - v )|

meS; 1=0
4,
—‘;’ NNV fon (@) = Vi (@)
meESy
1 2
Z IV fm (2*)]” + 4 o > (Vi (@) = Vim (&%)
mES, meS,
2
Z V fm (2
mGSt
212 Liax (14 %)
S% DI L (I
meSy 1=0 meSy
2
Z IV fn ()| + 4 Z Vo (z
mGSt mGSt

Taking expectation w.r.t. S; and using uniform sampling, we receive
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2L 1+
2 max 2
Eo.s. [llgtl’] S%Est S S et o ]
mES, =0
+ 8Lmax ( ) ]Est Z Dfm T, T ]
mESt

2

Z IV fm (%))

+m&H > Vi (@)

mGSt meSt
2Lmax w ]\/[ — . max W
S Z > Mzt - :th Z Dy, (x4, x
m=1 =0
dw 1 & M-C )
+ffZHme W+ 4o 11 an(x)
7T m=1

Theorem J.1. Let step sizes 1,y satisfy the following equations

1 o
7 BnLomax

Under the Assumptions 1, 2, 3 iterates of Q-NASTYA-PP (Algorithm 5) satisfy

T 97 nlL
E|: _ *2:|<(1_M) _ 2 max
for =] < (1= )" o — o) 00 (L

2

+8 woa M-C 2
c’ Cmax(M —1,1) * )’

ﬁﬁ:

+ no? )

where

M 1 ; 2
Z IV Fm @O 0fm =~ [V (@)

M-C : :
Cmax(M =11 that arises due to client

sampling in the partial participation setting. Note that when C' = M (all clients are participating),
this error term vanishes, allowing us to recover the previous result for the full participation case. This
shows the consistency of our theoretical framework across different participation scenarios.

As we can see, there is an additional error term proportional to
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Proof.
Taking expectation w.r.t. Q,.S; and using Lemma J.1 updated, we get

Eg s, [||th+1 - l‘*|2]

=llae — 2| = 20Bq.s, [{ge, e —2*)] +1*Eqs, [[|9]’]

n-l i )
(15 o (15 0 ) o)
meSy 1=

n—1

<|lze — 2*||* - 2nEq.s,

2772Lmax M *
+ E) S S ot = 1l S L (1) (F ()~ £ )

m=1 ¢=0

+ w+M_0 :
" C CmaxM—1,1 T

1 M n—1 . )
<oy — 2% - QWm Z Z (VIR (h ) 20 —2%)
m=1 i=0
2P L2 1+ %) LR,
D D) S e Y (1+5) (F @) —F @)

Mn g

134

4 4n? W+M—_C 2
T\c CmaxM —1,1 T

3
I

Using Lemma F.2, we obtain
Eos, [loer —a*|’]

Sllxﬁx*IIQ*—llr — 2P = (f (&) - f (=)
M n—1

+ 87 L (1 + g) (F o) = £ @)+ 2 57 S =

m=1 i=0

2Lr2nax = i M C 2
ZZH% [ + a? (O+C’rrlzao<]\411>

(1 _ 7) ;- 2 ||2 _q ( — 87 Lnax (1 + %)) (f (z2) — f (%))

n—1

NLmax (14 20 Lmax (1 4+ 2)) &
+ a; M a C Z

w2 (¢ n M-C 2
T\C T Cmax M — 1,1 T
Using Lemma F.3, we have

Eos, [zt —a*P] < (1= 5°) lar = I =0 (1 =802 (1+ %)) (/ (@) — £ (@)
+ MLmax (14 20 Lo (1 )) - 870 Lo (f (@) = f (&)
)

1 M
) . 27271 <M Z af,m + naf)

m=1

th m “Tt

m=1 i=0

Qle Q\E

+ 7L max (1 + 27 Lanax (1 +

pap (L MO :

— | o},

TA\C T Cmax M — 1,1) °*
Finally, we receive
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Eos. [lwes1 — oI’

n,u) o2 9 (W M-C 9
<(1- " |z, - ey ——=
—( p ) lwe ="+ dn (C+CmaxM—1,1>a*

- (1 — 89 Lumax (1 + %) —8y*n%I2,, (1 + 2L max) (1 + %))) (f (x) = f (%))

M
w 1
4 29200 Lo (1 oL (1 n 5)) (M Zlaf,m n naf)

nu) o2 9 (W M-C 9
<(1-"1F - am (2 2=
—( y ) lwe ="+ 4n (C+C’maxM1,1>U*

9 1
+ ZULmaXWQTL <M mZ;l o7+ naf)

Recursively rewriting the inequality and using 2;08 (1 — %)t < % we finish proof.
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Algorithm 6 DIANA-NASTYA-PP

Input: x( — starting point, ~{iz()7m}f¥f:1 — initial shift-vectors, v > 0 — local stepsize, n > 0 — global
stepsize, o > 0 — stepsize for learning the shifts
fort=0,1,...,7 —1do
Sample a cohort Sy with cardinality C' uniformly
for m € S; in parallel do
Receive z; from the server and set x?ﬁm =

1:
2
3
4
5: Sample random permutation of [n]: ., = (7
6
7
8

Ol
fori=0,1,...,n—1do
Setayty = @i, — YV fr (4] ,)
: end for

9: Compute g¢ ,, = ,%n (xt — J:?m) and send Q¢ (g¢,m — ht,m) to the server
10: Set i}t-{—l,m = ht,m + a9, (gt,m - ht,m)
11: Set gt,m = ht,m + Qt (gt,m - ht,m)
12:  end for
130 M1 =4 Yomes, Mrtm = he + &> cs, Qi (Gtm — him)

14: gt = % Zmesagt,m = ht + % Emest Qt (gt,m - ht,’m)
15: Ti41 = Tt — NGt

16: end for

Output: zp

J.2  Analysis of DIANA-NASTYA with Partial Participation

Theorem J.2. Let step sizes 1),y satisfy the following equations

. 1 C 1
= min , , =
! 80Lmax (L+ 2) (LT @)M )7 77 Bl
Define the Lyapunov function:
a4 M
Uy = ||z — 2*||* + i D e = bl
m=1

where A = Mn?. Selecting parameters @ = A= %,7 = m, also using n <

1 .
14w’

mi L ] Under the Assumptions 1, 2, 3 iterates of DIANA-NASTYA-PP (Algo-

n c
1(1+w0)M? 80 Lmax (144
rithm 6) satisfy

M
. 3y2n2r2, [ 1 2 2 (M -C)
E[W.] < (1 _ 7) E [ 27" Hmax .
(Ur] < 9 [Wo] + Z Tsom T 105 |+ wC max(1, M — 1)0*

Note that we eliminate the variance term proportional to w : 8% %af. In the Partial Participation

regime, we have a variance term proportional to %, which equals zero if C' = M. This
term decreases as O (é) , so we achieve the expected linear speedup.
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Proof. STEP 1: we need to estimate inner product. By g; = % Y ome s, 9t,m» wWe have

ezt

m=1
1 M
= 37 Z <gt,m7xt - x*>
M m=1
1 M
=== D (9tm =y, z — %)
M m=1
H "
< = g e =277 = 5 (f (2e) = f (27))
1 M n—1
m ZD im fE .'I:t m)
m=1 i=0 "
M n—1
Lmax
* 5Mn Z [E mH
m=1 i=0
A 12 ~
STEP 2: We need to bound E ||g:||” . By §: = Z Gt.m» We have
mGSt
2
.2 1
Eo [Hgt” } =Eg tel Z (htm + Q(9t.m — Btm) — Gtom + Gm)
meESt
- ) ) 1 )
=Eqg C Z (ht,m +Q (gt,m - ht,m) - gt,m) C Z gt,m
meS meS
1
:EZEQ[”htm_FQ(gtm htm||:| thm
meS mESt
2
w 2 1
S@ Z ||gt,m —ht,m” + 6 Z gt,m
meSy mESt
2w
<z 2 gtm =V (@)]* + Z IV fon () — Rl
meS mESt
2 2
! > me|l +2)|4 > w
C gt,m m C m
meSy meS;

Taking expectation by subsamling, we have
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M

M
~ 2w 1 20 1
Bo.s. [19°] <2 72 3 lgtm = Vim @l + a3 1V (@) = bl
m=1 m=1
M M
2 2(M - 0C) 2
s m - h*
+]\42”'%’ H (M—l)MZ” m”
m=1 m=1
M M
2w 1 2w 1
SEM ] ”gt,m - me (It)H + 6 2 Hme (It) — hth2

M
4 M M
+ 37 2 Ngem = Vo @I” + 37 D2 NV fon () = i,
m=1

C’
M Znh
M n—1

M
<4( &) ’““"ZZH% ol + MZHme(a:t) il

m=1 ¢=0

=

M
Lumax 2(M — C)
E D i —— E h
fm zta +C(M—1)M ] H mH

M o] 2w 1
- ( ) max Z Z ||xtm xt“ + ~ s Z ||Vf7n It ht,m”2

m=1 1=0
M
+ 8L (£ (20) = 1 () + G147 PNAY

Thus, we have

Eos, [loes —a"|?] < (1= 50) ae = a*I* = (1 = 4Lmaxn) (F (@1) = £ (27)

M n—-1
41 (144 (14 2) L) 77 3 3 o = ]
m=1 i=0
w1 -
= Y IV (@) = el + MZHh

C

m:l

STEP 3: Note that

2

M
1 e C1 e M—C 1
i > N berim = Bll* = UC > hesrm — B P+ W M —C > Mhegrm —
m=1 meSy m¢gS,

Taking expectation by compression, we have
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Eo =Eo

1
c Z [ht,m + @Q (gt,m — htm) — h;%|2‘|

meSy

1
° > hts1,m — |

meS;

1
= = 2 (e = il + 20 (Gt = Beams han = By} + 02 (1 +) gt = hem)

meSy
a<ll/14w 1 .12 N 9
< 5 2 (It = iall® + 20 (gham = oo bt = b + gt = o)
meSy
l-«a «a
=T Z 1hem = 5l + C Z gt.m = he.mll” -
meS, meS

Taking expectation by subsampling, we have

11—« * « *
< Est, C Z ||ht7m - hm||2 + 6 Z Hgt,m - hm||2

meSt meSy

11—« M a M

- 2 2

= 5D Wt = P 22 D gt — Bl
m=1 m=1

1 *
5 Z Hht+1,m*hm”2

meSy

Eo s,

Thus, we have

1 M * 12 (1 — Oé)C M % 112 aC M * 112
EStaQt M Z ||ht+1,m - hmH = M2 Z ||ht7m - hm” + M2 Z ||gt,m - hmH
m=1 m=1 m=1

— 1 . 2
+ M EStaQt M _ C Ees ||ht’m - h’m”
meog

M M
(1-a)C 2 aC 2
=Tz Z [hem — holl” + el Z gt,m — h, I
m=1 m=1

M
M-C1
+ Y i — hi I

m=1
AN
<(1-57) 37 2 Mhum — P
m=1
2alz,..C M o] i 2
L€ §° 5 foh = e
m=11=0
ALpaxaC o
Mza Z Dy,, (4, 27)
m=1

STEP 4: Defining Lyapunov function as follows

A M
Uy = [l — 2| + i DI [yl o
m=1
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we have

Eo.s, [We1] < (1= 5°) ae = a*|* = 1 (1 = 4Lumaxn) (f (1) = f (27)

M n—1
+77Lmax (1+4(1+%) maxn) Mn Z Z Hztm xt”
m=1 ¢=0
2 C)
T Mmzlnwm (@)~ honll? +2”(A<j”12||h;n

c A ZM .
2 L AC = 4Lmax AC *
n M E E [ — o) + S (f () — £ (7).

m=1 i=0

Setting A = An? and using Lemma F.3, we have

B W] < (1 ) E o - o] + (1—w+4“’>§w’72iﬁ[ht,m ]

7 (1 — 80 Lmax (14 5) = 4anaxaAAC;) E[f (2) ~ f (2)

#8920 (14 A0 (1 2) + 20T B (20 = £ 0°)
w 1 &
+o92n?L2 g (1+4anaX (1+6>+277Lmaxa>\ ><Mmz:10 )
n*(M - C) o2
C(M-1) °~
Selecting o = H%w; A = f—;’/[; n < m,alsousingn = m, ——

= lex and applying previous steps we obtain

M
1 22(M - C
s (o ) iw s (4 3 ) 2O

m=1

~ (5 - 107 L) B ) = £ ()

M 2
B M 2 2,92 i 2 2 M 2
(]. 9 ) E [\Ijk] + 37 n Lmaxn (M nlz::lo-*’m + ’I’LO'*> + O(M — 1) 7
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We clearly outline our contributions in the abstract and introduction, and we
also include a dedicated Contributions section.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We clearly highlight all assumptions and limitations in the text.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: The main contribution of the paper is its theoretical analysis. We support the
paper with necessary definitions, assumptions, and lemmas.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper is supported by reproducible experiments, with all stochastic ele-
ments from pseudo-random generators fixed in advance. For details, see the supplementary
materials.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We aim to make the paper and all source code for experiments open-sourced
to accelerate scientific findings in the field of Federated Learning and Machine Learning in
general. For details, see the supplementary materials.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide detailed guidelines for experiments setup in Appendix and in the
folder with experiment source code. For details, see the supplementary materials.

Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We provide detailed guidelines for experiments setup in Appendix and in the
folder with experiment source code. For details, see the supplementary materials.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: The paper provides information on the computer resources in Appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Our research focuses on mathematical objects and does not involve human
subjects or participants. The data used for our experiments consists of publicly available
datasets. Our work does not explicitly address or examine the social implications of applying
this research in practice.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: Our work operates on mathematical objects, and the essence of our work
provides a new optimization algorithm. Because of theoretical nature of our work the impact
discussion is not applied.
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Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our paper provides an optimization algorithm with the required theory. The
data or models are not output assets of our work.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We provide references for used datasets and deep learning models used in
experiments.

Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

81



13.

14.

15.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: The output assets of our paper is Algorithm and Source code for experiments.
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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