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Abstract

It is well understood that client-master communication can be a primary bottleneck
in Federated Learning. In this work, we address this issue with a novel client sub-
sampling scheme, where we restrict the number of clients allowed to communicate
their updates back to the master node. In each communication round, all partici-
pated clients compute their updates, but only the ones with “important” updates
communicate back to the master. We show that importance can be measured using
only the norm of the update and give a formula for optimal client participation.
This formula minimizes the distance between the full update, where all clients
participate, and our limited update, where the number of participating clients is
restricted. In addition, we provide a simple algorithm that approximates the optimal
formula for client participation which only requires secure aggregation and thus
does not compromise client privacy. We show both theoretically and empirically
that our approach leads to superior performance for Distributed SGD (DSGD) and
Federated Averaging (FedAvg) compared to the baseline where participating clients
are sampled uniformly. Our approach is orthogonal to and compatible with ex-
isting methods for reducing communication overhead, such as local methods and
communication compression methods.

1 Introduction

We consider the standard cross-device Federated Learning (FL) setting [[13l], where the objective is of
the form

n
min [f(fv) . g wzfxx)] 7 (1)
where z € R4 represents the parameters of a statistical model we aim to find, n is the total number of
clients, f;: R? — R is a continuously differentiable local loss function which depends on the data D;
owned by client i via f; = E¢op, [f(x,§)], and w; > 0 are client weights such that > ; w; = 1.
We assume the classical FL setup in which a central master (server) orchestrates the training by
securely aggregating updates from clients without seeing the raw data.

1.1 Communication as the Bottleneck

It is well understood that cost of communication can be the primary bottleneck in Federated Learning.
Indeed, wireless links and other end-user internet connections typically operate at lower rates than
intra-datacenter or inter-datacenter links and can be potentially expensive and unreliable. Moreover,
the capacity of the aggregating master and other FL system considerations impose direct or indirect
constrains on the number of clients that are allowed to participate in each communication round.
These considerations have led to significant interest in reducing the communication bandwidth of FL
systems.
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1.1.1 Local Methods

One of the most popular strategies is to reduce the frequency of communication and put more
emphasis on computation. This is usually achieved by asking the devices to perform multiple local
steps before communicating their updates. A prototype method in this category is the Federated
Averaging (FedAvg) algorithm [23]]. The original work was a heuristic, offering no theoretical
guarantees, which motivated the community to try to understand the method and various existing and
new variants theoretically [35} 21} 15,137, [17, 9].

1.1.2 Communication Compression

Another popular approach is to reduce the size of the object (typically gradients) communicated from
clients to the master. These techniques are usually referred to as gradient/communication compression.
In this approach, instead of transmitting the full-dimensional gradient/update vector g € R?, one
transmits a compressed vector C(g), where C : R? — R? is a (possibly random) operator chosen
such that C(g) can be represented using fewer bits, for instance by using limited bit representation
(quantization) or by enforcing sparsity (sparsification). A particularly popular class of quantization
operators is based on random dithering 7, 30]; see [1,41}42} 28]]. A new variant of random dithering
developed in [10] offers an exponential improvement on standard dithering. Sparse vectors can be
obtained by random sparsification techniques that randomly mask the input vectors and preserve a
constant number of coordinates only [40} 18, 36} 24, [39]. There is also a line of work [10, 3] where a
combination of sparsification and quantization was proposed to obtain a more aggressive combined
effect.

1.2 Related Work

Importance sampling methods for optimization have been studied extensively in the last few years in
several contexts, including convex optimization and deep learning. LASVM developed in [3], which is
an online algorithm that uses importance sampling to train kernelized support vector machines. The
first importance sampling for randomized coordinate descent methods was proposed in a seminal
paper in [26]. It was showed in [29] that the proposed sampling is optimal. Later, several extensions
and improvements followed [33} 1201 16} 27, 12 38]]. Another branch of work studies sample complexity.
In [25) 43]], the authors make a connection with the variance of the gradient estimates of SGD and
show that the optimal sampling distribution is proportional to the per-sample gradient norm. In terms
of computation, obtaining this distribution is as hard as the computation of the full gradient, thus
it is not practical. For simpler problems, one can sample proportionally to the norms of the inputs,
which can be linked to the Lipschitz constants of the per-sample loss function for linear and logistic
regression. For instance, it was shown in [[11] that static optimal sampling can be constructed even
for mini-batches and the probability is proportional to these Lipschitz constants under the assumption
that these constants of the per-sample loss function are known. Unfortunately, importance measures
such as smoothness of the gradient are often hard to compute/estimate for more complicated models
such as those arising in deep learning, where most of the importance sampling schemes are based
on heuristics. A manually designed sampling scheme was proposed in [4]]. It was inspired by the
perceived way that human children learn; in practice, they provide the network with examples of
increasing difficulty in an arbitrary manner. In a diametrically opposite approach, it is common for
deep embedding learning to sample hard examples because of the plethora of easy non-informative
ones [32] 34]. Other approaches use a history of losses for previously seen samples to create the
sampling distribution and sample either proportionally to the loss or based on the loss ranking [31}122].
In [[16], the authors propose to sample based on the gradient norm of a small uniformly sampled
subset of samples.

In our work, we avoid all the aforementioned problems as our motivation is not to reduce computation,
which is not the main bottleneck of Federated Learning, but to use importance sampling to decrease
the number of bits communicated. This, as we show in Section [2] allows us to construct optimal
adaptive sampling; that is, we do not need to rely on any heuristics, historical losses, or partial
information.
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1.3 Contributions

In this work, we propose a new approach to addressing the communication bandwidth issues appearing
in FL. Our approach is based on the observation that in the situation where partial participation
is desired and a budget on the number of participating clients is applied, careful selection of the
participating clients can lead to better communication complexity, and hence faster training. In other
words, we claim that in any given communication round, some clients will have “more informative”
updates than others and that the training procedure will benefit from capitalizing on this fact by
ignoring some of the worthless updates.

In particular, we propose a principled optimal client sampling scheme capable of identifying the most
informative clients in any given communication round. Our scheme works by minimizing the variance
of the stochastic gradient produced by the partial participation procedure, which then translates to
a probable reduction in the number of communication rounds. To the best of our knowledge, this
approach was not considered before. Moreover, our proposal is orthogonal to and hence combinable
with existing approaches to communication reduction such as communication compression or local
updates (Section 3.2)).

Our contributions can be summarized as follows:

* we propose a novel adaptive partial participation strategy for reducing communication in
FL that works by a careful selection of the clients that are allowed to communicate their
updates to the master node in any given communication round;

e our adaptive client sampling procedure is optimal in the sense that it minimizes the variance
of the master update;

* we propose an approximation to our optimal adaptive sampling strategy which only requires
aggregation, thus allows for secure aggregation and stateless clients;

» we show theoretically that our approach allows for larger learning rates for Distributed SGD
and FedAvg algorithms than the baseline which performs uniform client sampling, and as a
result leads to better communication complexity.

» we show empirically that the performance of our approach is superior to uniform sampling
and is close to full participation.

2 Smart Client Sampling for Reducing Communication

We now describe our client sampling strategy for reducing the communication bottleneck in Federated
Learning. Each client i participating in round k& computes an update vector U¥ € R9. For simplicity
and ease of exposition, we assume that all clients ¢ € [n] := {1,2,...,n} are available in each round.
However, we would like to point out that this is not a limiting factor, and all presented theory can be
easily extended to the case of partial participation with an arbitrary distribution. In our framework,
only a subset of clients communicates their updates to the master node in each communication round
in order to reduce the number of transmitted bits.

In order to provide analysis in this framework, we consider a general partial participation frame-
work [[12], where we assume that the subset of participating clients is determined by an arbitrary
random set-valued mapping S (a “sampling”) with values in 2"/, A sampling S is uniquely defined
by assigning probabilities to all 2" subsets of [r]. With each sampling S we associate a probability
matrix P € R™"*" defined by P;; := Prob({i,j} C S). The probability vector associated with S is
the vector composed of the diagonal entries of P: p = (p1,...,p,) € R™, where p; := Prob(i € S).
We say that S is proper if p; > 0 for all i. It is easy to show that b := E [|S|] = Trace (P) = Y., p;,
and hence b can be seen as the expected number of clients participating in each communication round.
Given parameters p1, ..., p, € [0, 1], consider a random set S C [n] generated as follows: for each
i € [n], we include i in S with probability p;. This is called independent sampling, since the event
¢ € Sis independent of j € S for any 7 # j.

While our client sampling strategy can be adapted to essentially any underlying learning method, we
give details here for DSGD:

=gk — nka, GF = Z %Uf, 2)
jesk Pi
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where S* ~ §* and U} = g is an unbiased estimator of V f;(z"). The scaling factor _: is necessary

in order to obtain an unbiased estimator of the true update, i.e., Egx [Gk} = Z;;l w; Uk

2.1 Optimal Client Sampling

We start with a simple observation that the variance of our gradient estimator G* can be decomposed
as

2 2

> wiUf = V(")

i=1

B[|G" - vs@h)] =E HGkiwiUf +E
i=1

Note that the second term on the right-hand side is independent of the sampling procedure and
the first term is zero if every client sends its update (i.e., if p¥ = 1 for all 7). In order to provide
meaningful results, we restrict the expected number of clients to communicate in each round by
bounding b* = Z?:l p¥ by some positive integer m < n. This raises the following question: What
is the sampling procedure that minimizes (@) for any given m? We answer this question using the
following technical lemma:

Lemma 1. Let (1, Cz, ...,y be vectors in RY and wq,ws, . . ., w, be non-negative real numbers
such that 22;1 w; = 1. Define == 22;1 w;C;. Let S be a proper sampling. If v € R"™ is such that

P _ppT j Diag(plvlap2/027"'7pn/U’rL)7 (3)
then
¢ ]«
wiG oz v 2
B =< | <D wi—IlGl*, e
ies Pi -1 D

where the expectation is taken over S. Whenever (3) holds, it must be the case that v; > 1 — p;.

It turns out that given probabilities {p; }, among all samplings S satisfying p; = Prob(i € S), the
independent sampling minimizes the left-hand side of (). This is due to two nice properties: a) any
independent sampling admits optimal choice of v, i.e., v; = 1 — p; for all 7, and b) for independent
sampling (@) holds as equality. In the context of our method, these properties can be written as

2 n

1—pk
Swi— ||Uf||2] - 5)

=1 P;

E| =L

Gk — zn: ’LUZ[IiC
i=1

It now only remains to find the parameters {p¥} defining the optimal independent sampling, i.e., one
n

that minimizes (3)) subject to the constraints 0 < pf < 1and bk = 21:1 pf < m. It turns out that
this problem has the following closed-form solution:

Uk
m41—n)y—lZL i g ak,
p; = §'=1|U(kj>

1 ifi € A%,

(6)

where UF := w;U¥, and Hﬁ(kj) H is the j-th largest value in {HUZ’“

} ,  is the largest integer for

=1

l k
which0<m+1—n< m (note that this inequality at least holds for | = n —m + 1), and
0)

A¥ contains indices 7 such that HUZk H > H U (13 +1) H We summarize this procedure in Algorithm

[0
Tk

2.2 Secure Aggregation

. . o Uf .

Note that in the case [ = n, the optimal probabilities p¥ = mZ”Hihg’“H can be computed easily: the
j=1 J

master aggregates the norm of each update and then sends the sum back to the clients. However, if

l < n, in order to compute optimal probabilities, the master would need to identify the norm of every
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Algorithm 1 Optimal Client Sampling (0CS).

1: Input: expected batch size m
each client i computes a local update U¥ (in parallel)
each client i sends the norm of its update u} = w; ||U¥|| to the master (in parallel)
master computes optimal probabilities p} using equation (6)
master broadcasts pf to all clients

each client ¢ sends its update %Uf to the master with probability p¥ (in parallel)

ANRAN I

update and perform partial sorting, which can be computationally expensive and also slightly violates
the privacy requirements of clients in FL.

Therefore, we develop an algorithm for approximately solving the problem, which only requires to

perform aggregation at the master node without compromising privacy of any client. The construction

. . L _ Uk s .

of this algorithm is similar to [40]. We first set p¥ = ZT|7||U’~|| and p¥ = min{p¥, 1}. In an ideal

g=111Y

situation, this would be sufficient. However, due to the truncation operation, the expected minibatch

k

size bF =30 ph <> Zmig'ng = m can be strictly less than m if p¥ > 1 holds true for at

i=1119;

least one 7. Hence, we employ an iterative procedure to fix this gap by rescaling the probabilities

which are smaller than 1, as summarized in Algorithm 2] This algorithm is much easier to implement

and computationally more efficient on parallel computing architectures. In addition, it only requires a

secure aggregation procedure on the master, which is essential in privacy preserving FL, and thus it is

compatible with existing FL software and hardware. We realize that Algorithm[2]brings some extra

communication costs, but this is not an issue as it only requires to communicate O(jmayx) extra floats
for each client. We pick jmax = O(1), and thus it is negligible for large models of size d.

Remark 1. We realize that our algorithm requires two communication rounds per optimization round,

but the first round is negligible due to the minimal number of communicated bits as argued above.

3 Convergence Guarantees

In this section, we provide convergence analysis of DSGD and FedAvg with our optimal client sampling
technique and compare it with full participation and independent uniform sampling of m clients.
We use standard assumptions [[14] and assume throughout that f has a unique minimizer x* with
f* = f(z*) > —oo. We further assume that f is u-strongly convex and f;’s are L-smooth and
convex. Detailed definitions of convexity and smoothness can be found in the Appendix. Note that
nothing prevents us from extending the results in this section to convex and non-convex cases with a
similar standard analysis, since our proposed method only affects the aggregation step as described in
Section 2] which is independent of the strong convexity assumption.

Assumption 1 (Gradient oracle for DSGD). The stochastic gradient estimator g¥ = V f;(2*) + &F of

the local gradient V f;(x*), for each round k and all i = 1,.. . n, satisfies
E[g]=0 (7)
and ) )
B([l¢F]* I2f] < M|V i(@")|* + 0%, for some M > . 8)
This further implies that E [2 37" | gF | %] = V f(a*).

Assumption 2 (Gradient oracle for FedAvg). The stochastic gradient estimator gl(yf,) =

Vfi(yz’fr) + fz’fr of the local gradient Vfi(yz’fT), for each round k, each local stepr = 0,..., R and
alli =1,...,n, satisfies
E [gzk,r] =0 9
and
E [Hffrw |yfr} <M HV]‘}(yfT)H2 + 02, forsome M > 0, (10)

where yfﬁo = z¥ and yf’r = yf’rfl - mgi(yﬁr), r=1,---,R.
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Algorithm 2 Approximate Optimal Client Sampling (AOCS).

[

Input: expected batch size m, maximum number of iteration jy,ax

2: each client i computes an update U (in parallel)
3: each client i sends the norm of its update u} = w; ||U¥|| to the master (in parallel)
4: master aggregates u® = >°7" | uk
5: master broadcasts u* to all clients
6: each client i computes p¥ = min{ %, 1} (in parallel)
T7:forj =1, jmaes do
8: eachclient i sends t¥ = (1, pF) to the master if p} < 1; else sends t¥ = (0,0) (in parallel)
9:  master aggregates (I*, P¥) =31  ¢F
10:  master computes C* = Wifﬁ)
11:  master broadcasts C* to all clients
12:  each client i recalibrates p¥ = min{C*p¥, 1} if p¥ < 1 (in parallel)
13:  if C* < 1 then
14: break
15:  end if
16: end for

17: each clients 7 sends its update %Uf to master with probability p¥ (in parallel)

We also define two quantities, which appear in our convergence guarantees:
Ry = fi(z*) = fF, % =ak -z (11)

where f; is the functional value of f; at its optimum. R; represents the mismatch between the local
and global minimizer, and r* captures the distance of the current point to the minimizer of f.

Equipped with these assumptions, we are ready to proceed with our convergence guarantees. We start
with the definition of the improvement factor
1

2:| ’
where S* ~ S* with p¥ defined in (@) and U* ~ U is an independent uniform sampling with
pY = m/n. By construction, o* is less than or equal to one, as S* minimizes the variance term. In
addition, o* can reach zero in the case where there are at most m non-zero updates. If ok =0,
our method performs as if all updates were communicated. In the worst-case o = 1, our method
performs as if we picked m updates uniformly at random, and one cannot do better due to the
structure of the updates U¥. In the following subsections, we analyze specific methods for solving the

optimization problem (T)) under the aforementioned assumptions. The proofs and detailed description
are deferred to the Appendix.

E Ulzz‘esk Zk UuF -y w,UF
k i
« =

(12)

B[S U8 - Sy wiUk

Fairness. Based on our sampling strategy, it might be tempting to assume that the obtained solution
could exhibit fairness issues. In our convergence analysis, we show that this is not the case, as our
proposed methods converge to the optimal solution. Hence, as long as the original objective has no
inherent issue with fairness, our methods do not exhibit any fairness issues. Besides, our algorithm
can be used in conjunction with other “more fair” objectives, e.g., tilted ERM [19].

3.1 Distributed SGD with Optimal Client Sampling

We begin with the convergence analysis for DSGD (see (2)) with optimal client sampling.
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Algorithm 3 FedAvg with Optimal Client Sampling.

1: Input: initial global model 2!, global and local step-sizes n’g“, ny
2: foreachround k =1,..., K do

3:  master broadcasts z* to all clients i € [n]

4:  for each client i € [n] (in parallel) do

5: initialize local model y¥, < x*

6: forr=1,...,Rdo

7: compute mini-batch gradient g; (y7, ;)

8: update y; = yf, 1 — nfgi(yl, 1)

9: end for

10: compute UY == AyF = 2% — ¢,

11: compute p¥ using Algorithmor

12: send ;”—,szf to master with probability p?

13:  endfor

14 master computes Az* = 37, i 2 Ayf

15:  master updates global model zF+! < zF — n’g“A:vk
16: end for

Theorem 2. Let i be L-smooth and convex foralli =1, ... n. Let f be u-strongly convex. Suppose
o

that Assumption|l| holds. Choose n* € (O, (1+maXv€’[Yk]{w-}M)L , where
k._ m [m } _
=————¢€|—,1|, k=0,...,K—1.
7 ak(n—m)+m n

Define

B1 = Zw?@L(l + M)R; +02) and By = 2sz¢2Ri-
i=1 i=1

Then, the iterates of DSGD with optimal client sampling (6) satisfy
2 2
B[] < (0= wn B [r*]°] + )2 (f - 62) . (13)

Interpretation. In order to understand the results of Theorem 2] we first look at the best and worst
case scenarios. In the best case scenario, we have fyk' = 1 for all k. This implies that there is no
loss of speed comparing to the method with full participation. It is indeed confirmed by our theory
as our obtained recursion recovers the best-known rate of DSGD in the full participation regime []].
Similarly, in the worst case, we have y* = m/y, for all k’s, which corresponds to uniform sampling
with sample size m and our recursion recovers the best-know rate for DSGD in this regime. This is
expected as (T2) implies that each update U is equivalent, thus we cannot hope for better rate than
the uniform sampling. In the general scenario, our obtain recursion sits somewhere between full
and uniform partial participation, where the actual position is determined by +* which capture the
distribution of updates (here gradients) on clients. For instance, with a larger number of v*’s tending
to 1, we are closer to full participation regime. Similarly, with more *’s tending to 7/n, we are
closer to the rate of partial participation.

3.2 FedAvg with Optimal Client Sampling

One of the most common approaches to optimization for Federated Learning is Federated Averaging
(FedAvg) [23]], an adaption of local-update to parallel SGD. In FedAvg, each client runs some
number of SGD steps locally, and then local updates are averaged to form the global update which is
then used for the global model on the master. Pseudo-code that adapts the standard FedAvg algorithm
to our framework is given in Algorithm 3]
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Figure 1: Distributions of the three datasets considered.

Figure 2: (Dataset 1) validation accuracy and (local) training loss as a function of the number of
communication rounds and the number of bits communicated from clients to the master.

Theorem 3. Assume that f; is L-smooth and ji-strongly convex for alli = 1, ..., n and Assumption|2]
holds. Let n* = Rnl’“ng be the effective step-size and 772€ > 4/ Z'Yiszz, where
- iy <
7 T ak(m—m)+m n’' 1

k 1o 1 k
Ifn® < g min { L(2+M/R) (1+max; e ] {’quy}(l-i-M/R))L
optimal client sampling () satisfy

}, then the iterates of FedAvg (R > 2) with

20 5] < o (1 ) B[]~ e 1]+ ot + e
where

202 < M - M)\ «—
k 2 k 2 2
= 2 AL | = +1— § ’R; and =T72L% (14 — § N
B ,ykRizlwz—l- (R—l- 'y)i:lwl and f32 ( +R>i:1w

Interpretation. Similar to DSGD, the convergence guarantees of FedAvg with optimal client sam-
pling (Algorithm 3) sits somewhere between the performances of those with full and uniform partial
participations, where the actual position is again determined by the distribution of updates which
directly impact o*’s that are linked to v*’s. In the edge cases, i.e. v = 1 (best case) or y* = m/y,
(worst case), we recover the state-of-the-art complexity guarantees provided in [15] in both regimes.
Note that our results are slightly more general, as [15]] assumes M = 0 and w; = 1/n.

4 [Experiments

In this section, we empirically evaluate our optimal client sampling method, comparing it with 1) the
baseline where participating clients are sampled uniformly from available clients in each round and
2) full participation where all available clients participate. We simulate the cross-device FL setting
and train our models using TensorFlow Federated (TFFE For all three methods, we report validation
accuracy and (local) training loss (vertical axis) as a function of the number of communication
rounds and the number of bits communicated from clients to the master (horizontal axis). Each figure
displays the mean performance with standard error over 5 independent runs. For a fair comparison,
we use the same random seed for the three compared methods in a single run and vary random seeds
across different runs.

Setup. We conclude an evaluation on FedAvg where we extend the TFF implementation of FedAvdﬂ
to fit our framework. For the model, we use the two-layer Convolutional Neural Network (CNN)

"https://github.com/tensorflow/federated
"https://github.com/tensorflow/federated/tree/master/tensorflow_federated/python/
examples/simple_fedavg
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Figure 3: (Dataset 2) validation accuracy and (local) training loss as a function of the number of
communication rounds and the number of bits communicated from clients to the master.
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a

Figure 4: (Dataset 3) validation accuracy and (local) training loss as a function of the number of
communication rounds and the number of bits communicated from clients to the master.

provided in the implementation. The default dataset is Federated EMNIST with only digits, but as this
is a well-balanced dataset with mostly the same quality data on each client, we modify it by removing
some clients or some of their training images, in order to better simulate conditions in which our
proposed methods bring significant theoretical improvements. As a result, we produce 3 unbalanced
datasets as summarized in Figure El, on which we train the CNN model. For validation, we use the
unchanged validation set in the Federated EMNIST dataset, which consists of 40, 832 validation
images. In each communication round of FedAvg, n = 32 clients are sampled uniformly from the
client pool, each of which then performs several SGD steps on its local training images for 1 epoch
with batch size 20. For partial participation, the expected number of clients allowed to communicate
their updates back to the master is set to m = 3 for all the experiments. We use constant step sizes,
where we set 77, = 1 and tune 7, from the set of values {271,272,273,274 275} using a holdout
set. We implement our sampling procedure using Algorithm 2] as this supports stateless clients and
secure aggregation. We include extra communication costs in our results, where we set ji,a.x = 4.
More details of the hyper-parameters that we use can be found in the Appendix.

Results and Discussions. As predicted by our theory, the performance of FedAvg with our proposed
optimal client sampling strategy is in between the performances of that with full and uniform partial
participation. Figures 2} [3and 4] (red curves: optimal sampling; blue curves: uniform sampling; green
curves: full participation) show that, for all three datasets, the optimal sampling strategy performs
slightly worse than but is still competitive with the full participation strategy in terms of the number
of communication rounds — it almost reached the performance of full participation while only less
than 10% of the available clients communicate their updates back to the master. Note that the uniform
sampling strategy performs significantly worse, which indicates that a careful choice of sampling
probabilities can go a long way towards closing the gap between the performance of naive uniform
sampling and full participation.

More importantly, and this was the main motivation of our work, our optimal sampling strategy is
significantly better than both the uniform sampling and full participation strategies when we compare
validation accuracy as a function of the number of bits communicated from clients to the master.
For instance, in case of Dataset 1 (Figure[2), while our optimal sampling approach reached around
85% validation accuracy after 26 x 10% communicated bits, neither the full nor the uniform sampling
strategies are able to exceed 40% validation accuracy within the same communication budget. Indeed,
to reach the same 85% validation accuracy, full participation approach needs to communicate more
than 29 x 1082 bits, i.e., 8 x more, and uniform sampling approach needs to communicate about the
same number of bits as full participation or even more. The results for Datasets 2 and 3 are of a
similar qualitative nature, showing that these conclusions are robust across the datasets considered.

In the Appendix, we include additional figures which show the current best validation accuracy as a
function of the number of communication rounds and the number of bits communicated from clients
to the master.
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(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes]

(b) Did you describe the limitations of your work? [Yes] See Remark [T} where we
acknowledge that our algorithm requires two (although the first one is negligible)
communication rounds per iteration.

(c) Did you discuss any potential negative societal impacts of your work? [Yes] We
discussed potential fairness issues in Section 3.

(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]
2. If you are including theoretical results...
(a) Did you state the full set of assumptions of all theoretical results? [Yes] See Section 3
and Appendix A.

(b) Did you include complete proofs of all theoretical results? [Yes] See Appendix C-F for
complete proofs. We also provided interpretations of our theorems in the main paper
and discussed the relationship between our results and related results in the literature.

3. If you ran experiments...

(a) Did you include the code, data, and instructions needed to reproduce the main experi-
mental results (either in the supplemental material or as a URL)? [Yes] See supplemen-
tal material.

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [Yes] See Section 4 and Appendix B

(c) Did you report error bars (e.g., with respect to the random seed after running experi-
ments multiple times)? [Yes] We ran every experiment 5 times with different random
seeds and reported results with error bars.

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUs, internal cluster, or cloud provider)? [N/A] Since we only run simulations,
this is not applicable.

4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [Yes] See Section 4

(b) Did you mention the license of the assets? [Yes] All the data and assets we used in this
manuscript are open-source.

(c) Did you include any new assets either in the supplemental material or as a URL? [Yes]
We included an anonymized URL in the supplemental material for the datasets used.

(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [N/A]

(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [N/A |

5. If you used crowdsourcing or conducted research with human subjects...

(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A]

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [N/A]

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A]
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