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Abstract

Minimax problems arise in a wide range of important ap-
plications including robust adversarial learning and Gener-
ative Adversarial Network (GAN) training. Recently, algo-
rithms for minimax problems in the Federated Learning (FL)
paradigm have received considerable interest. Existing fed-
erated algorithms for general minimax problems require the
full aggregation (i.e., aggregation of local model informa-
tion from all clients) in each training round. Thus, they are
inapplicable to an important setting of FL. known as the
cross-device setting, which involves numerous unreliable mo-
bile/IoT devices. In this paper, we develop the first practi-
cal algorithm named CDMA for general minimax problems
in the cross-device FL setting. CDMA is based on a Start-
Immediately-With-Enough-Responses mechanism, in which
the server first signals a subset of clients to perform local
computation and then starts to aggregate the local results
reported by clients once it receives responses from enough
clients in each round. With this mechanism, CDMA is re-
silient to the low client availability. In addition, CDMA is
incorporated with a lightweight global correction in the local
update steps of clients, which mitigates the impact of slow
network connections. We establish theoretical guarantees of
CDMA under different choices of hyperparameters and con-
duct experiments on AUC maximization, robust adversarial
network training, and GAN training tasks. Theoretical and
experimental results demonstrate the efficiency of CDMA.

Introduction

During the last few years, minimax problems have found a
surge of important applications such as AUC (area under the
ROC curve) maximization (Ying, Wen, and Lyu 2016; Liu
et al. 2020a), robust adversarial learning (Madry et al. 2018),
and Generative Adversarial Network (GAN) (Goodfellow
et al. 2014). Recently, distributed minimax algorithms in
the Federated Learning (FL) paradigm have drawn signif-
icant attention due to the increasing concern of data pri-
vacy and the rapid growth of data volume (Mohri, Sivek, and
Suresh 2019; Deng, Kamani, and Mahdavi 2020; Reisizadeh
et al. 2020; Rasouli, Sun, and Rajagopal 2020; Beznosikov,
Samokhin, and Gasnikov 2020; Hou et al. 2021; Guo et al.
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2020; Yuan et al. 2021; Deng and Mahdavi 2021). Gener-
ally, these federated learning algorithms optimize a global
minimax problem over multiple clients (data sources) under
the coordination of a central server without transferring any
client’s private data (Kairouz et al. 2019), which helps pro-
tect data privacy. Besides, the local update strategy (i.e., per-
forming multiple local update steps on clients before com-
municating with the server) is usually adopted in each train-
ing round of these algorithms to save communication efforts,
which makes them scalable to large-scale problems.

Despite that existing federated minimax algorithms have
achieved success in certain applications, there is a lack of
practical algorithms for general minimax problems in an im-
portant FL setting, known as the cross-device setting. In this
setting, the clients are numerous (up to 10'° (Kairouz et al.
2019)) unreliable mobile/IoT devices with relatively slow
network connections. Actually, most existing federated min-
imax algorithms are designed for another setting known as
the cross-silo setting (Reisizadeh et al. 2020; Rasouli, Sun,
and Rajagopal 2020; Beznosikov, Samokhin, and Gasnikov
2020; Hou et al. 2021; Guo et al. 2020; Yuan et al. 2021;
Deng and Mahdavi 2021; Sharma et al. 2022; Sun and Wei
2022), where the clients are a relatively small number of
organizations or data centers with reliable network connec-
tions (Kairouz et al. 2019). Compared with the cross-silo set-
ting, it is generally more challenging to solve a problem in
the cross-device setting due to the low client availability and
relatively slow network connections (Kairouz et al. 2019).
Mohri, Sivek, and Suresh (2019) and Deng, Kamani, and
Mahdavi (2020) investigate a special constrained problem,
where the objective function is linear w.r.t. the dual vari-
able, and propose two cross-device federated minimax algo-
rithms. However, these algorithms heavily rely on the linear
structure, which makes them infeasible to general minimax
problems including AUC maximization, robust adversarial
learning, and GAN training.

In this paper, we develop the first practical federated al-
gorithm named Cross-Device Minimax Averaging (CDMA)
that applies to general minimax problems in the cross-
device setting. Each training round of CDMA consists of
two phases: (i) the gradient collection phase and (ii) the pa-
rameter update phase. In the first phase, the server sends the
global model parameters to a subset of clients, and aggre-



gates local gradients computed at these clients to construct a
global correction for subsequent local updates. This correc-
tion mitigates the issue of client drift (i.e., the phenomenon
that local models on clients are shifted away from the global
model (Karimireddy et al. 2020)), and in turn mitigates the
influence of slow network connections. In the second phase,
the server sends the global correction and model parameters
to another subset of clients, which perform multiple local
updates before sending the resulting local models back to the
server. Note that only a small subset of clients is required in
each training round, which provides robustness against the
low client availability in the cross-device setting. Our major
contributions are summarized as follows.

1. We design a Start-Immediately-With-Enough-Responses
(SIWER) mechanism for the server. That is, in each
round, the server first sends a synchronization signal to
a subset of clients and then starts constructing the global
correction/updating the global model as long as it re-
ceives local results from enough clients. With this mecha-
nism, CDMA is tolerant of client failure, and thus signif-
icantly mitigates the impact of the low client availability
of the cross-device FL setting.

We construct a stochastic recursive momentum as the
global correction term. As this correction term utilizes
historical gradient information in a recursive manner, it
only needs to aggregate information from a small portion
of clients, and can greatly reduce the client drift without
much additional communication cost.

. We establish theoretical guarantees for CDMA under
different settings of hyperparameters. In particular, we
prove that, to reach a stationary point up to € accuracy,
the communication cost of CDMA has an O(1/?)" de-
pendence on €. We also prove that under appropriate as-
sumptions, the communication cost of CDMA reduces
as the number of local steps increases, which is the first
such guarantee for federated minimax algorithms.

Empirical studies on AUC maximization, robust adversar-
ial neural network training, and GAN training tasks demon-
strate the efficiency of the proposed algorithm.

Notation. We use bold lowercase symbols (e.g., x) to de-
note vectors. For a vector x, we denote its j-th coordinate
as [x];. For a function f(x,y) : R? x R? — R, Vif
and V, f denote its partial derivatives with respect to the
first and second variables, respectively. For ease of nota-
tion, we also denote z := (x7,y")T, f(z) := f(x,y), and
Vix,y) = (Vxf(x,¥)T,Vyf(x,y)T)T. The Euclidean
norm of a vector x is denoted by ||x]|.

Related Works

Single-machine minimax optimization algorithms.
Minimax optimization has a long history dating back
to (Brown 1951). The majority of existing works on min-
imax problems focus on the convex-concave regime (Ko-
rpelevich 1976; Nemirovski 2004; Nedi¢ and Ozdaglar
2009; Liu and Wang 2015; Palaniappan and Bach 2016;

!The symbol O suppresses a logarithmic factor in e 1.
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Chavdarova et al. 2019). Recently, there have emerged a
surge of algorithms for more general nonconvex minimax
problems? (Sanjabi, Razaviyayn, and Lee 2018; Nouiehed
et al. 2019; Lin, Jin, and Jordan 2020; Luo et al. 2020; Xu
et al. 2020; Qiu et al. 2020; Yang, Kiyavash, and He 2020).

Federated minimax optimization algorithms. To tackle
large-scale minimax problems, a few distributed minimax
algorithms have been proposed in conventional central-
ized and decentralized settings (Srivastava, Nedi¢, and Sti-
panovi¢ 2011; Mateos-Ntinez and Cortés 2015; Liu et al.
2020b; Beznosikov, Samokhin, and Gasnikov 2020; Ro-
gozin et al. 2021). Recently, with the growing concern of pri-
vacy, distributed minimax optimization in the FL paradigm
has received considerable interest. Several algorithms based
on the local update strategy are proposed to solve minimax
problems in the cross-silo FL setting (Reisizadeh et al. 2020;
Rasouli, Sun, and Rajagopal 2020; Beznosikov, Samokhin,
and Gasnikov 2020; Hou et al. 2021; Guo et al. 2020;
Yuan et al. 2021; Deng and Mahdavi 2021; Sharma et al.
2022; Sun and Wei 2022). Though the algorithms in (Rei-
sizadeh et al. 2020; Rasouli, Sun, and Rajagopal 2020;
Beznosikov, Samokhin, and Gasnikov 2020; Hou et al. 2021;
Guo et al. 2020; Yuan et al. 2021; Deng and Mahdavi 2021)
perform multiple local update steps in each round to re-
duce the communication cost, they require full aggrega-
tion (i.e., aggregation of local model information from all
clients), and thus do not apply to the cross-device setting.
For a special constrained minimax problem of the form
Mily MAXy RN |yl =1 Zf\;l[y]ifi (x), where N denotes
the total number of clients and f; is the local loss function
of client ¢, Mohri, Sivek, and Suresh (2019) and Deng, Ka-
mani, and Mahdavi (2020) propose algorithms that in each
round allow only a subset of clients to participate in train-
ing. However, the algorithms in (Mohri, Sivek, and Suresh
2019) and (Deng, Kamani, and Mahdavi 2020) heavily de-
pend on the linear structure of the above special constrained
problem, and do not apply to general minimax problems.

Problem Setting and Algorithm

We consider the following general unconstrained minimax
optimization problem in the cross-device FL setting:

min max { f(x,y) := E,wp[fi(x,¥)]}, (1

xERP y€RY

where D represents the client distribution, f;(x,y)
n% 2?21 Fi(x,y;¢,;) is the local loss function of client ¢,
and (;1,...,G,n, denote the local data points on client i.
Generally, D can be any distribution over NV clients. A typ-
ical example of D is the uniform distribution, which corre-
sponds to the loss function f = + vazl fi. Since the num-
ber of clients may be extremely large (N =~ 10'°) and the
client availability is low in the cross-device setting, it is un-
likely to access all clients at any one time during the learning
procedure. This precludes the usage of cross-silo FL algo-
rithms that rely on the full aggregation strategy.

“Nonconvex minimax problems include nonconvex-concave
and nonconvex-nonconcave problems.



Algorithm 1: CDMA on the server.

Input: the initial model parameters (x_1,y—1), the num-
ber of rounds 7', and the numbers {S;}7 ' of received

clients.

L Xo <= X_1,¥0 < y-1;

2: fort=0,1,..., 7T —1do

3:  Gradient collection phase:

Send {x¢,yt,X¢t—1,yt—1} to a random subset 3{ of
clients;

4:  Receive local gradient information from each client
i €8] C &), where S/ is the subset of S/ containing
the first S; clients that successfully respond;
Compute u; and vy by Eq. (2);

5:  Parameter update phase:

6:  Send (uy, v¢) and (x¢,y:) to another random subset
St of clients;

7:  Receive local iterates (ng), yif)) from each client
1e8 C St, where S; is the subset of S’t containing
the first S; clients that successfully respond;

8 Xpp1¢— ﬁ Dies, ng)’ Yit+14 ﬁ >ies, Yif);

9: end for

To solve problem (1), we propose an algorithm named
Cross-Device Minimax Averaging (CDMA), which
is detailed in Algorithms 1-2. CDMA is based on a
Start-Immediately-With-Enough-Responses (SIWER)
mechanism. In this mechanism, the server first sends a
synchronization signal to a subset of clients, collects local
gradients/models from the clients, and starts to aggregate
the received information to construct the global correc-
tion/update the global model once a sufficient number of
devices have reported results. The SIWER mechanism is
detailed in the following two phases.

(i) Gradient collection phase. In this phase, the server ag-
gregates local gradients to construct a stochastic recursive
momentum as the correction direction, which is inspired by
recent global correction techniques in the federated mini-
mization literature (Karimireddy et al. 2020, 2021). Specif-
ically, the server sends (x;,y:) and (x¢—1,y:—1) to a ran-

dom subset of clients S‘t’, collects local gradients from this
subset, and computes the correction direction. Note that as
some clients may be temporarily unavailable, the server only
collects messages from the first S; responded clients and
then proceed. We denote these S; clients as S;. To ensure
that at least S; clients respond, the server can select a large
enough 3{ . CDMA leverages the similarity of consecutive it-
erates to construct a lightweight estimator named the recur-
sive momentum-based estimator, which is recursively con-
structed as

u; = (]_ — Oét)ut_l + ﬁ ZiES/(V fz(xt7Yt)
—(1 = ) Vx fi(xt-1,¥t-1)), @
Vi = (1 — at)vt_l + \871” ZiES’( yfi(xtayt)

(1= a)Vy fi(xe—1,¥t-1))s
for t > 1, where «; € (0,1] is a hyperparameter. For
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Algorithm 2: CDMA on client i € S, or S/.

Input: the number of local steps K, step sizes n; and 7,
weight parameters a; and .

Gradient collection phase (for ¢ € S‘,{):
: Receive (x¢,y:) and (x¢—1,y:—1) from the server.
Compute V f;(x¢,y:) — (1 — )V fi(Xt—1,y+—1) and
send it to the server;

Parameter update phase (for ¢ € St):

Receive (x¢,y:) and (ug, v¢) from the server.

Initialize local model x( ) — X4, yi l) — Vi

fork=0,1,....K —1d0
Sample a minibatch B, (k ) from local data;
igzanddy“by@)
(k) a%) .
x,t, ’L’

— Tt
k k

Yii %yﬁf +%d(y21;
end for

Send (x; )y,

Compute d

X(k+1)

t,7 —X

(k+1)

) to the server;

t = 0, ug (resp., vo) is set to ﬁziesévxfi(xo,yo)
(resp., ﬁ D i sy Vy fi(%x0,¥0)). Similar recursive momen-
T 2ai
tum techniques have been extensively used in the optimiza-
tion literature and generally lead to reduced variance with
small batch sizes (Cutkosky and Orabona 2019; Xie et al.
2020; Zhang et al. 2020; Qiu et al. 2020; Tran-Dinh et al.
2021). Note that if oy 1, (2) degenerates to the mini-
batch estimator, i.e., u; = |571'| Ziesg Vi fi(x¢,y:) and
= ﬁ D i st Vy fi(x¢,y+). The minibatch estimator is
the most widely-used and the simplest estimator in the op-
timization literature, which usually needs a large batch size

to control the variance below a desired level (Johnson and
Zhang 2013).

(ii) Parameter update phase. In this phase, clients update
local parameters using both local stochastic gradients and
the global correction constructed in the first phase. Specif-
ically, the server first sends the current parameters (X;,y:)
and the global correction direction (uy, v¢) to a random sub-
set of clients St, which is potentially different from 3{ in the
previous phase. Then, each active client in S‘t performs K
local iterations and sends its local parameters to the server.
Again, the server only collects messages from the first S;
responded clients, which we denote as S;, as some clients
may be temporarily unavailable. Finally, the server averages
the local parameters from S; to produce the next global pa-
rameters. In each local iteration (line 6 to 9 in Algorithm 2),
CDMA simultaneously takes a descent step on the local pri-
mal variable and an ascent step on the dual one. The primal
and dual update directions are computed as

Vi

<x§ 2 e B BE 1 Buy— Vi Fi (i, yes BLE))
:va (th ' Ve, 1) B(k )+/3(V1_v F(Xt’yﬁBlS,z)))v
3)

x@{i = VXF
(k)
t

where 8 € {0, 1} is a hyperparameter.



According to the choices of the weight parameters /3 and
o, there are three specific versions of CDMA.

1. CDMA with No Correction (CDMA-NC). If 8 = 0, the
local update directions in (3) are simply local minibatch
gradients. Hence, the gradient collection phase is not
needed, and CDMA degenerates to a single-phase algo-
rithm, which we refer to as CDMA with No Correction
(CDMA-NC).

. CDMA with 8 = 1 and oy = 1 (CDMA-ONE). When
£ = 1and a; = 1, the local update directions incorporate
global correction, which is computed using the degener-
ate minibatch estimator. We denote CDMA with § = 1
and oy = 1 as CDMA-ONE.

. CDMA with 8 = 1 and oy £ 1 (CDMA-ADA). In the case
B = 1and a; # 1, the correction direction is computed
using the recursive momentum-based estimator. We refer
to this version of CDMA as CDMA-ADA.

We highlight that since only a random subset of clients is
involved in each round, CDMA is resilient to the low client
availability. Further, when 5 = 1, the local update direc-
tions in (3) approximate global gradlents Vxf (xt i ,yE Z))
and Vyf(xikl), ygkl)) if (xgkl), Vi ) is close to (x¢,y¢). This
mitigates the issue of client drift. As we shall see in the next
section, incorporating the global correction in local update
steps also reduces the communication complexity.

We note that the concurrent work (Sun and Wei 2022)
uses a similar global correction for cross-silo federated mini-
max learning. However, the computation of their global cor-
rection requires the full aggregation and thus do not apply
to the cross-device setting. Besides, the analysis in (Sun
and Wei 2022) focuses on strongly-convex-strongly-concave
minimax problems, while we consider a class of nonconvex-
nonconcave problems, which are more challenging.

Convergence Analysis

This section establishes convergence guarantees for CDMA.
Here, we only present the major results and defer detailed
analyses to the long version of the paper. The following
common assumptions are needed throughout our analyses.

Assumption 1 (Bounded gradient dissimilarity). There exist
positive constants o1 and oo such that Vx € RP |y € R,

{Eiw[vxﬁ(x, ¥) = Vxf(x,y)II°] < of,
Eip[l[Vy fi(x,y) = Vy f(x,3)]%] < 03.
Assumption 2 (Lipschitz continuous gradients). There ex-
ists a positive constant Ly > 0 such that for any i and ¢ €
{Gi,1s---3Cin, b the function Fi(-,-;¢) has Ly-Lipschitz
continuous gradients, i.e., Vx1,X2 € RP and y1,y2 € RY,

% all == =320

VyFi(x1,¥1;¢) —
Assumption 3 (Polyak-Lojasiewicz (PL) condition). There
exists a constant p > 0 such that Vx € RP|y € RY,

IVy f(x,¥)|1? > 2p(maxy cra f(x,¥') — f(x,¥)).

v F X27Y2’
v F X27Y27
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We also assume that each client that successfully responds
to the server in round ¢ follows the underlying client dis-
tribution D, which is a common assumption in the feder-
ated learning literature (Li et al. 2018, 2020; Karimireddy
et al. 2021; Acar et al. 2021). In our analyses, we denote
S := min{Sp,...,Sr_1}.

A natural metric for measuring the performance of an
algorithm on problem (1) is the gradient norm of the
function ®(x) := maxyecpre f(X,y). This metric is com-
monly used in analyzing algorithms for nonconvex-PL
or nonconvex-strongly-concave minimax problems (Rei-
sizadeh et al. 2020; Deng and Mahdavi 2021; Lin, Jin, and
Jordan 2020; Luo et al. 2020). Note that ®(x) has Le-
Lipschitz continuous gradients according to (Nouiehed et al.
2019), where Lo := (1 + £/2)Ly. For some € > 0, a point
x € RP? is said to be e-stationary if ||V®(x)|| < e. Once
an approximate primal solution X is obtained, one can easily
find an approximate dual solution by solving max, f(X,y).

Analysis of CDMA-NC

We first provide the theoretical analysis for CDMA-NC. Be-
sides Assumptions 1-3, the bounded local variance assump-
tion below is also needed.

Assumption 4 (Bounded local variance). For any (x,y) €
RP*4, and any client i,

n%. Z?:l V< Fi(x,y;Cij) —
a2 IV fi(x, v Gig) —
We summarize the convergence result of CDMA-NC in

Theorem 1 below and defer the detailed analysis to the long
version of this paper.

foi(x7Y)||2 S G%’
Vyfilx,y)[* < G3.

Theorem 1. Suppose that Assumptions 1, 2, and 4
hold. Define the step sizes of CDMA-NC as

1/3
: 20Ly S 30Lg 1 —
mm{\/ L;TK?03" (L;(a§+G§)TK3) ’ 87LfK} and ne =
1
min 20LoS 3Lo /3 Yi If‘
(Lo +Lf)TK2 2 (al+G2)TK3 ) 21k2 [*

the minibatches Bt PO ,BE? Y in CDMA-NC are drawn
in a random reshuffling manner and K is an integral
multiple of the epoch length, then

K2

VST

where O hides the dependence on Lo, Ly, 01, and 0.
Theorem 1 indicates that CDMA-NC finds an e-stationary

point in (’)( + & 4) communication rounds. Actually,
when all chents participate in each round, CDMA-NC re-
duces to the local SGDA algorithm in (Sharma et al. 2022),
and the second term of our communication cost can be can-
celed by slightly modifying our analysis, which recovers the
O(k3/e3) communication cost in (Sharma et al. 2022). As
our paper focuses on the cross-device setting where the total
number of clients is extremely large, it is unrealistic to re-
quire all clients to participate in each round, and Theorem 1
shows that as long as S = O(k/e), CDMA-NC achieves the
same O(k3/e®) communication cost as local SGDA.

K2

T-1
7 2 BlIVe) I =07 + /)



Analysis of CDMA-ONE

The analysis of CDMA-ONE is similar to that of CDMA-
NC. Compared with CDMA-NC, CDMA-ONE incorpo-
rates global correction into local updates. Consequently,
CDMA-ONE has a smaller client drift compared with that
in CDMA-NC, which in turn leads to a better convergence
rate. The theorem below establishes the convergence rate of
CDMA-ONE.

Theorem 2. Define the step sizes n: and v of CDMA-

_ 3 Yt 40[,05 _

ONE as n, = mln{—mKZ, A /—21(L(I,+Lf)TK2af} and ~; =

. 1 4LoS _
min { §L;E \| 3T, TK%2 } , where Lg D(x0)

O (x*) + o (P(x0) — f(20)). If Assumptions 1-3 hold, then

20

K2

+ [
VST
where O hides the dependence on Lo, Ly, 01, and o2.

By Theorem 2, CDMA-ONE has a communication cost of
O(r?/e?+rK*/(Se?)), better than the O (k3 /3 +k*/(Se?))
cost of CDMA-NC. This demonstrates that incorporating
global gradient estimates into local updates is more efficient
than merely using local stochastic gradients.

Remark 1. When K = 1, CDMA-ONE coincides with Par-
allel SGDA, which directly parallelizes the single-machine
SGDA algorithm (Lin, Jin, and Jordan 2020) over the
clients. Under the stronger assumption that f(x,-) is u-
strongly concave given any x, Lin, Jin, and Jordan (2020)
proves that Parallel SGDA has an O(k%/e? + k3/(Se%))
communication complexity’. This complexity is inferior to
that of CDMA-ONE in terms of the dependence on €.

K2

T )7

1 T-1
= SB[V = Of
t=0

Analysis of CDMA-ADA

As mentioned in the previous section, CDMA-ADA utilizes
the variance-reduced estimator (2) which incorporates his-
torical gradient information. This results in a more accurate
global correction direction compared to the degenerate one
used in CDMA-ONE and accelerates the convergence. The
convergence rate of CDMA-ADA is presented in the next
theorem.

Theorem 3. Define oy, 1y, and ~ in CDMA-ADA
Dt

as

_ 2772, 2 _
ap = QOOOOOLfK Vis M = Tz, and vy =
¢ 1 5.780—4 SV3LEY? A
min{s— , where L
{QLf’ Lk > Lf/SK(tJrl)l/S(af/n2+a§)1/3} 0

1

1= O(xq) — ©(x*) + = (®(x0) — f(20)). Suppose that As-
sumptions 1-3 hold and S > (03 /x> + 03)/(L;Lo). Then,
T—1 1

ﬁ >0 Al Zkl.(;()l ZieStE[”v‘p(XE?)HQ]
— O(K2/T + k2(1 + 1/K)/(SY3T2/3)),

where O hides logarithmic factors and the dependence on
Lo, L¢, 01, and 0.

3Note that Lin, Jin, and Jordan (2020) also shows another com-
plexity of O(k?/e?) if S = O(r/e?). However, when ¢ is small,
such setting of S is unsuitable for cross-device FL where only a
fraction of clients are available at one time.

10485

Theorem 3 indicates that the communication cost of
CDMA-ADA to reach an e-stationary point is

O(k2/e® + K3 (1 + 1/K)%/% ) (8Y/23)), 4)

which outperforms those of CDMA-NC and CDMA-ONE
obtained in previous subsections. Actually, the communica-
tion complexity bound of CDMA-ADA can be further im-
proved in terms of the dependence on the condition number
# under the following d-bounded Hessian dissimilarity (4-
BHD) assumption (Shamir, Srebro, and Zhang 2014; Arje-
vani and Shamir 2015; Reddi et al. 2016).

Assumption 5 (6-bounded Hessian dissimilarity). There ex-
ists a constant § > 0 such that for any client i and any
CE {Ci,lv s >Ci,n,i }r VQFi(X7 y; C)_vzf(x7 y)” S 26

This assumption is widely used in the optimization lit-
erature to characterize the second-order similarity of ob-
jectives, which usually results in an improved convergence
rate (Shamir, Srebro, and Zhang 2014; Arjevani and Shamir
2015; Reddi et al. 2016; Meng et al. 2020) compared with
those rates obtained merely under first-order conditions.
Note that under Assumption 2, Assumption 5 immediately
holds with § = L¢. Actually, § reduces as the data hetero-
geneity on different clients decreases and § = 0 when the
data on different clients follow the same distribution. With
this additional 6-BHD assumption, we prove that CDMA-
ADA has the following modified communication cost (see
the long version of this paper for details)

3_ck?

O(& (£ +0)+ (1+ 2% gs). (5)

The complexity bound (5) decreases as the number of lo-
cal steps K increases. If we set K = 1, the bound in (5)

reads @('g—j + %), which is inferior to the bound in (4).
When K > k/c, the complexity becomes (5(2—’; N

5172

Fi/ecs)
and outperforms that in (4) as ¢ := max{1,d/u} < k. By
contrast, in Theorem 3 where the 4-BHD assumption is ab-
sent (i.e., 6 = Ly), the order of the communication com-
plexity of CDMA-ADA remains the same, though it also
decreases as K increases.

Note that the complexities of CDMA-NC and CDMA-
ONE obtained in Theorems 1 and 2 are independent of K.
Nevertheless, our experimental results show that multiple
local steps result in better performance for these two algo-
rithms (check the next section). Actually, similar gaps be-
tween the theoretical analyses and the practical performance
on the effect of local steps widely exist in the FL litera-
ture (Khaled, Mishchenko, and Richtarik 2020; Karimireddy
et al. 2020; Beznosikov, Samokhin, and Gasnikov 2020;
Karimireddy et al. 2021). Recently, several studies on lower
bounds of communication complexities for distributed opti-
mization under different assumptions show that local steps
do not provide speed-up in some settings (Woodworth, Pa-
tel, and Srebro 2020; Beznosikov, Samokhin, and Gasnikov
2020). The investigation on the communication lower bound
and whether local steps improve the communication com-
plexities of CDMA-NC and CDMA-ONE under other as-
sumptions is left for future work.

We compare the communication complexities obtained in
this section with that of Parallel SGDA in Table 1.
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T This entry relies on the extra condition that f(x,-) is p-

strongly concave Vx, which is stronger than Assumption 3.

* This result requires the additional Assumption 5. Note that
c:=max{1l,6/u} < k.

Table 1: Communication costs of algorithms for minimax
problems in cross-device FL.

Experiments

To demonstrate the efficiency of the proposed algorithm,
we conduct experiments on three tasks: (i) AUC maximiza-
tion, (ii) robust adversarial neural network training, and
(iii) GAN training. We compare the proposed three ver-
sions of CDMA with Parallel SGDA (Lin, Jin, and Jor-
dan 2020), and the cross-device versions of Extra Step Lo-
cal SGD (Beznosikov, Samokhin, and Gasnikov 2020), Lo-
cal SGDA+ (Deng and Mahdavi 2021), Catalyst-Scaffold-
S (Hou et al. 2021), CODA+, and CODASCA (Yuan et al.
2021). We note that Local SGDA+, Extra Step Local SGD,
Catalyst-Scaffold-S, CODA+, and CODASCA are state-of-
the-art federated minimax algorithms which rely on the full
aggregation strategy and thus only apply to the cross-silo
setting. Here, we use their cross-device variants by only in-
volving a subset of clients in each round, which are actually
not theoretically guaranteed.

In our experimental setting, there are 500 clients in to-
tal and the client distribution D is the uniform distribution.
Since communication is often the major bottleneck in cross-
device FL and clients generally have much slower upload
than download bandwidth (Kairouz et al. 2019), we compare
the algorithms given the same amount of data transferred
from clients to the server. To ensure that each algorithm has
the same amount of communication per round, for CDMA-
NC, Parallel SGDA, Local SGDA+, Extra Step Local SGD
and CODA+, which only require to send parameters from
clients to the server, the server selects a random client sub-
set of size S = 16 in each round. For the rest algorithms, in
which clients send both parameters and gradient estimates to
the server, the size of the randomly selected client subset is

fixed to S = 8 in each round. Moreover, to simulate the low
client availability, we set the size of clients that successfully

respond to the server as Sy = [p.S], where the response
probability p; is uniformly sampled from [0.5, 1]. Through-
out the experiments, we use the same random seed for all
algorithms for reproducibility. We do grid-search on hyper-
parameters for the algorithms and select the best hyperpa-
rameters. All experiments were implemented in Pytorch and
run on 4 workstations, each with 2 Intel E5-2680 v4 CPUs
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Figure 1: Results on the AUC maximization task (top: train-
ing results, bottom: test results). The left and right columns
correspond to MNIST and CIFAR-10 datasets, respectively.

(28 cores), 4 NVIDIA 2080Ti GPUs, and 378GB memory.4

AUC Maximization

In the first experiment, we consider the ¢;-relaxed AUC
maximization problem in the minimax formulation (Ying,
Wen, and Lyu 2016; Liu et al. 2020a). This formulation is
widely used in binary classification tasks, especially on im-
balanced data. We use two datasets: MNIST (LeCun et al.
1998) and CIFAR-10 (Krizhevsky, Hinton et al. 2009). To
make the data heterogeneous, the training data is first sorted
according to the original class label and then equally parti-
tioned into 500 clients so that all data points on one client
are from the same class. Each algorithm runs exactly one lo-
cal epoch (K = 12 local steps for MNIST and K = 10 for
CIFAR-10) with the minibatch size B = 10 on the selected
clients in each round.

We report the AUC value on the training and test datasets
versus the amount of communication (the total number of
FLOATSs received by the server) in Figure 1. We observe that
CDMA-ADA and CDMA-ONE are superior to other algo-
rithms on both datasets. In addition, among the theoretically-
guaranteed algorithms, CDMA-ADA achieves the best per-
formance, CDMA-ONE is only inferior to CDMA-ADA,
and CDMA-NC and Parallel SGDA have comparable perfor-
mance. This corroborates our theory and demonstrates the
efficiency of the SWIER aggregation mechanism as well as
the stocahstic recursive momentum.

*Source code: https://github.com/xjiajiahao/federated-minimax
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Figure 2: Results on the robust neural network training task.
The top (resp., bottom) row depicts the training (resp., test)
results. The left (resp., right) column corresponds to the
MNIST (resp., Fashion MNIST) dataset.

Robust Adversarial Network Training

In the second experiment, we focus on training a classifica-
tion model that is robust against adversarial noise (Deng and
Mahdavi 2021). We use MNIST and Fashion MNIST (Xiao,
Rasul, and Vollgraf 2017) datasets in this experiment. The
data partitioning scheme is the same as the AUC experiment
and each pixel value of the images is rescaled to [—1,1].
The performance measure is the robust loss, which is the
loss function value of the classification model on the opti-
mally perturbed dataset. We defer details of the model and
the problem formulation to the long version due to the space
limit. Similar to the previous experiment, each algorithm
runs with the minibatch size B = 10 and the number of lo-
cal steps K = 12. Note that each selected client makes one
pass of its local dataset in each round. The experimental re-
sults on the training and test datasets are shown in Figure 2.
It shows that CDMA-ADA achieves the best performance
and CDMA-ONE outperforms the other two theoretically-
guaranteed algorithms CDMA-NC and Parallel SGDA.

GAN Training

In the last experiment, we test the performance of our al-
gorithms for training GANs on MNIST, Fashion MNIST,
and CelebA (Liu et al. 2015) datasets. We measure the per-
formance of the compared algorithms with the Inception
Score (IS) (Chavdarova et al. 2019) on MNIST and Fash-
ion MNIST, and the more complicated Fréchet Inception
Distance (FID) (Heusel et al. 2017) on the harder dataset
CelebA. The experimental setting in more details is deferred
to the long version of this paper.
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Algorithm IS on ISon | FID on

MNIST | F-MNIST | CelebA
CDMA-ADA (ours) 8.50 8.75 35.84
CDMA-ONE (ours) 8.34 8.57 37.55
CDMA-NC (ours) 8.31 7.58 44,71
CODASCA 7.85 8.18 38.33
CODA+ 8.33 8.23 47.61
Catalyst-Scaffold-S 8.13 8.38 39.37
Local SGDA+ 8.29 7.61 79.24
Extra Step Local SGD 7.50 7.61 59.81
Parallel SGDA 6.08 5.74 | 222.65

Table 2: The best IS obtained by the compared algorithms on
MNIST and Fashion MNIST (F-MNIST), and the best FID
obtained on the CelebA dataset. Larger IS is better, while
smaller FID is better.

CDMA-ONE on MNIST CDMA-ADA on MNIST
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Figure 3: Results of CDMA-ONE (left) and CDMA-ADA
(right) with different K for GAN training on MNIST.

Table 2 presents the best IS (resp., FID) obtained by the
algorithms on MNIST and Fashion MNIST (resp., CelebA)
given a fixed amount of communication for each dataset.
The results show that CDMA-ADA (resp., CDMA-ONE)
achieves the best (resp., second best) performance among
the compared algorithms.

In order to validate the effect of local steps, we also con-
duct empirical studies on the three versions of CDMA with
different numbers of local steps K € {1,5,10,15,20,25}
on MNIST and Fashion MNIST. Figure 3 reports the re-
sults of CDMA-ONE and CDMA-ADA on MNIST. We can
see that both CDMA-ONE and CDMA-ADA with multiple
local steps attain significantly higher inception scores than
with only one local step, and achieve the best performance
when K € {15,20,25} and K = 20, respectively.

Conclusion and Future Work

‘We propose the first practical algorithm for general minimax
problems in the cross-device FL setting. Equipped with the
SIWER mechanism and the global correction, our algorithm
is resilient to the low client availability and alleviates the im-
pact of slow network connections. Theoretical analyses and
experimental results show the efficiency of our algorithm.
Directions for future work include the extension of CDMA
to constrained problems and the study of lower bounds for
minimax problems in the cross-device FL setting.
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