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ABSTRACT

In many real-world applications, the distribution of data is skewed. The stan-
dard models, which are designed to optimize the accuracy, have poor prediction
performance when they are applied to imbalanced data tasks because the model
could be dramatically biased toward its major class. Therefore, areas under ROC
curves (AUROC) was proposed as a useful metric to assess how well prediction
models performed on unbalanced data sets. On the other hand, federated learn-
ing (FL) has attracted increasing attention with the emergence of distributed data
due to its communication efficiency. To address the challenge of distributed imbal-
anced data, research on Federated Deep AUC Maximization (FDAM) is necessary.
However, the FDAM problem currently is understudied and is more complex than
traditional federated learning (FL) techniques since its minimization objective is
non-decomposable over individual examples. In this study, we solve FDAM al-
gorithms for heterogeneous data by reformulating it as the popular non-convex
strongly-concave min-max formulation and propose the federated stochastic re-
cursive momentum gradient ascent (FMGDA) algorithm , which can also be ap-
plied to general federated non-convex-strongly-concave minimax problems. Im-
portantly, our method does not rely on strict assumptions, such as the PL condition
and we proved that it can achieve the O(e~3) sample complexity, which reaches
the best-known sample complexity of centralized methods. It also achieves the
O(e=?) communication complexity and a linear speedup in terms of the number
of clients. Additionally, extensive experimental results show that our algorithm
(i.e. FMGDA) performs empirically superior to other algorithms, supporting its
effectiveness.

1 INTRODUCTION

Deep Neural Networks (DNN) have achieved remarkable success in a number of practical applica-
tions, such as computer vision (Krizhevsky et al.,2017; He et al.,|2016), natural language processing
(Devlin et al.,[2018;|Vaswani et al.,2017) and speech recognition (Mohamed et al.,|2011;|Zhou et al.,
2022). Standard deep learning models have been mainly designed for balanced data datasets. For
example, for the image classification task, the accuracy is chosen to evaluate the classifier and the
cross entropy between the predicted probability distribution from forward propagation of the deep
learning models and ground-truth target labels is used as a surrogate loss of the misclassification
rate. However, the data distribution is often skewed in many real-world applications, such as activ-
ity recognition (Gao et al.,|2016) and healthcare applications (Joachims| 2005} [Davis & Goadrich,
2000). In these cases, the prediction performance of models may be subpar if models are trained
based on optimization of accuracy for unbalanced data tasks because the minor class has minimal
impact in this situation and the data from the majority class virtually entirely define the model. Thus,
area under the ROC curve (AUROC) attracts wide attention as a better measure metric because it
shows excellent capability in identifying the models with high predictive power in imbalanced data
tasks (Cortes & Mohri, 2003)).

Statistically, AUROC is the likelihood that a positive example will have a higher prediction score
than a negative one (Hanley & McNeil, |1982). Recent research has made incredible strides toward
maximizing AUROC and several online or stochastic algorithms for AUC maximization have been
proposed with a convex surrogate for linear models (Zhao et al.}|2011};|Ying et al.,|2016; [Natole et al.,
2018 Liu et al., 2018). Subsequently, [Liu et al.[(2019b) applied the AUC to neural networks and
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they cast the problem into a non-convex strongly-concave minimax stochastic optimization problem
to optimize a surrogate loss of AUC with a deep neural network. Nevertheless, their algorithms only
consider the single-machine setting and are inadequate for dealing with massive amounts of data in
the distributed setting.

Meanwhile, as the sizes of model parameters and training datasets keep increasing, machine learning
tasks heavily rely on distributed training. Given the quick rise in processing power, communication
overhead increasingly becomes the bottleneck of deep learning training. Therefore, it is crucial
to research communication-efficient distributed optimization. One important direction is federated
learning (FL) (McMahan et al. 2017) since it can reduce communication overhead in large-scale
machine learning. In the FL setting, multiple worker nodes are coordinated by a central server to
train a global model with periodic model averaging utilizing just the local data from each worker
node. The computational loads are shared by all worker nodes and frequent communication is also
avoided. Given that data remains locally at clients, FL also provides some level of data privacy.
These characteristics make FL appealing to many institutes with valuable data, not only the internet
companies, but traditional sectors like those who provide services to hospitals and banks in the big
data era (Rieke et al., [2020). In these institutes, information is typically gathered from those who are
sensitive about data privacy. However, reducing model bias requires large-scale machine learning
from a variety of data sources to offer improved services. In addition, the data in these institutes
are often imbalanced. For instance, the majority of illnesses have significantly fewer sufferers than
there are healthy persons. Therefore, research on Federated Deep AUC Maximization (FDAM) is
necessary.

However, the research on FDAM is still limited. To the best of our knowledge, |Guo et al.| (2020)
and|Yuan et al.| (2021) are the only works to address FDAM and they reformulated the problems as
the non-convex strongly-concave min-max problem in a distributed setting. However, their analyses
of FL methods heavily depend on the Polyak-Lojasiewicz (PL) condition, which is not satisfied for
neural networks in deep learning. In subsection [5.3] by providing a counter-example, we present
that even a naive neural network is not satisfied with the PL condition. Therefore, this paper aims to
provide more general analysis results for FDAM. Moreover, we provide the method with advanced
complexities under the mild assumption. Our method (i.e. FMGDA) is applicable for cross-silo
setting, where the majority of clients engage in computation every round and can preserve state be-
tween rounds, such as collaborative learning on financial data across multiple firms and stakeholders
or health data among various medical institutions (Guo et al., 2021).

Contributions The main contributions of this work are listed below:

* First, we propose a federated stochastic algorithm named federated stochastic recursive
momentum gradient ascent method (FMGDA) for solving a min-max optimization in het-
erogeneous data settings under the mild assumption, which is applicable to deep AUC
maximization. We design the method based on the momentum-based variance reduced
technique and provide an effective convergence analysis of our method. Our method (i.e.
FMGDA) can also be applied to solve general distributed nonconvex strongly-concave min-
max optimization problems.

e Our algorithm (i.e. FMGDA) reaches the best-known sample complexity O(¢~3) and
O(e?) communication complexity to find an e-stationary point without large batches. The
sample complexity reaches the optimal results of centralized min-max methods and it also
achieves a linear speedup with respect to the number of worker nodes. To the best of our
knowledge, this is the first work that analyzes stochastic distributed stochastic AUC maxi-
mization without relying on the PL condition. The extensive experimental results confirm
the effectiveness of our proposed algorithm.

2 RELATED WORKS

In this section, we review some existing AUC maximization, minmax optimization and FL. methods,
respetively.
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Table 1: Complexity comparison of the typical FL minimax algorithms for Non-Convex- Strongly-
Concave optimization to find an e-stationary point. Sample complexity is the total number of the
First-order Oracle (IFO) made by all worker nodes in order to arrive at a e-stationary point. Commu-
nication complexity denotes the total number of rounds of back-and-forth communication between
each worker node and the central server to arrive at a e-stationary point.

Algorithm Reference Sample = Communication
Federated Local SGDA Sharma et al. (2022) O (e *) 0 ()
Federated Momentum Local SGDA  [Sharma et al. (2022) O (6*4) O (6*3 )
FMGDA Our work O (e®) O (e?)

2.1 STOCHASTIC AUC MAXIMIZATION

Due to its paired structure, stochastic AUC maximization is difficult. |[Zhao et al.| (2011) kept rep-
resentative samples in a buffer and use the reservoir sampling approach, and then update the model
with these samples as input. |Ying et al|(2016) overcame the scalability issue of optimizing AUC
by providing a min-max reformulation of the AUC square surrogate loss and solving it based on a
stochastic gradient descent ascent approach. With the addition of a strongly convex regularizer to
the initial formulation, Natole et al.|(2018) increased the convergence rate. By creating a multi-stage
approach and utilizing the problem’s quadratic growth condition, |Liu et al.|(2018) enhanced conver-
gence rates based on the min-max formulation. Nevertheless, all of these studies are limited to the
linear model. Subsequently, [Liu et al.| (2019b) reformulated deep AUC as a minimax problem and
provided a method to solve the stochastic AUC maximization problem with a deep neural network
as the predictive model.

2.2  MINIMAX

The AUC maximization could be reformulated as the non-convex strongly-concave minimax prob-
lem. More generally, the minimax optimization can also be applied to many machine learning
problems, such as robust federated learning, reinforcement learning, and adversarial training [Liu
et al.| (2019a). Many gradient-based minimax methods were proposed for solving these minimax
optimization problems (Lin et al., |2019; [Luo et al.l |2020). Rafique et al.| (2021)) design a proximal
guided algorithm based on the inexact proximal point method to solve the weakly-convex-concave
optimization. Additionally, some works developed accelerated gradient descent ascent algorithms
with the variance-reduced techniques. [Huang et al.| (2022) proposed a class of accelerated zeroth-
order and first-order momentum methods for nonconvex minimax optimization. More recently, some
adaptive or non-adaptive methods are proposed to solve non-convex non-concave min-max problems
(Liu et al., [2019a)), such as generative adversarial networks (GANs). Some mirror descent ascent
methods are proposed in (Huang et al.l[2021) to solve the nonsmooth nonconvex-strongly-concave
minimax problems based on dynamic mirror functions.

2.3 FEDERATED LEARNING

The first FL algorithm is FedAvg proposed in McMahan et al.| (2017). It is an SGD-based algo-
rithm that has regular model averaging and can significantly lower communication costs. Earlier
federated learning studies explored algorithms in the homogeneous data context (Woodworth et al.,
2020; |Wang & Joshi, [2018). When the datasets across several work nodes are homogenous, Fe-
dAvg reduces to local SGD (Zinkevich et al.l[2010). Recent research extends federated learning to
heterogeneous data (or non-iid data) setups, as well as non-convex models. In Yu et al.|(2019a;b),
the authors proposed Parallel Restarted SGD and Momentum SGD, and show that they both have
O(e~*) samples and O(¢~3) rounds of communication to reach a e-stationary solution. Addition-
ally, [Karimireddy et al.| (2020b) proposed SCAFFOLD, which uses control variates (variance re-
duction) to deal with the ’client drift’ when the data is heterogeneous. |Li et al.| (2020) introduced
the penalty-based technique FedProx to lower communication complexity to O(e~?). However, the
analysis of FedProx relies on the gradient similarity assumption to limit the heterogeneity of the
data. Later, FedPD (Zhang et al.,|2020) proposed FedPD to relaxes this presumption.
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Recently, some momentum-based methods are proposed, such as MIME algorithm (Karimireddy
et al.,|2020a) and Fed-GLOMO (Das et al.,[2020). They both need 0(5_3) sample complexity and
O(e™3) communication complexity to achieve an e-stationary solution. More recently, [Khanduri
et al.| (2021) proposed STEM, which updates the momentum-assisted stochastic gradient direction
for both the worker nodes and the central server. It further reduces the communication rounds to
O(e72) and keeps the same samples cost of O(¢~3), where the sample complexity matches the
optimal complexity of the centralized non-convex stochastic optimization algorithms (Fang et al.,
2018} |Cutkosky & Orabona, 2019). In addition, some adaptive FLL methods (Reddi et al.l 2020;
Wang et al.||2022) are proposed, which are out of the scope of our discussion.

More recently, some methods are proposed for federated minimax optimization. [Yuan et al.| (2021)
and |Guo et al.| (2020) reformulate the FDAM as non-convex-strongly-concave in the federated set-
ting. However, the analyses of methods in[Yuan et al.|(2021) and |Guo et al.| (2020) rely on the PL
condition. Howeyver, it cannot be applied to the neural networks in deep learning. In the subsection
by providing a counter example, we verify that a simple neural network is not satisfied for the PL.
condition. Therefore, though |Yuan et al.|(2021) and |Guo et al.|(2020) proposed AUC maximization
methods with superior sample complexity and communication complexity, the convergence results
cannot be used in the deep learning. |Sharma et al.| (2022) consider the non-convex-strongly-concave,
non-convex-PL, non-convex-concave and non-convex 1-point-concave cases. For the non-convex-
strongly-concave optimization, the best communication complexity and sample complexity they
achieve are O(e~3) and O(s~%), respectively without PL condition.

3 PRELIMINARIES AND ASSUMPTIONS

Notations: For two vectors  and y, (z,y) denotes their inner product. | - || denotes the ¢5 norm
for vectors. || - ||op denotes operator norm for matrices. I(-) is the indicator function. Vg f(6, w)
is the partial derivative w.r.t. variables § and V,, f (0, w) is the partial derivative w.r.t. variables w.
a = O(b) denotes that a < Cb for some constant C' > 0, and the notation O(-) hides logarithmic

terms. Given the mini-batch samples B = {¢;}2 |, we let V£;(0, w; B) = % Zle Vfi(0,w;&).

Let ¢ = (x,y) ~ D denote a random data drawn from an unknown distribution D, where € X
represents the data features and y € ) = {—1, +1}. The area under the ROC curve on a population
level for a scoring function h : X — R is defined as

AUROC(h) = Pr(h(z1) = h(z2)ly1 = 1,y2 = 1), (1)

where &; = (x1,y1) and & = (22, y2) are drawn independently from the distribution D. We also
employ the squared loss as the surrogate for the indicator function as |Ying et al.|[(2016); Liu et al.
(2019b)), so the AUC maximization problem can be written as

min P(m) := B¢, ¢, [(1 — h(m;21) + h(m; 22))*[yr = 1,90 = —1], 2)

where h(m; ) is the prediction score for a data point x calculated by a deep neural network with
model parameter m. Following [Yuan et al.| (2021) and |Guo et al|(2020), the equation [Z] could be
reformulated as the non-convex-strongly-concave minimax optimization.

min max {F(m,a,b,w) =Ecup [f (M, a, b, w;§)]} 3)

mcR? weR
(a,b)ER?

where
f(m,a,b,w; €) =(1 = p) (h (m;%) = a)* Ty + p (b (m3x) = 5)* Ty
+2(1 +w)[ph (m;x) Ijy= 1) — (1 — p)h (m, x) Iy—yy]
- p(1 - p)w? )

where p = Pr(y = 1) = E,[I},—1j] denotes the prior probability that an example belongs to the
positive class. It should be mentioned that the min-max version equation [3]is more flexible than the
original version equation [2| since we could train the model based on a single data point or a small
batch of data instead of data pairs. For stochastic optimization of equation [2] one must carefully
pick both positive and negative samples and every score depends on both positive data points and
negative data points, which is not permitted in an online environment.
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Algorithm 1 FMGDA Algorithm

1: Input: T, Parameters: ¢, ¢, 0, ay, P, the number of local updates q, and mini-batch size bg;

2: initialize: Initialize: 6y, = 6y = =+ Zl 100, w0 = Wy = Z]\Ll Wwois Uli =
ng(907i,w0,i; BQJ) and Vi1, = wa(eo iy WO,55 BO z) where |BO z| = B are drwan from Di
fori € [N].

3: fort=1,2,...,T do

4 fori =1, 2 ,N do

5: if mod ( q) = 0 then
N N

6: Ut,g = Ut = % Eizl Ut,i

7 Utﬂ:’D:NZz 1vt2

8 Ori =0 = ¥ Zizl(et—u — Nyt ;)
_ N

9: Wy =Wy = % > oie (wim1, + enevrs)

10: else

11: Ori = 0i_1, — Cpuy s

12: Wy = Wg—15 + CNVs;

13: end if ,

14: Draw mini-batch samples B; ; = {&] }?:1 with | By ;| = b from D; locally

15: Utr1i = Voli(Ori, wei;Bei) + (1 — o) (uey — Vo fi(Or—1,i,wi—1,4;Bei))
16: Ver1,i = Vo fi(Ori, we,i5 Bei) + (1 — Be)(ve,i — Vo fi(Oe—1,5, we—1,33 Bri))
17:  end for

18: end for B

19: Output: 6 and w chosen uniformly random from {(6;, w;)}7_;.

In this paper, we consider the following min-max formulation in the distributed setting,

meRd weR
(a,b)€R?
where F;(m, a,b,w) = E¢,[f; (m,a,b,w; )], & = (24,y:) ~ D;. D; is the data distribution on
machine i, and N is the total number of machines. If we set § = (m, a,b) € R%, where d; = d +2,
we get the general FL. mininax problem, as below:

min max { =N ZF (6, w) =N ZE@ND [f:(0, w; fz)]} (6)

0cR4 wcR92

min max{F(mabw ZFmabw} ®)

where f; is mainly related to the model and loss function. Therefore, f; on different machines is
usually the same. We will propose the method and analyze the convergence based on the equation 6]
since it covers a class of non-convex strongly-concave minimax problems, not specifically for the
AUC maximization.

4 ALGORITHM

In the subsection, we propose a federated stochastic recursive momentum gradient descent ascent
algorithm (FMGDA) based on the momentum-based variance reduced technique under the hetero-
geneous data setting. Algorithm |l{shows the algorithmic framework of the method.

We first initialize all parameters at step 2 of Algorithm[I] Each worker node calculate the gradient
estimators u1,; and vy ; with stochastic gradients. After the initialization step, we also use the
standard gradient descent and ascent to update the model parameters with gradient estimators at
steps 11-12 of Algorithm [} In addition, following the scheme of Federated Learning, all worker
nodes conduct communication with the central server every g iteration at steps 6-9 of Algorithm [T}
Here, the communication period g is greater than 1, and the number of communication rounds is
reduced to t/q. Given that we consider the cross-silo setting, where the majority of clients engage
in computation every round and can preserve the state between rounds. In addition, many standard
FL methods, such as local SGD (Yu et al., [2019a) and SCAFFOLD (Karimireddy et al., 2020b),
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also requires communicating momentum. Therefore, the communication strategy in our method is
reasonable

At the steps 15 and 16 of Algorithm [I] we use the momentum-based variance reduced gradient
estimator u; ; and v, ;, to track the gradient and update the model, defined as:

U1, = Vo fi(Ori,wei; Bei) + (1 — o) (ue,i — Vo fi(0i—1,5, wi—1,i; Bii)

Vir1,i = Vo fi(Ori, we i Bei) + (1= Be) (vei — Vo fi(Oi—1,6, we—1,53 By.i)
where ay, 8¢ € (0,1). Overall, the key idea of our proposed method is to utilize recursive mo-
mentum to update local model parameters for both parameters 6 and w on each device for multiple
iterations. Then the global server aggregates the model parameters 6, w, and gradient estimator

Uy, Ve,; every g steps. In the next section, we will establish the theoretical convergence guarantee
of the proposed algorithm.

5 CONVERGENCE ANALYSIS

5.1 ASSUMPTIONS

In the subsection, we give some mild assumptions about the problem equation 6}

Assumption 1. (i) Unbiased Gradient. The gradient of each component function f;(0,w;§) com-
puted at each worker node is unbiased for all €V ~ D;, i € [N]:

(ii) Intra- and inter- node Variance Bound. The following inequalities hold for all €9 ~ D,
i,j € [N]:

E[|V£;(0,w;€9) = VF;(6,w)||* < o”

IVE(0,w) = VE;(0,w)|” < ¢* @)

In FL algorithms, the Assumption [T}(ii) is frequently employed to restrict the data heterogeneity.
The heterogeneity parameter, ¢, indicates the degree of data heterogeneity. The homogeneous data
configuration has ¢ = 0 if the datasets on each worker node have the same distributions, i.e., D; =
Djand f; = f; forall i, j € [N] (i.i.d setting). In this paper, we take into account the heterogeneous
data setup with ¢ > 0.

Assumption 2. Sample Gradient Lipschitz Smoothness. Each component function f;(0,w; &) has a
L¢-Lipschitz gradient, i.e., for all 01, 02 and w1, w2, we have

E[[Vo fi(01,w;8) — Vo f(02, w; §)[| < L1a[|61 — 62|

E[[Vofi(0,w158) — Vo f(0,w2; )| < Lizfjwr — wol

E[[V fi(61,w;§) = Vu f (02, w; §)[| < L2y [|01 — 62|

ElVu fi(0,w1;€) — Vi f(0,w2; §)|| < Laaflwi — wo|

and we let Ly = max{L11, L12, La1, La2 }.

Based on the convexity of norm and Assumption[2] we have
Vo Fi(01,w) — Vo Fy(02, w)|| = [[E[Vo fi(01,w; &) — Vo fi(O2, w; )]

S EVo fi(01,w; &) — Vo fi(02, w; &) ||
< Lyl — 02|

It demonstrates that Assumption 2 is a little stronger than just assuming that F;(z), where ¢ € [N],
is Lipschitz smooth. Nevertheless, assumption 2 is still commonly utilized in optimization analysis.
This assumption is used by several common centralized stochastic algorithms, including SPIDER
Fang et al.| (2018)), and STORM |Cutkosky & Orabona (2019). Similarly, many FL algorithms such
as MIME [Karimireddy et al.| (2020a), Fed-GLOMO Das et al.| (2020) and STEM |Khanduri et al.
(2021)) also use this assumption.
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Assumption 3. Strongly-Concave. Each component function F;(0,w) is u-strongly concave in w,
i.e., for all 0 and w1, wo, we have

[VwFi(0, w1) = VuFi(0, w2)]| = pllwy — wal]. ®)
Then the following inequality holds

Fy(6,w1) < Fy(0,ws) + (Vo (6, wz), w1 — wa) = Sllewy — wa

F(0,w1) < F(0,ws) + (Vo F(0,ws), w1 — ws) — gle — w2

Therefore, the function F'(6,w) is also strongly concave in w, and there exists a unique solution
to the problem max,, F'(f, w) for any 0. Here we define w*(0) = arg max,, F'(§,w) and ®(0) =
F(0,w*(6)) = max,, F(0,w).

Assumption 4. The function ®(0) is bounded below, i.e., * = infy &(0) > —oc.

5.2 CONVERGENCE ANALYSIS OF OUR ALGORITHM

In this section, we study the convergence properties of our new algorithm under Assumptions [T} 21

and[]

We use e-stationary point of ®(6), i.e. ||[V®(0)| < ¢ as the convergence metric. In non-convex-
strongly-concave optimization, we know ®(0) is differentiable and (L + xL)-smooth and w*(-) is
k-Lipschitz from Lemma 4.3 in|Lin et al.|(2019). Given that V,, F (9,5, w* (Qt)) = 0, we have

V‘I) (ét) = V@F (ét,’w*(et)) + VwF (ét,w*(ﬁt)) . 6’(1)* (ét) = VQF (ét,w*(Ht)) (9)

which is widely used in the analysis of non-convex-strongly-concave minimax optimization
Thekumparampil et al.| (2019); [Lin et al.|(2019). The proofs are provided in the supplementary
materials. Then, we provide the convergence result for Algorithm I]in the following theorem.

Theorem 1. Suppose that sequence {0;,10;}1_, is generated from Algorithm l Under the above
+ 60L < 90L lf‘b <

Assumptions (I]|2|3"4|) given oy = clnf, By = cznf, cL = cy =

20th5 bN
600gN, h = / ,max{¢,c} <min{3, -, &1} and é < \/ 5gh—c we have
L en = 2
> IE Ve (5,1)|
t=1
_ 6eL5 - N |[ay — VoF|>  5¢bNLY |5, — V,, F |2
E [®(0 _ P+ - K a 2 1 0Lt 1 — wd't
[©(6o) ]—l——cu ||lwo — w* (Bo)]] +40L2 770 + 4H2L2 770

[560203 éo’c?  o%e(A+c3)  CPe(c + C%)] Z 77?

10
;LQL? 20L2 20bL2 8L? (19)

Corollary 1. Suppose Assumptions hold, by setting n; = m forallt > 0, and
e = max(3,1728L3¢*h® — t), we have

1= ~ 2
LY & |ve @)
t=0

20L L 2F [®(6,) — &* 12L2 | — w*(6) ]2 20002 2002 5072
(Lo, LR[00 - | LB w @ o000 20> 500
T (NT)2/3 ¢ c T (NT)2/3 w?

2 % 2000¢ 14400
11
BT RN (b
Remark 1. (Complexity) Without losing generality, we let B = bq and b to be O(1) and b > 1,

and choose q = (T/N 2)1/3 Based on the definition of the e-stationary point, if we let the right
hand side of the inequality less then €2, we get T = O(N~'e™3), and % = (NT)?/3 = O(e72).
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Because the sample size b is a constant, the total sample cost is O(N ~1e=3) and communication
round is 0(5_2) for finding an e-stationary point which matches the best complexity result achieved
by the centralized optimal algorithms, such as SPIDER and STORM [Fang et al.| (2018); [Cutkosky|
|& Orabona| (IZO] 9|) And O(N ~1e73) exhibits a linear speed-up compared with the aforementioned
centralized optimal algorithms.

Remark 2. (Data Heterogeneity) We use the ( to present the data heterogeneity. From the final
results in equation [T1] it is shown that larger ¢ (or higher data heterogeneity) will slow down the
training.

5.3 NON CONVEX NATURE OF DEEP AUC MAXIMIZATION

The objective for deep AUC maximization is a non- .
convex strongly-convex function. In order to simplify min,, d(m, a, b)

their analysis, previous works (Guo et all, 2020} [Yuan ‘
imposed Polyak-Eojasiewicz (PL) condition
to the function ®(m,a,b) = max,, F(m,a,b,w). Al- 05
though ®(m, a,b) is a quadratic function of a,b, it is
highly non-convex with respect to neural network model

with parameter m, thus the PL condition is too strong. § 0.0
In order to show that, we will consider the following
“simplest neural network™: 05
h(m,z) = mysigmoid(maox) (12)
This neural network only use one hidden neuron with a 07 o5 0.0 05 10

sigmoid activation function and no bias, thus relies on ma

only two parameters. Then, we also choose “the simplest Figure 1: Objective of a toy model.
dataset” D with only two data points: 1 = 1,y; = 1 and

To = —1,y0 = —1.

By inspecting the loss surface of ®(m, a, b), we can find a saddle point which has zero gradient, but
in the mean time is far from optimal. Therefore, the PL condition is not satisfied for the simplest
case, and thus does not hold in any real-world deep AUC maximization.

In this work, we distinguish our results from previous works by not imposing any assumptions on the
non-convexity of the objective. It should be noted that although deep AUC maximization algorithms
in|Guo et al.|(2020); Yuan et al.[(2021)) appear to have better sample complexity and communication
complexity than this paper, it is actually a spurious acceleration from strong assumption.

6 EXPERIMENTAL RESULTS

In this section, we conduct ROC maximization task to validate the efficiency of our algorithms on
different datasets. And the objective function is formulated as equation [] To illustrate the effi-
ciency of our methods, in this part, we will use various data sets and various model structures to
evaluate methods. Meanwhile, we compare our algorithms with the existing state-of-the-art algo-
rithms, including CODA (2020), Momentum Local SGDASharma et al|(2022) and CO-
DASCAYuan et al| (2021). The experiments are run on machines with AMD EPYC 7513 32-Core
Processor as well as NVIDIA RTX A6000 GPU.

Datasets.: We conduct numerical experiments on three typical datasets: Fashion-MNIST dataset,
CIFAR-10 dataset and Tiny-ImageNet with 16 worker nodes in the network. Fashion-MNIST dataset
consists of 60,000 training images and 10, 000 testing images. 70,000 28 x 28 gray images are
classified into 10 categories. CIFAR-10 dataset contains 50, 000 training images and 10, 000 testing
images. Each image includes 3 x 32 x 32 arrays of color images. Tiny-ImageNet dataset contains
100,000 (64 x 64) colored images. It has 200 classes, where each class has 500 training images, 50
validation images, and 50 test images.

Imbalanced and Heterogeneous.: Following [Guo et al. (2020); [Yuan et al| (2021), we convert
datasets into imbalanced binary-class versions. It is constructed as follows: firstly, the first half of
the classes (0 - 4) in the original Fashion-MNIST, CIFAR10 and classes (0 - 99) in Tiny-ImageNet
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Table 2: Final ROC scores on the test datasets.

Algorithm Fashion-MNIST CIFAR10 Tiny ImageNet
CODA 0.9366 0.6009 0.6864
Momentum SGDA 0.9369 0.60378 0.6896
CODASCA 0.9369 0.5608 0.6791
FMSGDA 0.9382 0.6093 0.6905

datasets are designated to be the negative class, and the rest half of classes are considered to be a
positive class. Then, we randomly remove 80% of the negative data points in the datasets to make it
imbalanced. Then the datasets are evenly divided into disjoint sets across all worker nodes. In this
case, each worker nodes share completely different imbalanced datasets.

Configurations.: For Fashion-MNIST data sets and CIFAR10, we choose model architectures from
Huang et al.| (2021) as imbalanced binary classifiers. For Tiny-ImageNet, we choose ResNet-18 He
et al. (2016 as the neural network. Each worker node holds the same Convolutional Neural Network
(CNN) model as the classifier. The details of network structures are provided in the supplementary
material.

Parameters: In experiments, we carefully tune hyperparameters for all methods. We run grid search
for step size, and choose the step size for primal variable in the set {0.001,0.005,0.01} and that for
dual variable in the set {0.0001,0.001,0.01}. We set the global learning rate as 1 for CODASCA.
We choose the momentum parameter in Momentum Local SGDA in the set {0.1,0.9}. The « and
£ in FMSGDA are chosen from {0.1,0.9}. The batch-size b is in {50} and the inner loop number
q € {10, 20}.

Results: The goal of our experiments is two-fold: (1) To compare the performance of FMSGDA
with other algorithms during the training phase with different datasets; (2) To demonstrate the model
performance on the test datasets.

In Figure[2] we compare the performance of FMSGDA and other baseline methods against the num-
ber of communication rounds, namely back-and-forth communication rounds between the central
server and each worker node on three datasets. Figure 2] shows that our algorithms consistently
outperform the other baseline algorithms. Finally, we focus on the final performance on the testing
datasets. In tables[2] we present the ROC scores of all methods on the test dataset after training with
the same epochs. FMGDA performs well under datasets. It shows the our method (i.e. FMGDA)
has a good performance compared with other methods.

0.62 0.62
06 06
0.58 0.58
0.56 0.56
8 054 o 054
€C 052 Qo052
2 05 « 05 |
<o —Local SGDA ) 058 —Local SGDA
048 —CODA 048 —CODA —CODA
0.46 Momentum SGDA 0.46 — Momentum SGDA 0.56 Momentum SGDA
—CODASCA CODASCA 054 —CODASCA
0.44 0.44 X
—FMSGDA —FMSGDA —FMSGDA
0.42 0.42 0.52
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Communication Round Communication Round Communication Round
(a) Fashion-MNIST (b) CIFAR-10 (c) Tiny ImageNet

Figure 2: ROC scores on the test datasets vs the number of communication rounds during the training
phase.

7 CONCLUSION

In this paper, we proposed a novel federated minimax algorithm, federated stochastic recursive mo-
mentum gradient ascent algorithm (i.e. FMGDA) to solve the Federated Deep AUC Maximization
optimization problems. We prove that our new method obtains sample complexity of O(¢~?) and
communication complexity of O(e~2) under mild assumption, which outperforms the existing re-
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sults in federated minimax optimization. The sample complexity matches state-of-the-art result in
centralized minimax optimization. Our method also achieves a linear speedup with respect to the
number of worker nodes, which present its superiority to solve large-scale problems. We also con-
duct experiments on Federated Deep AUC Maximization optimization task to validate the efficiency
of our algorithm.
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A APPENDIX

A.1 BASIC LEMMA

In this section, we provide the detailed convergence analysis of our algorithm. For conve-
nience, in the subsequent analysis, we define F;; = F;(0;;,w.;), VoF; = VoFi(6::,we ;)

_ _ T T T T 1N
and Vo, Fy; = Vo Fi(Or,w5). a = [at71,at72,~~ ,at,N] and a; = « ) ;_;as; fora; €
{0, Wi, us, v, VoF:, V,, Fi}. To be precise,

1 & 1 & 1 & 1 &
N;@s,i wt:N;wt,i ﬁt:N;Ut,i @t:N;Ut,i

) | X L& ) | X N
VoI = NZVOF“ = szaFi(Gt,i,wt,i) wly = NZ Fi = Z Fi(0ri,we )
i=1 i=1 im1 i—1
N
Vo F(0r, ;) = ZVOF (0, @0e)  VuF (O, @) = Z Fi(0, ;)
i=1 i=1

® denotes the Kronecker product and s; denotes the s; = |t/q]. Ly = max{Li1, Li2, L21, L2, 1}

Lemma 1. (Lin et al| |2019) Under the above Assumptions [2| and 3| the function ®(0) =
max,, f(0,w) = f(0,w*(0)) and the mapping w*(0) = arg max,, f(6,w) have L-Lipschitz con-
tinuous gradient and k-Lipschitz continuous respectively, such as for all 0,0 € R

[V®(01) = VO(02)| < L[|6h — 2], [[w"(61) — w(02)]| < 5|61 — 02|, (13)
where L =Ly(14+k)andk = Ly /p.

Lemma 2. (From|Zhang et al.|(2021)) x is the concatenation of [xir, :c;'—, .. xN] e RN and
Z; € RY, denoting 1 € RYN as the vector of all ones, we have

Ix -1 z|* < [x|? (14)

Proof. Denoting I; € R4*? and I vy € RNV?*Nd a5 identity matrices. Then we have

117 117 ()
Ix—1@zl* = x - (7 @ L)x|* = [[(Tva — = @ La)x|* < ||| (15)
where (a) follows that matrix norm ||[Iy4 — S5 ' ® Lillop < 1 where || - ||op denotes operator norm.
To be precise, operator norm of L2 norm is spectral norm. O

A.2 IMPORTANT CONCLUSIONS

Lemma 3. Fori € [N], we have

Q

E(|Vofi(0ri, w5 Bei) — VoFi|* < (16)

q <
[\

E||V fi(0r,is we,i; Bei) — Ve Iy il |* < (17)

|

N
El|VoF; — 1@ VoF||* <1205 [Ell6; -1 — 1 ]* + Ellwe—1,; — e 1 [*] + 3N¢* (18)

i=1

E|VuF —1® VyFy||* <1207 ZEHGt 1i — 01 |? + Ellwi—1; — we1]?] +3N¢ (19)
i=1
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Proof. (1) we have
E||Vofi(0ri, w0 Bei) — VoFy il

1
:EHE Z (Vefi(at,iawt,i;fm)—VeFt,i)||2
&t,i€B;

1
= Z E|Vofi(0ri,wei5&:) — VoFi|?
£t,i€B

o2

=7 (20)

where the third equality is due to E¢, ,[Vo fi (0, w,i;&e.6) — VoFy ] = 0 and the last inequality
follows Assumptions[I} Similarly, we get the equatlonm

N
(QE(|VeF, —1® VoF|* = Z]E”VGFt,i — VoFy|?

=1

N
<3 E([[VoFii — VoFi(0r, @,)|* + | VoF (01,01) — VoFi|* + Vo Fi(0r, 1) — Vo F (6, )|

i=1
N B T B

<3 "E[|VoF.i — VoF;(0r, w)|” + i > IVeF;(0r, @) — VoF, ;1
i=1 j=1

N
1 _ _
+ > Vo Fi(0r, 1) — Vo Fy (0, wy)||°]

Jj=1
_ N1 X _ _
<12L3E(6; — 1@ 6,|* + 12L7E[we — 1@ w | + 3 ~ > E(VoFi(0s,w:) — VoF;(0y, )|
i=1 j=1
<12L? ZEHGt 1i— O ||> + Ellwi—q s — @p—1]%] + 3NC? (21)

where the third inequality is due to Assumption 2] and the last inequality is due to Assumption [I}
Similarly, we get the equation[T9]

Lemmad. Fort € [s;q, (s; + 1)q), and sequences {0;,w; }L_, are generated from Algorithm we

have
N t N
Z 6 =0 < (a—1) > @2 fues — sl (22)
s=s¢q+1 =1
N t
lewm—wtll (=1 > ¢ .fZIIvH vs|? (23)
s=stq+1

Proof. (1) if t = s;q, we have

N
> 0sai = Ossal|” = 0 (24)
(2)if t > s:q, we have
t—1 t—1
et,i - stq, Z C775+1Us+1 7 é éstq - Z éns+1ﬁs+1
s=s1q s=s:q
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2

ZH%—M! > o

i=1

t—1
Stq,t Stq § Cﬁs+1us+1 i E éns+1as+1

s5=5¢q 5=5¢q

2

N || t—1
= Z Z Nst1 [Ust1, — Ust1]
1=1 [|s=s¢q
(¢—1) Z 6277§+1 Z l[wst1,i — s | 25
S§=stq
Similarly, we get equation[23] O
Lemma 5. Under the above assumptions, and set 0 < n; < land c < %, for the Algorithm we
have
_ _ ~ 3c?
ss = w @) | = [l = w* @) < = T oy — w* (@) = Z0
25
+ CT:H |VwF (0, @) — 17t+1H2 + ||9t+1 —9t|| (26)

CHet
Proof. The function F'(6, w) is L ¢-smooth w.r.t w, and define ;1 = @ + cVs41, We have
F (Beiesn) = F (B 0) = (Yl (B ) oo — ) >~ Jabr —wil® @)
Since the function F'(#, w) is p-strongly concave w.r.t w, we also have
F (01, w*(0,)) <F (0;, 1) + (Voo F (8, @), w* (Br) — ) — g w* (0,) — ||
=F (01, @¢) 4 (Oeq1, w* (0r) — eg1) + (Vo F (0, @) — Tpqr, w* (0p) — 1)
+ (VuF (B, @) e —0e) = 5 [[w* (6) — e (28)

Combining above two inequalities, we obtain

0 < Vg1, w*(0r) — Wig1) + (Vo F (0, W¢) — Vpgr, w* (0) — py1) — £ |

5 |lw(6) —

Ly . _
+ 7f (R (29)

where we also use the fact that F’ (G_t, w* (gt)) > F (gt, wt+1). According to the definition of w1,
we have

* (7 - 1 - — — EN2) —
<5t+17 (0r) — wt+1> == ||wt+1 - wt||2 + <Ut+17w (0¢) — wt> (30)
Putting the inequality equation [30]into equatlon 291 we have

0 < <’Ut+1, (0,5) > <V F (Gt,wt) ’Ut+1,’w*(0_t) — wt+1>

_ L R B
w*(0) = ol + s — e (31)

- ||u7t+1 —w||* - 5 £

By Wiy —wr = nt—&-l(wt—i-l — u?t), we have

[ @41 — w* (6,)]|?

=[l@¢ — w ()|1* + 2041 (W1 — Wy, Wy — w* (6r))
+ 07 |1 — e (32)
And by Cauchy-Schwartz inequality we also have
(Vo (Br,ir) — Dpsr, w” (Br) — g )
= (v F (6y, @) — 0ypq1, w* (9}) — ) + (Vo F (0, 01) — Dpg1, Wy — Wig1)

_ 1 _
*HV F (Bo0) = m|* + & [l (9t)—wt|!2+;||VwF(9mt)—mllf

- ||wt - wt+1H

— HV F (9t7wt) — ’Ut+1H + — K ||’U} (Qt) — th + |U)t wt+1||2 (33)
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Then equation [31]is equivalent to

1 _ . /A2
. O

1 _ Ly 1\, _
< ( - “) i — w* (8)]| + (”;j +he L ) libess — il

QCUH_l 4
9 _
+ u HVwF (6, w¢) — 77t+1H2

1 . 3Ly 1 2 _
< < — Z) @, —w* (0,)|° + (f — > [ vaF (6, @) — B ||

2¢ni41 4
< (g =) o =0 @ = G s = 0l 2 [V F (B ) =
>~ 207’]t+1 4 t — t t+ t w ts t t+

where the second inequality holds by Ly > pand 0 < 1 < 1, and the last inequality is due to
0<c< %. It can be reformulated as

_ ~ 3
e —w* (8)|* < (1= EE) [l = w” (00)* = T Yoo — el
4 _
+ % HVwF (9t7U7t> - 17t+1H2
According to young’s inequality we have:

Javss = )| < (14 LY s -t @)+ (1+

< (14 Y i~ @ + (14

)l @) = u (@)
)60 1)

Cllt+1 14

Cllt+1 1

where the first inequality holds by the Cauchy-Schwarz inequality and Young’s inequality, and the
last equality is due to Lemma[2] By combining the above inequalities, we have

[ w051 — w0 (Br41) ||

< (14 ) (1= B oy — 0 (0) ] - (1 ) 2 3 2L gy
(1 ) S Grm) -l (14 )nnmﬂau 34
CN+1 14

Since 0 < ¢ < % and Ly > i, we have

2.2 2
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14 ER (Gl - <1 Gkt
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4 4 4
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[
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Lemma 6. Suppose sequences {0;,w;}\_, are generated from Algorithms We have

_ _ é &gt L 3¢ 1
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2 2
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Proof.
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Takmg expectation on both sides and considering
_ _ 1 X _
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<5 N 2=+ N L llw = w36
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Therefore, we obtain
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Lemma 7. For everyt € [0, T) the iterates generated by Algorithm!satisﬁ
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20202
o 12 t
+ ”wt,z wt—l,’L” ] + Nb
_ 41— B,)22 X
Elve41 — V> = (1 = B)°El|o; — VwFroa|* + Ni%f ;]E[HQ“ |
28252
o 12 t
+ ||U)tyZ wt*]-ylH ] + Nb

17



Under review as a conference paper at ICLR 2023
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where the last inequality is due to the Assumption [2] and Lemma [3] Similarly, we get the second
inequalities. O

Lemma 8. Assume that the stochastic partial derivatives u; and vy are generated from Algorithm
[l we have
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where the first inequality is due to Young’s inequality. For the second term, we have
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where the second inequality is due to Lemma[2] The last inequality is due to Assumption 2] For the
last term, we have
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where the third inequality is due to (1 4 27/25¢)9 < €*>7/25 < 3. Multiplying 7; on both side and
summing over [s:q, §] in one inner loop, we have
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Then we show the proof of Corollary [I]

Proof. Then consider that Zt = Zt . e,-s-t Zt ) hT < W3 In(T + 1), since ¢; > % <1
Taking equat10n|3_3| and dividing the above by 1T, we have
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For the first two terms in[57] we have
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For the third and forth term in|3_7|, set B = gb, we have
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For the last term in
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It should be mentioned that ¢; = c,. Finally, we have
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and, if we let b as O(1)(b > 1), and choose q = (T/N?)"/*. To let the right hand is less than 2,
wegetT = O(N~1e73) and % = (NT)?/3 =2, O
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