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Abstract

Gradient descent-ascent (GDA) is a widely used algorithm for minimax optimization. How-
ever, GDA has been proved to converge to stationary points for nonconvex minimax optimiza-
tion, which are suboptimal compared with local minimax points. In this work, we develop
cubic regularization (CR) type algorithms that globally converge to local minimax points
in nonconvex-strongly-concave minimax optimization. We first show that local minimax
points are equivalent to second-order stationary points of a certain envelope function. Then,
inspired by the classic cubic regularization algorithm, we propose an algorithm named Cubic-
LocalMinimax for finding local minimax points, and provide a comprehensive convergence
analysis by leveraging its intrinsic potential function. Specifically, we establish the global
convergence of Cubic-LocalMinimax to a local minimax point at a sublinear convergence rate
and characterize its iteration complexity. Also, we propose a GDA-based solver for solving
the cubic subproblem involved in Cubic-LocalMinimax up to certain pre-defined accuracy,
and analyze the overall gradient and Hessian-vector product computation complexities of
such an inexact Cubic-LocalMinimax algorithm. Moreover, we propose a stochastic variant
of Cubic-LocalMinimax for large-scale minimax optimization, and characterize its sample
complexity under stochastic sub-sampling. Experimental results demonstrate faster or com-
parable convergence speed of our stochastic Cubic-LocalMinimax than the state-of-the-art
algorithms such as GDA (Lin et al.| [2020) and Minimax Cubic-Newton (Luo et al 2022]).
In particular, our stochastic Cubic-LocalMinimax was also faster as compared to several
other algorithms for minimax optimization on a particular adversarial loss for training a
convolutional neural network on MNIST.

1 Introduction

Minimax optimization (a.k.a. two-player sequential zero-sum games) is a popular modeling framework that
has broad applications in modern machine learning, including game theory (Ferreira et al., [2012), generative
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adversarial networks (Goodfellow et al.,|2014), adversarial training (Sinha et al., 2017)), reinforcement learning
(Qiu et al.l |2020; [Ho and Ermon, [2016; [Song et al.l [2018)), etc. A standard minimax optimization problem is
shown below, where f is a smooth bivariate function.

pu ol f(@,y). (P)
In the existing literature, many optimization algorithms have been developed to solve different types of
minimax problems. Among them, a simple and popular algorithm is the gradient descent-ascent (GDA),
which alternates between a gradient descent update on z and a gradient ascent update on y in each iteration.
Specifically, the global convergence of GDA has been established for minimax problems under various types
of global geometries, such as convex-concave-type geometry (f is convex in z and concave in y) (Nedié¢
and Ozdaglar, 2009; Du and Hul 2019} Mokhtari et al., [2020; [Zhang and Wang}, [2021)), bi-linear geometry
(Neumann, (1928} |Robinson, (1951)) and Polyak-F.ojasiewicz geometry (Nouiehed et al., 2019; [Yang et al., 2020)),
yet these geometries are not satisfied by general nonconvex minimax problems in modern machine learning
applications. Recently, many studies proved the convergence of GDA in nonconvex minimax optimization for
both nonconvex-concave problems (Lin et al., |2020; |[Nouiehed et al., [2019; Xu et al., [2023]) and nonconvex-
strongly-concave problems (Lin et al.| [2020; (Xu et al.} [2023; |Chen et al., |2021). In these studies, it has been
shown that GDA converges sublinearly to a stationary point where the gradient of an envelope-type function
®(z) := max, f(x,y) vanishes.

Although GDA can find stationary points in nonconvex minimax optimization, the stationary points may
include candidate solutions that are far more sub-optimal than global minimax points, (e.g. saddle points of
the envelope function ®) which are known to be the major challenge for training high-dimensional machine
learning models (Dauphin et al 20145 Jin et al., 2017} |Zhou and Liang, |2018). However, finding global
minimax points is in general NP-hard (Jin et al. |2020). Recently, |Jin et al.| (2020) proposed a notion of local
minimax point that is computationally tractable and is close to global minimax point (see Definition for
the formal definition) .

In the existing literature, several studies have proposed Newton-type GDA algorithms for finding such local
minimax points. Specifically, Wang et al.| (2020) proposed a Follow-the-Ridge (FR) algorithm, which is a
variant of GDA that applies a second-order correction term to the gradient ascent update. In particular, the
authors showed that any strictly stable fixed point of FR is a local minimax point, and vice versa. In another
work (Zhang et al., [2021)), the authors proposed two Newton-type GDA algorithms that are proven to locally
converge to a local minimax point at a linear and super-linear convergence rate, respectively. However, these
second-order-type GDA algorithms only have asymptotic convergence guarantees that require initializing
sufficiently close to a local minimax point, and they do not have any global convergence guarantees. Therefore,
we are motivated to ask the following fundamental question.

e Q: Can we develop globally convergent algorithms that can efficiently find local minimax points in nonconvex
minimax optimization? What are their convergence rates and complexities?

In this work, we provide comprehensive answers to these questions. We develop deterministic and stochastic
cubic regularization type algorithms that globally converge to local minimax points in nonconvex minimax
optimization, and study their convergence rates, computation complexities and sample complexities.

1.1 Our Contributions

We consider the minimax optimization problem (P), where f is twice-differentiable with Lipschitz continuous
gradient and Hessian and is nonconvex-strongly-concave. In this setting, we first show that local minimax points
of f are equivalent to second-order stationary points of the envelope function ®(x) := maxyern f(x,y). Then,
inspired by the classic cubic regularization algorithm, we propose an algorithm named Cubic-LocalMinimax
to find local minimax points. The algorithm uses gradient ascent to update y, which is then used to estimate
the gradient and Hessian involved in the cubic regularization update for = (see Algorithm [1| for more details).

Global convergence. We show that Cubic-LocalMinimax admits an intrinsic potential function H; (see
Proposition [4.1) that monotonically decreases over the iterations. Based on this property, we prove that
every limit point of {x;}; generated by Cubic-LocalMinimax is a local minimax point. Moreover, to achieve
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an e-accurate local minimax point, Cubic-LocalMinimax requires O(LQHLSE_?’ ) number of cubic updates and

O(LQFLQ'E’G*S) number of gradient ascent updates, where £ > 1 denotes the problem condition number.

GDA-Cubic solver. The updates of Cubic-LocalMinimax involve a cubic subproblem that has a very
special Hessian structure. To solve this subproblem, we reformulate it as a minimax optimization problem,
for which we develop a GDA-type solver (see Algorithm . We name such a variant of Cubic-LocalMinimax
as Inexact Cubic-LocalMinimax. By bounding the approximation error of the cubic solver carefully, we
establish a monotonically decreasing potential function and establish the same iteration complexity as that of
Cubic-LocalMinimax. Moreover, the total number of Hessian-vector product computations involved in the
cubic solver is of the order O(Lyr%e™%).

Sample complexity. We further develop a stochastic variant of Cubic-LocalMinimax named as Stochastic
Cubic-LocalMinimax, which applies stochastic sub-sampling to improve the sample complexity in large-scale
minimax optimization. In particular, we adopt time-varying batch sizes in a way such that the induced gradient
inexactness and Hessian inexactness are adapted to the optimization increment ||z; — 2¢—1]| in the previous
iteration. Consequently, to achieve an e-accurate local minimax point, stochastic Cubic-LocalMinimax

requires querying O(x3°¢~7) number of gradient samples and O(x2?¢~°) number of Hessian samples.
Reference Algorithm Setting Gy Metric! #Gradients?
" [Nouiehed et al[(2019) Multi-step GDA  Deterministic PL e-Nash 0(672 ln(efl))
" INouiched et al.| (2019)  Multi-step GDA  Deterministic Concave e-Nash O(e_3‘5 ln(e_l))
~ |Lin et al](2020) GDA Deterministic ~ Strongly-concave e-stationary O(k%¢ %)
~ [Xu et al] (2023) AGP Deterministic ~ Strongly-concave e-stationary O(K%¢ %)
~ |Lin et al[(2020) GDA Deterministic Concave e-stationary 0%
~ Xu et al|(2023) AGP Deterministic Concave e-stationary O™
Lin et al.| (2020) GDA Stochastic Strongly-concave e-stationary O(k3e™)
~ |Lin et al[(2020) GDA Stochastic Concave e-stationary O(e %)
~ [Xu et al](2020b) SREDA Stochastic Strongly-concave e-stationary O(k3¢ )
"~ |Qiu et al. (2020) VR-STS Stochastic Strongly-concave e-stationary O(e?)

Table 1: Comparison of first-order algorithms for nonconvex minimax optimization.

! “Metric” denotes the point to which the algorithm will converge, with the following choices:
- eNash: [[Vef(z,9)] < e, IV, /(z.)]| < e

- e-stationary: ||V®(z)| < € where ®(z) := maxyecrn f(z,y).

2«4 Gradients” denotes the required number of gradient evaluations.

Reference Algorithm Setting #Cradients  #Hv products’
Luo et al.| (2022 Inexact MCN Deterministic 6(I€2€71‘5) O(k*%e72)
- Our Thegrem|2| Algorithm |4| Deterministic 6(:‘%2'5671'5) 5(&2672)
Accelerated Algorithm 4] Deterministic 6(%2671‘5) (5(/{1'5672)
Our Theorem é Algorithm E Stochastic 6(&3'5673'5) 6(/‘62'5672‘5)

Table 2: Comparison of second-order algorithms for finding local minimax points in
nonconvex-strongly-concave optimization.

! The required number of Hessian-vector product evaluations.
1.2 Other Related Works

Deterministic first-order algorithms for minimax optimization : Under strongly-convex-strongly-
concave setting, |Zhang and Wang| (2021)) obtained iteration complexity 0(51'5 ln(efl)) for optimistic gradient
descent-ascent (OGDA) algorithm, and [Mokhtari et al.| (2020) obtained iteration complexity O(xIn(e~!)) for
both OGDA and extra-gradient (EG) algorithm which applies two-step GDA in each iteration. [Yang et al.
(2020) studied an alternating gradient descent-ascent (AGDA) algorithm in which the gradient ascent step uses
the current variable x;41 instead of z; and achieved iteration complexity O(x?In(e!)) for two-sided Polyak
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Lojasiewicz (PL) minimax optimization. These works require require strong geometric assumptions such
as strong convexity and two-sided PL, while our work focuses on general nonconvex minimax optimization.
Nonconvex minimax optimization is also widely studied in existing literature. For example, |Xu et al.| (2023)
studied an alternating gradient projection (AGP) algorithm which applies ¢ regularizer to the local objective
function of GDA followed by projection onto the constraint sets and achieves iteration complexities O(e=*)
and O(k%¢~2) under nonconvex-concave and nonconvex-strongly-concave settings, respectively. [Nouiehed et al.
(2019) studied multi-step GDA with multiple gradient ascent steps per iteration and iteration complexity
O(e_an(e_l)) under nonconvex-PL setting , and they also studied the momentum-accelerated version
which achieves iteration complexity 0(6_3'5 ln(e_l)) under nonconvex-concave setting. However, these works
under nonconvex setting only have convergence guarantee to stationary points, whereas all the variants of
our Cubic-LocalMinimax algorithm converge to local minimax points. More detailed comparison of the
convergence results of the above deterministic first-order algorithms are shown in Section [I.1}

Deterministic second-order algorithms for minimax optimization : |Adolphs et al.| (2019)) analyzed
the stability of a second-order variant of the GDA algorithm. Huang et al.| (2022b)) also proposed a cubic
regularized Newton algorithm which solves convex-concave minimax optimization problem with (9( ln(e’l))

and (’)(6(1_9)/ (92)) iterations respectively under Lipschitz-type and Holder-type (with parameter 6) error
bound conditions, but the computation complexity for solving the cubic subproblem is lacking. In (Luo
et al.l |2022)), the authors proposed a Minimax Cubic-Newton (MCN) algorithm that is different from our
Cubic-LocalMinimax in various aspects, as we elaborate with more details in Sections [ and f] We list
three major differences as follows. First, we develop a GDA-based solver for solving the cubic subproblem
which does not require cubic objective evaluation, whereas they use a gradient-based solver with Chebyshev
polynomials which requires additional computation. Second, our algorithm requires much fewer gradient
ascent steps in practice since we adopt more adaptive approximation error bounds (see eqgs. & ) Third,
we develop a stochastic version of Cubic-LocalMinimax and analyze its sample complexity, which to our
knowledge has not been studied in the existing literature. More detailed comparison of the convergence
results between (Luo et al.l |2022)) and our work are shown in Section

Stochastic algorithms for minimax optimization : [Lin et al,| (2020)); [Yang et al.| (2020) analyzed
stochastic GDA and stochastic AGDA, respectively, which are direct extensions of GDA and AGDA to the
stochastic setting. Specifically, stochastic GDA algorithm (Lin et al., 2020) achieves sample complexities
O(k%e=*) and O(e~®) under nonconvex-strongly concave and nonconvex-concave settings respectively. (Yang
et al.l |2020) proposed stochastic AGDA algorithm and its accelerated version via SVRG variance reduction
technique, which achieve sample complexities O(k%¢~1) and O(N + k%) In(e~1) respectively for finite-sum
two-sided PL minimax optimization with N samples. First-order variance reduction reduction techniques have
also been applied to nonconvex strongly-concave stochastic minimax optimization. For example, SREDA (Xu
et al., [2020b) and STORM (Qiu et al.; 2020) achieve sample complexities O(k3e¢~3) and O(e~3) respectively.
More detailed comparison of the convergence results of the above stochastic first-order algorithms are shown in
Section [I.1] Gradient-free versions of these variance reduction techniques have also been applied to minimax
optimization, including SPIDER (Xu et all [2020c) and STORM (Huang et al., 2022a)). Compared with
our work which has convergence guarantee to local minimax points of nonconvex minimax optimization,
the above stochastic algorithms either require strong geometric assumptions such as strong convexity and
two-sided PL, or only converge to stationary points of nonconvex minimax optimization.

Cubic regularization (CR): The CR algorithm dates back to (Griewank] [1981)), where global convergence is
established. In (Nesterov and Polyakl [2006), the author analyzed the convergence rate of CR to second-order
stationary points in nonconvex optimization. In (Nesterov, 2008), the authors established the sub-linear
convergence of CR for solving convex smooth problems, and they further proposed an accelerated version of CR
with improved sub-linear convergence. [Yue et al| (2019) studied the asymptotic convergence properties of CR
under the error bound condition, and established the quadratic convergence of the iterates. Recently, Hallak
and Teboulle (2020]) proposed a framework of two-directional method for finding second-order stationary
points in general smooth nonconvex optimization. The main idea is to search for a feasible direction toward
the solution and is not based on cubic regularization. Several other works proposed different methods to
solve the cubic subproblem of CR, e.g., (Agarwal et al., 2017; |Carmon and Duchi} [2019; (Cartis et al., [2011b).
Another line of work aimed at improving the computation efficiency of CR by solving the cubic subproblem
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with inexact gradient and Hessian information. In particular, |(Ghadimi et al.[ (2017)) proposed an inexact
CR for solving convex problem. Also, Cartis et al.| (2011a) proposed an adaptive inexact CR, for nonconvex
optimization, whereas [Jiang et al.| (2017 further studied the accelerated version for convex optimization.
Several studies explored subsampling schemes to implement inexact CR algorithms, e.g., (Kohler and Lucchi,
2017; [ Xu et al.} [2020a} |Zhou and Liang), [2018; Wang et al.l 2018b)).

2 Problem Formulation and Preliminaries

We consider the following standard minimax optimization problem (P), where f is a nonconvex-strongly-
concave bivariate function and is twice-differentiable. Throughout the paper, we define the envelope function

O (z) := maxyer~ f(x,y).

i . P
Jnin max f(z,y) (P)

Our goal is to develop algorithms that converge to a local minimax point of (P), which is defined as follows.

Definition 2.1 (Local minimax point [Jin et al|(2020)). A point (z*,y*) is a local minimaz point of (P) if

y* is a local mazimum of function f(x*,-), and there exists a constant §o > 0 such that z* is a local minimum
of function gs(x) := maxy.|,—y~||<s f(x,y) for any ¢ € (0, do].

Local minimax points are different from global minimax points, which require z* and y* to be the global
minimizer and global maximizer of the functions ®(-) and f(z,-) simultaneously. In general minimax
optimization, it has been shown that global minimax points can be neither local minimax points nor even
stationary points (Jin et al.l [2020). However, global minimax point necessarily implies local minimax point in
nonconvex-strongly-concave optimization. Moreover, under mild conditions, many machine learning problems
have been shown to possess local minimax points, e.g., generative adversarial networks (GANs) (Nagarajan
and Kolter, [2017; [Zhang et al., |2021)), distributional robust machine learning (Sinha et al., [2018), etc.

Local minimax point is also an extension (necessary condition) of local Nash equilibrium (Jin et al., 2020). A
point (z*,y*) is defined as local Nash equilibrium if f(z*,y) < f(z*,y*) < f(z,y*) for any z,y that satisfies
|z —2*|| <é and ||y —y*|| < 0. In other words, local zero-duality gap ming.|,—q«||<s MaxXy;|y—y+|<s f(2,y) =
MaXy:||y—y || <6 Milg:|z—a+| <5 f(T,y) is achieved at (z*,y*). Such zero-duality gap condition is required for
simultaneous games where the min-player x and the max-player y act simultaneously (Jin et al.; 2020). In fact,
Jin et al. (2020)) pointed out that most machine learning applications are sequential games where min-player
and max-player act sequentially and the sequence (i.e., who plays first) is crucial and pre-specified. For
example, in adversarial training, classifier acts first and then the adversary generates an adversarial sample.
In GAN training, generator acts first followed by discriminator. Moreover, in sequential games, zero duality
gap does not necessarily hold, i.e., local Nash equilibrium may not exist, so local minimax solution is more
commonly used (Jin et al.| [2020]).

In (Jin et al., |2020), the following set of second-order conditions have been proved to be sufficient conditions
for local minimax points. Moreover, as we show later, our algorithm design is inspired by these conditions.

Definition 2.2 (Sufficient conditions for local minimax). A point (z,y) is a local minimaz point of (P) if
the following conditions hold.

1. Stationary: Vi f(z,y) =0, Vaf(x,y) =0;
2. Non-degeneracy: Voo f(x,y) <0, and [V11f — Vi2f(Vaof) ' Vai f](z,y) = 0.

Throughout the paper, we adopt the following standard assumptions on the minimax optimization problem
(P). These conditions have been widely adopted in the related works (Lin et al., 2020; [Jin et al., 2020; [Zhang
et al.l |2021]).

Assumption 1. The minimaz problem (P) satisfies:
1. Function f(-,-) is L1-smooth and function f(z,-) is u-strongly concave for any fized x;

2. The Hessian mappings Vi1 f, Viaf, Va1 f, Vaof are Ly-Lipschitz continuous;
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3. Function ®(x) := maxyeprn f(x,y) is bounded below and has bounded sub-level sets.

To elaborate, item 1 considers the class of nonconvex-strongly-concave functions f that has been widely
studied in the minimax optimization literature (Lin et al., [2020; Jin et al., [2020; Xu et al.| |2023}; [Lu et al.,
2020)), and it is also satisfied by many machine learning applications. Item 2 assumes that the block Hessian
matrices of f are Lipschitz continuous, which is a standard assumption for analyzing second-order optimization
algorithms (Nesterov and Polyak} 2006} |Agarwal et al.| [2017)). Moreover, item 3 guarantees that the minimax
problem has at least one solution.

3 A Cubic Regularization Approach for Finding Local Minimax Points

In this section, we propose a cubic regularization type algorithm that leverages the cubic regularization
technique to find local minimax points of the nonconvex minimax problem (P). We first relate local minimax
points to certain second-order stationary points in Section based on which we further develop the
algorithm in Section [3.2]

3.1 On Local Minimax and Second-Order Stationary Condition

Regarding the conditions of local minimax points listed in Definition [2:2] note that the stationary conditions in
item 1 are easy to achieve, e.g., by performing standard gradient updates. For the non-degeneracy conditions
listed in item 2, the first condition is guaranteed as f(z,-) is strongly concave. Therefore, the major challenge
is to achieve the other non-degeneracy condition [an - Vlzf(V22f)_1V21f] (z,y) > 0. Interestingly, in
nonconvex-strongly-concave minimax optimization, such a non-degeneracy condition has close connections to
a certain second-order stationary condition on the envelope function ®(z), as formally stated in the following
proposition. Throughout, we denote k = L1 /u as the condition number.

Proposition 3.1. Let Assumption[1] hold. Then, the following statements hold.

1. The mapping y*(x) := argmaxycr~ f(2,y) is unique and k-Lipschitz continuous for every fixed = (Lin
et all, [2020);

2. ®(z) is L1(1 + k)-smooth and V®(x) = V1 f(z,y*(x)) (Lin et all |2020);

3. Define mapping G(z,y) = [Vi1f —Viaf (Voo f) "' Vaif|(z,y). Then, G is a Lipschitz continuous mapping
with Lipschitz constant Lg = Lo(1 + k)?;

4. The Hessian of ® satisfies V2®(z) = G(z,y*(x)), and it is Lipschitz continuous with Lipschitz constant
Lq; = Lg(l + H) = L2(1 + 5)3.

The above proposition points out that the non-degeneracy condition G(z,y) > 0 actually corresponds to
a second order stationary condition of the envelop function ®(x). To explain more specifically, consider
a pair of points (x,y*(z)), in which y*(z) := argmax, f(z,y). Since f(z,-) is strongly concave and y*(z)
is the maximizer, we know that y*(z) must satisfy the stationary condition Vs f(z,y*(z)) = 0 and the
non-degeneracy condition Vas f(z,y*(2)) < 0. Therefore, in order to be a local minimax point,  must satisfy
the stationary condition Vi f(x,y*(z)) = 0 and the non-degeneracy condition G(z,y*(z)) > 0, which, by
items [2 and [4 of Proposition [3.1], are equivalent to the set of second-order stationary conditions stated in the
following fact.

Fact 1. (Evtushenko, |1974) Let Assumption hold. Then, (x,y*(x)) is a local minimaz point of (P) if x
satisfies the following set of second-order stationary conditions.

(Second-order stationary): V®(x) =0, V2®(zx) = 0.

To summarize, to find a local minimax point in nonconvex-strongly-concave minimax optimization, it suffices
to find a second-order stationary point of the smooth nonconvex envelope function ®(z). Such a key
observation is the basis for developing our proposed algorithm in the next subsection. We also note that
the proof of Proposition is not trivial. Specifically, we need to first develop bounds for the spectrum
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norm of the block Hessian matrices in Lemma (see the first page of the appendix), which helps prove the
Lipschitz continuity of the G mapping in item 1. Moreover, we leverage the optimality condition of f(z,-)
to derive an expression for the maximizer mapping y*(z) (see eq. (46) in the appendix), which is used to
further prove item 2.

3.2 The Cubic-LocalMinimax Algorithm

In the existing literature, many second-order optimization algorithms have been developed for finding second-
order stationary points of nonconvex minimization problems (Nesterov and Polyak, [2006} |Agarwal et al.,
2017; Yue et al., |2019; [Zhou et al.| [2018]). Hence, one may want to apply these algorithms to minimize
the nonconvex function ®(z) and find local minimax points of the minimax problem (P). However, these
algorithms are not directly applicable, as the function ®(z) involves a special mazimization structure and
hence its specific function form ® as well as the gradient V® and Hessian V2® are implicit. Instead, our
algorithm design can only leverage information of the bi-variate function f.

Our algorithm design is inspired by the classic cubic regularization algorithm (Nesterov and Polyak! |2006]).
Specifically, to find a second-order stationary point of the envelope function ®(z), the conventional cubic
regularization algorithm would perform the following iterative update.

1 1
541 € argmin V& (z,) "5 + isTV2<I>(xt)s + a”S”g,

Ti41 = Tt + St+1, (1)

where 1, > 0 is a proper learning rate. However, due to the special maximization structure of @, its gradient
and Hessian have complex formulas (see Proposition ) that involve the mapping y*(z), which cannot be
computed exactly in practice. Hence, we aim to develop an algorithm that efficiently computes approximations
of V®(x), V2®(z), and use them to perform the cubic regularization update.

To perform the cubic regularization update in eq. (I), we need to compute V®(z¢) = Vi f (2, y* (1))
and V2®(z;) = G(x4,y*(z)) (by Proposition E, both of which depend on the maximizer y*(z;) of the
function f(xy,-). Since f(z,- ) is strongly-concave, we can run Ny iterations of gradient ascent to obtain
an approximated maximizer yy, ~ y*(z¢), and then approximate V®(z;), V2®(z;) using Vi f(z¢, yn,) and
G(zt,Yn, ), respectively. Intuitively, these are good approximations due to two reasons: (i) yn, converges
to y*(x¢) at a fast linear convergence rate; and (ii) both Vi f and G are shown to be Lipschitz continuous
in their second argument. We refer to this algorithm as Cubic Regularization for Local Minimax
(Cubic-LocalMinimax), and summarize its update rule in Algorithm [I| below, which terminates whenever
the maximum of the previous two increments ||s;—1|| V ||s¢]| is below a certain threshold €. Such an output
rule helps characterize the computation complexity of the algorithm. In Section [5] we provide a comprehensive
discussion on how to solve the cubic subproblem with the special Hessian matrix G(z¢, y1+1) using first-order
GDA-type algorithms.

4 Convergence and lteration Complexity of Cubic-LocalMinimax

In this section, we study the global convergence properties and the iteration complexity of Cubic-LocalMinimax.
The key to our convergence analysis is characterizing an intrinsic potential function of Cubic-LocalMinimax
in nonconvex minimax optimization. We formally present this result in the following proposition.
Proposition 4.1 (Potential function) Let Assumption |1l hold. For any o, > 0, choose ¢ < E‘LLCI; ,

< (9L + 18 +288)~! and n, = I + . Define the potential function Hy = ®(z¢) + (Lo + 2a + 38)||s¢||>.
Then when Ny > O(kIn Lialls: IHIGL[;((HL"‘”)”“H) the output of Cubic-LocalMinimaz satisfies the following
potential function decrease property for all t € N.

Hiar — Hy < ~(Lo+a+ 8)(lsn P + ] )

Proposition reveals that Cubic-LocalMinimax admits an intrinsic potential function H;, which takes the
form of the envelope function ®(x) plus the cubic increment term ||s;||>. Moreover, the potential function H,
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Algorithm 1 Cubic-LocalMinimax

Input: Initialize xg, Yo, learning rates n,, n,, threshold €', numbers of iterations 7', IV,
Define ||sg|| = €

for t=0,1,2,..., T —1do

Initialize yo = y¢

for k=0,1,2,...,N; — 1do

Uk+1 = Y + 0y Vo f(xe, Ui)

end
Set yi+1 = yYn,. Solve the cubic problem for s;41:

. 1 1
argmin Vy f(24,ye41)"s + §3TG($t7yt+1)3 + @Ilsllg

Update Ti41 = T + St4+1
end
Output: 7/, yr, T = min{t : ||se—1|| V ||s¢]] < €'}

is monotonically decreasing along the optimization path of Cubic-LocalMinimax, implying that the algorithm
continuously makes optimization progress.

The key for establishing such a potential function is that, by running a sufficient number of inner gradient
ascent iterations, we can obtain a sufficiently accurate approximated maximizer y;11 =~ y*(x;). Consequently,
the V1 f(xt,ye+1) and G(z, yr+1) involved in the cubic subproblem are good approximations of V®(z;) and
V2®(x), respectively. In fact, the approximation errors are proven to satisfy the following bounds.

IV®(:) = Vif (e, yer) | < Blllsell* + ), 3)
V2@ (21) — G(ze, yes)l| < al[[sell + €). (4)

On one hand, the above bounds are tight enough to establish the decreasing potential function. On the
other hand, they are flexible and are adapted to the increment ||s¢|| = ||z+ — @¢—1]| produced by the previous
cubic update. Therefore, when the increment is large (i.e., ||s:]| = O(1) > O(¢’)), which usually occurs in
the early iterations, our algorithm requires only O(1) gradient ascent steps. As a comparison, the Minimax
Cubic-Newton (MCN) algorithm proposed in (Luo et al.,[2022)) adopts constant-level approximation errors, i.e.,
VO () = Vif(xe, yer1)|| < O(€?) and || V2P(2y) — G (24, y111)]| < (’)(e’)ﬂ which requires much more gradient
ascent steps (O(In(1/€'))) in every iteration. In the converging phase where ||s¢|| < O(€'), our algorithm
requires O(In(1/¢€')) gradient ascent steps, which is of the same order as that of MCN. Combining the two
cases, our algorithm is more practical. Such an idea of adapting the inexactness to the previous increment
in eqs. and is further leveraged to develop a scalable stochastic variant of Cubic-LocalMinimax in
Section [6l

Based on Proposition we obtain the following global convergence rate of Cubic-LocalMinimax to a
second-order stationary point of ®. Throughout, we adopt the following standard measure of second-order
stationary introduced in (Nesterov and Polyakl [2006)).

~Amin (V20(2))
V33Le

Intuitively, a smaller u(x) means that the point x is closer to being second-order stationary.

p(x) = VI[[Ve()| v

Theorem 1 (Convergence and complexity of Cubic-LocalMinimax). Let the conditions of Proposition

hold with « = 8 = Lg. For any 0 < € < L1v33Le VLP’G%i’, choose € = \/3§Tq> and T > %’W. Then, the
output of Cubic-LocalMinimaz satisfies
wlrr) <e. (5)

LOur ¢ corresponds to O(y/e) in [Luo et al.|(2022).
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Consequently, the total number of required cubic iterations satisfies T’ < O(\/LQRLSG_?’), and the total
number of required gradient ascent iterations satisfies ZtT:gl N < 6(\/L2K2'56_3).

Remark 1: The convergence rate result in Theorem is about the terminated iteration 7", which is specified
by a stopping criterion and is upper bounded by T'. This is different from most of the existing last-iterate
convergence results where the last iterate T is prespecified.

Remark 2: We note that the gradient ascent steps for updating 7+ in Algorithm (I can be accelerated by
using the standard Nesterov’s momentum. In this way, the total number of required gradient ascent iterations
will reduce to the order O (\/szﬁz(s), which matches that of the Minimax Cubic-Newton algorithm proposed
in (Luo et al., [2022]).

The above theorem shows that the gradient norm ||[V®(z¢)|| vanishes at a sublinear rate O(T~3%), and the
second-order stationary measure —Apip (VQ(I)(Z‘)) converges at a sublinear rate (’)(T_%). Both results match
the convergence rates of the cubic regularization algorithm for nonconvex minimization (Nesterov and Polyak]
2006). As a comparison, the standard GDA does not guarantee the convergence of —Apin (VQCIJ(:&)), and

its convergence rate of |[V® ()| is of the order O(T~2) (Lin et al., 2020), which is orderwise slower than
that of Cubic-LocalMinimax. Therefore, by leveraging the curvature of the approximated Hessian matrix
G(zt,yt+1), Cubic-LocalMinimax is able to find second-order stationary points of ® at a fast rate.

We note that the proof of the global convergence results in Theorem [I] is critically based on the intrinsic
potential function H; that we characterized in Proposition [{:1] Specifically, note that the cubic subproblem in
Cubic-LocalMinimax involves an approximated gradient Vi f(x¢, y¢+1) and Hessian matrix G(z¢, yr41). Such
inexactness of the gradient and Hessian introduces non-negligible noise to the cubic regularization update of
Cubic-LocalMinimax. Consequently, Cubic-LocalMinimax cannot make monotonic progress on decreasing
the function value ®, as opposed to the standard cubic regularization algorithm in nonconvex minimization
(which uses exact gradient and Hessian). Instead, we take a different approach and show that as long as the
gradient and Hessian approximations are sufficiently accurate, one can construct a monotonically decreasing
potential function H; that leads to the desired global convergence guarantee.

5 How to Solve the Cubic Subproblem of Cubic-LocalMinimax?

The Cubic-LocalMinimax presented in Algorithm [I] involves a cubic subproblem that takes the following form.

1 1
St41 = argmin ¢(s) :==g' s+ isTAs + QHSH:;7 (6)
where g = V1 (24, y141), A= Hy1 — HioHyy' Hoy with Hye = Ve f (24, yit1)-

To solve the above cubic subproblem, one standard approach is to apply the existing gradient-based solvers
(Carmon and Duchi, 2019} (Tripuraneni et al., |2018), which requires computing the Hessian-vector product
A - s. However, in Cubic-LocalMinimax, the Hessian matrix takes the complex form A = Hy; — H12H2}1H21
that involves product of block Hessian matrices as well as matrix inverse. Hence, directly computing the
product of such a Hessian matrix with any vector can be highly inefficient. On the other hand, in (Luo et al.|
2022)), the authors proposed two-timescale update rules for computing such Hessian-vector product, where
they approximate the matrix inverse H. 2_21 via Chebyshev polynomial To further simplify these update rules
and reduce computation, we next propose an efficient GDA-type algorithm to solve this cubic subproblem
with the special Hessian matrix A.

Our main idea is to reformulate the cubic subproblem in order to avoid the matrix inverse H,," involved
in the Hessian matrix A. Specifically, we observe that the above cubic subproblem can be rewritten as the
following minimax optimization problem.

1

min max ¢~$(S, v) =g s+ 5
S v

1 1
s'Hys+s' Higv + §UTH22U+ QHSH3 (7)

2See eqgs. (32)-(33) of (Luo et al., [2022)).



Published in Transactions on Machine Learning Research (03/2023)

To explain, note that the above bi-variate function 5 is strongly concave in v with the unique maximizer given
by v*(s) := arg max, ¢(s,v) = —H;21H21 s. Substituting this maximizer into the function (b(s, -) yields the
original cubic subproblem, i.e., 5(3, v*(s)) = ¢(s). Moreover, since g(s, v) is a nonconvex-strongly-concave
function (because Hoy = —ul), we are motivated to develop a GDA-type solver to solve it. Specifically, our
solver, named as GDA-Cubic Solver, is partially inspired by the existing gradient-based cubic solvers
(Tripuraneni et al.,2018) and is summarized in Algorithms|2|and [3] To elaborate, the solver performs updates
based on the following two cases.

o Large gradient ||g|| > 4L3x%n,: In this case, the first-order gradient g is far from being stationary, and
it is more preferable to constrain the solution of the cubic subproblem in eq. (@ to s = 7HWTH g for some

~ > 0 (Tripuraneni et al.| |2018)). In particular, the optimal choice v*, named as Cauchy radius, has been
shown in (Conn et al.l 2000)) to take the following form.

T 2 T
. . g n:9 "' Ag N9 Ag
~* = argmmqﬁ(—'y—) = (7) + 210 )|9|| — ———- 8
ol \/ e AT )

720

.
Here, to compute the quantity W with A = Hyq1 — H12H2_21H21, we propose to rewrite it as

9"Ag _g"Hug (Hng) w*
lgll? 9112 gl

, where w* := H,, (9)
Note that both Hy19 and Hs1g are Hessian-vector products that can be efficiently computed by the
popular machine learning platforms such as TensorFlow (Abadi, 2015) and PyTorch (Paszke, 2019). To

compute w*, note that it can be viewed as the unique maximizer of the u-strongly concave problem

v
max,, %wTHggw — (Hf;g) w. We can solve this problem by performing K gradient descent steps (see

eq. ) and obtain an approximated minimizer wx ~ w* with high accuracy.

 Small gradient ||g|| < 4L2k%n,: In this case, we propose to solve the equivalent cubic subproblem in eq. (7))
via a nested-loop GDA-type algorithm, as it is nonconvex-strongly-concave. Specifically, we first fix s and
maximize ¢(s,-) via gradient ascent for multiple iterations to estimate the maximizer v* %(see eq. )

12)

).
We note that all the steps of GDA-Cubic Solver are based on computing Hessian-vector products, which can

be efficiently computed and does not require storing the Hessian matrix. Equipped with this GDA-Cubic
Solver, we propose the following Inexact Cubic-LocalMinimax algorithm summarized in Algorithm

Then, we fix v and minimize ¢(-,v) via one step of perturbed gradient descent (see eq.

A similar algorithm named as Inexact Minimax Cubic-Newton (IMCN) with inexact cubic solver was first
proposed by (Luo et all 2022). Our Algorithm 4| differs from IMCN in the following aspects.

o First, as mentioned in Section [d] we adopt the more relaxed adaptive gradient and Hessian approximations
in egs. & for the gradient ascent steps, whereas they adopt constant approximation errors.

e Second , both our Inexact Cubic-LocalMinimax (Algorithm [4)) and our GDA-based cubic solver (Algorithm
adopt simple termination rules that are purely based on tracking the norm of the increments ||s;—1]|, ||s|,
which are directly accessible in each iteration. As a comparison, the termination rules of their Inexact
Minimax Cubic-Newton Algorithm and its cubic solver need to additionally track the approximate objective
function value of the cubic subproblem, which requires additional computation.

We obtain the following overall computation complexity result of Algorithm [4}

Theorem 2 (Computation complexity of Inexact Cubic-LocalMinimax). Let Assumptz'on hold. For any 0 <
. K - K> € * —
€ < min ( 58Lyn 27 -1/2.1/2 Li—l) and § € (0,1), choose € = 55—, T = O(VLa[®(zo) — ®* + €Xe?),

228+v/Lg’ 0 1
ne =0 (L"), ny = %ﬂb and N; = @(Hln Lla‘lst’l”JrLLGle(gaJer)“St”) (see eq. ) in Algorithm . When

implementing Algorithm |9 at the t-th iteration, use hyperparameters in Lemma with & = §/T if
IV1f(xe, yesr)|| < 4L3K2n,, and use those in Lemma otherwise. When implementing Algom’thm@ use
the hyperparameter choices in Lemma [G.3. Then, with probability at least 1 — &, the output of Inexact

10
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Algorithm 2 GDA-Cubic Solver

Input: Gradient g, Hessians Hy1, Hio, Hoo, perturbation magnitude o, learning rates 7, 7,, s, numbers of
iterations K, {N}};_ '

if ||g|| > 4L3x%n, then

wo =
for k=0,..., K —1do
H-
Why1 = Wk + Ny <H22wk - H271Hg) (10)
end
g' g (Hag) wg
Bk =7—FHi— — —— 55—
gl llgll gl
i =V (1:8x)? + 20 llg]| — 1Bk
sk = —VKYg
else
Obtain € ~ Uniform({z € R™ : ||z|| = 1}).
for k=0,..., K —1do
Vk,0 = 0
for (=0,...,N/,—1do
U1 = Vke + 1o (H 38} + Haovg r) (11)
end
VE = Ukazlc'
5/
SZH:S;—T]S(g—}—Uﬁ—I—HHS;f—|—H12vk—|-|2nk||s;§> (12)
end
end
Output: 5.

Algorithm 3 GDA-Cubic FinalSolver

Input: Gradient g, Hessians Hqq1, Hy2, Hao, learning rates n,,7,,7s, numbers of iterations K, { N, ,If:_ol
for k=0,...,K—1do

Vk,0 = 0
for (=0,...,N/,—1do
| Obtain vy ¢41 using eq. with learning rate 7,,.
end
V = Uk,N;C.
_ / sl s
gk =g + Hi18), + Higvg + Sk (13)
20z
S)t1 =5k — NsJk (14)
end

Output: sy, K’ = min{k : ||gx|| < Lo€?}

11
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Algorithm 4 Inexact Cubic-LocalMinimax

Input: Initialize xg, Yo, learning rates n,, n,, threshold €', numbers of iterations 7', IV,
Define ||Sg|| = €
for t=0,1,2,..., T —1do
Initialize yo = y¢
for k=0,1,2,...,N; — 1do
Uk+1 = Yk + 0y Vo f (2, Ur)
end

Set Y41 = YN,
Approximately solve the cubic problem argmin, Vi f(z4,yi41)"s + 35" G, ye41)s + # ||s||? for 5441 using

Algorithm [2| with g := Vi f(2¢,ye+1) and Hyg := Vief (2, ye41) (k€ € {1,2})
Update T4l = T + §t+1
if ||5i—1]] V [|S¢]| < € then
Obtain s using Algorithmwith g :=Vif(xe,y141) and Hyp := Vief(ze, y141) (k, € € {1,2})

T :=min{t : |[st_1]| V ||5¢]| < €'} ¢

T =xp 1+ 8

Output: z7/,y7
end

end

Cubic-LocalMinimaz satisfies
M(%T/) S €. (15)

Consequently, the total number of required cubic iterations satisfies T' < O(\/Lgl'i

of required gradient ascent iterations satisfies 23;0_1 Ny < 6(\/ Lok?5e ), and the total number of required
Hessian-vector product computations (in Algorithms 8@ is of the order O(Lyk2e4).

1‘56_3), the total number

Remark: We can apply the standard Nesterov’s momentum to further accelerate the convergence rate of
the gradient ascent steps of Algorithms [2] [3]and [l The resulting total number of gradient ascent iterations
and total number of Hessian-vector products will then be improved to (’)(\/7/<5 € ) and O(Lm1 Se),
respectively, which match those of the Inexact Minimax Cubic-Newton algorithm in (Luo et al.l [2022).

Compared with Theorem [I] it can be seen from the above Theorem [2] that the total number of cubic iterations
and that of gradient ascent iterations remain the same, demonstraing the effectiveness of our proposed
GDA-based cubic solver. Moreover, since our algorithm design and cubic solver design are different from
those of (Luo et all 2022)), our convergence proof of Theorem [2[is therefore substantially different from that
of (Luo et al.,2022)) in the following aspects.

o First, our Algorithm |4 adopts the more relaxed adaptive approximation criteria (3 & . to save
computation in practice, and thus cannot guarantee monotonic decrease of ®(xy). Instead we established
O(z441) — O(21) < —(11Lo + 8+ 1183|3141 |2 + (9La + 6 + 98) |5 ||* (see eq. ), which implies that
our constructed potential function Hy := ®(x;) + (10Lg + 7ar + 103)][3¢]|® is monotonically decreasing as
shown in Proposition [G.4]

e Second, as our Inexact Cubic-LocalMinimax (Algorithm [4) uses the termination rule ||$;—1]| V ||5¢]] < €
that only relies on the norm of the increments, we need to prove |[sz-||, |[s]] < O(€) in order to ensure the
second-order stationary condition u(z) < e. In particular, we have proved eq. in Lemma which
implies that ||57/]] < € cannot hold under large gradient, so we conclude that |V f (277, y7r41)|| < 4L3K%n,.
In this small gradient case, eq. we proved in Lemma implies that the exact CR solution sp-
satisfies ||s7/|| < 3¢/, which comblned with the final cubic solver (Algorithm [3) yields that the final CR
solution § must batlbfy eq. (B2) (i.e., ||5] < 7€) in Lemma|[G.3] As a comparison, the Inexact Minimax

12
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Cubic-Newton Algorithm in (Luo et al.l [2022)) terminates based on tracking the objective function value of
the cubic subproblem, which requires additional Hessian-vector product computation in practice and does
not involve these technical developments.

6 Stochastic Cubic-LocalMinimax

In this section, we apply stochastic sub-sampling to further improve the performance and complexity of
Cubic-LocalMinimax in large-scale nonconvex minimax optimization with big data. Specifically, we consider
the following stochastic finite-sum minimax optimization problem (Q).

N
min max f(x,y) = %Zﬂ(:&y), Q)
i=1

zER™ ycRn

where N denotes the total number of training samples and f; corresponds to the loss function on the i-th
sample. We adopt the following assumptions.

Assumption 2. The stochastic minimaz optimization problem (Q) satisfies:

1. For any sample i, function f;(-,-) is Li-smooth, function f;(-,y) is Lo-Lipschitz for any fized y, and
function f;(x,-) is p-strongly concave for any fized x;

2. For any sample i, the Hessian mappings V11 fi, Viafi, Vo1 fi, Voofi are Lo-Lipschitz continuous;

3. Function ®(x) := maxycr» f(z,y) is bounded below and has bounded sub-level sets.

Applying Cubic-LocalMinimax to solve the above problem (Q) would require querying full partial gradients
and full Hessian matrices that involve all the training samples. Instead, it is more efficient to approximate
these quantities via stochastic sub-sampling. Therefore, we propose a stochastic Cubic-LocalMinimax
algorithm, which replaces the exact quantities V1 f and G involved in the cubic update by their corresponding
stochastic approximations.

Specifically, to approximate the partial gradient V;f, we sub-sample a mini-batch of samples B; with
replacement from the training set and construct the following sample average approximation.

Vif(z,y) |B‘Zv1flxy (16)
1€ B,

On the other hand, to approximate the matrix G, we sub-sample mini-batches of samples Bi1, B12, Ba1, Baa
with replacement and construct approximated Hessian matrices VH 1 V12 1 Vgl f V22 f in the same way as
above. Then, we construct the following approximation of G.

@(Ly) = [611f - 612]‘1(@22]0)71621}0] (z,y). (17)

We summarize the update rule of stochastic Cubic-LocalMinimax in Algorithm [5] below. In particular, we
run stochastic gradient ascent (SGA) in the inner iterations to obtain the approximated maximizer y;1, and
its high-probability convergence rate has been established in the existing stochastic optimization literature
(Harvey et al.l [2019)) , as shown in Theorem [3| below.

Theorem 3. Let Assumption@ hold. For all t,k, assume that |Vaof(ze, 1)l < Lo and |Vaf (x4, Jk) —
Vaf(ze, )|l < 1 almost surely. The inner stochastic gradient ascent steps in Algorithm@ converge at the
following rate with probability at least 1 — 4.

" Loln(1/6) + L3
||il/t+1 -y (xt)” < O( O(HQ/N)tO)'

The following lemma characterizes the sample complexities of all the stochastic approximators for achieving a
certain approximation accuracy.

13
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Algorithm 5 Stochastic Cubic-LocalMinimax

Input: Initialize zg, yo, learning rates 7, threshold €', numbers of iterations T', N;
Define ||so|| = €
for t=0,1,2,..., T —1do
Initialize yo = y¢
for k=0,1,2,...,N; — 1do
Query a sample & to compute Vo fe(xt, Yi)

Uk+1 = Uk + Vafe(xe, Ur)

_2
pu(k +1)
end

Set yi11 = Zk 0 Nt(JZ\rtT)yk
Sample minibatch By (t), B11(t), B12(t), Ba1(t), Baa(t) to compute eq. and eq. . Then, solve the
following cubic problem for s;y1:

- 14 1
argminV, f (z4,y:11)"s + §STG(xt,yt+1)s + o l|s]
S x

Update 441 = @t + Se41
end
Output: z7/,yr with T/ = min{¢ : ||s;—1|| V ||s¢|| < €'}

Lemma 6.1. Fiz any 0 < €1 < 2Lg, 0 < e2< 4Ly and choose the following batch sizes

L3 m
> 01 =
Bil 2 0(F ), (18)
L? m+n
|Bi1l, | Bizl, | Bai|, | Baa| > O(Tlln ) (19)
€5 )
Then, the stochastic approximators satisfy the following error bounds with probability at least 1 — §.
IV f(@y) = Vif(a, )l < e, (20)
I\Vigf(w,y)*vigf(z,y)ﬂ < €2, Vk,f € {17 2}7 (21)
G (@,y) — Gz, y)l| < (5 +1)%e. (22)

Therefore, by choosing proper batch sizes, the inexactness of the stochastic gradient, Hessian and Hessian
estimators can be controlled within a desired range. From this perspective, stochastic Cubic-LocalMinimax
can be viewed as an inexact version of the Cubic-LocalMinimax algorithm.

To characterize the convergence and sample complexity of stochastic Cubic-LocalMinimax, we adopt an
adaptive inexactness criterion for the sub-sampling scheme. Specifically, we choose time-varying batch sizes
in a way such that the gradient and Hessian inexactness in iteration ¢ are proportional to the previous
increment, i.e., €1(t) oc ||s¢||%, €2(t) o ||s¢]|. Such an adaptive inexact criterion has been justified in the cubic
regularization literature (Wang et al., [2018a; |2019)) with the following advantages: 1) it is adapted to the
optimization increment and hence leads to reduced batch sizes when the increment is large in the early
iterations; 2) it makes the batch size scheduling scheme in Lemma practical, as the batch sizes in iteration
t now depend on the increment ||s¢| obtained in the previous iteration ¢t — 1. We also note that since the
sub-sampling scheme is adapted to the previous increment, the output rule of Algorithm [fis designed to
control the value of both the current and the previous increments. This termination rule is critical to bound
the adapted gradient and Hessian inexactness in the analysis.

We obtain the following global convergence and sample complexity result of stochastic Cubic-LocalMinimax.

Theorem 4 (Convergence and sample complexity). Let Assumptzon@ and Theorem@ hold. For any 0 < e <

L1vV/33Ls B(x0)—P*+8Lgpe’? LoIn(1/8)+LE
B, choose € = et Mo < gipy, T > THUGE 0 and Ny 2 O (s e a2 (oo 5a)) -

14
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Moreover, in iteration t, choose the batch sizes according to egs. and with the inexactness given by

Lo

L<p 2 €
) =2 ( )/\QL, tzi( + )/\4L.
61( ) || t” 33L 0 62( ) (li—l— 1) || tH M 1
Then, the output of Stochastic Cubic-LocalMinimax satisfies
pwlarr) <e. (23)

Consequently, the total number of cubic iterations satisﬁes T' < O(VLak'5e™3), the total number of queried
gradient samples satisfies Zg:o (Nt + |Bl(t)\) < O(LO'{ VL In %), and the total number of queried Hessian

samples satisfies thlgl 22:1 Z?zl | Bro(t)| < O(feo In m;"),

Therefore, under adaptive sub-sampling, the induced gradient and Hessian inexactness €1 (t), e2(t) are properly
controlled so that the iteration complexity T” of stochastic Cubic-LocalMinimax remains in the same level
as that of Cubic-LocalMinimax. Moreover, as opposed to the sample complexity of Cubic-LocalMinimax
that scales linearly with regard to the data size IV, the sample complexity of stochastic Cubic-LocalMinimax
is independent of N. For example, by comparing the more expensive Hessian sample complexity between
Cubic-LocalMinimax and stochastic Cubic-LocalMinimax, we conclude that stochastic sub-sampling helps

reduce the sample complexity so long as the data size is large, i.e., N > (9( .o )

7 Experiments

In this section, we test the numerical performance of Cubic-LocalMinimax and compare it with existing
algorithms in solving a synthetic minimax optimization problem and an adversarial deep learning problem.
All the experiments are implemented on Google Colab with Intel(R) Xeon(R) CPU (12 cores, 2.20GHz),
A100 GPU of cuda 11.2, and 83.48 GB memory. The code can be downloaded from https://github.com/
datou30/Cubic-Localminimax-experiment .

7.1 Synthetic Minimax Optimization Problem

We consider the following finite-sum minimax optimization problem with parameters x = [x1, 72, 23] € R3
and y = [y1,72] € R?

1 & y?

5 2
min max f(z,y) == 5 ; filz,y), with fi(z,y) = w(zs) — E + Aiyn — % + Biwaye,  (24)

where A;, B; > 0 are independently drawn from a uniform distribution over the interval [0.5,1.5], N = 1000
is the total number of samples, and the function w(-) is a W-shaped nonconvex function whose exact form is
presented in Appendix In this setting, each function f; is nonconvex-strongly-concave.

We apply our stochastic Cubic-LocalMinimax algorithm to solve the above synthetic problem. We choose
the initialization point to be x = [0.1;0.1; 1],y = [1; 1] and set the batch size |B;(t)| = |B11(t)| = |B12(t)| =
| Ba1(t)| = | Baz(t)| to be 20,100, 1000, respectively. We choose the number of gradient ascent steps Ny = 10
for each outer loop, the strong concavity constant i = 1, and choose the learning rate n, = 0.01. To solve the
cubic subproblem, we use the standard gradient descent with learning rate 0.01, as the gradient and Hessian
of ®(z) can be analytically computed for this synthetic problem.

Figure |1| shows the performance at each epoch (each update of x is considered as an epoch) (left figure) and
time complexity (right figure) of stochastic Cubic-LocalMinimax under different batch sizes. Here, the y-axis
denotes the function value of ®(x) = max, f(z,y), which we aim to minimize. It can be seen that stochastic
Cubic-LocalMinimax takes more epochs but much less time to converge under a smaller batch size. This
is because the synthetic minimax problem involves relatively small noise so that the stochastic gradients
computed over a small batch of samples are sufficiently accurate.
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Figure 1: Performance at each epoch (left) and time complexity (right) of stochastic Cubic-LocalMinimax
under different batch sizes. The y-axis denotes the function value of ®(z) = max, f(z,y) that we aim to
minimize.

We further compare the performance of stochastic Cubic-LocalMinimax with that of the standard stochastic
GDA and second order algorithms including GDN/FR/TGDA/CN (Zhang et al| [2021)) and Minimax Cubic-
Newton (MCN) algorithm 2022)). All the algorithms use batch size 100 and the fixed initialization
point « = [0;0; 1],y = [1; 1]. For both stochastic Cubic-LocalMinimax and stochastic GDA , we choose the
gradient ascent steps Ny = 10 and p = 1. We do one step of cubic descent and one step of gradient descent in
each algorithm, respectively. The difference between the two algorithms is that the cubic solver in Algorithm
is replaced with one gradient descent step, and both cubic solver and gradient descent step have the same
learning rate 0.01. The implementation details of GDN/TGDA/FR/CN algorithms are a bit involved and
we refer them to Appendix For the MCN algorithm (Algorithm 2 of ), we apply 10

Nesterov’s accelerated gradient ascent steps on y with learning rate 7 = 0.5 and momentum coefficient § = 0.5.

Figure [2| shows the comparison of the performance at each epoch and time complexity for both algorithms.
It can be seen that our stochastic Cubic-LocalMinimax has comparable performance to CN and MCN, but
converges faster than all the other algorithms under both number of epochs and time complexity measures,
demonstrating the effectiveness of both the cubic regularization approach and our proposed GDA-Cubic
Solver.

0.15 - 0.15 -
—— GDA —— GDA
—e— Cubic-LocalMinimax —&— Cubic-LocalMinimax
—<— TGDA —<— TGDA
—¥— GDN —¥— GDN
0.1- —— CN 0.1 —— CN
FR FR
X £
- -
0.05 -

0 0.2 0.4
Time(s)

Figure 2: Comparison of all the algorithms for synthetic experiment.
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7.2 Adversarial Deep Learning

We further compare the stochastic Cubic-LocalMinimax with the classical GDA and second order algorithms
including GDN/FR/TGDA/CN (Zhang et al., |2021) and Inexact Minimax Cubic-Newton (IMCN) algorithm
(Luo et al., [2022)) in the application of adversarial deep learning, which aims to train an adversarially-robust
convolutional neural network model (see Section for the detail of the neural network structure) by solving
the following minimax optimization problem using the MNIST dataset with 50k training samples and 10k
test samples.

n

min max l Z [f(he(fmyi)) - )‘Hfi - %HQ} ) (25)

6 {6}, n =

where n = 50k is the number of training samples, 6 is the parameter of the neural network hg, (x;,y;)
corresponds to the i-th image and label respectively, &; refers to the adversarial sample corresponding to x;,
and we choose cross-entropy loss function as ¢ and penalty coefficient A = 2.0.

When implementing stochastic Cubic-LocalMinimax (Algorithm [f]), we choose batchsize | By (t)| = [By1(t)| =
| B12(t)| = |B21(t)| = |Baz(t)| = 512 and implement N; = 20 gradient ascent steps with learning rate 0.1. For
the cubic solver, we implement Algorithm [2| with 7, = 1 when ||g|| > 10 until K = 30 iterations is reached or

[Hoowy, — Iﬁzgl‘lg || < 1073 in the update rule 1) Otherwise, we choose 0 = 0 (i.e. no random perturbation),

K =30, n, = 0.01, ns = 0.002, n, = 0.1 and IV;, = 5 until either K = 30 iterations is reached or the gradient

terms of both s and vy, are sufficiently small (i.e., max (||H1T2s§c + Hoovg ol |g—|— Hyis), + Hiovi + ‘l;n%s%”) <
103 in the update rules & ) When implementing the classical GDA algorithm, we replace the cubic
solver of stochastic Cubic-LocalMinimax with one stochastic gradient descent step to update 8 using also
batchsize 512 and learning rate 0.01, while the rest hyperparameters are not changed. The implementation
details of GDN/TGDA/FR/CN algorithms are a bit involved and we refer them to Appendix For IMCN
algorithm (Algorithm 3 of (Luo et al.;|[2022))), we use £ = 1, u = 0.4 and the small gradient case of cubic-solver
with learning rate 0.002 and early termination rule |[V¢(s)| < 0.001 where ¢ is the cubic-regularization
objective function. The Chebyshev polynomial used to compute Hessian-vector product is truncated to
K’ =5 terms.

—+— Cubic-LocalMinimax. sweirsrirs
2. > o8 —e— GDA W”""‘
: —<— GDN
E —— CN
15-
= —— Cubic-LocalMinimax @ 0.6 TGDA
Y —e— GDA g —+— R
, —— GDN 3 —— IMCN
= 0.4-
—+— CN g
TGDA 2
05- —_4— FR &€ 0.2
—— IMCN ik =
] 20 40 60 80 100 0 20 40 60 80 100
# epochs # epochs

Figure 3: Comparison of ®(x) at each epoch for Figure 4: Comparison of robust test accuracy at
adversarial deep learning. GDA, TGDA and FR each epoch for adversarial deep learning. GDA,
conincide. TGDA and FR conincide.

Figure 3| compares the objective function value ®(x) at each epoch of both algorithms, which is estimated via
40 gradient ascent steps with learning rate 0.1 to obtain the approximate maximizer {&;}7 ;. It can be seen
that our stochastic Cubic-LocalMinimax algorithm and IMCN are comparable and both algorithms have
significantly faster convergence in terms of epoch than the other algorithms . Figure [ further demonstrates
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Figure 5: Comparison of ®(z) per oracle call for
adversarial deep learning.
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Figure 7: Comparison of ®(x) on time complex-
ity for adversarial deep learning.
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Figure 8: Comparison of robust test accuracy on
time complexity for adversarial deep learning.

the advantage of stochastic Cubic-LocalMinimax algorithm and IMCN in robust test accuracy which is
estimated on test samples. It can be seen that the robust models trained by stochastic Cubic-LocalMinimax
and IMCN are also more robust in generalization.

Figure |5[ and |§| compare the objective function value ®(x) and robust test accuracy respectively per oracle
call (i.e., an evaluation of gradient or Hessian-vector product) of all the algorithms. Similarly, Figures |7|and
compare ®(z) and robust test accuracy respectively on time complexity of all the algorithms. It can be seen
from these figures that our stochastic Cubic-LocalMinimax algorithm takes significantly fewer oracle calls
and less time than all the other algorithms to converge in both objective function and robust test accuracy.

8 Conclusion

We developed cubic regularization type algorithms that globally converge to local minimax points in nonconvex-
strongly-concave minimax optimization. These algorithms include the basic Cubic-LocalMinimax, Inexact
Cubic-LocalMinimax with our proposed GDA-based cubic solver and stochastic Cubic-LocalMinimax for large-
scale minimax optimization. By designing and leveraging an intrinsic potential function that monotonically
decreases over the iterations, we have obtained the computation or sample complexities required by each
algorithm to achieve an e-approximate local-minimax point. Experimental results demonstrate faster
convergence of our stochastic Cubic-LocalMinimax than the standard stochastic GDA algorithm. A future
direction is to extend the proposed algorithms to bilevel optimization, which is a generalization of minimax
optimization.
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A Supporting Lemmas

We first prove the following auxiliary lemma that bounds the spectral norm of the Hessian matrices.

Lemma A.1. Let Assumption hold. Then, for any © € R™ and y € R", the Hessian matrices of f(x,y)
and G(z,y) = [Vi1f — Vi2f (Voo f) "' Var f](z,y) satisfy the following bounds.

Vo2 fz, )] < 7t (26
IViaf(z, 9)ll = IVar f(z, )| < La, (27
Vi f(z,y)ll < Ly, (28
G (@, y)l| < Li(1 + &) (29

—_ O —

The same bounds also hold for ﬁuf, 612‘][7 @21]”, @22]‘ and G defined in Sectionla under Assumption @

Proof. We first prove eq. (26)). Consider any € R™ and y € R™. By Assumption [I] we know that f(z,-) is
p-strongy concave, which implies that —Vas f(x,y) = pl. Thus, we further conclude that

1[Vazf (@, )] | = Amax ([~ Voo f (z,9)] ") = ()‘min( - V22f($7y))) <u

Next, we prove eq. . Consider any z,u € R™ and y € R", we have

0

Va1 @yl =| 5, V2 (@ + tu,y)|

%ii% % [Vof(z + tu,y) — Vaf(z,y)] H

t:OH

1
— lim mHVQf(iC +tu,y) — Vaf (z,y)||

t—0
< lim Z2[tu = L Ju (30)
T t—0 |t‘ ’
which implies that ||Va1f(x,y)|| < Li. Since f is twice differentiable and has continuous second-order
derivative, we have Vi2f(z,9) " = Va1 f(x,%), and hence eq. follows. The proof of eq. (28) is similar.
Finally, eq. (29) can be proved as follows using egs. &.

1G(@, )l < IV f@ )+ IVief (@ )| Vozf @, )| Varf (@,y)|| < Ly + Lip™ Ly = Li(1 + k).

The proof is similar for the stochastic minimax optimization problem (Q) in Section |§| under Assumption
O

The following lemma restates Lemma 3 of (Wang et al., 2018a)), which states the necessary conditions of
exact CR solution .

Lemma A.2. The solution sy41 of the cubic regularization problem in Algorithm[1] satisfies the following
conditions,

1
Vif(@e, yir1) + G2, Yer1)Se41 + o [st41]lst+1 = 0, (31)
1
G(ze,ys41) + THStHHI = O, (32)
N
1 1
vlf(xtayt+1)T5t+1 + 55:+1G(xt,yt+1)5t+1 <- HHStHHS- (33)
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Lemma A.3. Suppose the gradient V1 f(x¢,yi+1) and Hessian G(xt, Y1) involved in the cubic-reqularization
step in Algorithm [1] satisfy the following bounds for all t <T' — 1 with T" = min{t > 0 : ||s;—1|| V ||s¢]| < €'}

IV@(z1) = Vif(@e, yra)|| < Bllsell* +€), (34)
V2@ (a0) — Glae, yra) || < alllse]| +€). (35)
Then, choosing 1, < (9L + 18a + 283)~ L, the sequence {x:}+ generated by Algom'thm satisfies that for all
t<T —2,
Hyyy — Hy < —(Lo + o+ B) (st + [lsell®), (36)
where Hy = ®(z;) + (Lo + 2+ 38)||ws — x4—1||3. The same conclusion holds for Algomthm@ by replacing
Vif (@, yig1), G(xe,yesr) with their stochastic estimators V1 f (e, yer1), G(at, yes1) respectively.

This is a key lemma which provides per-iteration decrease of the potential function given that we can access
sufficiently accurate gradient Vi f(zs, y:11) ~ V®(2;) and Hessian matrix G(x¢,ys41) =~ V2®(z¢). In this
case, the CR objective formed by V1 f(x¢, y¢+1) and G(z, y:+1) is sufficiently close to the target CR objective
formed by V®(x;) and V2®(x;), so we can basically follow the standard CR convergence analysis with these
additional approximation errors.

Proof. By the Lipschitz continuity of the Hessian of ®, we obtain that
(z41) — P(x1)

1
S V(I’(Z‘t)T(JTH_l - .Ift) +

L
§($t+1 —2) ' V2O(2) (weg1 — ) + %thﬂ —z?

1 Lg
= vlf(l'taytJrl)TSH»l =+ §S;I—+1G(xt7yt+1)5t+1 + F||St+1||3

T 1
+ (VO(2:) = Vif(,y111)) se41+ 53;1 (V2@ (21) — Gz, yi41)) 5141

< (% - ﬁ) Iseetll® + Bllsesall(lsell® +€2) + S llseal(lsell + )
< (5 - ﬁ) Isearl? + (5 +8) Cllserall® + el +€)
2 (B = Yl + (5 +8) Bllscaa |+ 2 )

—(ﬁ L 388 s+ (ot 28) s,

(iv)

< —(2Lo +3a +48)||se1 [ + (o + 28) ||
where (i) uses egs. , &: , (ii) uses the inequality that ab®> < a3V b* < a3 + b%,Va,b > 0,
(iii) uses € < |[s¢]|® V [lsec1ll® < [Isell® + |Isex1]l?, V0 < ¢t < T’ — 2 based on the termination criterion of
T', and (iv) uses 7, < (9Lg + 18a + 283)~1. Eq. follows from the above inequality by defining
Hy = ®(x;) + (Lo + 20+ 3f) |z — e |*.

Note that the cubic-regularization step in Algonthmlsnnply replaces V1 f (¢, yi+1), G(2t, yry1) in Algorithm
Wlth their stochastic estimators V1 £z, yH_l) G(l’t, yi+1) respectively. Hence, eq. |) holds for Algorithm
o)

5| after such replacement in eqs. & . O

Lemma A.4. Suppose all the conditions of Lemma hold. If T > Mro)_&;ﬂiﬁ;ﬁ?‘;w)e,z in Algorithm

then T' = min{t > 1 : |s,_q|| V [|s]] < €'} < 2@=0+HLat3a AW 1 Congequently, the output of

(Le+a+p)e’3
Algorithm [1] has the following convergence rate

IVa@r)l < (5- ). (37
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1
V20 () = — (ﬁ Y Lo+ 2a> el (38)

The same conclusion holds for Algom'thm@ by replacing V1 f(xt,y1+1), G(xt, yer1) in the conditions &
with their stochastic estimators V1 f(xt, yr41), G(x, yr41) Tespectively.

This Lemma provides two nice properties of the last-iterate 77, i.e., T” has a finite upper bound 7', and z7- is
close to the second-order stationary condition V®(z) = 0, V2®(z) = 0 given by Fact (1l These properties
can be proved respectively by two facts implied by the termination rule ||s;—1]| V ||s¢]] < €. First, before
termination (i.e., t < T’ —1), we have |[s;—1]| V ||s¢]| > €/, which results in sufficient potential function decrease
Hiyy — Hy < —(Lg + o+ B)€’ given by eq. (36). The number 7" of such sufficient decreases has to be
finitely bounded since H; > min, ®(z) > —oco. Second, at the last iteration ¢t = T", V1 (2, ys41) is very
close to 0 and G(x¢,y+1) is very close to positive semi-definite based on egs. & . Also, the gradient
Vif(ze,yir1) = VO(x;) and Hessian G (s, y541) ~ V2®(z;) have €-level small approximation error based
on egs. & respectively. Hence, x; is approximately a second-order stationary point of &, i.e., egs.

& (38) hold.

Proof. Suppose T" < T does not hold, i.e., [[s;_1] V ||s¢|| > €,V1 <t < T, which implies that eq. holds
for all 0 <t < T — 1 based on Lemma

On one hand, telescoping eq. overt =0,1,...,T — 1 yield that

Hy— Hr > (Lp +a + ) Z (Iserall® + 1sell®)

t=0

»q

> (Lo +a+B) Z Isell V llse41l)?

>T (Lo -l—a-i—ﬂ)e (39)
On the other hand, recalling the definition of H; in Lemma [A-3] we have

Hy — Hr = ®(x0) — ®(27) + (Lo + 20+ 38)(|[s0l* — [|s7[|*)
(i)
< (o) — D + (Lo + 3a + 48)€?, (40)
where (i) uses ||so]| = € and ®(zxrp) > ®* = mingerm ®(z). Note that egs. & contradict.
Therefore, we must have 1 < T/ < T for any T > ¢(m°)_®*+(Lq’+3°‘+4ﬁ)€/2, which implies that 77 <

, (Lo+a+p)es
P(xp)—P"+(L +3a+46)e/
° (Lq>+aiﬁ)6’3 <T

Finally, we conclude that

VO (2|

’L

1
‘V@ wp) = Vif(er—1,yr) — G(or —1,y710) 870 — WHST’”ST’
< | VO(2rr) = V(w7 —1) — V(2 1) || + [|[V(w7—1) — Vif(zr—1,yr)|

1
+ V2@ (wrr1)srr — Glar 1, yr)so|| + ﬁHST/”2
T

(@)

< (Lo g lam I + Bllar-al? +¢2) + allsra |+ € fsr |

(i) , 1

< (5 )< (41)

where (i) uses eq. (31)), (ii) uses egs. & and the item [4] of Proposition [3.1] that V2® is Lg-Lipschitz,
and (iii) uses ||spr—1|| V ||sz/|| < €. Also,

(%)
V2®(zr) = Glap—1,yr) — |G(@r—1,y1/) — V2 ®(2p)||]
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(41) 1

- —§||ST'HI— |G (1 —1,y17) — V?®(xr 1) |1 — |V*®(27/) — VP (xp 1)1

(iid) 1 )

t —(ﬁ+Lq>)||ST/||I—Ck(HST/,1H+E)I

(1v) 1

- _(2—+L¢+2a)el (42)

x

where (i) uses Weyl’s inequality, (i) uses eq. (32)), (iii) uses eq. (35)) and the item [4] of Proposition that
V2® is Lg-Lipschitz, and (iv) uses ||s7/_1|| V [[s7/]| < €. O

For the stochastic minimax optimization problem (Q) in Section |§|, we prove the following supporting lemma
on the error of the stochastic estimators.

Lemma A.5. Fiz any 0 < €1 < 2Lg, 0 < e2< 4L and choose the following batch sizes

> 0 m
B> 0(% 11 =), (18)
+n
> Li,m .
|Bu1l, [Bi2|, |Bail, [ Baz| = O( 2 In— ) (19)
Then, the stochastic approximators satisfy the following error bounds with probability at least 1 — §.
IV f(@y) = Vif(a,p)l < e, (20)
HVief(x,y)fVizf(m,y)H < €, Vk,f € {172}7 (21)
1G(@,y) — Gz, y)l| < (5 +1)%. (22)

Proof. Based on Lemmas 6 & 8 of (Kohler and Lucchil |2017)), we obtain that with probability at least 1 — 0,
the following bounds hold. (We replaced ¢ in (Kohler and Lucchi, [2017) with /5 by applying union bound
to the following 5 events.)

I914e.0) - V1 o)l < MLO\/ R < (a3
- In (10 1)
192,07 (,9) — V2@ )] §4L1\/ ( f;’m”)/ ) < eyibie1,2). (44)

Note that here we only consider the cases that |Bi|,|Bge¢| < N for all k,¢ € {1,2}. Otherwise, |Bi| = N
yields ||Vif(z,y) — Vif(z,y)l =0 < €1 and |By| = N yields ||V} ,f(x,y) — Vi f(z,y) = 0 < e2. Hence,
in both cases, the above high probability bounds hold, which further implies eq. following the argument
below.

IG(2,y) — G(z,y)]
< Vi f(z,y) = Vi f(@, )| + 1(Vizf (Voo f) 7 Var f)(@,y) — (Vizf (Voo f) T Var f) (@, y) |
< e+ ||(Viaf — Vlzf)((§ )~ V21f>(1’7y)||

+ |\V12f((§22f)_1 — (Vaaf)™ 1)621]0(%3/)” Va2 f (Voo f) " (Var f — Var ) (@, y)|
(4) ~ ~
< e+ eop Ly + L3 Voo f(2,9) THIII(Vaaf = Voo /) (@, ) Va2 f (,9) 7 + Lip ™ e

(? o+ 2mex + L2 %en < (K +1)%es. (45)

where (i) and (ii) use Lemma [A.1] O

Regarding the high-probability convergence rate of the inner stochastic gradient ascent (SGA) in Algorithm
the following result is a direct application of Theorem 3.1 in (Harvey et al., 2019).

25



Published in Transactions on Machine Learning Research (03/2023)

B Proof of Proposition [3.1]

Proposition B.1. Let Assumption[]] hold. Then, the following statements hold.

1. The mapping y*(x) := argmaxyern~ f(2,y) is unique and k-Lipschitz continuous for every fixed = (Lin
et al., 12020);

2. ®(z) is L1(1 + k)-smooth and V®(x) = V1 f(z,y*(z)) (Lin et all |2020);

3. Define mapping G(z,y) = [Vi1f —Viaf (Voo f) " Vai f|(z,y). Then, G is a Lipschitz continuous mapping
with Lipschitz constant Lg = La(1 + k)?;

4. The Hessian of ® satisfies V>®(z) = G(x,y*(z)), and it is Lipschitz continuous with Lipschitz constant
Lo = La(1+ k) = La(1 + k)3,
Proof. The items [I| & [2| have been proved in (Lin et al., [2020).
We first prove the item |3| Consider any z,x’ € R™ and y,y’ € R™. For convenience we denote z = (z,y) and
2/ = (2/,y). Then, by Assumption [l|and using the bounds of Lemma we have that
IG(",y') = G(a,y)l
<V f (@', y') = Vi f (@ 9) | + [Vaaf (@', y') = Vi f (2, 9)[[Vazf (2, 4] V2 f (2, 4]
+ [ Vaaf (@ )1V f (2,97 = [Vaaf (2, 9)] IV (2 )]
+ I Vaaf (@ ) I[Vaa f (2, 9) I Var f (', y") = Vor f (2, 9)|
< Lo|l2" — 2| + (La|lz’ = 2|)u ™ La
+ LE[V a2 f (2" g 7 Voo f (2, y) = Voo f (2", ) | 1[Voo f (2, 9)] M| + L™ (Lo [z = 2]))
< Lo(1+26)[|2" — 2] + Lin™ (Lallz" — 2[)p"
< Lo(1+ k)22 — 2|

Next, we prove the item [4l Consider any fixed x € R™, we know that f(z,-) achieves its maximum at y*(z),
where the gradient vanishes, i.e., Vo f(z,y*(x)) = 0. Thus, we further obtain that

0=V,Vaof(z,y"(z)) = Var f(x,y"(x)) + Voo f(z,y"(2)) VY™ (2),
which implies that

Vy* (@) = ~[Vaz f(z,y"(2))] 7 Var f (2, 4" (). (46)

With the above equation, we take derivative of V®(x) = V4 f(z,y*(z)) and obtain that

V2®(z) =Vi1f(z,y" () + Via f (2,5 () Vy (2)
=V f(z,y" () = Vizf(2,y"(2))[Varf (v, 5" (2))] 7 Vor f (2, 57 () (47)
=G(z,y*(z)).

Moreover, we have that

|V2®(a') — V20(2)|| =l|G(,y* (&) — Gy ()]
<Le[la’ — 2l + Ily* (') — y* (@)]]
<Lo(1+r)|a’ — 2, (48)

where the last step uses the item [I] of Proposition [3.1] This proves the item [4]
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C Proof of Proposition 4.1

Proposition C.1 (Potential function). Let Assumption hold. For any a,B > 0, choose ¢ < ELL;;,

Nz < (9L + 18+ 288) "t and n, = %ﬂt Define the potential function Hy := ®(x;) + (Lg + 2+ 3) || s¢]|3.
Then, when N; > O(kIn Llal‘s"’lH+L1(Q+L2'€)”stu), the output of Cubic-LocalMinimaz satisfies the following

L 56/2
potential function decrease propertycfor allt € N.

Hypy — Hy < —(Lo + o+ B) (Isea | + lsel®). @

Note that Lemma already proves eq. ([2)) under the condition that the approximate gradient
Vif(xe,ype1) = V®(z;) and Hessian G(x4,y441) ~ V2®(z,) are sufficiently accurate, as given by egs.
& respectively. Hence, it remains to prove egs. & by showing that the gradient ascent
steps on the p-strongly convex function f(x¢,y) yields sufficiently small error ||y;+1 — y*(2¢)|| as shown in eq.

below.
Proof. The required number of inner gradient ascent steps is shown below

No > kln (L1llyo — y* (z0) ||/ (28€?))

2L1al|si—1|| + Li(a + Lar)||st|
Ny > kln ( Lope? )
Lial[se—1] + Li(a + Lok [ sl ’
:o(mn ope );1§t§T. (49)

To prove eq. , we first prove by induction that for any ¢ > 0.

allsll +€)  Bllsell* +€)

0<t<T —1. 50
i 0t (50)

[Ye+1 — " (2e) || <

Note that y.11 is obtained by applying V; gradient ascent steps starting from y;. Hence, by the convergence
rate of gradient ascent algorithm under strong concavity, we conclude that with learning rate 7, = ﬁ,

o1 =y (@)l <= &) N lys — y* (24 (51)
When t = 0, eq. implies that
lyr =y (zo) || < llyo — " (wo)|l exp (NoIn(1 — 1))

@) . Lillyo — y* (zo)|

< _ _ ZAJ0 g A0/
< llyo — y*(x0)l exp ( In ( 23¢" ))
_ 2p€? G asoll + €) A Bllisoll® + €?)

2
L = Lo L (52)

where (i) uses eq. and In(1 —x) < —z <0 for z =k~ € (0,1) and (ii) uses ||so|| = € < gfé Hence, eq.
holds when ¢t = 0.

If eq. holds for t =k —1 € [0,T" — 2], then

[Yk+1 — ¥ ()|
< (=R )Y g =y @r-0) |+ (0= &7V ly (@) =y (@) |

2 it ot (A Py

L¢ Ly
(@) 2Lya||sg—1| + Li(a + Ler)|Iskll N\ folllsk—1]] + €)
< oxp (o ( T 5en ) (5 sl
(iid) L Be? a(2||sg—1| + [|skl]) + Lakl|skl|

2L1a|sk_1]| + Li(a + Lgk)||sk|| La
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_ B ad B _alllsell +€)  Bllsel” +€?)

Ll LG L1 - LG Ll

where (i) uses eq. . 50)) for t = k—1 and the fact that y* is »- LlprhltZ mappmg (see (Lin et al.;|2020; |Chen et al.,

2021)) for the proof), (ii) uses In(1 —x') < —x~! and eq. ([49), (iii) uses ¢ < [[sp_1] V ||sk|| < ||Sk i+ ||8ch
for kK <T’ —1, and (iv) uses the condition that € < aLl . This proves eq. 1.) holds for ¢t = k and thus for
all t € [0, 7" — 1], which further implies eqs. (34) & (3] Hence by Lemma |A.3] we prove that eq. (2) holds
forall 0 <t <T'—1. O

D Proof of Theorem 1

Theorem 1 (Convergence and complexity of Cubic-LocalMinimax). Let the conditions of Proposition

hold with & = 8 = Le. For any 0 < ¢ < Lav33Le VS?’L‘I’, choose € = \/Bsz and T > w. Then, the

output of Cubic-LocalMinimaz satisfies
par) < e (5)

Consequently, the total number of required cubic iterations satisfies T' < O(\/L2H1'5673), and the total
number of required gradient ascent iterations satisfies Zf:al N; < (5(\/L2/$2'5e’3).

Eq. is directly implied by the second-order stationary conditions (37) & (38). Hence, it remains to
compute the iteration numbers 77 and ZtT:al N; by substituting the hyperparameters.

Proof. Substituting a = 8 = Lg = La(1 + k) and ¢ = ﬁ into Lemma [A.4] yields that when T >
V33Ly w and 1, = (55Lg) 1, we have T' < /33Lg W O(VLr*%e™3) < T,
and moreover,
1
[V® (x| < (ﬁ + Lo +2a + Qﬁ) €2 < 2
1
Muin(V20(27)) = = (5 + Lo +20)¢’ = —/33Lac.
Tz

This proves eq. .

Note that the number of gradient ascent iterations N; should satisfy eq. . Substituting o = § = Lg =

Lo(1+ k)3 and € = \/?,;Tq, into eq. li yields that

In (Lilyo — " (z0)[|/(28¢”%)) = 1n (33L1lyo — y" (z0)[|/(2¢))
<2L1allst [+ Lo + Lcﬂ)\l%l\)
LGB€/2

Ny > K

66L1(1 4 K)||st—1]] +33L1(2+ &
2

il <y <
€

where (i) uses Lg = La(1+ k)% and Ly = Lo(1 + k)% in Proposition

When we select Ny such that the above holds with equality, then the total number of gradient ascent iterations
is upper bounded as follows

T'—1 T'—1
N 66L1(1 + K)||s¢—1||+33L1(2+ K)||s
S N =rn (3L yo — o (ro)/(26%) + 3 tn (LT T D3I+ 9]y
t=0 t=0 ¢
T -1

<rIn (33L1|lyo — y* (z0)||/(2€%)) +x In ([|se—1]| + [|s¢]]) +AT" In (66L1e (1 + k)

t

I
=3
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kT' 1 - 3
3T Z In (4] st [° + 4f|s:*)

(@)
< k1n (33L1lyo — " (w0)/(2€%)) +

+ KT"In (66L1e*(1 + K))
(ii) . T/ 4 T'—1
< kln (33Laflyo — ¥ (@o)[1/269) + =1 (5 D2 (lsemall* + lsell))
t=0
+ KT In (66L1€ %(1 + K))

(i4) T (AHo — H”

< kIn (33L1lyo — y* (x0)]|/(26%)) + K3 In (%)
+ KT In (66L1e (1 + 1))

= O(KT") < O(/Law>%e7?)

where (i) uses (a + b)3 < 4(a® + b3) for any a,b > 0, (ii) applies Jensen’s inequality to the concave function
In(+), and (iii) telescopes eq. overt=0,1,..., 7" — 1. O

E Proof of Theorem 3

Theorem 3. Let Assumptz’on hold. For all t,k, assume that |[Vof (e, Tx)|| < Lo and ||[Vaof (ze, ) —
Vaof(xe, k)|l < 1 almost surely. The inner stochastic gradient ascent steps in Algorithm@ converge at the
following rate with probability at least 1 — 6.

B Loln(1/6) + L2
o = (o) < Oy 2LRELEED),

Proof. Based on Theorem 3.1 of (Harvey et al., [2019), the inner SGA steps in Algorithm [5| has the following
convergence rate with probability at least 1 — 4.

N LoIn(1/8) + L2
oy (o)) = fan i) < O(PRULIELD), (53)
which by p-strong concavity of f(x,-) proves the following convergence rate.
Loln(1/8) + L3
—y ()| < AS2(f (e, y* (x4)) — [y, <Oy —/———Ltr—
e =" @0 < /27 ey () = Saopen)) fn < Oy Z=7m==2).
O

F Proof of Theorem [

Theorem 4 (Convergence and sample complexity). Let Assumptzon@ and Theorem@ hold. For any 0<e<L

L1/33Ls I e 1 P(20)—P*+8Lge’? Lo In(1/8)+L2
To o choose € = —mm, iy < gep0, T 2 == 5p s — and Ny > O(n—z(L;||st|\4+e4)/\L2(|\s°,\|2+62/Lq,))'
Moreover, in iteration t, choose the batch sizes according to egs. (18)) and (19) with the inexactness given by

Ly € Ly
art) =5 (Il + 557) A 280 (0 = g (el + =) A,

Then, the output of Stochastic Cubic-LocalMinimax satisfies
nwr) < e (23)

Consequently, the total number of cubic iterations satisﬁes T' < O(VLak'e™3), the total number of queried
gradient samples satisfies Zg/:o (Ne+[Bi(t)]) < O(LO'{ RZZEM m)} and the total number of queried Hessian

samples satisfies Zthgl Zzzl Z?=1 | Bre(t)] < O(Weo In m(s‘*")
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Compared with deterministic optimization, the stochastic gradient error ||V f(z¢, yi11) — V®(z)|| results
from not only the gradient ascent induced error ||V f (¢, ye+1) — V®(a4)||, but also stochastic approximation
error ||V f(ze,y:) — Vi f(2e, )| The stochastic Hessian error ||G(zy, yi1) — V2®(x)|| is similar. Hence,
the main idea is to show that after incorporating the stochastic approximation errors from Lemma the
stochastic gradient and Hessian errors still satisfy the conditions & (35), which by Lemma shows the
desired convergence result.

Proof. In Lemma replace =,y with z,,y;, B1 with Bi(t), and By ¢ with By, ¢(t) for any k, ¢ € {1,2}, and
substitute the following hyperparameters.

Lo 2 € _ 2 2
er(t) =5 (Isll* + 57— ) A 2Lo = O(Last]* +2),
ch € _9
e2(t) =g gz (Il + =) AL = O(5*(Lallsel + v/ L))

Then, we obtain that using the following batchsizes
L2 m
AT *)
(Lpllse* +et) 6
L3k* m+ n) ’

[B.(0)] 2 O

In
Lo(La||st]* + €?) o

[Bra(t)] = O(

the stochastic approximators satisfy the following error bounds with probability at least 1 — 4.

1937w = Vad eyl < ealt) < 2 ([l +

5 (55)

€
Bs)

Glae,ye) — Glany)ll < e2ft) < — NI %
H (l't yt) (xt yt)” 62( ) 2 (HSt” m) ( )

Based on Theorem [3] using the following number of stochastic gradient ascent steps
Loln(1/8) + L3
12 L3 (([I1sel? + €2/(33La)]/L1) A ([llse]l + G/M]/Lc)f)
20( Loln(1/8) + L2 2)
(([Lallsel? + €] /w) A Ly(l|sell + /v Ia))

Nt2(9<

—

_ (')( LoIn(1/6) + L3 )
K2 (Lo llsell* + €t) A LE(sell? + €/ La) /7

where (i) uses k = L1 /p and Lo = Lg(1 + k) (Proposition [3.1)). we have

Loln(1/0) + Lg)
p2 Ny

< Z min (- (lol + ) (ol + ). (58)

lyess =y (@) < O

Therefore,

||V‘I’($t) - 61f(l‘t’yt+1)||

(%) -
< |IVif(ze, " (2)) = Vif (@e, yer ) + IV f (@6, yer1) — Vaf (@, yer) |l
(id)

* L‘I:‘ 2 62
< Lillyess =" @)l + 5 (el + 537-)
(4i)

< Lo(llsil? +

La)
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where (i) uses V®(z) = V1 f(z,y*(z)) in Proposition [3.1] (ii) uses eq. (55) and Assumption[I] and (iii) uses
eq. (58).

||V2q’($t) - @($t7iyt+1)||
(1) ~
< Gz, y™ () — Gt yer 1) | + G (24, Yer1) — G2, yegr) |

(i2) Lo €
< Lallyess —y* @)l + 5 (lsell + —m=)

V33Lg
(#i) €
< ch(||5t\| o) (60)

where (i) uses V2®(z ) in Proposition (ii) uses eq. (56) and the itemof Proposition and
(iii) uses eq . Eqs & 1@) imply that the conditions (34) & 1.' hold with o = 8 = Lg = Lo(1+ k)3

and ¢ 33L . In Lemma A | by substituting these values of a, B, € and 1, = (55Lg) !, we obtain that
when T > W we have T < 33L¢w = O(VL2k'?e7?®) < T, and moreover,

1
VD ()| < (2% )a? <

1 ()
Amin (V2@ (277)) > _(ﬂ + Lo+ 2a> ¢ > —\/33Lge,

This proves that eq. holds with probability at least 1 — 6.

Choosing both V; in eq. (57) and the batchsizes in eq. with equality, the number of gradient computations
has the following upper bound.

i Ny + |Bl )
t=0

T'—1

Loln(1/6) + L2 L2 m)

= O( + In —
= LG lst + e) ALY (IselP + /L) T L [Isillt et 0

Loln(1/8)+ L2 L2 m

< m

- ZO <e4/£ 2N L% /Lo T e 5)

@) L L2

gT'O( or” (In(1/6) + Lo) + fln%)

(i1) L3k? m
15,3 0

< (’)(\/ 2K ) ( o ln;)

L3353/ Ly, m
where (i) uses ¢ = T f—é = %:”) which implies that €*x=2 < O(L2¢?/Lg), (ii) uses T7 <

(’)(\/ L2K1‘5€_3) we proved above. The number of Hessian computations has the following upper bound.

Lq>€2 1)
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(1) L%/@' m+n
<
T O(L2 =5 )
(“)O<L2 2"1 m—i—n)
V' La€® 0
where (i) uses Ly = Lao(1 + k)3 = O(Lax?), (ii) uses T" < /33Lg 33(D(zo) —27)+8 _ O(VLzk™%e™?) we

3e3
proved above. O

(62)

G Solving Cubic-Regularization problem

In this section, we obtain the properties of the GDA-Cubic Solver (Algorithm [2)) and GDA-Cubic FinalSolver
(Algorithm [3]) in Lemmas and show in Proposition that Algorithm [4] using these cubic solvers
admits an intrinsic potential function H; (see Proposition that monotonically decreases over the iterations.

Finally, using these lemmas and Proposition [G.4] we will prove Theorem [2] on the computation complexity of
Algorithm [4]

Lemma G.1. For any 0 < & < 1, when ||g| < 4L3k%n,, implement Algorithm @ with initialization
sy = 0 and hyperparameters K = @(Lmnme’*l [ln (1 + V(LR ZE;LN )> + ln(Lmnme’*l)D], N, =N'=

o In[(L3K*n2)/(Lae®)] 1 1 Loe'
In[(I—r-1)—1] » v = 770 s = 230,k T08Lyrmy °

inequalities with probability at least 1 — ¢’ where s* := arg ming ¢(s).

o= Then, the output sy satisfies the following

’ * 6/”5*”2 13
P(sk) — ¢(s") < 240n, +2Lqge (63)
¢ 247]qu>€
| < 2ls — 4

Lemma provides convergence properties of GDA-Cubic Solver (Algorithm [2)) in the small gradient case
llgll < 4L7Kn,. The key to prove the convergence rate is to equivalently write the gradient descent step
as gradient descent on the CR objective function ¢+ defined by eq. below, which is €'-close to the
target CR objective function ¢ with sufficiently large number N’ of gradient ascent steps. Therefore, we
can leverage the existing convergence result of gradient descent on ¢y from (Carmon and Duchi, 2019) and
extend the result to ¢. The CR function ¢ is also close to convex, so small ¢(s%) — ¢(s*) means s* is not far
from s%, which implies eq. .

Proof. The gradient ascent step can be rewritten as vg 11 = (I + nyHaz)vi,e + mHlTQs%. By iterating it

over £ =0,1,..., N and using vg o = 0, we obtain that
N'—1
ve = vk =10 D (I +nyHao) Hs) = —Hap' (I — (I + 1, Hao)N' ) Hys. (65)
£=0

By substituting the above equality, the gradient descent step can be rewritten as

Shy1 =5k s (Q+U§+AN'52 + ”2;” /> where An/ = Hyy — Hi2Hyy' (I — (I+77vH22)N/)H12' (66)

It can be easily verified that the above update rule can be seen as gradient descent steps with random
perturbation ¢& on the following cubic-regularization problem

1 1
sy = argmin g (s) =g s+ 55 Anrs + WIISH3 (67)

Note that

AN\l < Hall + [z [ Hag [ — (1 + mo Hoo)™ ||| H o]
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(i) B

<|[Hu |l + | Haz ||| Hy' ||| H12]|

(i1)

<Ly + Ly 'Ly < Apay i= 201K (68)
where (i) uses —L1I < Hss < —ul (Assumption |1)) and 7, = 1/L; which imply that O < I + 5, Hss =<
(1 — &I and thus |[I — (I + n,Ha)N || < 1, and (i) uses ||Hu1|| < L1, |Hizl| < Ly, |Hy'|| < pt
(Assumption . Similarly, we obtain that

Al <|Huall + [[Hizl | Hy ||| Hiz < Amax = 2L1k, (69)
and that
, (@) , (i) Lge
Anr — Al = (T +noHy)V' | < (1 — s DN |4y — A < 222 70
AN | =1 +nuHa2)™ || < (1—=r"7)7" [[Ag = A < (TLarm 2’ (70)

where (i) uses —L1I < Hos =< —ul (Assumption |1)) and 7, = 1/L; which imply that O < I + 1, Hss =<

(1 — k=11, and (ii) uses N’ = ln[(gfnL[Eij%)l/)(_Lﬁ6,3)], Ap = O and ||A|| < 2L;k.

Hence, the optimal solutions s* := arg min; ¢(s) satisfies

L)
Is*Il < l-Allne + /([ Alln2)? + 2091

(i4)
< 2||Allne + 2129l

(i44)
< 7L1"€’r]z ‘= Smax> (71)

where the proof of (i) is in eq. (7a) of (Carmon and Duchi, 2019), (ii) uses the inequality that v/a + b < v/a++v/b
for any a,b > 0, and (iii) uses ||A|| < 2Lk and ||g|| < 4L%K%n,. Similarly, sy, := argmin, ¢n-(s) satisfies

||57V"| < Smax- (72)

Then, based on Lemma 2.6 and Theorem 3.2 of (Carmon and Duchil, [2019)), the gradient descent step
of the cubic-regularization problem yields that ||st|| < |[si/]] < Smax for all k& and that ¢n-(s),) <
sy ?

One(s3) + 5 o0 T L€' with probability at least 1 — §’, using the hyperparameter choices below which
can be easily verified to be satisfied by those used in this Lemma.

50 =0
o 1 1
T T (A + Sma/(202))  22L1%
_[€llsh 17/ (2400:) + Loe®]/(202) @ (2Lo€?)/(2n:) _ Lec® 73)
Apax + 15511/ 72 12 12(2L1K + Smax/Mz)  108L1Kn,
3vm IIsh IH2(Amax+5maX/77w)
oo (1+245) +14m s P/ (3407, )+ L™ 10| 5%, ||2 -
- (1/2)ns €llsi117/(240n;) + Loe®

3vm(5L2 k%0, +24Lge'?) 2160L1 k7

¢ + 240, Lee?|[s3,[| 2 ’

Amax+lls3/ /12 2Lgpe’® c [U ) 1] (Cumin = 10Lge’?
Amax+Smax/Nz e/\|s}“v,|\2/(240nm)+Lq>e’3 miny min - 5L%N27]1+24Lq>6l2’

since 0 < ||s3/]| < Smax = TL1k7;) defined in Theorem 3.2 of (Carmon and Duchil 2019)), which yields omin
and (1/2)n in eq. (74).
Then, eq. can be proved as follows

$(sk) — d(s") = (8(s%) — on(sk)) + (dnvr (sK) — o (shr)) + (o (shr) — b(s7))

where eq. corresponds to o =
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(z) 6/ S* , 2 . .

< (9055) — 0w (550) + Dol L+ (9m0(57) = 0(67)

@1 s I
A Ani)s Z PN/

(444) L@EIS 6/”8* , ||2

< L 2 . N

< (TLikne) (TLykn,)? 240m,,

1
+ Lo + 5s*T(A — Apnr)s*,

+ Lo €

6/||3*N’||2 3
= N1 4or 75
240n,, € (75)

€lls

where (i) uses ¢y (sy,) < ¢N’(SN/) + 246V'H + Loe” and ¢n/(sh,) < ¢n(s*), (ii) uses the definitions of ¢(-)
and ¢n-(+) in egs. @ & (67) respectively, (iii) uses eq. (70) and max(||s*[],||s%]) < Smax = TL1K7.
Eq. can be proved as follows.

¢'lls*|*

240n,

T 2Lee® Do(sh) — o(s”)

(ﬁ)l / ||3 || 1 * / 2 * /
=5 st =007 (A4 ) G = )+ o 57l = s D ls°l + 2lsicl)

m ) Il 2 P29l *
> (™17 + s M™ = 2llsxMIs™ 1)
12
[[s* H2 ) ,
> -2
where (i) uses eq. proved above, (ii) uses eq. (6) of (Carmon and Duchil [2019)) and (iii) uses Proposition
2.1 of (Carmon and Duchi 2019) which states that A + %I = 0. O
Lemma G.2. When ||g| > 4L2k%n,, implement Algom'thm@ with hyperpammeters K > W,
1y = 1/Ly1 and initialize so = 0. Then, the output s satisfies ¢(sh) < ,/ — with probability at least 1 — 0.
Correspondingly, the approzimate CR solution s; in Algorithm[]] satzsﬁes
I | >L1kina (76)
1
$(sk) < — 7 Lirn; (77)

Lemma |[G.2| provides the properties of the solution given by GDA-Cubic Solver (Algorlthm ' in the large
gradlent case ||g|] > 4L2x?n,. The main idea of proof is to show that s}, = H ”g is close to — H “g, S0

the properties about s’ can be approximately obtained by studying —ﬁ g.To show that v ~ ~*, we only
need to show that wg obtained by gradient ascent step of p-strongly concave function converges to w*
exponentially fast as shown in eq. , and that there exists a Lipschitz continuous function £ such that

(H219) " wi * _ (Hzlg)TW*>
K = 5(|\gnH11||gn T )andV —5(\|g||H11\|g|| )

Proof. v* has the following lower bound.

A 2 A
* Nzg A9 Nzg A9

9112 lgl1?
Q g Ag\? g' Ag
= e ([ (9 +8L3R2 —
<\/ lgl1? ' 9112
(i) 7
> Lmnm (78)
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where (i) uses ||g|| > 4L3k2n,, and (ii) uses the monotonically decreasing property of the function /22 + 8L% —
o and ||A| < |[Hul| + || Huoll || Hss || Ho1 || < Li(1+ k) < 2L1k based on Lemmal[A.1]

v* = argmin. >, ¢(—79g/llgl]) also satisfies the stationary condition below

0:

96(—19) ‘ v v

]
= —|lgll + g Ag+ —. 79
a o1+ e 49+ ™

Note that the gradient steps aim at the Li-smooth, u-strongly concave maximization problem w* :=

>
arg max,, %wTH 20— (Hﬁ;ﬁ ) w. Therefore, these gradient steps with learning rate 1, = 1/L; and initialization

wg = 0 have the following convergence rate

_ 7
hK/2 KN, (80)

—wt| < (1— w*
o —w| < (1 w €

l|wo —

where (i) uses wo = 0, [[w*|| < || Hy,' F32|| < || Hog'[|[| Hoal| < p~' Ly = 5 and K > %

Denote the function &(u) = v/u? 4 2n]|g|| — u(u € R). Then we have

i_(HZIQ)TU)K (9" 9 (Hug) w”
e =71 = ‘g(ngn i e R (e v e v |
0 gl(iﬂui  (Haug) T [wwr + (1 - w)w*]) (H219)" (wic — w")
1ol 4 gl Tl Tl

W, G
=50 1Rz = -y

where (i) applies the Lagrange Mean Value Theorem to the function £ with w € [0,1], (ii) uses |{'(z)| =
|m - 1’ <2, ||Hz | € Ly and eq. , and (iii) uses eq. 1) The above inequality implies that

0.97" <y < 1.1y° (81)

Therefore, eq. can be proved as follows.

) (21) (i37) 7(0 9)
5

HSIKH =k > 0.9y > Likng > Likn,

where (i) uses sy = —ﬁg, (ii) uses eq. , and (iii) uses eq. (78).
Eq. can be proved as follows.

72 Tk
(s kgl + 9" Ag+
< - || |+ ( 2) g7 Ag _,_ﬂ
2|lgll 6172

@ 5 @)

< ——lgll -
201,

(iéi) _(1.4lenw)(4L%m2nw) B (1.4L1Kn,)3

= 20 25007,

1
— < LiR*n;
where (i) uses eq. (81)), (ii) uses eq. (79), and (iii) uses eq. (78) and ||g|| > 4L3x%n,. O
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2 2
Lemma G.3. Implement Algom'thmH with initialization s = 0 and hyperparameters K = @( Lin ),

2 72
Lie

In[2L1 ke’ ! max(24n,,7/L. . «
N, = N’ = 1l lﬁfn[(li“:}l)j’l] [La)] = 75 Ns = s31- Then, if ||s*|| < 3€ and ||g|| < 4L3K*n,, the

algorithm will terminate with K’ = min{k : ||gx|| < Lo€’?} < K and the output s, satisfies

sl < 7€ (82)

ST
IVolsiel = o + Ashe + 12

x

< 2Lg€"”?. (83)

Lemma provides convergence properties of GDA-Cubic FinalSolver (Algorithm [3)) in the small gradient
case ||g|| < 4L2k%n,. Note that Algorithm |3|is noiseless version of Algorithm [2| Hence, the proof logic is
similar to Lemma [G.I] To elaborate, Algorithm [3]is equivalent to apply gradient descent to the approximate
CR objective function ¢y defined by eq. , which is €/-close to the target CR objective function ¢. Then
based on the nice geometry of the two close CR objective functions, their optimizers s}, := argming ¢n-(s)
and s* := argming ¢(s) also have close norms such that ||s*|| < 3¢’ implies ||s/|| < 7€', as shown by egs. (87))
& (B8). Then eq. follows from ||sg-| < ||s%|| which has been proved by Lemma 2.6 of (Carmon and
Duchil, [2019) for gradient descent steps on CR objective function ¢. K’ < K follows from the nonconvex
convergence rate of ming<x<s—1 ||gx||?> where gx := Von/(s). Finally, eq. follows from || gg|| < Lee?
and Vo(sh) = Von (s%) = 9k

Proof. Since s* = argmin, ¢(s), 0 = Vo(s*) =g+ As* + %s*, which implies that

ol =||as* + 10

l [
Nz

S*
< s+ 21 L arin(ae) +

(3¢)(TL1kn,)
21,

< 13Lykeé (84)

where (i) uses ||A]| < 2Lk, ||s*|| < 3¢’ and ||s*|| < Smax 1= TL1K1,.

Following the proof of eq. , we can prove that when N/ = ln[QLl'ﬁi:[_(iln,jfgﬂT’7/1@)

€ Lg€

24, 7

lAns = Al = 1+ mo o) < (1= 57V || Ao = AJ| < 2Las(1 = 5~ < min ). ()

Substituting egs. & into eq. , we obtain that

S/
gr =g + AN/S;c + |2’r;€||8;c = V¢N/(S;€) (86)
Hence, the update rule can be seen as gradient descent step on solving the cubic-regularization problem
without random perturbation. Therefore, based on Lemmas 2.3 and eq. (11) of (Carmon and Duchi,
2019), [|s%|l < Isv/ |l < Smax and that when 7, = L 57> we have

L <
22L1k — 4(||Al|+Smax/(2N2

K-—1
B3 lgell® <one(sp) = o (")
k=0

el o L PN Cal
<llglllls™ll + 511 An[lls™1* +
x

6

(i1)

<3€'(13L1ke + L1k(3€") + (3€')(TL1£ns)/ (612))

s
2

where (i) uses s{ = 0 and the definition of function ¢y in eq. (67), (ii) uses eq. (84), ||s*| < max(3€’,7L1xn,)

and ||An/|| < 2L1k. Rearranging the above inequality, we obtain that

2
S LllﬁJE y

LSLike” O 5 4

Ry, e

| K-
. o1 )
0<heR 1 g 5% kz—o llgr|l* <
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2.2
where (i) uses K = 252%6}: and ns = 22L —. Hence, K’ = min{k : ||g|| < Lo€?} < K — 1.

Next, we will prove eq. . On one hand, using the same proof logic as that of eq. (see the end of the
proof of Lemma |G.1]), we obtain that

(i)1

* * * * ||S*/|| * * 1 * * * *
o (") — o (shr) =5 (s *SN/)T(AN/+7N I)(S = sn) + o (lIsiv = 5" ID*(lsive |+ 21ls™ )

2 21y 127,
9 ||shvl -

> 12N (Isn I+ 11s™ 1% = 2l1s* [ ls 1)

@) ||s | )

> | -

> T sl —6), (87)

where (i) uses eq. (6) of (Carmon and Duchi, 2019), (ii) uses Proposition 2.1 of (Carmon and Duchi, 2019)
which states that A + HSN'”I > O and (iii) uses ||s*|| < 3¢’. On the other hand,

On7(s™) — onr (sh)
(o (s7) = ¢(5")) + (d(s™) — o (sh))

< (on/(5") = &(5%)) + (6(sh) — b (si))

1
< §S*T(AN, A)s* +§sN,(A Anr)sy

< 7(96'2 +lls 1%, (88)

where (i) uses ¢(s*) = min, ¢(s) < ¢(s}), (i) uses the definitions of ¢(-) and ¢n/(-) in egs. () & (67]
respectively, and (iii) uses eq. (85) and ||s*|| < 3¢. Combining egs. (87) & (88) yields that

9¢/3
2||s N’H2 2[lsy 12

Suppose ||si/|| > 7€ and substitute it into the right side of the above inequality. Then we obtain the
contradiction that ||s%|| < 6.8¢/. Therefore, ||sx/| < ||sk|l < 7€, i.e., eq. is proved. Finally, eq. (83))
can be proved as follows

lsih/ |l < 66’ + (9 + ||s3/ |I?) = 6.5¢' +

IVo(si)ll <[IVo(sk) — grrll + gkl

(@)

S ||(A — AN’)SK’ || + Lq>€l2

(Z) Lq>€/
7

< (7€) + Lo = 2Lg€?, (89)
where (i) uses ||gx|| < Lo€’ and the definitions of ¢(-) and ¢n/(+) in egs. @ & respectively, (ii) uses
eq. and ||sg/|| < 7€ O

Proposition G.4 (Potential decrease for Inexact Cubic-LocalMinimax). Let Assumption |1| hold. For

any a, 3 > 0, 0 < ¢ < gfl and § € (0,1), choose 1, = (168Le + 120c + 1683)~ L, n, = ﬁ and

Ny > @(n In Lyolfsi 1”+Lﬁl(a2+L2”)”stH> (see eq. ). When implementing Algorithm |2 at the t-th iteration,

use hyperparameters in Lemma|G.1| with §' = 6 /T if |V1f(x¢, yes1)| < 4L2k%1,, and use those in Lemma
otherwise. Define the potential function Hy := ®(z;) + (10Le + 7o + 108)||5,]|3. Then, the output of
Cubic-LocalMinimaz satisfies the following potential decrease property with probability at least 1 — 6.

Hypy — Hy < —(Lo + o+ B)([5[® + [I5e]1%)- (90)

Compared with Proposition which also provides potential function decrease, Proposition [G.4] only has
access to the inexact CR solution obtained from GDA-Cubic Solver (Algorithm [2). In small and large gradient
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cases respectively, this inexact CR solution has properties given by Lemmas & and the Taylor
expansion of ®(z;41) — ®(z+) can be upper bounded by egs. & , as shown in egs. & . Both
cases yield eq. .

Proof. Following the proof of Proposition it can be seen that when ¢ < gLLé and N; >

O(kIn Lla‘lst’lHz—séingLw)Hs‘”), the following bounds always hold, which are analogous to egs. &
(35] with exact solutions s;—; and s; replaced by s;_; and §; respectively.
IV® (1) = Vi f (e, yer1) | < BUIS + €), (91)
IV2®(2:) — Gt yer1) | < al[[3]] + ). (92)

Then we consider the following two cases.

(Case 1) When ||V1f(zt, yr41)|| < 4L3Kk%n,, the output s satisfies egs. & with probability at least
1 —¢’. Also note that the input variables of Algorithm [2| are g := V1 f(x¢, y4+1) and A := G(xy, Y1) =
Hi — H12H2_21H21, the output s of Algorithm [2|is assigned to s;4; which is later used for the update
ZTiy1 = x¢ + Sgr1, and the optimal CR solution s* in Algorithm [2| corresponds to sy;11 in Algorithm
Therefore, egs. & transform to the following inequalities at the ¢-th iteration of Algorithm (1} which
by applying union bound hold simultaneously for all 0 < ¢ < T — 1 with probability at least 1 — 7§ =1 — 4.

H§t+1|\3—||8t+1H3

. 1. ~ 1
vlf(l'tayt+1)T(3t+1 —5i41)+ *SIHG(JmetH)StH - *SIHG@taytH)StH +

2 2 61
lsenl? o (93)
— 240m,
_ ¢ 24771;[/(1)6

Based on eq. (94), if ||s¢|| > €, then ||s;|| < 2[|3;||+ ¢ since 7, < (168Le) . Otherwise, ||s;|| < ¢’. Combining
the two cases yields the following inequality.

sell < 203/l + € = llsel|* < 85| + 2¢™. (95)

Therefore,

Q(zp41) — (2y)
(i) 1 Lo
< 5 V() + 23t+1v P(24)8141 + — ||8t+1\|

= 5t+1 (V(I)(It) Vif(zy, yt+1)) + gtTHVlf(iEta Yit1)

1 - 1. - Ly, .
+ 2St+1(v O(z¢) — G2, yt+1))5t+1 + 55:+1G(It7yt+1)5t+1 + ?<I)||5t+1||d

(i) " _ o _ 1
< BlISea (5% + €?) + §||3t+1||2(||5t|| +¢€)+ StT+1V1f(xtvyt+1) + *SI+1G($t,yt+1)3t+1

2
[[se41]l° (L@ 1 ) A € |[se1]?
+ + (= - = L 1 2L
6172 6 6, I5t+1]1" + 20n, ¢
(@) /oy . . llsert|® Lg 1\~ A€ |54 ||* + €
< (¢ 9 3 34 3y _ lISttll” (7_7) 3 2Nl Te | o 3
< (5 +8) @Bl + 5P + ) = B+ (5 = 5 - ) Bl ooy 2Lae
(iv) /v E Lq;. 1
< (3 +8) @Rl + 25" + (- o) Ial?
< (5 +8) @5l + 2050 + (5~ g )15l
451218 ea ]l + 156D + 15 ll® + 1512 - -
+ H t+1|| (” t+1|| ” t”) H t+1H H tH +2L{>(H5t+1”3+|‘5t”3)
1207,
(v) [e% Lq> 1
< (2 35 ® + 2507 + (=2 - =)
< (5 +8) @Il + 2301 + (5 = 5o ) el
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451112 + 45 + 18641 1®) + 151 12 + 1156013 . -
+ H t-‘rl” (” t” || t-‘rl” ) || t-‘rl” || t” +2L<I>(||St+1||3+||5t”3)

120n,
3a 13Le L Ny~ 3 I Nis s
< (2@ S 26+ 2L 7)
< (5 438+ =5 — g I8l + (@28 4+ 2La + - )5
(ve) .
< —(11Lg + 8a + 118)[|5141]° + (9Le + 6a + 98) |5 > (96)

where (i) uses x;41 = x; + 5411 and the fact that V2®(z) is Le-Lipschitz continuous (see the item

of Proposition , (ii) uses egs. , & , (iii) uses egs. & and the inequality that
ab? < advb? < ad+b3,Va, b >0, (iv) uses €™ < ||5]|"V |[Se1[|™ < 18]+ 1541 ]| VO <t < T'—2,n € {1,3}
based on the termination criterion of 7" in Algorithm [l (v) uses ab® < a® Vv b® < a3 + b3,Va,b > 0, and (vi)
uses 71, = (168Lg + 120 + 1683) L.

(Case 2) When ||V f(z¢, yev1)|| > 4L3K2n,, similar to case 1, eq. transforms as follows in Algorithm

~ 1. ~ 1 1
V1f(93t7yt+1)T5t+1 + §SI+1G(1’t7yt+1)5t+1 + WHStH”S < *ZL?HBUJ% (97)

Then, we obtain that

P(z441) — (1)
1 L
< s VO(a) + §5tT+1V2‘I)($t)St+1 + %HSHIHB
= 5:+1(V‘I’($t) - Vlf(xtvyt+1)) + 31:T+1V1f($t7yt+1)

1 1 L
+ 2541 (V20(21) = G0, Yer1)) 41 + =501 G (@, Yer1) Seq1 + %Hstﬂﬂg

2 2
(@) «@ Lg 1 1
< BllseaalUlsell® +€2) + SlisealUsell + €) + (52 = == seaa* = 3 Lix"n2
2 6 61y 4
(44) _ _
< —(11Lg + 8a + 118)||31411* + (9Lo + 6a + 98)|5:1? (98)

where (i) uses eqs. (1)), & (97), and (ii) follows the same proof logic as that of eq. (96).

Eq. in case 1 and eq. in case 2 are the same. By rearranging them and using H; := ®(x;) + (10Lg +
7o+ 108)|/5¢]|%, we can prove eq. (90). O

Theorem 2 (Computation complexity of Inexact Cubic-LocalMinimax). Let Assumption hold. For any 0 <
: K —1/2 K2 € * —
€ < min (252’26/15,L%L2 12172, %) and & € (0,1), choose € = o= T = O(VLo[®(zo) — ®* + €2]e?),

Ne = @(L;l), Ny = #ﬂ and N, = @(nln Llaust‘l”+LL1(2a+L2“)HSt”) (see eq. ) in Algorithm . When

GE€
implementing Algorithm @ at the t-th iteration, use hyperparameters in Lemma with &' = 6/T if
Vif(ze, yes1)| < 4L3K21,, and use those in Lemma otherwise. When implementing Algom'thm@ use
the hyperparameter choices in Lemma [G.3 Then, with probability at least 1 — &, the output of Inexact
Cubic-LocalMinimaz satisfies

p(Er) < e (15)

Consequently, the total number of required cubic iterations satisfies T' < (’)(\/Lgnl'5e’3), the total number

of required gradient ascent iterations satisfies ZtT:,al Ny < 6(\/L2n2'5e’3), and the total number of required
Hessian-vector product computations (in Algorithms @ 55@ is of the order O(Lyk?e*).

The proof logic is very similar to that of Theorem [ with the major difference that we leverage the properties

of inexact CR solution given by Lemmas and the potential decrease given by Proposition [G.4] instead
of Proposition [£:1]
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Proof. First, it can be easily verified that the hyperparameter choices of this Theorem fits those in Propo-

sition with & = 8 = Lg. In particular, ¢ = ﬁ with 0 < € < % and § € (0,1) satisfies

0 < ¢ < $ required by Proposition since 1, = (456Le) !, a = 8= Lo and Lg = Lo /(1+ k) < Lo /K
(see Proposition [3.1]).

Suppose T” < T does not hold, i.e., ||si—1| V [|s¢]] > € =
eq. (90) over t =0,1,...,T — 1 yield that

m, V1 <t <T. Then, on one hand, telescoping

Ho— Hr > (Lo + .+ f) Z (B l? + 113:11%)
t=0

T-1

>3Le Y (Isell V llse+a])?
t=0

> 3TLg (ﬁ)g

@)
> ®(xg) — P + €2 (99)

where (i) uses T = 397006y/Lg[®(x) — ®* + €2]e 3. On the other hand, recalling the definition of H; in
Proposition [G.4] we have

2

B B (i) i
HO — HT = (I)(Z'()) — (I)(LL'T) + 27Lq>(||80||2 - ||ST||2) S <I>(x0) P + ﬁ (100)

where (i) uses ||so|| =€ = Toeo= and O(xr) > ¢* = mingegm P(x). Note that egs. . & contradict.
Therefore, we must have 1 < T’ < T = 3970061/Lo[®(z0) — ®* + €]~

Since ||s7/|| < €, we have ||V1f(:rT/,yT/+1)|| < 4L2k%n,. Otherwise, eq. . ) directly implies the ccontradic-
tion that ||s7|| 2 Likn, = 45LGL > = 06T (since € < QZg\L/li) Hence, ||Vif(zp,yr11)|| < 4L3K2 nx,
which implies eq. (95) and thus implies ||s7/| < 2||S7/|| + €’ < 3€¢/. Therefore, the conditions of Lemma

are met, so egs. (32) & hold. Rewriting egs. & with g « Vlf(xTz_l,yT/), A+ G(mTr_l,yT/)
and 5 < s, yields that

5] < 7¢ (101)
Hv1f rr_1,yr) + G(or—1,y7 )5 + (102)
Therefore,

Ve (@)

2 ’V‘I’@T/) = Vif(er—1,yr) — G(@r—1,y17)s

< ||V‘I>(§T')—V‘I’(JJT'—1)—VQ‘I’(JJT/—l)NH+|\V‘I>(3?T'—1)—V1f($T'—1aZlT/)H

+[|IV2®(z7/—1)5 — Glzr—1,yr)8]| + —— H ||2 + 2Lge
< LalF1 + B2 + €2) + Tad ([ | + ) + 228La(7€')? + 2L
O 191142 @ 2. (103)

where (i) uses eq. (102)), (ii) uses egs. , & (101), Z7» = xp—1 + 5 and the item of Proposition
that V2® is Lg-Lipschitz, (i) uses nm = (168Lg + 120a + 1683) 1 = (456Lg) "1, ||37_1]| < €, a =B = Lo

and eq. 1) and (iv) uses ¢ = Toour- Also,

-~ @ -
VED(Ir) = Glar—1,yr) = |Glar—1,yr) = V2O(ar—1)|[] = [ V2@ (F70) — V2B (a7 1) [T
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@) 1 ~ ~
= =g s = adllsr i+ ) — Lolls|l

D)

= —237Loe'I = —3v/Loel, (104)

where (i) uses Weyl’s inequality, (ii) uses ZTp = x7/_1 + 3, eqs. & and the itemof Proposition

that V2® is Lg-Lipschitz, (iii) uses eq. (101), n, = (456Lg)~t, a = L, ||57_1]| < €, and (iv) uses
(103) (15

e = Tos = Combining egs. . & |D proves eq. (15) where p(z) = /||V®(z)|| Vv %ﬁjw.

Finally, we compute the computation complexities. We have proved that the total number of cubic iterations
satisfies 77 < T = 397006v/La [®(z0) — ®* + €*]e * = O(V/Lak'¢ ) (Lo = La(1 4 k)® = O(L2k?) based
on Proposition . We can also prove that the total number of gradient ascent iterations have the same

bound ZtT:/EI Ny < @(\/552'56*3) as that of Theorem [1} following the proof logic at the end of Appendix
@ Then we compute the total number of Hessian-vector product computations in cubic solvers (Algorithms
& [3). When implementing Algorithm [2]at the ¢-th iteration, if |V f(zs, yet1)| < 4L3x2n,, then based on
Lemma the number of Hessian-vector product computations is proportional to

,_ 2In[(98L3K°n3)/ (Lae™)]
AN = In[(1 — ﬁ—l)_lib

~0| LIy (\/%@)_1]

—O(L1Lg " *r%e 1) L O(Ly L, V2 k126

. (5([11/@77356’71)

where (i) uses Lo = Lo(1+ k)% = O(Lak®). If | V1 f (24, ys11)|| > 4L2k%n,, based on Lemma [G.2] the number
of Hessian-vector product computations is proportional to K = O(ni, whose order is not larger than the

above 5(L%L2_1/2/<;3/26*1) since € < L%L;l/znl/Q. Based on Lemma Algorithm [3|is implemented once
with the total number of Hessian-vector product computations proportional to

L3K? L33 ) - ~( L33

KN’ :O(Lée’Q)é(H):5(Lé(6/\/E)2 Lo (€)?

) = O(L2L; e?).
As a result, the total number of Hessian-vector product computations in Algorithm [ is
TO(L Ly 2k 21 + O(L2L; e 2)
= O(y/Loe ®)O(L1Ly 26271 + O(L2Ly e 2)
= O(VLow3L Ly 2K 2e) + O(L2L; Ye?)
= O(Lyr%e %),

where (i) uses € < Li—’g to absorb the term 6(L%L2_16*2). O
1

H Experiment Details

In this section, we present the details of both synthetic minimax problem and the neural network simulation.

H.1 Details of Synthetic Minimax Problem

In this section we aim to solve the problem below:

N

. 1 y% 5?!%
*E — =+ A - —== 4B 105
)?ElRln'S ;relanjg — {w(w?’) 40 o 2 2y (105)

where A; and B; are independent random variables from uniform distribution range from 0.5 to 1.5 and w(x3)
has the exact form below :
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Ve(z 43—/2(L + 1)V — L@+ (L+1)ye)? — 1BL+1)e¥2, 2 < —Ly/e
ex+63,3 —Lye<az < /e
wia)={ VT —Ve<zs0 (106)
—Jex 1_/2?7 0<.’E§\/E
—€r + -, Ve <z < Ly/e
Vel — (L+1)ye)? + 2(x — (L+1)ye)® — (3L +1)e¥/?, Lye< .

and we set € = 0.01 and L = 5 in our experiment. Through simple computing we can calculate that:

71 2 1 /20 & 2
B(z) = w(zs) + 10(ﬁ1 SoA) + o (ﬁ2 > 5i) (107)
=1 i
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Figure 9: Figure of the w-shaped function w(z).

H.2 Details of Neural Network Simulation

The network model we use is a convolutional neural network that consists of two convolution blocks followed
by two fully connected layers. Specifically, each convolution block contains a convolution layer, a max-pooling
layer with stride step 2, and a ReLU activation layer. The convolution layers in the two blocks have 1, 10
input channels and 10, 20 output channels, respectively, and both of them have kernel size 5, stride step 1
and no padding. The two fully connected layers have input dimensions 320, 50 and output dimensions 50, 10,
respectively.

H.3 Details of GDN/TGDA/FR/CN

We apply a slight variant of GDN (Zhang et al., 2021) to the equivalent minimax optimization problem
max, min, —f(x,y) with 20 gradient ascent steps y;+1 = y; + 0.01Va f (x4, y;) followed by Newton descent
step Ti41 = 2 — (Vi f) MV f) @y P 8 = (Vi f) "NV 1) (@4, yes1) for the update of o has analytical
solution for synthetic simulation. For adversarial deep learning, we obtain s by solving the equivalent
optimization problem max Fy(s) := %STVuf(xt, Yir1)s + Vi f(xe,yee1) s via 30 gradient ascent steps with
learning rate 0.002 and early termination rule ||V F;(s)| < 0.001. Batchsizes 512 and 100 are used to compute
all the stochastic gradients and Hessians for synthetic simulation and adversarial deep learning respectively.

For TGDA, we apply 10, 20 gradient ascent steps on y with learning rates 0.01,0.1 for synthetic
simulation and adversarial deep learning respectively, followed by 1 Newton-type update step zyy1 =

3Compared with the original GDN (Zhang et al.| [2021)), we switch the roles between x and y, since f(z,-) is strongly concave
for which gradient ascent is sufficiently fast.
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z; — 0.01 (Vlf — V12f(V22f)_1V2f) (,y¢41) on 2. s = (Voo f) 1(Vaf)(xt,ys41) has analytical solution
for synthetic simulation. For adversarial deep learning, we obtain s by solving the equivalent optimization
problem max; Fs(s) := %STV22JC($1§, Yi+1)s — Vaf(z¢,ys+1)s via 30 gradient ascent steps with learning rate
0.1. Batchsizes 512 and 100 are used to compute all the stochastic gradients and Hessians for synthetic
simulation and adversarial deep learning respectively.

For FR, we apply 20 gradient ascent steps on y with learning rates 0.01, 0.1 for synthetic simulation and
adversarial deep learning respectively, followed by 1 Newton-type update step z;11 = ¢ —0.01V1 f (24, ys41) —
a(Vi1f) UV 12 f)(Vaf)(xe, yer1) on z. (Vi1 f) 1 (Viaf)(Vaf) (24, ye+1) has analytical solution for synthetic
simulation. For adversarial deep learning, we obtain s by solving the equivalent optimization problem
max; Fo(s) := %STVHf(xt, Yr+1)s — (Via f)(Vaf)(zt, yr41)s via 30 gradient ascent steps with early termi-
nation rule ||VF(s)|| < 0.001 and learning rate 0.002. Batchsizes 512 and 100 are used to compute all the
stochastic gradients and Hessians for synthetic simulation and adversarial deep learning respectively.

CN algorithm follows the original update rule in (Zhang et al.l[2021) that z; 11 = 2 — G (z¢, ye) L (V1 f) (26, yt),
Yt+1 = Yt — (v22f)71(v2f) (It+1, yt) where C:(l‘7 y) = [Vllf—vlgf(VQQf)71VQ1 f] (IE, y) For synthetic exper-
iment, s = G(x4,y;) V1 f(2¢,y:) has analytical solution and we compute s = (G(act7 Yr) — 0.5[)_1V1f(xt, Yt)
instead to avoid singularity. For adversarial deep learning, to compute s = G(z¢,y:) *Vif(ze, y1),
we apply GDA with 50 iterations to the minimax optimization problem ming max,(V1if(zsi1,v:)'s +
%sTvllf(:rtH, yi)s + 5 Viaf (Tes1,ye)v + %'UTVQQf(x,H_l, y¢)v, where each iteration has 1 gradient ascent
step on v with learning rate 0.1 followed by 1 gradient descent step on s with learning rate 0.002. Batchsizes
512 and 100 are used to compute all the stochastic gradients and Hessians for synthetic simulation and
adversarial deep learning respectively.
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