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Abstract

We present a method for solving general nonconvex-strongly-convex bilevel optimization problems.
Our method—the Restarted Accelerated HyperGradient Descent (RAHGD) method—finds an e-
first-order stationary point of the objective with @(n?"%e’l'”’) oracle complexity, where & is the
condition number of the lower-level objective and e is the desired accuracy. We also propose a
perturbed variant of RAHGD for finding an (e, O(k?5\/e ))—second—order stationary point within
the same order of oracle complexity. Our results achieve the best-known theoretical guarantees
for finding stationary points in bilevel optimization and also improve upon the existing upper
complexity bound for finding second-order stationary points in nonconvex-strongly-concave minimax
optimization problems, setting a new state-of-the-art benchmark. Empirical studies are conducted to
validate the theoretical results in this paper.

1. Introduction

Bilevel optimization is emerging as a key unifying problem formulation in machine learning, encom-
passing a variety of applications including meta-learning, model-free reinforcement learning and
hyperparameter optimization [16, 46]. Our work focuses on a version of the general problem that
is particularly relevant to machine learning—the nonconvex-strongly-convex bilevel optimization
problem:

xrélﬂig]daz O(x) £ f(x,y*(x)), (la)
st y'(z) = argmin g(z,y), (1b)
yeR%y

where the upper-level function f(x,y) is smooth and possibly nonconvex, and the lower-level
function g(z, y) is smooth and strongly convex with respect to y for any given x.Bilevel optimization
is more expressive but harder to solve than classical single-level optimization since the objective
®(x) in (1a) involves the argument input y* () which is the solution of the lower-level problem (1b).
In contradistinction to classical optimization, bilevel optimization problem (1) involves solving an
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optimization problem where the minimization variable is taken as the minimizer of a lower-level
optimization problem.

Most existing work on nonconvex-strongly-convex bilevel optimization [17, 25, 26] focuses on
finding approximate first-order stationary points (FOSP) of the objective. Recently, Huang et al. [23]
extended the scope of work in this area, proposing the (perturbed) approximate implicit differentiation
(AID) algorithm which can find an (6, (9(%2'5\/5 )) - second-order stationary points (SOSP) within
a O(k*e=2) oracle complexity, where x > 1 is the condition number of any g(z, -) and e > 0 is the
desired accuracy. Given this result, a key further challenge is to study whether the ¢ ~2-dependency in
the upper complexity bound can be improved under additional Lipschitz assumptions on high-order
derivatives [23].

Given this context, a natural question to ask is: Can we design an algorithm that improves upon
known algorithmic complexities for finding approximate first-order and second-order stationary
points in nonconvex-strongly-convex bilevel optimization? We provide an affirmative answer to
this question, by designing a particular form of acceleration of hypergradient descent and thereby
improving the oracle complexity.

Organization. The rest of this work is organized as follows. Section 2 delineates the assumptions
and specific algorithmic subroutines. Section 3 formally presents the RAHGD algorithm along with
its complexity bound for finding approximation first-order stationary points. Section 4 proposes the
PRAHGD, the perturbed version of RAHGD, along with its complexity bound for finding approximate
second-order stationary points. Further presentation of contributions, related work, technical analysis
and additional experiments are deferred to the supplementary materials.

Notation. We let |||, be the spectral norm of matrices and the Euclidean norm of vectors. Given a
real symmetric matrix A, we let Apax(A) (Amin(A)) denote its largest (smallest) eigenvalue. We use
the notation B(r) to present the closed Euclidean ball with radius r centered at the origin. We denote
Ge(f,e), JV(f,e) and HV(f,€) as the oracle complexities of gradients, Jacobian-vector products
and Hessian-vector products, respectively. Finally, we adopt the notation O(-) to hide only absolute
constants which do not depend on any problem parameters, and also @() for constants that include a
polylogarithmic factor.

2. Preliminaries

In this section, we first proceed to establish convergence of the algorithmic subroutines related to our
algorithm—accelerated gradient descent and the conjugate gradient method. Then, we present the
notations and assumptions necessary for our problem setting. We proceed to establish convergence
of these two algorithmic subroutines in the following paragraphs.

Subroutine 1: Accelerated Gradient Descent. Our first component is Nesterov’s accelerated
gradient descent (AGD), which is an acceleration of the first-order method in smooth convex
optimization. We describe the details of AGD for minimizing a given smooth and strongly convex
function in Algorithm 1, which exhibits the following optimal convergence rate [39]:

Lemma 1 ([39]) Running Algorithm 1 on an £y-smooth and uy,-strongly convex objective function
h(-) witha = 1/4y, and B = (\/kn — 1)/ (/KL + 1) produces an output zr satisfying

lzr — 2*13 < (1 + wp) (1= 1/v/mn)" |20 — 2713,

where z* = argmin, h(z) and Ky, = {1,/ 1y, denotes the condition number of the objective h.
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Subroutine 2: Conjugate Gradient Method. The (linear) conjugate gradient (CG) method was
proposed by Hestenes and Stiefel in the 1950s as an iterative method for solving linear systems
with positive definite coefficient matrices. It serves as an alternative to Gaussian elimination that is
well-suited for solving large problems. CG can be formulated as the minimization of the quadratic
objective function

%qTAq —q'b, )

where A € R?*? is a positive definite matrix and b € R? is a fixed vector. We summarize the setup of
CG for minimizing function (2) in Algorithm 2, and record the following convergence property [41]:

Lemma 2 ([41]) Running Algorithm 2 for minimizing quadratic function (2) produces qr satisfying
T
1 > .
— <2k — ,
Jor 'l < 2 (Y27 ) =l

where q¢* = A~1b denotes the unique minimizer of Eq. (2), and k4 = Amax(A)/Amin(A) denotes
the condition number of (positive definite) matrix A.

In the rest of this section we impose the following assumptions on the upper-level function f and
the lower-level function g. We then turn to the details of our theoretical analysis:

Assumption 3 The upper-level function f(x,y) and lower-level function g(x,y) satisfy the follow-
ing conditions:

(i) Function g(x,y) is three times differentiable and i-strongly convex with respect to y for any
fixed x;

(ii) Function f(x,y) is twice differentiable and M -Lipschitz continuous with respect to y;
(iii) Gradient NV f(x,y) and NV g(x,y) are (-Lipschitz continuous with respect to x and y;

(iv) Jacobian Viyf( Y), V2yg(a: y) and Hessians V2, f(z,y), szf(x, Y), szg(az, y) are p-
Lipschitz continuous with respect to x and y;

(v) Third-order derivatives nyxg(x Y), Vgxyg(x, y) and ngyg(x, y) are v-Lipschitz continuous
with respect to x and y.

These assumptions are standard for the bilevel optimization problem we are studying. We also
introduce an appropriate notion of condition number for the lower-level function g(x, y).

Definition 4 Under Assumption 3, we refer to = {/u the condition number of the lower-level
objective g(x,y).

Leveraging such a notion, we can show that the solution to the lower-level optimization problem
y*(z) = argmin,cge, g(z,y) is k-Lipschitz continuous in z under Assumption 3, as indicated in
the following lemma:

Lemma 5 Suppose Assumption 3 holds, then y*(x) is k-Lipschitz continuous, that is, we have
ly* () = y* @)y < & ||z — 2’|l for any z, 2" € R
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We also can show that ®(x) admits Lipschitz continuous gradients and Lipschitz continuous
Hessians, as shown in the following lemmas:

Lemma 6 Suppose Assumption 3 holds, then O(x) is L-gradient Lipschitz continuous, that is, we
have |V ®(z) — V®(2')|| < L||z — 2'|| for any z, 2’ € R%, where L = O(x3).

Lemma 7 Suppose Assumption 3 holds, then ®(x) is p-Hessian Lipschitz continuous, that is,
V2@ (z) — V2®(2')|| < pllz — 2'|| for any x, 2’ € R%, where p = O(xP).

The detailed form of L and / can be found in Appendix C. Finally, with the definition of p in hand,
we give the formal definition of an e-first-order stationary point as well as an (e, 7)-second-order
stationary point, as follows:

Definition 8 (Approximate First-Order Stationary Point) Under Assumption 3, we call x an
e-first-order stationary point of ®(x) if || V®(x)|, < e

Definition 9 (Approximate Second-Order Stationary Point) Under Assumption 3, we call x an
(e, T)-second-order stationary point of ®(z) if | V®(z) ||y < € and Amin(V2®(x)) > —1.

We remark that these concepts are commonly used in the nonconvex optimization literature [40].
The approximate second-order stationary point is sometimes referred to as an “approximate local
minimizer.” With all these preliminaries at hand, we are ready to proceed with the (perturbed)
restarted accelerated hypergradient descent method.

3. Restarted Accelerated HyperGradient Descent Algorithm

In this section, we present our restarted accelerated hypergradient descent (RAHGD) algorithm and
provide corresponding query complexity upper bound results. We present the details of RAHGD in
Algorithm 3, which has a nested loop structure. The outer loop, indexed by k, uses the accelerated
gradient descent method to find the solver of (1a). The AGD step in Line 5 is used to find the inexact
solver of (1b). The CG step is added to compute the Hessian-vector product, as shown in (5). We
note that the iteration numbers of the AGD and CG steps play an important role in the convergence
analysis of Algorithm 3; moreover, at the end of this section we will show that the total iteration
number of AGD and CG can be bounded sharply. Finally, note that there is a restarting step in
Line 12 where the option Perturbation is taken as = 0.

We let subscript ¢ index the times of restarting. We note that the subscript ¢ of epoch number is
added in Algorithm 3 purely for the sake of an easier convergence analysis. The incurred storage of
iterations across all epochs can be avoided when implementing Algorithm 3 in practice.

In accelerated nonconvex optimization, a straightforward application of AGD cannot ensure
consistent decrements of the objective function. Inspired by the work of Li and Lin [33], we
add a restarting step in Line 12—we define K to be the iteration number when the “if condition”
triggers, and hence the iterates from £ = 0 to £ = K constructs one single epoch, where K =

ming {k >1:k Zf:_ol lzee1 — 2|3 > Bz}. Then we can have the objective function consistently

decrease with respect to each epoch when we run Algorithm 3. We provide the convergence results
for RAHGD in the rest of this section.
Denote v}, = (szg(wk, yk))_lvy f(wg, yr). Due to the bilevel optimization problem we
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are considering the following conditions on the inexact gradient. Recall that the overall objective
function ®(x) is L-gradient Lipschitz continuous, and both the upper-level function f(z,y) and the
lower-level function g(x,y) are ¢-gradient Lipschitz continuous:

Condition 10 Ler w_; = x_1. Then for some o > 0, we assume that the estimators vy, € R% and
v € R% satisfy the conditions

lye — y™ (wi )2 < %, foreach k = —1,0,1,2,... 3)

and -
llog — vi]] < 2% foreachk =0,1,2,... )]

Remark 11 We will show at the end of this section that Condition 10 is guaranteed to hold after
running AGD and CG for a sufficient number of iterations.

Under Condition 10, the bias of @Cb(xk) defined in equation (7) can be bounded as shown in the
following lemma:

Lemma 12 (Inexact gradients) Suppose Assumption 3 and Condition 10 hold, then we have
IV®(wy) — V®(wg)|l2 < o.

In the following theorem we show that the iteration complexity in the outer loop is bounded.

Theorem 13 (RAHGD finding FOSP) Suppose that Assumptions 3 and Condition 10 hold. Let

1 : 1 1 N
=—, B=,/-, 9:4~621/4, K=-, a=-, = . o=¢€.
LY, \/; (per) 6 v P AT

Denote A = ® (i) —min, ®(x). Then RAHGD in Algorithm 3 terminates within O(AL"550-25¢=175)
iterations, outputting W satisfying ||V® ()], < 83e.

Theorem 13 says that Algorithm 3 can find an e-first-order stationary point with O(x2 ¢~ 17)

iterations in the outer loop. The following result indicates that Condition 10 holds if we run AGD
and CG for a sufficient number of iterations. In addition, the total number of iterations in one epoch
is at most O(k*?K log(1/e)):

Proposition 14 Suppose Assumption 3 holds. In the t-th epoch, we set the inner loop iteration
number T, and the CG iteration number T} ,.. We run Algorithm 3 with the parameter chosen in
Theorem 13. Then all y; j, and vy , satisfy Condition 10. For each t, we also have the following bounds
for the inner loops Ef;il Ty < O(K%°Klog(1/€)) and Z’,f;ol Tip < O(Kk%5 K log(1/e)).

The detailed forms of T} ;, and T}, can be found in Appendix D. Combined with Theorem 13,
we finally obtain the total number of oracle calls as follows:

Corollary 15 (Oracle complexity of RAHGD) Under Assumption 3, we run RAHGD in Algorithm 3
with the parameters set as in Theorem 13 and Proposition 14. The output W is then an e-first-order
stationary point of ®(x). Additionally, the oracle complexities satisfy Ge(f,€) = O(k%>™Pe173),

Gelg,€) = O(K*Pe7), TV (g,€) = O(r>Pe™ ) and HV (g, ¢) = O(x*¢179),
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The algorithm can be adapted to solving the single-level nonconvex minimization problem
where k reduces to 1, and the given complexity matches the state-of-the-art [1, 6, 7, 28, 33]. The
best known lower bound in this setting is O(e~1714) [8]. Closing this O (¢~9036)-gap remains open
even in nonconvex minimization settings.

4. Perturbed Restarted Accelerated HyperGradient Descent Algorithm

In this section, we introduce perturbation to our RAHGD algorithm. In many nonconvex problems
encountered in practice in machine learning, most first-order stationary points presented are saddle
points [12, 27, 32]. Recall that the notion of second-order stationary points consists of not only
zero gradient value, but positive semidefinite Hessian matrix as well. Earlier work of Jin et al.
[28], Li and Lin [33] shows that one can obtain an approximate second-order stationary point by
intermittently perturbing the algorithm using random noise. We present the details of our perturbed
restarted accelerated hypergradient descent (PRAHGD) in Algorithm 3. Compared with RAHGD, a
noise-perturbation step is added in Algorithm 3 [Line 12, option Perturbation=1].

We proceed with the complexity analysis for PRAHGD, where we show that PRAHGD in Algo-
rithm 3 outputs an (e, /e )-second-order stationary point within O (k325 ~175) oracle queries:

Theorem 16 (PRAHGD finding SOSP) Suppose that Assumption 3 and Condition 10 hold. Let

dy 1 2x 1 € 1, 5
X O<og CG) 7 L’ 0’ 288)(2\/;’ 2(pen >

4
- B - ) .
J:min{chre 2},@:2,5 Ve =1 r:min{LB B+ B* 6B 0B }

20/d, VA a0 2 20k V2K

for some positive constant C. Denote A = ®(zin;) — mingcga, P(z). Then PRAHGD in Algorithm 3
terminates in at most O (AL p0-25x5 . ¢=175) iterations and the output satisfies | V()| < €
and Apin (V2 ®()) > —1.011+/pe with probability at least 1 — (.

Theorem 16 says that PRAHGD in Algorithm 3 can find an (e, v/pe )-second-order stationary
point within @(K,2'75€_1'75) iterations in the outer loop. The following proposition shows that
Condition 10 holds in this setting. In addition, the total number of iterations in one epoch is at most
O(k"? Klog(1/¢)):

Proposition 17 Suppose Assumption 3 holds. In the t-th epoch, we set the inner loop iteration
number Ty i, and the CG iteration number T . We run Algorithm 3 with the parameters chosen in
Theorem 16. Then all y; . and vy j, satisfy the Condition 10. For each t, we also have the inner loops
E’,f:_il Tix < O (k%" Klog(1/€)) and Zlkcz_ol Tip, <O (k%K log(1/€)) holds.

The detailed form of T} ;, and 7/, can be found in Appendix E. Combining this result with
Theorem 16, we finally obtain the total number of gradient oracle calls as follows:

Corollary 18 (Oracle complexity of PRAHGD) Under Assumption 3, we run PRAHGD in Algo-
rithm 3 with all parameters set as in Theorem 16. The output W is then an (e, v/ pe )-second-order
stationary point of ®(z). Additionally, the oracle complexities satisfy that Ge(f, €) = O(k% e 1-7),
Ge(g, ) = O(K¥Pe 1), JV (g, €) = O(k2e 1) and HV (g, €) = O(k32e 1),
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Appendix A. Overview and Contributions

We provide the presentation of contributions, related work, technical analysis and additional experi-
ments in this supplementary materials.

A.1. Contributions

Our contributions are four-fold:

®

(i)

(iii)

(iv)

We propose a method that we refer to as Restarted Accelerated Hypergradient Descent (RAHGD)
that applies Nesterov’s accelerated gradient descent (AGD) to approximate the solution y*(z) of
the inner problem (1b) and combines it with the conjugate gradient (CG) method to construct
an inexact hypergradient of the objective. The algorithm makes use of proper restarting and
acceleration to optimize the objective ®(-) based on the obtained inexact hypergradient. We show
that RAHGD can find an e-FOSP of the objective within O(x32%¢~17) first-order oracle queries

[§31].

For the task of finding approximate second-order stationary points, we add a perturbation step to
RAHGD and introduce the Perturbed Restarted Accelerated HyperGradient Descent (PRAHGD)
algorithm. We show that PRAHGD can efficiently escape saddle points and find an (e, O(K%5/e ))—
second-order stationary point of the objective ® within @(H3'256_1'75) oracle queries. This
improves over the best known complexity in bilevel optimization due to Huang et al. [23] by a
factor of O(k07e~0-25) [§4].

We apply the theoretical framework of PRAHGD to the problem of minimax optimization. Spe-
cially, we propose a PRAHGD variant crafted for nonconvex-strongly-concave minimax optimiza-
tion. We refer to the resulting algorithm as Perturbed Restarted Accelerate Gradient Descent
Ascent (PRAGDA). We show that PRAGDA provably finds an O (e, O(k'%1/€ ))-SOSP with a first-
order oracle query complexity of @(H1'75€_1'75). This improves upon the best known first-order
(including gradient/Hessian-vector/Jacobian-vector-product) oracle query complexity bound of

@(H1'56_2 + k27 1) due to Luo et al. [38] [§B].

We conduct a variety of empirical studies of bilevel optimization. Specifically, we evaluate the
effectiveness of our proposed algorithms (RAHGD / PRAHGD / PRAGDA) by applying them to
three different tasks: data hypercleaning for the MNIST dataset, hyperparameter optimization for
logistic regression and a synthetic minimax problem. Our studies demonstrate that our algorithms
outperform several established baseline algorithms, such as BA, AID-BiO, ITD-BiO, PAID-BiO
and iMCN, with inevitably faster empirical convergence. The results provide empirical evidence
in support of the effectiveness of our proposed algorithmic framework for bilevel and minimax
optimization [§G].

A.2. Overview of Our Algorithm Design and Main Techniques

We overview the algorithm design in this subsection. Inspired by the success of the accelerated
gradient descent method for nonconvex optimization [see, e.g., 28, 33], we propose a novel method
called the restarted accelerated hypergradient descent (RAHGD) algorithm. The gradient of ®(x),
which we called a hypergradient, can be computed via following equation [17, 25]:

V(z) = Vo f(2,y"(2) = Vi,9(z,y" (@) (Vi,0(, v (@) Vyf(z,y" (). ®)
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Unfortunately, directly applying first-order algorithms by iterating with the exact hypergradient
V®(x) is costly or intractable for large-scale problems, given the need to obtain y*(x) and particularly
given the need to invert the matrix V7, g(z, y*(x)).

For given x = x;, € R%, we aim to construct an estimate of V& (z;,) with reasonable computa-
tional cost and sufficient accuracy. The strong convexity of g(x, -) motivates us to apply AGD for
finding y, =~ y*(zx). To avoid direct computation of the term (ngg(xk, yk)) _1Vyf(mk, Yk ), We
observe that it is the solution of the following quadratic problem:

!
min 3¢ Viug(@r ye)v — v Iy f 2k, i) (6)

Accordingly, we can estimate v, =~ (V2 g(x, yr)) 71Vy f(xy, yx) and solve (6) using a conjugate
gradient subroutine. Based on y; and v, we obtain an expression for an inexact hypergradient:

@q)(xk) = vmf($k7yk) - v?ﬁyg(xka yk)vka (7)

which can serve as a surrogate of the true hypergradient V®(x) in first-order algorithms.

We formally present RAHGD in Algorithm 3. The main issue to address for RAHGD is the
computational cost for achieving sufficient accuracy of @@(mk). Interestingly, our theoretical
analysis shows that all of the cost arises from the computations of y; and vy, and it can thus be
bounded sharply. As a result, our algorithm can find approximate first-order stationary points with
less oracle complexity than existing methods [17, 25]. We also introduce the perturbed RAHGD
(PRAHGD) in Algorithm 3 for escaping saddle points. Adapting the analysis of RAHGD, we show
that PRAHGD can find approximate second-order stationary points more efficiently than existing
methods [23].

A.3. Related Work

The subject of bilevel optimization problem has a long history with early work tracing back to the
1970s [5]. Recent algorithmic advances in this field have driven successful applications in areas such
as meta-learning [3, 16, 24], reinforcement learning [21, 30, 46] and hyperparameter optimization
[13, 20, 44].

There have also been theoretical advances in bilevel optimization in recent years. Ghadimi and
Wang [17] presented a convergence rate for the AID approach when f(x,y) is convex, analyzing the
complexity of an accelerated algorithm that uses gradient descent to approximate y*(zy) in the inner
loop and uses AGD in the outer loop. Further improvements in dependence on the condition number
and analysis of the convergence were achieved via the iterative differentiation (ITD) approach by Ji
et al. [25, 26], who analyzed the complexity of AID and ITD and also provided a complexicity
analysis for a randomized version. Hong et al. [21] proposed the TTSA algorithm—a provable single-
loop algorithm that updates two variables in an alternating manner—and presented applications to
the problem of reinforcement learning under randomized scenarios. For stochastic bilevel problems,
various methods have been proposed, such as BSA by Ghadimi and Wang [17], TTSA by Hong et al.
[21], stocBiO by Ji et al. [25], and ALSET by Chen et al. [9]. More recent research on this front
has focused on variance reduction and momentum techniques, resulting in cutting-edge stochastic
first-order oracle complexities.

While much of the literature on bilevel optimization has focused on finding first-order stationary
points, the problem of finding second-order stationary points has been largely unadressed. Huang et al.
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[23] recently proposed a perturbed algorithm for finding approximate second-order stationary points.
The algorithm adopts gradient descent (GD) to approximately solve the lower-level minimization
problem and conjugate gradient (CG) to solve for Hessian-vector product with GD used in the
outer loop. For the problem of classical optimization, second-order methods such as those proposed
in Curtis et al. [11], Nesterov and Polyak [40] have been used to obtain e-accurate SOSPs in single-
level optimization with a complexity of O(e~!%); however, they require expensive operations such
as inverting Hessian matrices. A significant body of recent literature has been focusing on first-order
methods for obtaining an approximate (e, O(x?? /€ ))-SOSP, with the best-known query complexity
of O(e~17) of gradient and Hessian-vector products [1, 6, 7, 27, 28, 33].

An important special case of the bilevel optimization problem (1)—the problem of minimax
optimization, where g = — f in Eq. (1b)—has been extensively studied in the literature. Minimax
optimization has been the focus of attention in the machine learning community recently due to its
applications to training GANs [2, 18], to adversarial learning [19, 45] and to optimal transport [22, 34].
On the theoretically font, Jin et al. [29], Nouiehed et al. [42] studied the complexity of Multistep
Gradient Descent Ascent (GDmax), and Lin et al. [35], Lu et al. [36] provided the first convergence
analysis for the single-loop gradient descent ascent (GDA) algorithm. More recently, Luo et al.
[37] applied the stochastic variance reduction technique to the nonconvex-strongly-concave case,
achieving the first optimal complexity upper bound when & is treated as an O(1)-constant. Zhang
et al. [48] proposed a stabilized smoothed GDA algorithm that achieves a better complexity for the
nonconvex-concave problem. Fiez and Ratliff [14] provided asymptotic results showing that GDA
converges to a local minimax point almost surely. Nevertheless, to the best of our knowledge, all the
previous works targeted finding approximate stationary points of ®(z), and the theory for finding
the local minimax points is absent in the literature. It was not until very recently that Chen et al.
[10], Luo et al. [38] independently proposed (inexact) cubic-regularized Newton methods for solving
this problem; these are second-order algorithms that provably converge to a local minimax point.
These algorithms are limited, however, to minimax optimization and they cannot be used to solve the
more general bilevel optimization problems.

Appendix B. Improved Convergence for Accelerating Minimax Optimization

This section applies the ideas of PRAHGD to find approximate second-order stationary points in
minimax optimization problem of the form

min {i)(x) £ max f(g;,y)}, ®)

zERIw yeR%

where f(z,y) is strongly concave in y but possibly nonconvex in z. Problems of form (8) can
be regarded as a special case of a bilevel optimization problem by taking f(x,y) = f(x,y) and
g(z,y) = —f(x,y). Danskin’s theorem yields V®(x) = V. f(x,y*(x)), in this case, which is
in fact consistent with hypergradient of form (5) with the optimality condition for the lower-level
problem invoked, that is, V, f(z,y*(x)) = 0. This implies that when applying PRAHGD to the
minimax optimization problem (8), no CG subroutine is called and no Jacobian-vector or Hessian-
vector product operation is invoked.

We first show in Lemma 19 that the minimax problem enjoys tighter Lipschitz continuouity
parameters than the general bilevel problem:
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Lemma 19 Suppose that f(x,v) is £-smooth, p-Hessian Lipschitz continuous with respect to x and y
and p-strongly concave in y but possibly nonconvex in x. Then the objective ®(x) is (k + 1)¢-smooth
and admits (4v/2k3 p)-Lipschitz continuous Hessians.

We formally introduce the perturbed restarted accelerated gradient descent ascent (PRAGDA)
as in Algorithm 4. Utilizing the PRAHGD complexity result as in Theorems 16 and 17 together
with Lemma 19, we can take L = (k+ 1) and p = 4/2k3p to conclude an improved oracle
complexity upper bounds for finding second-order stationary points for this particular problem, as in
the following result:

Theorem 20 (PRAGDA finding SOSP) Under the settings of Lemma 19, Algorithm 4 outputs an
(e, O(k'\/€))-second-order stationary point of ®(z) in equation (8) within O(r'"e~1-7) gradi-
ent oracle calls.

Prior to this work, the state-of-the-art algorithm was attained by the inexact minimax cubic New-
ton (iIMCN) method [38], which under comparable settings outputs an (e, O(k!5/e ))—approximate
SOSP within oracle quries of O(k2e~ %) gradients, O(k'®¢~2) Hessian-vector products and
@(KG_Q) Jacobian-vector products. We compare the query complexity upper bound of PRAGDA with
iMCN in detail. As can be observed, the total oracle complexity of PRAGDA is no worse than that of
iMCN since O (k' e 175) < O(k2e 1 4 k!5¢=2), a simple application of AM-GM inequality.
Moreover, PRAGDA only requires gradient oracle calls while iMCN additionally requires Hessian-
vector and Jacobian-vector oracle calls. To summarize, PRAGDA enjoys an oracle complexity that
is no inferior than that of iMCN, whereas in both of the regimes x > ¢! and k < ¢! PRAGDA’s
complexity is strictly superior.

Appendix C. Basic Lemmas

In this section, we provide some basic lemmas.

Lemma 21 Suppose Assumption 3 holds, then y*(x) is k-Lipschitz continuous, that is,
v @) -y @), < xlle ],

for any x,x' € R,

Proof Recall that

y*(z) = arg min g(z,y).
yeRY

The optimality condition leads to V,g(z, y*(z)) = 0 for each z € R% . By taking a further derivative
with respect to z on both sides and applying the chain rule [43], we obtain

‘ e Oy (2)
V2,905 (@) + V9,57 (2) 2 =0
The smoothness and strong convexity of g in y immediately indicate
Ay (x) * (V) )

14



ACCELERATING INEXACT HYPERGRADIENT DESCENT FOR BILEVEL OPTIMIZATION

Thus we have

\ — (72,900, " () Vagla gt @), < & = 5,
2 1%

o

where the inequality is based on the fact that g(z,y) is ¢-smooth with respect to = and y and
p-strongly convex with respect to y for any .
Therefore, we proved that y*(x) is x-Lipschitz continuous. |

We also can show that ®(x) admits Lipschitz continuous gradients and Lipschitz continuous
Hessians, as shown in the following lemmas:

Lemma 22 Suppose Assumption 3 holds, then ®(x) is I:-gradient Lipschitz continuous, that is,
IV@(x) — Ve (2')| < Ll — 2|
for any x, 2’ € R%, where

202+ pM B +2p(M  pl®?M
+ P4 e ot

L=/
I I 3

Proof Recall that
VO(z) = Vo f(z,y"(2)) — V2,9(x, 5" (2)) (V2,9(z, 5" (2))) "'V f(z,y* (@) .

We denote H1(z) = Vo f (z,y*(2)), Ha(z) = Vi, 9(2,y*(x)), Ha(z) = (Vi,9(z,y*(x)))  and
Ha() = V, (5" (z)), then

VCD(x) = Hl(x) - Hg(%)%3($)7‘[4($) .
We first consider H1 (), Ha(x) and H4(z). For any z, 2’ € R%, we have

[Ha(z) = Ha (@) < Ll = 2]l + ly™ (2) — ™ (@)])
<L+ R)llz =2

where we use triangle inequality in the first inequality and Lemma 22 in the second one.
We also have

[Ha(2) = Ha(2') | < pllz = 2| + [y (z) — y* ("))
< p(1+5)le— 2|

and

[Ha(z) — Ha(2")|] < L(||lx — 2" + [ly"(z) — y* ("))
< U1+ k)|z—2|.

We then consider H3(x). For any z, 2’ € R%, we have

() — Ha(a)l|
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ZH(szg(%y*(fU)))_ — Vool H

< (st R [(Thste'svr e
< ;me_x I+ ly*(z) — v (@)])

< PLER

12
‘We also have

1
[Ho(@)l < & Ha@)ll < - and |[Ha()]] < M.
for any « € R% . Then for any z, ' € R% we have

Ve (z) — Vo ()|
< [Ha(@) — Ha (@) + [ Ha(2)Hs(2)Ha(z) — Ha(2")Hs (@) Ha()|
<L+ R)|le — 2| + | Ha(z)Hs(2)Ha(z) — Ha(x)Hs(x)Ha(2)]|
+ [[Ha () Hs(x)Ha(2') — Ha(a)Hs(2") Ha()|
+[[Ha(2)Hs (2 Ha(2') — Hao(2' ) Hs (@) Ha(2) |
<L+ K)lz = || + [ Ha(@) [I[Hs(2) || Ha(z) — Hal)]
+ [[Ha(2) [ Ha (") [ Hs(z) — Ha(2')]]
+[Ha(@) [ Ha(a)[[I[H2(z) — Ha(2)]

22
<U(1+k)|x—2| + ﬁ(l + k)|l — 2’

202+ pM 03 +2pfM  pl?M
<£+ P I )
% 7 %

oM Mp
5 (1 + )|z - [ R—_ p (1+1€)Hx

Lemma 23 ([23, Lemma 3.4]). Suppose Assumption 3 holds, then ®(x) is p-Hessian Lipschitz
L [|[V2®(z) — V20 (2)|| < pllx — 2| for any x, 2’ € R, where

2+ M QMY 2 M2 ¢
:Kp_i_ p+ 1/+ v+p n 1/)(1 >

7 2 3 I

2p  AMp* +202p  2Mlp? (N?  (Mp? pl \?
+(p+ ey 3p><1+>+< 2p+p><1+ )
7 7 7 u 2 7

Lemma 24 (Inexact gradients) Suppose Assumption 3 and Condition 10 hold, then we have

F;

IV®(wy) — V(w2 < 0.
Proof Recall that
V(1) = Vo f(w,y"(2)) — V2,9(z, 5" (1)) (V2,9(z, 5" (2)) " Vy f (2,57 (2))
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and

VO(z1) = Vaf (@, k) — Va,9(@r, yi)vs -

We define

V& (xy) = Vaof (Tr, yi) — viyg(xkayk)(vzyg(xkayk))_lvyf(xkayk) :
then we have

IV®(wi) — VO (w2 = ||V®(wi) — VO(wy) + VE(wi) — VO(wy)]|2
< |[VO(wy) — V(wp)||2 + [[VO(wi) — VO(wy)|]
< Lllys — y* (wg)|]2 + ¢ ‘ ‘Uk — (szg(wkyyk))ilvyf(wkyyk)"2
<o,

where we use triangle inequality in the first inequality, Lemma 6 and Assumption 3(c) in the second
inequality and Condition 10 in the last one. |

Lemma 25 ([38, Lemmas 1 and 3]). Assume that f(x,y) is {-smooth, p-Hessian Lipschitz contin-
uous with respect to x and y and u-strongly concave in y but possibly nonconvex in x, then the
objective ®(x) is (k + 1)l-smooth and (4v/2x3 p)-Hessian Lipschitz continuous.

Appendix D. Proofs for Section 3

In this section, we provide the proofs for theorems in Section 3. We separate our proof into three
parts. We first prove that ®(z) decrease at least O(¢3/2) in one epoch and thus the total number of
epochs is bounded. Then we show that our RAHGD in Algorithm 3 can output an e-FOSP. Finally, we
provide the oracle calls complexity analysis.

D.1. Proof of Theorem 13

In this section, we mainly consider the progress in one epoch. We omit the subscript ¢ for notation
simplicity. For each epoch except the last one, we have 1 < K < K,

K—1
K Z ||1'Z‘_1 — (L'ZHg > BQ, (9)
i=0
k—1
ok — 2oll3 < kY llwipr — i3 < B, VE < K, (10)
i=0
|lwi — zoll2 < |lzk — zoll2 + ||z — zp—1]]2 < 2B, VE < K, (11)
|lwe — wi—1l], < 2B, Yk < K, (12)

where equation (12) can be proved by induction as follows. For £ = 0, we have

HU)O - w,1|]2 =0 S 2B.
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For k = 1, we have

lwr = wolly = [I(z1 = z0) + (1 = O) (21 — wo)l, < 2B

For k > 2, we have

lwe — wg—1ly < (2= 0) |z — zp—1lly + (1 = 0) [[zp—1 — z—2[l5

< 24/2|ay — w13 + 2 251 — 24sll} < 2B,

In the last epoch, the “if condition” does not trigger and the while loop breaks until £ = K. Hence,

we have
k—1
ok — 2oll3 < kY llwis — i3 < B, Vk < K, (13)
=0

Hwk — .T()HQ < QB, Vk < K. (14)

We first consider the case when ||V ®(wi_1)||2 is large in the following lemma.
Lemma 26 Suppose that Assumption 3 and Condition 10 hold. Let n < ﬁ and 0 < 6 < 1. When
the “if condition” triggers and |V ®(wi—_1)||2 > %, we have

B? 5na’k
®(ex) — (o) < — 0B+ Uiy

Proof Since ®(z) has L-Lipschitz continuous gradient, we have

L
O(rpr1) < P(wy) + (VO(wi), Tpr1 — wi) + §H$k+1 — w3

< D(wn) — (VD (), V(i) + L[V w3

NIl

where we use 7 < Z. We also have

L
@(xk) Z @(wk) + (V@(wk),xk — wk> — §||a:k — wng .

Combining above inequalities leads to

P(zpy1) — Pak)

L N .
< —(VO(wy), rp — w) + §H3«"k — w3 = (VO (wy), V(wy)) + g”vq)(wk)H%

1 A L
= —(Tpt1 — Wk, Tk — wg) + (VO(wg) — VO (wy), xx — wi) + §||a:k — wk”%

— (VP (wr), VO (wy)) + 2| V(w3

2n

1 N
(leh1 = will3 + llzg — wil3 = lzpsr = zx]13) + (VO(wy) = V(wy), x), — wy)
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77 A
g”vq’(wk)ﬂg
2

L .
o ok = will3 = (V@ (w), VO (wy)) +
N | e
VO (wy), v — wi) + [ V@(wy) 3

< Do — wlf - o 13+ (V)
— ||z — wills — —||Tk+1 — 7 W) —
S gk~ Wkl — o R — Tkl k
VO(wi), VE(wy))
(b) 5 5 1 9 e
< ok —zr—allz — %Hxlﬁl — aklly + IV (wr) = VO(wp)ll2 - [k — zp—1ll2
oM | e A
+ gHV‘D(’wk)H% — n(Ve(wg), VO (wy))
1 .
—llor — zpallz — 77||90k+1 — g5 + [VO(wy) = VO(wy)llz - |z — 2x—1 ]2
. 2
+ 2|V () 3~ 2 (rw(wkw% + ||V - | Vo) - Vo )
© 5 1 9 e
< %ka —p-1ll2 = oo l@esr — @llz + [VR(wi) = VO(wi)ll2 - |2k — zi-1l]2
3 . 2
= Vel + = |[Voau) - Ve
d 5 1 3 )
< 877”90’“ — mp_1ll3 — %H%kﬂ wil3 — kel IV (w5 + ollze — -1l + gnff? :
where we use L < g, in < |k — wil|ly = (1= 0) ||zr — 21l < ||zk — 2k—1]|5 in <, triangle
(c) (d)
inequality in < and Lemma 12 in <.
Summing over above inequality with k£ = 0, 1, , K — 1 and using zg = x_1, we have
P(zrc) — P(20) (15)
= 3y 2 K—1 502K
<3 > ks —aells = ) IVOwe)ll; +0 Y ok — zpally + (16)
=0 8= k=0 8
© 1 k=2 3y =1
< oo 2 lown — ey = 2 D (IVRQwe)ll; + oV —1 Z k1 — a3 +
=0 k=0
(17)
(18)

O B* 3 5no*K
< 5 5 IVewe ) +oB+ 2
(&) B2 5no°K
< 2 oy 2 (19)
4n 8
, .o © , o
where we use Cauchy-Schwarz inequality in <, the “if condition” in < and ||V®(wx_1)|]2 > =
|

(8
m <.

Now we consider the case when ||[V®(wi_1)]|, is small
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IF Ve (we—1)ll, < %, then equation (11) and Lemma 12 lead to

o = wolly < llwrc—1 = zolly + 1 [V(we—1)lly + ]|V (we—1) - VO(wr—1)|,

< 3B +no.

For each epoch, we denote H = V2®(z() and H = UAU to be its eigenvalue decomposition
with orthogonal matrix A € R% %= and diagonal matrix U € R%*d=_ Let \; be the j-th eigenvalue
of H. We denote # = ULz, = UTw and VO (w) = UTV®(w). Let &/ and VI ®(w) be the j-th
coordinate of 2 and @@(w), respectively. Since @ has p-Lipschitz continuous Hessian, we have

1 _
O(xx) — P(zg) < (VP(x0), 2c — x0) + 5(:% — xo)TH(mK —x0) + g lxx — a:ng

= (V®(z0), Tk — Zo

g

2
+ 5k = 70) T Al — o) + & lax — 2o}

< ¢(ix) — ¢(do) + = (3B + o),

o™

where we denote

and
1

6j(x) = (VI®(xo),x — T) + 5Nz — )",
Let
0] = (UTV®(wy)) — Vg;(w]) and o = UTV®(wy) — Vo(ay)

then the iteration of the algorithm means

and
7y =0 —n(UTV®(wy)) =), — nVe;(w]) — nd.
For any k < KC, we can bound ||0 |2 as follows
I8¢l = UV (wr) — V() + V() — Vol
< |[Vo(un) - V(o) ~ Al — o)+ ||UTVe(wr) - V()|
= V() — V(o) — Hluwy, — o)l + || V() — V()

+o
2

1
/ <v2<1>($0 + t(wk — 1‘0)) - H7 WE — ZL‘0> dt
0

< g Jwy, — moll5 + o

< 2pB? + o,

20
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where the first inequality uses triangle inequality; the second one is based on Lemma 12; the third
one is based on the Lipschitz continuity of Hessian and the last one uses equation (11).

Notice that quadratic function ¢(z) equals to the sum of d, scalar functions ¢;(z7). Then we
decompose ¢(z) into ;g ¢j(x J) and > jes, 9@ 7), where

Slz{ji)\jz—e} and ng{ji)\j<—9}.
n n

We first consider the term jesy ¢;(27) in the following lemma.

Lemma 27 Suppose that Assumption 3 and Condition 10 hold. Let n < < and 0<60<1. When
the “if condition” triggers and |V ®(wx_1)||2 < %, then we have

IC
; ; K
Z%(@@—Z@( Z Za:,m ~k12+2”7(2,332+a)2. (23)
€S k:

JES1 JES1

Proof Since ¢;(z) is quadratic, we have

‘Zsj(fi‘:ﬂ)
= 65(]) + (Vo (@), &y — ) + el — P
@ (@) - 717<ji+1 — By, + 00y, By — F) + (Vi) — Vo (@), #yy — )
)\ ’$k+1 - xk‘z
= 6;(#) - }7@1“ =] gy — B) = (0 Ty — T) + N (], — @y — T
)\ N ‘2

+3 (184, — @i ~ 3], - @] ?)
(1 = @) ~ s — 0l = 184~ ) + 50 P + 21 -
* % <|ji+1 A ﬁ’é|2> 7

where we use equat10n (21) in @

Using the fact L >N\ > —5 for j € 57 and
_i 12 < | —2L @<
2 + &0y — B < + | T — W7 <0,
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we have
¢j(57§c+1)
» 1 » s s » 1 ~ s 0 5 5
< 0i(H) + 5, (18 = 0P — |y~ #P) + ﬁw L A o e
(b) ~j (1-020+60),; i g 1 =712 L 50
:%(%)jLT’%_%_l‘ - 277 \$k+1 | +%|5i|

(1—0)%(1+0) (,

= ¢;(&]) + o

T it
?c i—ﬂ - ‘xi—&-l —xi )
2

1 a (1-621+06) 1 -
_<277_2_277 |$k+1—xk!2+*\5i12
© 1-0)2(1+6) 2, 2N 5
< ¢j($i)+<)277()<|xk Tpl® = 141 ) |xk+1 b+ 0 o

(c)
for each j € S, where we use equation (22) in @ and let a = % in < which leads to

1 a (1-0°0+6) 1 6 (1-60(1+6) 30 6 ¢ . 30

2 2 21 S 8 21 T T Tay
Summing over above result with £ = 0,1,--- , K — 1 for j € S and using xg = z_1, we have
> (i)
JEST
_j 2n 2(1+0) i
< S o= 3 2 it -l + 2 Y - LG s
JES1 ]ESl
: 392 ok
< Z ¢;(Tp) — Z 8 Z |T1 — Tl + T(QﬁBQ +0).
j€S jest ! k=0
This completes the proof. |

Next, we consider the term ). ¢; (7).

Lemma 28 Suppose that Assumption 3 and Condition 10 hold. Let n < i and 0<6<1. When
the “if condition” triggers and |V ®(wx_1)||2 < 5, then we have

i i i k. nkC
Z ¢ (T) — Z ¢;(Tp) < - Z Z ‘xk+1 B+ 5(21032 +0)?+ 502 . (24)
JES2 JES2 Jesz k 0

Proof We denote v; = ;%6 - )\%@j ®(xg), then ¢;(x) can be rewritten as

i

i S 1 =
¢j(z) = 5 <5U — &)+ v VJ@@O)) - %W]‘I’(%)’Q = jj(x —v)? - E]VHD(Q:O)F

22
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Foreachj e Sy = {j: \; < —%}, we have
_j _j Aj Aj
¢j($?g+1) — (7)) = 4l |$k+1 Vj|2 23 |$i -V
)\ i » o
7 \ka — Bl ATy — T B — ) (25)

2

< _%’i’i_ﬂ - j?g‘Q + )‘j@i-&-l - @i,fi - Vj> .
So we only need to bound the second part. From equation (21) and equation (22), we have
Th1 — xk = wk: - xk NV ¢; (wk) 10}
=(1- 9)(”% - %—1) — nA; (W, — vj) — no;,
= (1= 0)(#, — &) — (] — vy + (1 = 0)(F, — 7)) — b},
So for each j € So, we have
(s — T T} — 1)
= (1=0){;, — & _ 17% —vp) = a3, = v = (1= 0@ — By, 3, — ) — 0(0), T, — vj)
> (1 - 0)(#, — &y, & — ;) — Nl — vy

A —=0) e a2 n g2, NA+0)
T (12 — Ty |7 + |27, — v )+2)\‘(1+9>|(5k D) | — v
v w iy 7I>\'(1—9)~' v n -
:(1—9)@?@—xiflvxi_Vj>+1f\xi_$k71|2+m|5i2
o o nn1=0)
= =@ =y By — ) + (=0l = H P o P - P g P
5 5 5 77 ~ -
> (1= 0)(F), — Ty, Ty —vj) + Kj|5i|2 :
where we use the fact that A\; < 0 when j € S5 in the first inequality and the fact
Aj L
<1+’7 >(1_0)2 <1—772>(1—9)20
indicates the second inequality. Then we have
<9Ei+1 - ﬂ»j{c —vj)
k
i i i 77 _i,,,,
Z(1—9)k<33]1_33%7$€)_Vj>+27)\j;(1—9)k 1671
®) n n -
S N\ i K vk e 1 — 9)k—i157)2
33, (1= )49 0(an). 0w + 53 351~ 015
. k
_ k j 2 % 2 j 0)k=4159 |2
=5 (1-9) (IV@(@o)I? + [V/@(a0) 2 = [V/@(w0) = V(o)) + 5 g 157]
Y g (vie Vi (1 )P
> o3 (=0 (I990(0) = ¥7@(w0) ) + 1= 51— 018
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where we use

, R j , 1 -
B —F =3 —w)=—n (UTV(I)((E())> and I} —v; = —ijq)(xo)
j

(b)
in ® and \; < 0in >. Plugging above inequality into equation (25) and using A; < 0, we have

k
-j - 0 - 2 N : n i
03(F41) = 037 <~ Fhs — FP + 5= 0)F ([970(0) — VIR(a0) ) + 3 (1= O/
Summing over above result with £ = 0,1,...,K — 1 for j € S5, we have
i@ = > 6i(F)
JES2 j€52
. 5 K1 . K-1 k&
=512 o 6)* g)k—i
<-Y 5 Z [y =3+ 5 | Vo) = Vo) D1 -0)F + 237> -0l
]652 =0 k=0 k=0 i=1
A K—1 . K—=1 k o
<-D 5 Z o — #5307 Y (1= 0+ 23> (1 - 053
]ESQ k=0 k=0 i=1
nk nk
S—Z Z‘xk—l-l B+ "‘7(2 B +0)?,
207 26
]652
which completes the proof. |

Putting Lemma 27 and 28 together, we can show the decrease of ®(x) in each epoch.

Lemma 29 Suppose that Assumption 3 and Condition 10 hold. Let n < < i and 0<6<1. When
the “if condition” triggers and |V ®(wi_1)||2 < %, then we have

(3/2

7

Proof Summing over equation (23) and equation (24), we have

o(ix) — d(To) = Y. &i(@)) — ¢;(7)

CI’(.%’;C) — (I)(l'()) S —

j€51U52
2 4 nk o
s ZH%H 3 + <2pB o)+ 250 (26)
3932 5niC

(2B + o) +7’§a2

< —
S TRk T 20

24
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where we use equation (9) in the last inequality. Plugging into equation (20) and using K < K, we
have

308> 5k 2 2, P 3, 1K
o - o < - —(2pB ~(3B —
(zx) — @(z0) < sk T 20 (2pB° +0)" + LB +10)" + 550
30B* 5K 2 2, P 3, nk 5
— —(2pB ~(3B — 27
< SnK.+ 50 (2p 4—0)—+6( +no) + 550 (27)
3/2
< -
TV
This completes the proof. |

Then we can proof that the number of epochs is bounded as shown in the following lemma.

Lemma 30 Consider the setting of Theorem 13, and we run RAHGD in Algorithm 3, then the

algorithm will terminate in at most A\/pe=3/? epochs.
Proof From Lemma 26 and 29, we have
/2 €L
P(xk) — P(xo) < —min{ —, — p . (28)
Vb P

Notice that in Algorithm 3, we set zg to be the last iterate xx in the previous epoch. Summing over
all epochs, say IV total epochs, we have

min ®(x) — & — N min 763/2 76~ 2

i Ti < i y T . 9
reRdx ( ) ( 1nt) = \ﬁ ( )
So the algorithm will terminate in at most A\/ﬁe 3/2 epochs. [ |

Now we are prepared to prove Theorem 13.

Proof Lemma 30 says that RAHGD will terminate in at most A+/pe3/2 epochs. Since each epoch
needs at most K = 3 (EQ /(pe)) /4 iterations, the total iterations must be less than AL/ pl/Ae /4,
Recall that we have L = O(x%) and p = O(x?), thus the total iterations is at most O (k'1/4e~7/4).
Now we consider the last epoch. Denote @ = UTw = ﬁ ZkK:OO Ulw, = ﬁ 215:00 Wh.
Since ¢ is quadratic, we have

Ko

- 1 -
o), = HK Y Vel
k=0 2
Ko
(a) 1 ~ - N
= — 0
(Ko + 1) 2 <$k+1 Wk + 1 k)
= 2
1 all -
= 77(K0 n 1) 2 ($k+1 — T — (1 — (9)(1‘k — l'k—l) + 7}(5k>
= 2
Ko
(b) 1 ~ ~ ~ - T
= — —(1-20 — 1)
e 0|
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ACCELERATING INEXACT HYPERGRADIENT DESCENT FOR BILEVEL OPTIMIZATION

Ko
1 N
= —— ||TKo+1 — Tky + 0K, — To) + 1 E O,
n(Ko + 1) = |,

Ko
1 5 B B B ~
S T (nm«oﬂ — &yl + 0 lEr0, — Zolly +1 )154\2)
k=0

2 20B
7KH$K0+1 _xKOH2+ nkK +2 BQ"‘Ua

C

<

—
N2

=

b
where we use equation (22) in @, T_1 = 20 In (:); Ko+1> X, equation (13) and equation (14)

(9
in <.

From K = argmingSkSK_1 | Tr41 — k5, we have

K-1
1
2 2
_ < _
HLUK0+1 xK0||2 = K — \.K/2J kLZK/QJ ka-‘rl kaQ
1 K—1
< Y w1 — il
K - [K/2] kzzo ’
(d) 1 B?
< - - =
- K- |K/2] K
2B?
< —
— K2 ]

(d)
where we use equation (13) in <. On the other hand, we also have

Vo), = Vo)

< IVo(@)l, + [V () - Vo)
= [V o(@)lly | V(i) — V(wo) = Al — o) |,
= V(@) + V@) ~ TP (wo) — H(tb — o)l

- J—-
<|IVo(@)ly + 5 Il = ol

(©) i i
< |[Vo(w)lly +2pB?,

()
where we use || — 2oy < ﬁ Zf:oo |wg — x|l < 2B from equation (14) in <. So we have

2{3 20B
nkK

Ve, < oy +

+4p32 + 0 < 83e.

This completes our proof of Theorem 13. |

26



ACCELERATING INEXACT HYPERGRADIENT DESCENT FOR BILEVEL OPTIMIZATION

D.2. Proof of Proposition 14

Proof We first consider the iterations of CG in Algorithm 3 in one epoch. We set T/, as

[@ log (% <||U0,—1H2 + %)ﬂ , k=0,

Tt[’k - 1 YN (30)

[ bog (495 (g + 21))], k>

We denote
* —1

v ('I’ y) = (vzyg(‘r’y)) vyf(xay),

then
M
Hv*(x,y)llg < Z, V%ERdz,yeRdz}'

We use induction to show that
. o
[vee — Ut,kH2 = BY]
holds for any k£ > 0. For k = 0, Lemma 2 straightforwardly implies that

o1 = violl, o
UO,—IHQ +M/p 20

<

}|Ut70_UZ,OHQ =< [ 2%'

Suppose it holds that Hvt’k — v;kH2 < g; forany k = k" — 1, then we have

2 Tt/,lc’ N
o < 2V (11— /s v k-1 — vf

2 Tt/’k/ * * *
S 2\/E (1 - 1 n \/E> (H'Ut’klfl — Ut’k/_1||2 + Hvt’k/_l - Ut,k’

2 T o 2M o
<2 1— — — | < =
- \/E( 1+\/E> <2€+ u>—2€’

where the first inequality is based on Lemma 2, the second one uses triangle inequality, the third one
uses the definition of 7} Therefore, equation (4) in Condition 10 can hold.

Hvt»k/ - U: K’ 2

y

The total iteration number of CG in Algorithm 3 in one epoch satisfies
K—1
> T
k=0

e+l em R ek (o oM
< _ -/
skt \/E+1+Zlog s \mt 7,

k=1

:,Hﬁ;l (éTjﬁ(iC—l)log(Mf (gﬂzy)))

e e o (4 o 2)) (1))

Now we consider the iterations of AGD in Algorithm 3.We first show the following lemma.
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Lemma 31 Consider the setting of Theorem 13, and we run Algorithm 3, then we have
ly* (we, )], < C
forany t > 0, where C' = ||y*(z0,0)||, + (2B + no +nC)kA\/pe3/2
Then consider the iteratons of AGD in Algorithm 3. We choose 7} ;, as
2LVr+I A _
[wﬁlog (Tﬁcﬂ k=—1.

TN Povitos (245 (2 4 248))], k20 o

We will use induction to show that Lemma 31 as well as equation (3) in Condition 10 will hold. For
t = 0, Lemma 31 hold trivially. Then we use induction with respect to k to prove that

g
_ w _
H?/tk v ( tk)H2_2L

holds for any £ > —1. For k = —1, Lemma 1 directly implies

Hy*(wt,—nHQ o o
lye,—1 — ¥ (we, 1), < — <05
where the second inequality is based on Lemma 31. Suppose it holds that
* g
Yt k-1 — ¥ (weg-1)lly < o7

for any k < K/ — 1, then we have

yew — v (wew)]|,

where the first inequality is based on Lemma 1, the second one uses triangle inequality, the third one
is based on induction hypothesis and Lemma 5, the fourth one uses equation (12), and the last step
use the definition of 7} ;.. Therefore, equation (3) in Condition 10 can hold.

Suppose Lemma 31 and equation (3) in Condition 10 hold for any ¢t < ¢’ — 1, then we have
shown that when we choose T, as defined in equation (30), then equation (4) in Condition 10 can
hold. Thus, from Lemma 12 W’C obtain that:

[V ®(wi ) — VO(wip)|2 < o (32)
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We claim that for any ¢, we can find some constant C' to satisfy:
V@ (wec-1)|l, < C. (33)

Otherwise, equation (18) in Lemma 26 shows that ®(w; k) can go to —oo and contradict with the
assumption min cpa, ®(r) > —oc.
For any epoch ¢t < ¢/ — 1, we have

|21 — 710 9

= |zt — Te—1 + Tex—1 — Teolly
= H(l - 9)(%,/671 - $t,l€—2) - n@(l)(wt,;c,l) +xe-1— SUt,oH2

< Nearc—1 = @te—sly + lwei—1 = wrolly + 1| V(w1
. 2 (34)
<2B+n qu)(wt,lel) — V@(w-1) + V<I>(wt,/C71)H2

< 2B+ |[VO(wie-1) = VO(wrie) |+ Vw1,

<2B+no +n||[Ve(weic-1)|l,
<2B+n(c+C)

for some constant C. Here we use triangle inequality in the first inequality; equation (10) in
the second one; triangle inequality again in the third one; equation (32) in the fourth one and
equation (33) in the last one.

Then for #'-th epoch, we have

ly™ (we,—1) =y (@00)|l, < e f|wrr, -1 = wooll,
= £ |[er0 = 200l
= i ||zp 1k — zo0l],
< H(thul,o - xo,oHQ + th’fl,lc - iUt/f1,0H2)
< R(th/,l’o — x170H2 + (2B + no +nC))
< (2B +no +nC)kt
where the first inequality is based on the Lipschitz continuous of y*(z) shown in Lemma 5; the

second one uses triangle inequality; the third one is based on equation (34), and the last one uses
induction. Then we have

ly* (wer,—0)l, < 1y (00)ll, + Brt’

(2B + no + nC)kA/p
372 ’

< y*(wo,0)l5 +

where we use Lemma 30 in the last inequality.

Similarly with the case ¢ = 0, we use induction with respect to k again, we have that equation (3)
in Condition 10 hold.
This also finishes the proof for Lemma 31.
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The total gradient calls from AGD in Algorithm 3 in one epoch satisfies
K—-1 K—1 ~
T 4Lk\/ Kk + 1B
E Tik < 2Vk 714—5 log| VE+1+ ——— +K+1
2Vk — o

k=-1
T ALk + 1B
=2Vk <1—|—IClog (\/n+1+'{:+)) +K+1

2k
1 20VE+ 1 4 ALw\k + 1B
= 2v/kK (Klog (HC> + log <\//<a+ 1+ W)) +K+1.
o o
This completes our proof of Proposition 14. |

D.3. Proof of Corollary 15

Proof Theorem 13 says that RAHGD can output an e-FOSP within at most O (Ail/ 251/4¢7/ 4)
iterations in the outer loop. Then we have

AEl/Qﬁl/ll AE1/251/4
GC(f, 6) =0 (67/4 and JV(Q,G) =0 T .

Recall that L = O(x%) and p = O(k°), we have

Ge(f,e) =0 <K11/46_7/4> and JV(g,e) =0 (511/46_7/4) .
Gradients of g(z, -) and Hessian-vector products are occurred in AGD and CG respectively. Proposi-
tion 14 shows that we only require O (\/EIC log(%)) iterates of AGD and CG in one epoch to have

Condition 10 hold. From Lemma 30 we know that RAHGD will terminate in at most A+/pe3/2
epochs. Recall that £ < K = %(I?/(ﬁe))l/zl, we have

ALV251/4.1/2100(1 ALV251/4:1/2100(1
Gc(g, 6) — O < p 6/;//4 Og( /6)> and HV(g,E) — O < p 6’:’/4 Og( /€)> X

Hiding polylogarithmic factor and pluging L = O(x?*) and p = O(kP) into it, we have

Ge(g,e) = O <K13/4€_7/4) and HV(g,e) =0 (513/46_7/4> .

Appendix E. Proofs for Section 4

In this section, we provide the proofs for theorems in Section 4. We first show that the number of
epochs can be bounded. Then we prove that PRAHGD can output an (e, v/pe )-SOSP. Finally, we
provide the oracle complexity analysis.
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E.1. Proof of Theorem 16
Lemma 32 Consider the setting of Theorem 16, and we run Algorithm 3, then the algorithm will
terminate in at most O (Aﬁx‘r’e*‘q’/ 2) epochs.

Proof
From the Lipschitz continuity of gradient, we have

L
D(z411,0) — Pwex) < V(1K) Teg1,0 — Te k) + 3 |zer1,0 — zexclls

L

= (Ve(ztx), &) + 5 €1
ir?

S ”vq)(.’EtJC)H2 r+ 7 .

If VO (wi—1)l5 > % then Lemma 26 means when the “if condition” triggers, we have

(35)

We say that || V®(x; k)], is bounded. Otherwise, one gradient descent step z = x; x — NV (24 )
leads to

In?
O(2) < Olwe) + (VO(@r), 0V O(a1,)) + S [ VO(e0)l;
7
= B(anx) - 5 [VE@en)l;

which means ®(z) ~ —oo and contradicts with the assumption min, g4, ®(z) > —oo. Let
[V®(zs )|, < C, then we have
Lr? B2
D(x1410) — Plap) <Or+ — < — | (36)
’ bl 2 8/’7
where we use the definition of r in the second inequality. Summing over equation (35) and equa-
tion (36), we obtain

BQ 5no-2K B2 Gf/
o (i) < - 4 0B e T
(Tt41,0) — P(210) < 81 TOLF —— S 81 1658885\

for all epochs. On the other hand, if [|[V®(wi—_1)||, < %, Lemma 29 means

30B*  5nK . p
- + L(2pB2 +0)? + g(3B +no)® +

nkK ,
o-.
SnK 26

20

D(xic) — P(zp) <

‘We also have

Ve (zr)lly < IVE(wic—1)|ly + [VE(zx) — VE(wic—1),
< |[[Ve(wi-1)llg + L llze — wic-1ll
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< IVe(wic—1)lly + In (IV@(wic-1)lly + | Ve(wic1) - Vo (uc)| )
B - c 5B o

<= 4LB4-="+-.

<, LB =4t

So we obatin

and
B> 5K 7 nK oB?
d ) ——— + " (2pB*+0)?+ (3B St ——
(@1410) (x0) < 477K+ 29 ( +0)*+ =3B +n0)° + 59 ° + 1
ls
<.
~  663552/px°
Hence, the algorithm will terminate in at most O (A\/ﬁx5 e3/ 2) epochs. |

Before proving that PRAHGD can output an (¢, /pe )-SOSP, we first show the following lemma.

Lemma 33 Following the setting of Theorem 16, we additionally suppose that Ayin(H) < —/€p,
where H = V2®(z) for given x € RY%. We suppose points xy, z(, € R satisfy ||z} — ||, <,

|z — x|l < rand xy — x(, = roe1, where e is the minimum eigen-direction of H and ry = \/%

Running PRAHGD in Algorithm 3 with initialization x o = x(, and xo = x(, respectively, then at
least one of these two initial points leads to its iterations trigger the “if condition”.

Proof Recall that the update rule of PRAHGD can be written as:
Th+1 = (2 — (9)$k — (1 — (9).1%,1 — 77@@((2 — Q)mk — (1 — H)xk,l).
We denote zj, = . — x}, then

Zhp1 = (2 0)zk — (1= 0)zi—1 — n(VO(w}) — VO(wy)))
=2-0)I—nH —nQ)z, — (1 — 0) (I —nH — n) 261 — (S — Sk),

where
Q. = /01(V2<I>(tw;C + (1 —t)w},) — K)dt, ¢, =V®(w},) — VO(w),) and ¢ = Vo (w)) — VI(w}).
In the last step, we use
V(wh) — VB(wf) = (H + Q) (wh — wf) = (H+ )2~ )z — (1 0)z-1) .
We thus get the update of zj in matrix form as follows

(i) = (a0 (e )

<(2 — )z — (1 — 0)Qez—1 + 6 — %’)
+n 0
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A(2) ) A (2) ).

where wi, = (2 — 0)Qpzp — (1 — 0)Qp2k-1 + <1, — <. Then we have

= (I 0)A’“< ) (I 0) ZA’““(“Z).

Assume that none of the iteration on (z(), 2, . . ., @) and (z{, 7, . .., 2 trigger the “if condition”,

then we have
[ — o], < B,

lok — 25, <

i — b, < 2B, Vk < K,

(37
v —af||, < 2B, Vk < K.

Then we achieve

192l < pmax (||Jwy — |, |k —=2|,)

< pmax (||wy, — x|, , [lwi —2Gl[,) + pr < 3pB
and

kllo > D kll2 k—1ll2 I/c_ Ii:/ 2
lworlls < 658 (|1zxlls + 25-1lly) + [|sk — st
< 6pB (|| zklly + [[2x-1ll5) + 20,

where we use Lemma 12 in the last step. We can show the following inequality for all £ < K by

induction: o
— kh—1—i (Wi <1 k
n (1 O)ZA <0> 2 2H(I 0) A <ZO>

i=0
It is easy to check the base case holds for £ = 0. Assume the inequality holds for all steps equal to or
less than k. Then we have

losle < 3 1 0% (%)

where we use the monotonicity of

2

+ 20,
2

< ~ E [ %0
and Hwk\2_18pBH(I 0) A <Z0>

2

k [ 0
‘(I 0) A <ZO)
We define

(ar —b) = (1 0)AF, and Ay = <(2 - 9)(11— DAmin) —(1 — 9)((1) - mmin)> |

in k (Lemma 38 in [28]) in the last inequality.
2

then

(1 0) ;;A'H <C8>

1=0

2

(I 0) zz;A’H <(I)>

lloill
2
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k

<ny.

1=0

(I 0) Zk: AR~ <(I)>

=0

+ 20)
2

<18[)B H (I 0)A’ (j‘;)

k
Y S lak—il (185Brola; — bi] +20)
1=0

2

b &
<) lax—i| (205Bro|a; — bi|)
=0

©_ _ E /2
< QOanZ <9 + k+ 1) ‘akJrl - bk+1|7“0
=0

< 20pBnK (z + K) H (I 0)AF+! <ZO>

20 ’

2

where the step @) uses the fact that z5 = rge; is along the minimum eigenvector direction of H; the

b c
step < is based on the fact that o < pBrgla; — b;|; the step < uses Lemma 36 in [28]. From Lemma

38 in [28], we have

9 A
bl > 2 2] > Z
@ bl’—2(1+2> =5

pB(ro
2Vd,

and thus pBrgla; — b;| > > o. From the parameter settings, we have

2 1
205BnK (9 + K) <35

Therefore, we complete the induction, which yields

Joxl = | (1 0) A% (%)

2

sl oar(2)]

Oro 0\ X
>29%(14+2) >5B
—4<+2>—5’

20

n(L 0) KZI AL (%)

=0

2

Vv

To
= — —b
2’CLK K’

where we use Lemma 38 in [28] and nApin < —62 in the third inequality and the last step comes
from K = 2 log( 292,]03 ). However, from equation (37) we can obtain:

Iz lly < ||2% — 6|, + 2% — 26 ||, + [|=6 — 25|, < 2B + 2r < 4B,

which leads to contradiction. Thus we conclude that at least one of the iteration triggers the “if
condition” and we finish the proof. |

Now we prove Theorem 16.
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Proof From Lemma 32, we know that Algorithm 3 will terminate in at most O (A/5x°¢=%/2)
epochs. Since each epoch needs at most X = O ( (INL2 / (eﬁ)) Y 4) gradient evaluations, the total

number of gradient evaluations must be less than O (ALl/ 25140175,

Now we consider the last epoch. Similar to the proof of Theorem 13, we also have
2{ 2B 20B

+ —+4p BQ+0<——|—6 <e.
X

If Apnin (V2®(2; ) > —+/€p, then from the perturbation theory of eigenvalues of Bhatia [4], we
have

X (V2D (e 41)) — A (V2R(2x0))| < [|[VPR(er1) — VPR(2 ),
< pllwer — 2kl

< P |1 — zg10llo +
< 35B

for any j, where we use ||
inequality. Then we have

5 < 2B in the last

X (VED(er1)) 2 X (VP@(ec)) — [N (VP (r11)) — Aj (V2R (e ) )
—Vep—3pB > —1.011/ep.

Now we consider Amin (V2@ (7)) < —v/€p. Define the stuck region in B(r) centered at 2 c to be
the set of points starting from which the “if condition” does not trigger in K iterations, that is, the
algorithm terminates and outputs a saddle point. From Lemma 33, we know that the length along
the minimum eigen-direction of V2<I>(xt7 i) is less than 7. Therefore, the probability of the starting
point x4 11,0 = ¢ i + & located in the stuck region is less than

7"0Vd—1(7°) <7~0\/&
Va(r) = 7

where we let g = %. Thus, the output o satisfies Apin (V2®() > —1.011+/€p with probability
at least 1 — (. This completes our whole proof of Theorem 16. |

E.2. Proof of Proposition 17

The proof of Proposition 17 is similar to that of Proposition 14. We provide the poof for Proposition 17
as follows.

Proof We first consider the iterations of CG in Algorithm 3 in one epoch. We choose T} ;. as

) [@ log <% (H%,—ﬂ!z + %)ﬂ . k=0,
BT TR (I (o (38)
[ 2 1og<g (2e+ M))—‘a kE>1.
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Following the proof of that in Section D.2 in exact fashions we arrive at that equation (4) in
Condition 10 can hold.
The total iterates of CG when running PRAHGD in Algorithm 3 in one epoch satisfies

e

/
T
0

VE+1 [ 21y & jak (o 2M
<K 1 Z 4=
=ht T \/E+1+;°g s \2e "7,

:,C+\/E2+1 (\/Q;EIJr(IC—l)lOg(M;/E (;e+2i\t4)>)

e 0 (15 (i 2) ) (5 (5 +2)

Now we consider the iterations of AGD PRAHGD in Algorithm 3 in one epoch.
We first show the following lemma.

o~
Il

Lemma 34 Consider the setting of Theorem 16, and we run PRAHGD in Algorithm 3, then we have
ly* (we,-1)ll, < C
foranyt > 0, where C = |y*(z0,0)|l, + (2B + B? + no + nC)xAy/pe3/2.

Then we choose T} ;, as

(e

fo = [Qﬁlog (@ (i + 2&3))] k>0 <

We will use induction to show that Lemma 34 as well as equation (3) in Condition 10 will hold.

{Zﬁlog <2ch~')—‘ ) k=-1

For t = 0, Lemma 34 hold trivially. Then we use induction with respect to & to prove that
o

— w < —
Hyt,k Yy ( t,k)HQ =57

holds for any k£ > —1. For k = —1, Lemma 1 directly implies

lly*(willy o _ o

1=y (wy _ < — =,
Hyt, 1=y ( t, 1)”2_ c oL = oI

where the second inequality is based on Lemma 34. Suppose it holds that ||y, x—1 — y* (W r—1)|4 <
% for any k < k' — 1, then we have

e — y* (wen)]|

1 Tt,k’/2
=vien (1 ) \/E> a1 = " (o)
1 Ty /2
< \/m <1 — \/E> (Hyﬁk/*l — y*(wtvklfl)HQ + Hy*(wt,k/fl) - y*(wt,k’) ‘2)
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1 Tt,k’/Q o
< \/1+/€<1— > <2E+HHwtvk,1 — Wy k!

)

N
VI < L\ (o o
<Vi+r(l-—F— — + 2k
N \/E> <2L >
7
_2-57

where the first inequality is based on Lemma 1, the second one uses triangle inequality, the third one
is based on induction hypothesis and Lemma 5, the fourth one uses equation (12), and the last step
use the definition of 7} ;. Therefore, equation (3) in Condition 10 can hold.

Suppose Lemma 34 and equation (3) in Condition 10 hold for any ¢ < ¢ — 1, then we have
shown that when we choose T, as defined in equation (38), then equation (4) in Condition 10 can
hold. Thus, from Lemma 12 we obtain that:

IV ®(wi ) — VO(wip)|2 < 0. (40)

For any epoch ¢t < t' — 1, we have

|21 — 710 9

= |rexc — Tec—1 + Tee—1 — Teolly
= H(l - ‘9)(%,/671 - $t,/€—2) - n@(l)(wt,;c,l) +xe-1— SUt,oH2

< et = wug-ally + w1 = aeolly + 1 | V(w e |
i ? 41
<2B+n HV@(wt,I@l) — V@(w 1) + V@(wt,lel)HQ

< 2B+ |[VO(wie-1) = VO(wre) |+ Vw1,

<2B+no +1|[VO(wix-1)l,
<2B+n(c+C)
for some constant C. Here we use triangle inequality in the first inequality; equation (10) in

the second one; triangle inequality again in the third one; equation (40) in the fourth one and
equation (33) in the last one.

Then for t'-th epoch, we have

Hy*(wt’,fl) - Z/*(UCO,O)HQ
< #fjwy 1 = 2ol
= #[|zr0 — 200l
=K th’—l,lC - xO,OHQ
< I‘c(HIEt/—LO - 960,0H2 + H-th—l,ic - ﬂ?t'—1,oH2 +7)
< k(||mp—1,0 — 210, + (2B + B* + no +n0))
< (2B + B? +no +nC)xt

where the first inequality is based on the Lipschitz continuous of y*(z) shown in Lemma 5; the
second one uses triangle inequality; the third one is based on equation (41), and the last one uses
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induction. Then we have

(2B + B? +no + nC)kAV/p
372 ,

|y*(wyr —1) ||, < Ny (@0,0)lly + Brt’ < [ly* (o), +

where we use Lemma 32 in the last inequality.

Similarly with the case ¢ = 0, we use induction with respect to k again, and then we can prove
that equation (3) in Condition 10 hold.

This also completes the proof for Lemma 34.

The total gradient calls from AGD in Algorithm 3 in one epoch satisfies

K-1 K—1 ~
T 4Lk\/Kk + 1B

ZTmSQ\/E 71+Zlog ve+1l4 ——M +K+1
2k — o

k=-1
T- ALk + 1B
NG <1+IClog (\/n+1+ﬁg+)) +E+1

2k
1 20VE + 1 ~ ALw\k + 1B
— 2/rK <’Clog <“+C> +log (x/rs—k 1+ m)) YK
o o
This finishes our whole proof for Proposition 17. |

E.3. Proof of Corollary 18

Proof From Theorem 16, we have that PRAHGD in Algorithm 3 can find an (e, /pe ) SOSP within
at most O (Aﬂl/ 251/45 67/ 4) iterations in the outer loop. Then we have

AZI/2ﬁ1/4X6 A-Z/l/2ﬁl/4X6
GC(f, 6) =0 (67/4 and JV(g,ﬁ) =0 T .

Omitting polylogarithmic factor and pluging L = O(x?) and p = O(x?) into it, we have

Ge(f,e) =0 <n11/4e_7/4> and JV(g,e) =0 (511/46_7/4> .

Lemma 32 shows that PRAHGD in Algorithm 3 will terminate in at most O (AﬁZQ‘O) epochs. From

Proposition 17 we can obtain that for each epoch ¢, we have the inner loops

K—1 -1
Z Top <O (Hl/QlClog(l/G)) and Z Ty <O (,&/ﬂClog(l/e))
k=—1 k=0

hold. Then we have

[1/251/451/2, 6 F1/2x1/4,1/2. 6
Ge(g,e) = O (AL < H7/4X log(1/6)> and HV (g,¢) = O (AL P ﬁ7/4X log(l/e)> )
€ €
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where we use K < K = O(x (EQ /(ep)) Y 4). Omit polylogarithmic factor and plug L = O(x?)
and p = O(x®) into it, we have

Ge(g,e) =0 (/113/46_7/4) and HV(g,e) =0 (1%13/46_7/4> .

This completes our proof of Corollary 18.
Appendix F. Proofs for Section B

In this section, we provide the proof of Theorem 20.
Proof Lemma 19 shows that in minimax problem settings, L = (k+1)¢and j = 4v/2x3p. Recall
that our PRAGDA evolves directly from PRAHGD —- removing the CG step in PRAHGD because we
do not need to compute the Hessian-vector products when solving the minmax problem. Therefore,
we can straightforwardly apply the theoretical results for PRAHGD.

Applying Theorem 16, we have that Algorithm 4 can find an (e, O(k'5/e )) -SOSP.

Now we provide the gradient oracle calls complexities. From Lemma 32, we know that Algo-
rithm 4 will terminate in at most O (Ay/px°e~*/2) epochs. Proposition 17 shows that, for each ¢,
the total iteration number of AGD step satisfies:

K—-1

> T < O(k'2Klog(1/e)) .
k=-1

Recall that K < K = O (X (iQ /(ep)) Y 4), we have that the total gradient oracle calls is at most:

o <Aﬁ1/4f/1/251/2xﬁ log(l/e)>

c7/4

Hide polylogarithmic factor and plug L and § into it, we have the total gradient oracle calls within at
most O(k7/4e~7/4), [ |

Appendix G. Empirical Studies

We conducted a series of experiments to validate the theoretical contributions presented in this paper.
Specifically, we evaluated the effectiveness of our proposed algorithms, RAHGD and PRAHGD, by
applying them to two different tasks: data hyper-cleaning for the MNIST dataset and hyperparameter
optimization of logistic regression for the 20 News Group dataset. Our experiments demonstrate
that our algorithms outperform several established baseline algorithms, such as BA, AID-BiO, ITD-
BiO, and PAID-BiO, with much faster convergence rates. Additionally, we conducted a synthetic
minimax problem experiment, wherein our PRAGDA algorithm exhibits a faster convergence rate
when compared to iMCN.

G.1. Synthetic Minimax Problem

We construct the following nonconvex-strong-concave minimax problem:

min max f(z,y) = w(zxs) — 10y + z1y1 — 5y5 + Toya,
$ER3 yER2
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Figure 1: W-shape function designed by Tripuraneni et al. [47]
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Figure 2: Comparison of various minmax algorithms at different initial points
where 2 = [11, 22, 23]7 and y = [y1,y]” and

(Ve + (L+1)ye)? — 2@+ (L+1)Ve)®— 1(BL+1)e¥?, 2 < —Le
ex—i—%, \ —Lye <z < —\/€
w(z) = —\ﬁxQ—”"—%, —e<x <0
—ex? + &, 0<z< e
—65B+¥, Ve <z < L/e
Vel —(L+1)ye) +3(x— (L+1)ye)? —3(BL+1)e¥2, Lyfe <

is the W-shape-function [47] and we set e = 0.01, L = 5 in our experiment. We visualize the w(-)
in Figure 1. It is easy to verify that (z9,%0) = ([0,0,0]",[0,0]") is a saddle point of f(x,y). We
construct our experiment with two different initial points:

(z1,y1) = ([10—3,10—3,10—16]T, [0,0]T> and  (w9,12) = ([0,0, 17, [0,0]T>.

Note that (x1,y1) is close to (2o, yo) while (x2, y2) is far from (z¢, yo). We compare our PRAGDA
with iMCN [38] algorithm and classical GDA [35] algorithm. The results are shown in Figure 2.
We use a grid search to choose the learning rate of AGD steps and GDA and outer-loop learning
rate of PRAGDA from {c¢ x 10° : ¢ € {1,5},i € {1,2,3}} and the momentum parameter from
{ex0.1:c€{1,2,3,4,5,6,7,8,9}}.
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Figure 3: Comparison of various bilevel algorithms for data hypercleaning at different corruption rate
G.2. Data Hypercleaning

Data hypercleaning [15, 44] is an application example of bilevel optimization. In practice, we may
have a dataset with label noise and we could only offer some time or cost to clean-up a subset of the
noise data. To train a model in such a setting, we can treat the cleaned data as the validation set and
the rest data as the training set. Then it can be transferred into a bilevel optimization:

1
min f(W*(\),\) & —— —log(y, W*(\)x;
AEIRNtrf( (A), ) Do (zggpl gy (N)s)

(42)
1

st. W*(\) = argmin g(W,\) & — Z —a () log(y Wa;) + Co[|W||?,
WeRTy e D (z,9:)€Dtr

where Dy, = {(z;,y;)} is the training dataset, Dy, = {(z;,y;)} is the validation dataset, W is the
weight of the classifier, \; € R, o is the sigmoid function and C, is a regularization parameter.
Following Shaban et al. [44] and Ji et al. [25], we choose C,. = 0.001.

We conducted the experiment on MNIST[31]. We have z € R™ 3 € R0 and W € R10%78
in equation (42). Training set contains 20,000 images, some of which have their labels randomly
disrupted. We called the ratio of images with disrupted labels as corruption rate p. Validation set
contains 5,000 images with correct labels. The testing set consists 10,000 images. The results are
shown in Figure 3.

For BA algorithm proposed by Ghadimi and Wang [17], we also use conjugate gradient descent
method to compute the Hessian vector since they didn’t specify it and we called it BA-CG in
Figure 3. For all algorithms, We choose the inner-loop learning rate and outer-loop learning rate from
{0.001,0.01,0.1,1, 10} and the iteration number of CG step from {3, 6, 12, 24}. For all algorithms
except BA, we choose the iteration number of GD or AGD steps from {50, 100, 200, 500, 1000}
and for BA algorithm, as adopted by Ghadimi and Wang [17], we choose the iteration number of
GD steps from {[c(k + 1)'/4] : ¢ € {0.5,1,2,4}} . We observe that both RAHGD and PRAHGD
converge faster than other algorithms.

G.3. Hyperparameter Optimization

Hyperparameter optimization is a classical bilevel problem. The goal of hyperparameter optimization
is to find the optimal hyperparameter to minimize the loss on the validation dataset. We compare the
performance of our algorithm RAHGD and PRAHGD with the baseline algorithms listed in Table 1
and Table 2 over a logistic regression problem on 20 News group dataset[20]. This dataset consists
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Figure 4: Comparison of various bilevel algorithms on logistic regression on 20 Newsgroup dataset.
Figure (a) and (b) show the results of testing accuracy and testing lose vs.running time respectively.
Figure (c) and (d) show the results of testing accuracy and testing lose vs. # of oracles calls
respectively.

of 18,846 news items divided into 20 topics, and features include 130,170 tf-idf sparse vectors. We
divided the data into three parts: 5,657 for training, 5,657 for validation, and 7,532 for testing. Then
the objective function of this problem can be written in the following form.

LY Lt e )

min ——
AeRP | Dyl (

©,Yi)€Dval
* . 1 1 c.r 9
s.t. w*(\) = argmin g L(w; xi,yi) + — Z Zexp()\k)wjk,
weReEXP |Dtr’ 2Cp -
(@1,y:)€EDtr j=1 k=1

where Dy, = {(z;,y;)} is the training dataset, Dy, = {(x;,y;)} is the validation dataset, L is the
cross-entropy loss function, ¢ = 20 is the number of topics and p = 130, 170 is the dimension of
features. Same as that in section G.2, we use the conjugate gradient descent method to approximate
the Hessian vector.

For all algorithms listed in Figure 4, we choose the inner-loop learning rate and out-loop
learning rate from {0.001,0.01, 0.1, 1, 10, 100, 1000}, the iteration number of GD or AGD step from
{5, 10, 30, 50}, and the iteration number of CG step from {5, 10, 30, 50}. For BA-CG, we choose the
iteration number of GD steps from {[c(k + 1)'/4] : ¢ € {0.5,1,2,4}} as adopted by Ghadimi and
Wang [17]. The results are shown in Figure 4. We observe that our RAHGD and PRAHGD converge
faster than other algorithms.
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Table 1: Comparison of complexities for nonconvex bilevel optimization algorithms of finding

approximate FOSPs.
Algorithm Ge(fye) Ge(g,€) JV (g,¢€) HV(g, €)
BA [17] O(k%e?) O(kPe 2 5) O(k*e?) O(k*e2)
AID-BiO [25] O(k3e¢2) O(k*e2) O(k3¢72) O(k35 —2)
ITD-BiO [25] O(Kk%e2) @( —2) O(rk*e?) O(k*e?)
RAHGD (thiS WOI’k) @(H2.75671.75) @(H?’ 25671 75) @(/432 75671 75) @( 3.25 71.75)

Table 2: Comparison of complexities for nonconvex bilevel optimization algorithms of finding
approximate SOSPs.

Algorithm Ge(f,e) Ge(g,€) JV (g,¢€) HV(g,e€)

Perturbed AID [23] O(K%e?) O(k%e2) O(K32) O(k35e2)
PRAHGD (thiS WOI'k) @(K}2'75671'75) @(H3'25671'75) @(/‘i2'75671'75) @(/433'25671'75)

— Gc(f,€) and Ge(g, €): number of gradient evaluations w.r.t. f and g. x: condition number of the lower-level
objective.

— JV (g, €): number of Jacobian-vector products Viy g(z,y)v. Notation O omits a polylogarithmic factor in relevant
parameters.

— HV(g, €): number of Hessian-vector products V3, g(z, y)v.

Algorithm 1 AGD(h, 29, T, v, )

1:

A T o

Input: objective h(-); initialization zp; iteration number 7' > 1; step-size o > 0; momentum
param. 5 € (0,1)
20 + 20
fort < 0,...,7—1do
241 Z — Oth(Zt)
Zi+1 ¢ 21 + B2 — 2t)
end for
Output: zp
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Algorithm 2 CG(A4,b,T, qo)

1: Input: quadratic objective (as in Eq. (2)); initialization qg; iteration number 7" > 1
2: 1o Ago — b, py +— —7rg
3: fort <+ 0,..., 7 —1do

4: o <

50 Qg1 — @+ oDy
6: Tyl < T+ OétApt

T
rL o
1Tt
7: Bt-i—l — —
’r‘t Tt
8  Diy1 & —Tip1 + B

9: end for
10: Output: g1

Algorithm 3 (Perturbed) Restarted Accelerated HyperGradient Descent, (P)RAHGD

1: Input: initial vector zgo; step-size 7 > 0; momentum parameter § € (0,1); parameters
a>0,6¢€(0,1),{T}} of AGD; parameter {7} , } of CG; iteration threshold &K > 1; parameter

B for triggering restarting; perturbation radius > 0; option Perturbation € {0,1}
2 k0,1t 0, 91+ 20,0, Y01 < AGD(g(x1,—1, -),0,T0,—1,, ), vo—1 + Yo,~1
3: while k < K
4 wep T+ (1= 0) (e n — Tep—1)
50 Yk < AGD(g(wik, - ), Yyt k-1, Tig, o, B)
6: Uk — CG(szg(wt,k; yt,k); Vyf(wt,ka yt,k)7 Tt/7k7 Ut 1)

gk < Vo f (Wek, Yer) — v;%yg(wt,lm Ytk )tk

8: Tkl & Wik — NUgk

9. k+k+1
. k—1
10: if kY7 lznivr — zeil|* > B2
11: Vit+1,—1 € Utk
. . - Ttk if Perturbation=20
: t+1,0 x ) + & with £ ~ Unif(B(r)), if Perturbation=1
13: Tt4+1,—1 < Ti4+1,0
14: k0, t+t+1
15: Yt,—1 — AGD(Q(-’Bt,—ly ')aoaTt,—lvavﬁ)
16:  end if

17: end while
18: Ko <+ argminthngKfl ||5L't,k:+1 — fL‘t,kHQ

o 1 K
19: Output: 0 + 7= > ilo Wk
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Algorithm 4 PRAGDA
1: Input: initial vector x( ; step-size n > 0; momentum param. 6 € (0,1); params. « > 0, 5 €
(0,1), {73} of AGD; iteration threshold K > 1; param. B for triggering restarting; perturbation
radius r > 0
k0,10, z0-1 4 Top

2
3: yo,—1 < AGD(—f(zo,-1, +),0,Tp,—1, ., )

4: while £ < K

50wk & T+ (1= 0) (2o — Tep—1)

6: Yk < AGD(—f(wek: ), Yep—1, Tk v, B)
To Tkl S Wk — vaf(wt,m Yi k)

8

9

k—k+1
if kY0 2 — x| > B?
10: Ti41,0 & Tk + £ &~ Unif(IB(r))
11: Ti41,—1 < Te+41,0
12: k+—0,t+t+1
13: Yp,—1 AGD(—f(a:tj_l, ),0,T; 1,0, )
14:  end if

15: end while
16: Ky < ahrgmingJSkSK_1 T kr1 — Teglly

. .o 1 Ko
17: Output. W <— Ko+1 Zk:o Wt |
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