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Abstract

Variational inequalities represent a broad class of problems, including minimiza-
tion and min-max problems, commonly found in machine learning. Existing
second-order and high-order methods for variational inequalities require precise
computation of derivatives, often resulting in prohibitively high iteration costs. In
this work, we study the impact of Jacobian inaccuracy on second-order methods.
For the smooth and monotone case, we establish a lower bound with explicit de-
pendence on the level of Jacobian inaccuracy and propose an optimal algorithm for
this key setting. When derivatives are exact, our method converges at the same rate
as exact optimal second-order methods. To reduce the cost of solving the auxiliary
problem, which arises in all high-order methods with global convergence, we
introduce several Quasi-Newton approximations. Our method with Quasi-Newton
updates achieves a global sublinear convergence rate. We extend our approach with
a tensor generalization for inexact high-order derivatives and support the theory
with experiments.

1 Introduction

In this paper, we primarily address the problem of solving the Minty Variational Inequality (MVI) [77,
17]]. Given a continuous operator F' : X — R<, where X C R is a closed bounded convex subset
with a diameter D = max, ycx ||z — y||, the objective is to find a point z* € X such that
(F(z),xz —x*) >0, forallx € X. (1
The solution to (T) is referred to as a weak solution of the Variational Inequality (VI) [37]]. In contrast,
the Stampacchia variational inequality problem [48] consists in finding a point z* € X" such that
(F(z*),x —2*) >0, forallz € X. )

This solution is often called a strong solution to the variational inequality. When the operator F' is
both continuous and monotone, the weak and strong solutions are equivalent [37]].
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Assumption 1.1 The operator F(x) is called monotone, if
(F(z)— F(y),z—y) >0, forallz,ye X. 3)

Another useful assumption is L-smoothness.

Assumption 1.2 The operator F(x) is L1-smooth, if it has Lipschitz-continuous first-order derivative
IVE(2) = VE@)lop < Lz — yll, forall z,y € X.

First-order methods. Variational inequalities encompass a wide range of problems, including
minimization [19, 90} 93} [15], min-max problems, Nash equilibrium, differential equations, and
others [37,116]. The extensive research on VI methods dates back several decades, with a notable
breakthrough in the 1970s—the development of the Extragradient method [62, |6]. Subsequently,
it was demonstrated that this method achieves global convergence of O (5_1) [I8OL i43]], matching

the convergence rates of other ﬁrst-orde methods such as optimistic gradient [92, [78] 163}, 144]],
forward-backward splitting [95], and dual extrapolation [81]]. These first-order methods collectively
exhibit optimal convergence [89].

Second-order and high-order methods. To achieve further notable acceleration of methods for Vs,
one can leverage information about higher-order derivatives. For instance, simply incorporating first-
order derivatives (Jacobian) can significantly enhance the convergence speed of the method. Following
recent advancements in second-order and high-order methods with global rates for minimization [85}
82,1104 [79L 183 146, (58l 1141 511, 164} 122]], several high-order methods for VIs have been proposed [21}
68,152 188,170, 184! 72}, 15]. However, all these methods involve a line-search procedure, resulting in
0) (6_2/ 3) convergence for the case of first-order information (Jacobians). Recent works [69} 2]

propose methods with improved rates O (5*2/ 3 ) and establish the lower bound 2 (5’2/ 3) , rendering
these algorithms optimal.

Jacobian’s approximation. In the last decade, VIs found new applications in machine learning.
There are many problems that could not be reduced to minimization, including reinforcement
learning [87, 155]], adversarial training [75], GANs [42, 31} |41}, (76l 28 167, 91]], classical learning
tasks in supervised learning [56} 9], unsupervised learning [98| i8], image denoising [35 [27], robust
optimization [13]. Applying second-order methods, without even mentioning high-order ones,
described in a previous paragraph to machine learning problems could be a challenging task. Although
these methods may theoretically converge faster, computing exact Jacobians and the per-iteration
costs can be expensive. Therefore, it seems natural to introduce inexact approximations of the
first-order derivatives. In the context of minimization, several works with inexact Hessians were
introduced for both convex [40, 3, [7, 4] and nonconvex [24} 25, 23} |61 199, 94] [74. 11, [12] |34]]
problems. Regarding VIs, Quasi-Newton (QN) methods [[73} 14,157 can be highlighted, though they,
unfortunately, achieve only local convergence in the strongly monotone case [18}138]]. These methods
are relatively less advanced for VIs compared to their counterparts in the field of minimization,
where they are considered classics in optimization due to their effectiveness and practicality [86].
Modern research on QN approximations for minimization includes methods that exhibit global
convergence [57,154,153]]. A recent work [[71] introduces the Newton-MinMax method for convex-
concave unconstrained min-max optimization problems, demonstrating an optimal rate under special
assumptions on the accuracy of the Jacobian approximation. However, the field of VIs lacks globally
convergent inexact second-order methods with an explicit dependence on the accuracy of the Jacobian.
This raises several natural questions:

What are the lower bounds for methods with inexact Jacobians?
Can we construct an optimal method with inexact first-order information?
What is the proper way to approximate the Jacobian to ensure global convergence and reduce the
iteration complexity?

In our work, we attempt to answer these questions in a systematic manner.

2For clarity, let us note that VI methods that use only the information about the operator itself are commonly
referred to as first-order methods. Methods that also use information about the Jacobian of the operator (the
first-order derivative) are known as second-order methods. This somewhat contradictory notation stems from
applications to minimization problems, where the operator is the gradient (i.e., the first-order derivative), and the
Jacobian is the Hessian (i.e., the second-order derivative).



Optimality measure. Most of our results are stated for the monotone setting (Assumption[I.T). In
this context, the optimality of a point & € X is typically measured by a gap function GAP(-) : X —
R [950180, 81} (78,1691, defined by

GAP(Z) = sup (F(z), & —z) <&, 4)
TeEX
where € > 0 is the accuracy of solution. The boundedness of X" and the existence of a strong solution
ensure that the gap function is well-defined. If ¢ = 0, we get by (I)) that & is a weak solution of VL.
We explore the performance of the proposed algorithm in scenarios involving nonmonotone operators
F. In such cases, it is essential to assume that the operator satisfies the Minty condition to ensure that
the problem is computationally manageable [32].

Assumption 1.3 The operator F(z) satisfies Minty condition, if there exists a point x* such that

(F(z),x —x*) >0, forallze X. )

The range of applications of nonmonotone VIs satisfying Minty conditions is quite extensive [20, |29}
39,136,166 160]]. We note, that this condition is weaker than monotonicity [30,150,|59] and guarantees
the existence of at least one strong solution since F' is continuous and X is closed and bounded [47].
To measure the optimality of point & we define the residue function RES(-) : X — R [30L[50} 59]

RES(Z) = sup (F(2),2 —x) <&, (6)
zeX

The boundedness of X and the existence of a strong solution ensure that the residual function is

well-defined. If e = 0, by (2), we get that £ is a strong solution of VI.

Contributions. The main contribution of this paper lies in the development of a new second-order
method robust to inexactness in the Jacobian, a common occurrence in machine learning. We
demonstrate the algorithm’s optimality in the monotone case by establishing a lower bound for this
key setting. Expanding further:

1. We introduce a novel second-order algorithm, VIJI (Second-order Method for Variational
Inequalitues under Jacoibian Inexactness), designed to handle 5-inexactE] Jacobian information.
Specifically, in the context of smooth and monotone VIs, VIJI achieves a convergence rate of

2 3 . . . .
0] (5% + %13% ) to find weak solution. For smooth nonmonotone VIs satisfying the Minty

.. 2 3 . . .
condition, we demonstrate a convergence rate of O (5% + Lljj? ) to identify strong solution.

Notably, when § < £ 1? , our method matches the convergence rates of optimal exact second-order

methods [2, 69]].
2. We establish the optimal performance of our algorithm on monotone smooth operators by deriving

a theoretical complexity lower bound of 2 (% + LTlsl/D; ) to find weak solution for the case of

d-inexact Jacobians.

3. Our algorithm involves solving a variational inequality subproblem. To tackle this challenge, we
introduce an approximation condition, which makes the solution computationally feasible.

4. We introduce a new Quasi-Newton update for approximating the Jacobian, which significantly
decreases the per-iteration cost of the algorithm while maintaining a global sublinear convergence
rate. Numerical experiments demonstrate the practical benefits of our method.

5. We extend our algorithm for higher-order VIs with inexact high-order derivatives, resulting in

-1 it+1 L._,DPT1 . . . . .
O (Ef:l qéfgm/z + Foor ) rate for monotone and smooth VIs with d;-inexact ¢-th derivative

to find weak solution. Moreover, we extend our proposed high-order method to nonmonotone VIs.
6. We propose a restarted version of VIJI for strongly monotone VIs, which exhibits a linear rate.

Comparison with Lin, Mertikopoulos, and Jordan [71]. To the best of our knowledge, the
work [71] is the most closely related to our research.The objective of [71] was to develop a method
for convex-concave unconstrained min-max optimization under inexact Jacobian information with
an optimal convergence rate O(s~2/%) matching the lower bound Q(s=2/%) [69]. The authors
successfully achieve this goal by proposing a second-order algorithm Inexact-Newton-MinMax

3A formal definition is provided in the following section.



method based on the Perseus [69]]. To attain optimal convergence, they constrained the Jacobian
inexactness with a function that decreases as the method converges and bounded the norm of Jacobian
from above. While these assumptions might be suitable for randomized sampling in finite-sum and
stochastic problems, they may not hold for many approximation strategies, such as Quasi-Newton
algorithms. The aim of our work, however, is to study the impact of Jacobian inaccuracy on the
convergence of second-order methods for VIs (a special case of which are min-max problems) and
to identify the explicit dependence of the convergence rate on the inexactness. Compared to the
work [[71]], the Jacobian inaccuracy directly affects the step sizes in our algorithm, allowing us to
achieve a convergence rate of O(e~2/3+6~1) for any given §. VIJI can be viewed as a generalization
of Inexact-Newton-MinMax. With the same assumption on ¢ as in [[71], our methods for min-max
optimization are equivalent. The inexactness of the subproblem and the solution approach proposed
in [[71] remain valid for our method even with arbitrary large J. Further details about application of
our method to min-max problems can be found in Appendix

2 Preliminaries

Notation. Let R be a finite-dimensional vector space with scalar product (-, -). For vector x € R?
we denote Euclidean norm as ||z||. For X € R%*>*d» we define

X[Zlv s, 2P = Z1§ijgdj,1§j§p(Xi1,-~ :ip)zill e 'Zzppa

and || X|[op = max)ij=1,1<j<p X[2',-+,2P]. Fixing p > 1 and letting F : R? — R? be a
continuous and high-order differentiable operator, we define V() F'(x) as the p™-order derivative at
a point z € R%. To be more precise, letting z1, . .., 2, € R?, we have

. OF;
VBF(@)2 2 = Y i<a (W(JC)) AR

Taylor approximation and oracle feedback. The starting point for our method is the first-order
Taylor polynomial of the operator F' at point v : ®,(z) = F(v) + VF(v)[z — v]. Since the
computation of Jacobian V F'(v) could be a quite tiresome task, it seems natural to introduce an
inexact approximation J(v). Based on it we introduce inexact Taylor approximation — one of the
main building blocks of our algorithm

U,(z) = F(v) + J(v)[z —v], veRY (7
where J(x) satisfies the following assumption.
Assumption 2.1 For given v € X §-inexact Jacobian satisfies:

IVF(v) = J(v)|| < 6. ®

As it was shown, e.g. in [52]], Assumption [I.2]allows to control the quality of approximation of
operator F' by its Taylor polynomial

|F(2) — ®u(@)] < Blle —o]®, @ve X, ©)
The next lemma is counterpart of (9) for the case of inexact Jacobian.
Lemma 2.2 Let Assumptions[I.2land 21| hold. Then, for any x,v € X

1F(2) = o ()| < BHllz = olf* + dlla — o]

3 VILJI algorithm

In this section, extending on recent optimal high-order method for MVIs Perseus [69], we present our
proposed method, dubbed as VIJI and detailed in Algorithm [I]



Algorithm 1 VIJI
Input: initial point zy € X, parameters L1, 7, sequence {5}, and opt € {0, 1, 2}.
Initialization: set so = 0 € R,
for k=0,1,2,...,T do
_ 1 2
Compute vy 41 = argmax,c y {(sx,v — zo) — 5|lv — 20[|*}.
Compute z5+1 € X such that condition holds true.
Compute A1 such that é < Aet1 (%szH — Vg1l + ﬂk+1) < %
Compute si+1 = Sk — A1 F (Tp41)- .
fiT = ﬁ Zk:l )\k"E}C7 lf Opt = 0,
Output: = = oz, else if opt = 1,
Tk, for ky = argming <7 ||z — vi||, else if opt = 2.

The model of objective and subproblem’s solution. We begin the description of the algorithm by
introducing the inexact model of objective Q7 (x)

QNx) =T, (x) +né(x —v) + 5Ly ||z —v||(z —v), (10)

where 1 > 0 is given constant. Here, we introduced the additional regularization term né(x — v). As
we will demonstrate, this term is crucial for ensuring that the method’s subproblem has a solution.
For brevity, we use a regularization constant of 5L. Using larger coefficients would yield the same
convergence rate. As other dual extrapolation-type methods, VIJI includes the following subproblem

find 41 € X such that ()  (xgy1),2 —xp41) > 0foralle € X. (11

V41

First of all, the strong solution of this VI exists because sz“ (z) is continuous, and X is a closed,
bounded, and convex set. Next, we demonstrate that in a monotone setting VI (1)) is also monotone.

Lemma 3.1 Let Assumptions (1.1, (I.2), (2.1) hold. Then for any x,vi 1 € X VI (T1)) is monotone
—v)(T—v T
L(VQy (@) + VQu(2)T) = 4L ||z — 0] Lgxa + 5Ly E2E0 4 () — 1)61 0.

llz—vll

Following the work [69]], one can find a strong solution to such VI using mirror-prox methods
from [1], achieving the following approximate condition

L
sup (Qu,.,, (Tr41), Thr1 — ) < Bz — vegr 1P + 0llzrgn — v | (12)
zeX

This ensures that the subproblem is computationally solvable in the monotone setting. In specific

cases, such as minimax optimization, other efficient subsolvers can be employed [49, 2} [71]].

Adaptive dual stepsizes. Adaptive stepsizes in dual space \; are another core aspect of the
algorithm. Due to inaccuracies in the Jacobian, applying the standard adaptive strategy, such as in
the Perseus algorithm [69], can lead to excessively large steps, potentially slowing down the method.
To address this issue, an additional term [}, is incorporated into the adaptive strategy for selecting
Ak Thus, when ||z, — vi]| is small (indicating proximity to the optimum), 55 has a greater influence
on the choice of )\, preventing the method from taking overly aggressive steps. Similar behavior
can be observed in accelerated second-order methods for minimization with inexact Hessians from
theoretical [3, Lemma 5], [4} Appendix B, Lemma E.3] and practical [4, Section 7] perspectives.

Convergence in monotone setting. Now, we are prepared to present the convergence theorem of
Algorithm I]in the monotone case.

Theorem 3.2 Let Assumptions[I.1) -1 hold. Then, after T > 1 iterations of Algorithm[I|with
parameters B, = 0, n = 10, opt = 0, we get the following bound

GAP(F7) = sup (F(z), 51 — z) = O (LT? + 5’;2) . (13)
reX

The upper bound (T3] consists of two terms. The first one corresponds to exact convergence and
matches the lower bound for second-order VI methods [69]. The second term illustrates the impact



of the Jacobian’s inexactness on the convergence rate, aligning with the lower bound for first-order
methods [89]]. We also notice that one can make the bound from (I3)) tighter for the so-called restricted
gap-function [81]] defined as RGAP(y) = sup,cc (F(x),y — x), where C C X and the solution set
X* of (2) satisfies X* C C. In particular, following similar steps as in the proof of Theorem [3.2] one

can derive O (]%13123 + @) bound for RGAP (&), where D = sup,ec ||z — zol|.

In the next theorem, we show that the method can achieve the optimal convergence rate of second-
order methods under additional assumption on §.

Theorem 3.3 Let Assumptions hold. Let {xy, vi } be iterates generated by Algorithm
and

I(VE(or) = J (o)) [k — o]l < Sxllor — vrll,  Sr < Btllan — vgll. (14)
Then, after T > 1 iterations ofAlgorithmwith parameters B, = %ka — ||, n =10, opt=10,
we get the following bound

GAP(Z7) = sup (F(z), 7 —z) < O (LT?) .
reX

Note, that condition (T4) is verifiable, indicating that the method can adjust to Jj in cases of
controllable inexactness. Specifically, at each iteration, we can solve subproblem (12). If the
assumption regarding J, is not met, we can improve Jacobian approximation and repeat procedure.
Moreover, similarly to the previous theorem, one can tighten the above bound for RGAP(Z ) and get

the dependence on D = sup,cc || — xo|| instead of D.

Convergence in nonmonotone setting. To begin with, in the nonmonotone case, the subprob-
lem (LI)) may not exhibit monotonicity, and solving becomes challenging [32]]. Yet, in certain
specific scenarios, such as unconstrained minimization tasks, it remains feasible to find a solution
by leveraging the cubic structure of the subproblem [26]. The following theorem establishes the
convergence of VIJI in the nonmonotone setting.

Theorem 3.4 Let Assumptions hold. Then after T > 1 iterations of Algorithm[l|with
parameters By, = 6,n = 10, opt = 2 we get the following bound

RES(#) = sup (F(ir), i — z) = O (LR 4 802},
reX

VT

The convergence rate could be improved by additional assumption on inexact Jacobian.

Theorem 3.5 Let Assumptions hold. Let {xy,, vk} be iterates generated by Algorithm

that satisfy (I4). Then after T > 1 iterations ofAlgorithmwith parameters [3, = %ka —vll, n =
10, opt = 2 we get the following bound

RES(2) = sup (F (i), &7 — ) = O (%) .

4 The lower bound

In this section, we establish a theoretical lower bound for the complexity of first-order algorithms using
inexact Jacobians for monotone MVIs. The proof technique draws inspiration from works [33} 4] and
based on lower bounds from [69, 89].

We start by describing the available information and the method’s structure. The considered class of
algorithms relies on data provided by a first-order §-inexact oracle, denoted as @ : X — R x RZx9,
Given a point z € X, the oracle returns

O(z) = (F(z),J(x)) , such that Assumption [2.1]holds. (15)
The method is able to generate points {x k}kzo that satisfy the following condition

s € Lin(F(xg),. .., F(xy)), Z = argmax ¢ y{(s,x — zo) — %Hz — x0])?},
Tpy1 € X satisfies that (Qz(xg+1 — k), x — xpy1) > Oforallz € X,

where Qz(h) = a1 F(Z) + a2 J(Z)[h] 4+ bih + bz hl|h.

Next, we state the primary assumption concerning the method’s ability to generate new points.



Assumption 4.1 The method generates a recursive sequence of iterates {xy,} .~ that satisfies the

following condition: forall k > 0, we have that x4, € X satisfies that (Qz(Tg41—Tk), T—Tpy1) >
0 forall x € X, where

T = argmax{(s,z — zo) — 3|z — 20||*} and s € Lin(F(z), ..., F(zx)).
TeEX

As highlighted in [69], Assumption [4.T]is suitably satisfied by various dual extrapolation methods.
However, it might not be applicable to alternative methods for variational inequalities, such as
extragradient methods and their variants. We leave the generalization of inexact lower bounds for
these algorithms to future research, as even lower bounds for exact algorithms [2,169]] do not address
this case. Now, let us introduce the generalization of smoothness

Assumption 4.2 The operator F(z) is i-th-order L;-smooth (i > 0), if it has Lipschitz-continious
i-th-order derivative

IV F(2) = V' F(y)|lop < Lillz — y||, foralla,y e X. (16)
Finally, we present the lower bound theorem for first-order methods with inexact Jacobians.

Theorem 4.3 Let some first-order method M satisfy Assumptiond.1|and have access only d-inexact
first-order oracle[I3] Assume the method M ensures for any Lqo-zero-order smooth and L. -first-order
smooth monotone operator I the following convergence rate

~ 2 3
GM@%@XUmM{%%y%@J. (17)
Then for all T > 1 we have
E(T) ST,  Eo(T) < T2 (18)

5 Quasi-Newton Approximation

In this section, inspired by Quasi-Newton (QN) methods for Hessian approximation, we propose QN
approximations for Jacobians. Our goal is to create a simple scheme to approximate the first-order
derivative and thereby reduce the complexity of the subproblem. We compute .J,, using a QN update
and use it as an inexact Jacobian in the model Q7 (x) (10).

Jo=J" =T+ Sl = J0+UTCOV, (19)
where r is a rank of approximation, J° € R4 = 0,u; € R?, v; € R? are known. U € R"*¢
and V € R™? are matrices of stacked vectors U = [ug,...,u,_1] and V = [vg,...,v,._1] and
C € R™*7 is a diagonal matrix C' = diag([co, - . ., ¢r—1]). If u; = v; the update becomes symmetric.

L-Broyden is a non-symmetric variant of QN approximation [45, 38] of the following form
Jitl = gi g wimdls)s]

s T
S; Si

. Vi=0,...,m—1. (20)

In a view of (T9), this update is obtained by setting u; = y; — J's;, v; = 84, ¢; = 1/(s] s;), and the
rank » = m is equal to memory size m.

Damped L-Broyden is another option for QN approximation with non-symmetric damped update

Aa S L W 7 ALY L S S S 1)

m—+1 s, Si

By choosing u; = y; — J's;, v; = 84, ¢; = 1/((m+1)s] s;), 7 = m, we derive this update from (T9).
We define the matrix J"(J°, U, V,C) = J"(J°,Y,S,C), where Y and S are formed by stacking the
vectors [Yo, - - ., Ym—1] and [So, . . . , Sy—1]. The matrix J™(J, Y, S) can be computed for any given
pair (Y, S). Next, we describe two strategies for the choice of (s, y) pairs used in 20), 21).

QN with operator history is the well-known classic variant where operator differences are stored:
$i = Zit1 — Zi, yi = F(ziy1) — F(z).

This approach is computationally efficient as it does not require additional operator calculations.



QN with JVP sampling is based on fast computation of Jacobian-Vector Products (JVP):

yi = VF(x)s;,
where s; are random vectors uniformly distributed on the unit sphere such that ||s;|| = 1 and
50, - - -, Sm—1 are linearly independent. Note, for m < d, each s; is linearly independent with high

probability. This approach requires only m operator/JVP computations per step, which is considerably
fewer than the d JVPs needed for a full Jacobian. Utilizing the current Jacobian information allows to
improve the accuracy of the approximation.

In the following theorem, we demonstrate that these approximations satisfy Assumption [2.1]and
condition (8) for both the QN with operator history and JVP sampling methods.

Theorem 5.1 Letr F'(x) be Lg-zero-order smooth operator. For m-memory L-Broyden approximation
of the Jacobian J,, = J™ defined iteratively by R0) with 0 < J° < LI, we have § < (m + 2)Lo.
For m-memory Damped L-Broyden approximation J, = J"" of the Jacobian defined iteratively by

@1) with0 < J° = mL+01]’ the condition 6 < 2L holds true.

With the primary toolkit for QN approximation in VIs established, we can now discuss efficient way
of solving the subproblem (ITJ), which takes the following form

find y € X such that (F(x) + (J; + 096l + 5L1||ly — z||[I)(y — ),z —y) > 0forall z € X. (22)

Let us introduce a parameter 7 = ||y — z|| for a segment search in 7 € [0; D]. To solve (22)), we
consider another problem
find y, € X such that (A-'F(z) +y, — 2,2 —y,) > 0forall z € X, (23)

where A; = J, + (70 + 5L17)I. Problems (22)) and (23] are equivalent when 7 = ||y, — z||. The
subproblem (23) can be reformulated as minimization problem

Yr =argrl)l(in{<A¥1F(x),y—x>+%||y—w||2}a (24)

ye

where (23) is an optimality condition for (24). The goal is to find y, such that v(7) =
|7 — |lyr — ||| < e. As v(7) is a continuous function of 7, we can find this solution via bisec-
tion segment-search with log, g iterations. This ray-search procedure is similar to the subproblem
solution for the Cubic Regularized Newton subproblem.

For r-rank QN approximation J” from (T9), we can effectively compute A-!F(z), where A, =
J 4+ M6 +5L1T) I =UTCV +J°+ (nd +5L,7) [ =UTCV +Band B = J° + (né +5L,7)1
by using the Woodbury matrix identity[96} 97].

A7'F(z) = (B + Uch)‘1 F(z)=B 'F(z)-B U (C' + VB 'U") 'VB 'F(x).

For computational efficiency, it is better to choose J as a diagonal matrix, then inversion B~! is
computed by O(d) arithmetical operations, C~* by O(r) operations. VB~!U T requires O(r2d) for
classical multiplication and can be improved by fast matrix multiplication. (C~* +VB~1UT)~!
can be computed by O(7?), as an inverse of r-rank matrix. The rest of the operations are cheaper.
Thus, the total number of arithmetic operations is O(r?d) instead of O(d?) for Jacobian inversion.
We need to perform this inversion logarithmic number of times. Therefore, the total computational
cost with the segment-search procedure is O (T‘Qd + 73 logQ(g)).

6 Strongly monotone setting

Assumption 6.1 The operator F : R® — R is called strongly monotone if there exists a constant
> 0 such that
(F(z) = F(y),x —y) > pllz —y[?, forallz,y € X. (25)

To leverage the strong monotonicity of the objective function and achieve a linear convergence rate,
we introduce the restarted version of Algorithm[I]dubbed as VIJI-Restarted. Restart techniques are
widely utilized in optimization and typically preserve optimality. In other words, restarting an optimal
method for convex functions or monotone problems effectively transforms it into an optimal method
for strongly convex or strongly monotone problems. Within iteration of VIJI-Restarted listed as
Algorithm 2] we execute VIJI for a predefined number of iterations (26). Next, the output of this run
is used as initial point for next run of VIJI with parameters reset, and this iterative process continues.



Algorithm 2 VIJI-Restarted
Input: initial point 2y € X, D = max, ycx, parameters L, J.
Initialization: n = [log 2], R = D.
for i=1, ...,ndo
Setxo =z_1,Ri_1= Iﬁ
Run Algorithm [T with ,Bk =4, n = 10, opt = 0 for 7; iterations, where

2/3 ,2/3
T, = O(1) {max {Llui ZH . (26)

Set z; = x,.

Theorem 6.2 Let Assumptions([I.2) 2.1} [6.1 hold. Then the total number of iterations of Algorithm 2]
to reach desired accuracy ||zs — x*|| < e, where x* is the solution of (2)) is

0 ((LLD)i +(2+1) (bgg]).

7 Tensor generalization

In this section, we generalize the results presented in Section [3]to the p-th order case. We consider a
higher-order method with inexact high-order derivatives, satisfying the following assumption.

Assumption 7.1 For all z,v € X, i > 1, i-th inexact derivative of F, which we denote as G;,
satisfies , ' ,
H (VIF(U) — Gi(v)) [x — U]”_lH < dil|lz — le_l. 27

Based on inexact (p — 1)-th-order Taylor approximation ¥, ,(z) = F'(v)+ Zf;ll IVIG;(v)[z =],
we introduce the inexact tensor model €, ,,(x) of the objective
el =P @ =), @8)

pr(x) PU( )+_§:p 1n1L (p—1)!

The tensor generalization of Algorithm [T} referred to as VIHI (High-order Method for Variational
Inequalitues under High-order derivatives Inexactness ) and detailed in Appendix[G] involves the
inexact solution of the subproblem, which satisfies the following condition:

-z —v) +

1
— O [P+ 0 Sl mkgn — ok ||

sup (Qu, ., (Th41), Thy1 — 7) <
zeEX

Another difference in VIHI compared to VIJI (Algorithm [I)) is the adaptive strategy for Aj41:

(5p 2 = Ak (

The other steps of AlgorithmI|remain unchanged for the higher-order method. Now, we are ready to
present the convergence properties of VIHI.

— v+

vl < gy

Theorem 7.2 Let Assumptions[[ 1|42 with i = p — 1, and[/_ 1| hold. Then, after T > 1 iterations of
VIHI with parameters 1; = bp, opt = 0, we get the following bound

T = Pt i1
GAP(Ir) = Slelg (F(x),Zr —x) <O (Lr;;ié + 3] 15, 1?+1 ) .
xT

Finally, we extend our tensor generalization to nonmonotone case and obtain the following result.

Theorem 7.3 Let Assumptions[I.3| 2| with i = p — 1, and[/.1|hold. Then after T > 1 iterations of
VIHI with parameters 1 = bp, opt = 2 we get the following bound

RES(2) 1= sup (F (i), & — 2) = O (Lt 4 g aDitt),

reX



8 Experiments

In this section, we present numerical experiments to demonstrate the efficiency of our proposed
methods. We consider the cubic regularized bilinear min-max problem of the form:

. _ T P 3
min, max f@,y) =y (Az —b) + §ll=|°,
where p > 0,b = [1,0,...,0] € R% and A € R?*9, with all 1 on the main diagonal and all —1 on
the upper diagonal, the rest elements are 0. To reformulate it as variational inequality, we define
F(z) = [Vyf(z,y), =V, f(z,y)]. This problem is inspired by the first-order lower bound function
for variational inequalities and min-max problems and is commonly used to verify the convergence
of high-order methods for VI [71}152].

We implement our second-order method for Variational Inequalities with Quasi-Newton
Approximation (VIQA) as a PyTorch optimizer. The code is available in the OPTAMI packageﬁ] [S8].
VIQA Broyden refers to L-Broyden approximation (20) and VIQA Damped Broyden to (21)), which
are used as inexact Jacobians in VIJI (Algorithm [T). We compare them with the Extragradient method
(EG) [62]], first-order Perseus (Perseusl), and second-order Perseus with Jacobian (Perseus2).

— EG

S OO Perseusl
1072 1R\ -, --- Perseus2 1072 {
\ —-= VIQA Damped Broyden

~-- VIQA Broyden

- \ :

" 9

00 100000 0 25000 50000 75000 100000 125000 150000 175000 20000
JVP/F(x) computations

8

40000 60000
Iteration, k

0 20000

Figure 1: Comparison of different methods for d = 50, p = le — 3.

In Figure [I] one can see that second-order information in Perseus2 significantly accelerates the
convergence compared to Perseus1. However, it is expensive to compute Jacobian and solve second-
order subproblems every iteration. VIQA with the proposed Damped Broyden approximation (21 is
significantly faster than EG, Perseusl, and VIQA Broyden (20). It shows that this approximation
improves the convergence of first-order Perseus1 and confirms the theoretical result that Damped
Broyden is a more accurate approximation than classical Broyden from Theorem5.1] The detailed
parameters and setup are presented in Appendix [I}

9 Conclusion

In this work, we introduced a second-order method specifically designed to handle Jacobian inex-
actness. We demonstrated its optimality in the monotone case by introducing a new lower bound
and extended its applicability to tensor methods. However, similar to other high-order methods with
global convergence properties, our algorithm involves a subproblem that necessitates an additional
subroutine for its solution. To address this challenge, we proposed a computationally feasible criterion
for solving the subproblem and implemented Quasi-Newton approximations for Jacobians, resulting
in a significant reduction in per-iteration cost. Future investigations could explore incorporating
inexactness within the operator itself and developing adaptive schemes to dynamically adjust for
the level of inexactness encountered during the optimization process. Another open problem is
a design of more accurate Quasi-Newton approximations specifically for Jacobians, focusing on
non-symmetrical structure of Jacobian and specific inexactness criteria such as Assumption 2.1}

*https://github. com/OPTAMI/OPTAMI
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A Proofs of Lemmas[2.2[3.1]

In this section, we let L := L.

Lemma 2.2 Let Assumptions[I.2|and 21| hold. Then, for any z,v € X
[F(2) = Wy (2)]| < Sz —of* + 8]z —o]]. 29)

Proof. For any z,y € X

[1F(z) = Wy (2)]] < [F(2) = Do (@)[| + |0(2) — Wy ()]
O
<

Nis

e — ol + [(VEw) — J@)le — olll < &l — ol + e — ]|
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Lemma 3.1 Ler Assumptions (I.1), (I.2), 1) hold. Then for any x,v € X VI (T1) is monotone
—v)(z—v)T
L(VQy (@) + VQu(2)T) = 4Ly ||z — 0| Lgxa + 5L EZ2E0 4 () — 1)1 40

lz—vll
Proof. Forallz, v e X
L (V0 (@) + V2 (2)T)
_ o T
© 3 (J() + J)") +ndlaxa + 5L||x — v|[laxa + 5LW

)T

qTE% L(VF(2) + VF(2)") +4L||x — v||Iaxaq + 5L% + (= 1)0Iaxa

@ Tr—v)(r—v T
= AL|| % — v||Iyxq + 5LE=DE= 4 () 1) g

llz—vll

B Proofs of Theorems[3.2,3.3

B.1 Proof of Theorem 3.2

In this section, we let L := L;. To show the convergence of Algorithm|[T]} we define the following
Lyapunov function
Ex = max (s, v — o) — 1|jv — zo||*. (30)
veEX

Lemma B.1 Let Assumption[I.2} 21| hold. Then, for every integer T > 1, we have

T T
> NelF(ar), ap — x) < & — Er + (s7,2 — 30) — (Z x — vk||2> , forallz e X.
k=1 k=1

Proof. By the definition of Lyapunov function (30) and Step 2 of Algorithm[I] we have
Ek = (Sks V41 — To) — 3lves1 — ol
Then, we have

Ert1 — Ek = (Skt1, V2 — T0) — (8K, Vet1 — o) — 3 ([[vkt2 — zol|? = [lvrt1 — zo]?) 31)
= (Sk41 = Sk U1 — T0) + (Skt1, Vkt2 — Ukt1) — 3 (lvks2 — zol|* — [lorgr — zoll?) -
By the update formula for vy, we get
(x — Vg1, Sk — Vg1 +x0) <0, forallz € X.
(

Letting = vy, in this inequality and using (a,b) = $(||a + b[|* — ||a/|? — [|b]|?), we have
(Sk> V2= Ukt1) < (Vrp1—20, Veg2—Vk41) = 5 ([vkt2 — @ol|* = [[vrs1 — @ol|* — [[ves2 — vrga [|?) -
(32)

Plugging Eq. (32) into Eq. (31)) and using Step 5 of Algorithm [I] we obtain:

(£2))
Er1 — Ek < (kg1 — Sk Vg1 — To) + (kg1 — Sky Vkg2 — Vikg1) — 3| Vks2 — g ||
= (Sk41 — Sk, Ukt2 — T0) — 3110tz — Ves1l® < Meg1 (F(@r11), o — vrga) — 5llvkr2 — vrga[?
= Mot 1 (F(2h41), 20 — @) + Aeg 1 (F(Tr41), @ — Tr1) + Akt (F(2r41), Thpr — Ukp2) — 3okt — vk |1

for any x € X'. Summing up this inequality over k = 0,1, ...,7T — 1 and changing the counter k + 1
to k yields that

T

T T
Z )\k<F(IL'k), xk—m> S €O_ET+Z )\k<F(£Ek),£L'0 - £L'> + Z )\k<F((Ek),.’Ek - ka) - %H’U}C — Uk+1||2 .
k=1 k=1 k=1

1 1
(33)
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Using the update formula for s; 41 and letting 59 = 04 € R?, we have

T T

I= Z<>\kF($k)7$o —x) = Z(sk,l — Sk, Lo — ) = (89 — ST, %0 — ) = (ST, — Z(). (34)
k=1 k=1

Since z441 € X satisfies (12), we have
(Q’gk(xk),x — ) > —é”xk - vk||3 — ||z — vk||2, forall x € X, (35)
where Q7(z) : RY — R is defined in (T0). Letting # = vj1 in (33), we have

() (x), 2k — vrg1) < Sllor — vill® + 0|z — vil|. (36)

Then,
(F(xr), xp — Veg1)
= (F(zr) — ), (wr) + 0z — vk) + 5L[|wk — vil|(r — vi), T — Vi)
(0, (k) ke — vkt1) — SL[|wk — vie|[(Tk — v, Tk — V1) — NO(TR — Vi, T — Vi)

Lem. @, @)
<

Sllee = velPllex = vigall + Ollzr — orllllzr — vkl + 5 llan — vill® + 8|z — vx1?

—5L|[wx — vk |[{xr — vk, Tk — Vky1) — MO (Tk — Vi, Th — V1)

Next, using (z; — vk, T — ’Uk+1> > |z, — UkHQ — lzx — villl|ve — Uk—',—lH and ka — vl <
o — vell + [lox — vl we get

(F(2k), Tk — Vkt1)
< Zllzr — vkl® + Sllew — vrlPlow — vk || + Sl — orll* + 8l — vlllox — Vil
+5 e — vkll® + 8llwr — vgl|* = 5Lk — v ||* + 5L xk — vrl*[[ox — vrra || — ndllzx — vil?
+n6|lzr — vkllllow — vt |

= UL |lzp — vkl P[lok — vrgrll — ALz — vil® + (0 + D)éllak — vgllllor — vrra |l — (7 — 2)8]|zx — vi||®

Next,
T
< (M3 lay — opllfve — vk || — AN Llak — v
k=1
+(n + 1)oNkl[zr — vllllok = vira | = (0 = 2)0Nk ek — vkll? = 3llve — vk |?)
T
<> (llk — vkllllor = vegall = llee = vkll® = 3llve — vxga|?)
k=1
where the last inequality is due to the following choice of n = 10 and A : 3% <
Ak (%ka — ’Uk” + (5) < % Then,
T
<) (zllee —orlllon — vkl = Fllzk = vill® = g llok — vt ]|?)
k=1 (37

T
< -1 (Sl — wel?).
Plugging (34) and into (33) yields that

T T
Z)\k<F(.’L‘k),$k — l‘> < 80 — gT + <ST7.7J — .T}()> — % <Z ngk — Uk|2> .
k=1 k=1
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Lemma B.2 Let Assumptions|I.2] 21\ hold and let © € X. For every integer T > 1, we have
T

D M(Fan),ap —a) < Slle =l Y fax —vil® < 4lla” — o, (38)
— k=1

where x* € X denotes the weak solution to the VI.

Proof. For any x € X, we have
Eo—Er+ (st,x —xg) =&y — (runea% (sT,v — xg) — %Hv - m0|2) + (s7,x — xo).

Since sy = 04, we have & = 0 and
Eo—Er+ (s7,x — mo) < — ((s7,2 — 20) — 3|z — 20||?) + (57,2 — 20) = 3|z — 20| *.
This together with Lemma [B.T] yields that

T T
> N (ag) 2 —2) + 4 (Z |l zx — vk||2> < Yo — x|, forallz € X,
k=1 k=1

which implies the first inequality. Since the VI satisfies the Minty condition, there exists z* € X
such that (F'(xy),xr —«*) > 0 for all £ > 1. Letting x = z* in the above inequality yields the
second inequality. O

Lemma B.3 Let Assumptions[I.2|[I.3) 21| hold. For every integer T > 1, we have

1 2048 L2||z* — 2204862
5 < ) (39)
T T3 T2
(Zk:l )‘k)
where x* € X denotes the weak solution to the VI.
Proof. Without loss of generality, we assume that oy # x*. We have
T T T )
D W) (37 < D) O (Bllek — okl +6))" = (S llex — vell +6)
k=1 k=1 k=1
d L? 2 o L a[B.2 2 2 2
<> Ll — wel? + 276 ML e — o + 2762
k=1
By the Holder inequality, we have
T T /3 , p 2/3
1/3
1=y (00 o0 < (0w (Xou)
k=1 k=1 k=1 k=1
Putting these pieces together yields that
- 2/3
T < 322/3(2L2||a* — mo||? + 26%T)5 <Z )\k> ,
k=1
Plugging this into the above inequality yields that
1 < 2048 L2 ||z* — x]|? n 2048652
T 2= T3 T2
(Zk:l )‘k)
O

Theorem 3.2 Let Assumptions[I.2} [I.1| 21| Then, after T > 1 iterations of VIJI with parameters
B =19, n =10, opt =0, we get the following bound

GAP(ir) = sup (F(a), o — o) < 1ORHD" 4 10300,

20



Proof. Letting x € X, we derive from the monotonicity of F' and the definition of z (i.e., opt = 0)

that
(F(z), &1 — <Z Ae(F (), 25, — 33>>

Combining this inequality with the first mequahty in Lemma[B.2]yields that
. [E
<F(.’I;)7SCT_.’I;>_WU>\), forallz € X.
Since zp € X, we have ||z — z¢|| < D and hence
(F(x), 27 —x) < Q(ZT Sl forallz € X.

Then, we combine Lemma|[B.3]and the fact that || z* — 20| < D to obtain that

N D? [2048L2D2% 204852 _ 16v2LD?  16v/26D?
(F(x),Zp —x) < 2\/ T3 + T2 < T3/ T forallz € X.
By the definition of a gap function. (@), we have
GAP(Z7) = sup (F(z), &7 — z) < 10¥2ZLD" 4 16V20D", (40)
TEX
O

B.2 Proof of Theorem 3.3

We directly follow the steps of the proof of Theorem [3.2] Lemmas [B.T} remain the same.
Because of the choice of 6k+1 = L21 |xk+1 — vi+1]| adaptive strategy for Ap41 looks as follows:
2 < Ll|lzgg1 — vks1] < 55. Next Lemma is a counterpart of Lemma

Lemma B.4 Let Assumptions[I.2|[I.3) 21| hold. For every integer T > 1, we have
1 < 64L||x* — xo|

25:1 A T3/
where x* € X denotes the weak solution to the VI.

(41)

Proof. Without loss of generality, we assume that zo # z*. We have

T 2 T Lemma[B2

ST () < Z M) 72 Nk (Lllae = vel)? <Y L2 lag —wil® < AL [la* — aol|*.
k=1 —

By the Holder 1nequal1ty, we have

T T s T 3 /o
>o1=3 (07 ) < (Z“k)_Q) (Z Ak)

k=1 k=1 k=1 k=1
Putting these pieces together yields that

. 2/3
T < 322312 2" — o)} (Z A’“) |
k=1

Plugging this into the above inequality yields that
1 64L||x — zo||

T —_
St M T3/

2/3

Then, by following the rest of the proof of Theorem[3.2] we get

Theorem[3.3] Let Assumptions hold. Let {xy,, vy} be iterates generated by Algorithmand
[(VF(vi) = J () 2k — velll < Skllzr —vll, 0k < Bz, — vl

Then, after T > 1 iterations ofAlgorlthmezth parameters fj, = L 2 ||lox — vrll, n =10, opt =0,
we get the following bound
~ ~ 3
GAP(&r) = sup (F(a),#r — ) < S e
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C Proofs of Theorems[3.4, 3.5

In this section, we let L := L.

Theorem 3.4l Let Assumptions[I.2} [I.3] 21| hold. Then after T > 1 iterations of Algorithm[I)with
parameters B, = 6,n = 10, opt = 2 we get the following bound

LD? 6D?
#) = g F(3 P — ) = —_— 4+ — . 42
RES(%) 21612 (F(&7), 87 —2) =0 ( T + \/T) (42)

Proof. Since we consider opt = 2, then

RES(Z) = RES(xk,.) = sup (F(Tky ), Ty — ) -
TEX

From (36) we get

(F(zp),zp — ) = <F(xk) — Q7 (xr), 5 — ac> + <ng (zg), 2k — x>
L 3 2 (43)
< 1F(zw) = (@) lllee — 2l + S llzw = vkll” + 0l — vl

Next, from triangle inequality we have
5L
1P (ar) — W (20| = Hmk) -, () + (e — 1)+ 2 o — vl — v2)

5L
> |F(xr) — Q0 (zk)[| = 0ol — vgl| — 7||3«“k — v

From this and (29) we get

L 5L
[ F(zr) — Q7 (z1)|| < §||$k —wpl” + Ollwr — vkl + ndllwr — vkl + L og||?
= 3L||zx — ka2 +0(n+ D||zk — vk

Now, we can return to #3):
(F(zg),zk — )
@)@ L
< 3Lz — vkllPllar — 2l + 6(n + V)||zx — vrllllze — | + 5 llzwk = oll® + Oller — ve)?

1
— Ly — wil? <3||xk — ol 4 2 - vkn) T8k — onll ((n+ Dl — ] + - vil).

Since D := max, yex ||z — yl|

7
(F(ax) ox = x) < SLD |y — vell® + (1 + 2) |2k — vk (44)
Next, from second inequality from (38)) and from deﬁnition of xy,. in Algorithm[T|we obtain
4lz* — zol* Ioll
— 2 — _ 2
[Tkr — vir||” = g}fl? |k Uk” Z |z — vill® < : (45)

Since @4) holds for any z € X, we get final result
@%@ 14LD||z* — xol? N 26(n + 2)Dljz* — zo|

RES(Zp, ) := sup (F(zx,), Try — )

reX o T \/T
- 14LD3 N 20(n+2)D?  14LD3 N 24 D?
- T VT T VT '

O

Theorem [3.5] Let Assumptions|1.2) u - hold. Let {xy, vﬁ} be iterates generated by Algorithm || I that
i

satisfy (T4). Then after T > 1 iterations of Algorithm |I\with parameters 3, = % Ly —wll, n =
10, opt = 2 we get the following bound

RES(2) = sup (F(ir), b7 — o) = LD (46)
xe

The proof of this theorem repeats the proof of Theoremwith § < Lay, — |
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D Proof of Theorem

Theorem[4.3] Let some first-order method M satisfy Assumption[d.1|and have access only é-inexact
first-order oracle[I3] Assume the method M ensures for any Lo-zero-order smooth and L, -first-order
smooth monotone operator F the following convergence rate

A 2 3
GAP(Z) < O(1) max {%; EL;(%)} .

Then for all T' > 1 we have

E1(T)<T,  Eo(T) < T%2

Proof. We prove this Theorem by contradiction. Assume the existence of a method M that satisfies
the conditions of Theorem[4.3]and achieves faster rate in one of the terms (T8).

First, suppose =1 (T") > T. Consider the first-order lower bound from [89]], which is established
using a quadratic min-max problem as the worst-case function. In this scenario, the operator has a
0-Lipschitz continuous Jacobian. Applying first-order method M to this lower bound and using an

inexact Jacobian J(z) = Lolgx4, yields the rate O ( éfg;) , 21(T) > T, which is faster than the

2 . . .
lower bound €2 (LOZ,’? ), contradicting our assumption.

Secondly, let us assume Z(7T") > T°/2. The lower bound for exact second-order methods is
Q (LTg?f) [69]. By taking exact Jacobian in the method M (§ = 0), we place M in the class of
exact second-order methods. Consequently, we obtain a contradiction with the lower bound. (]

E Proof of Theorem 5.1

Proof. The proof is common for both formulas and (21)), where o = 1 for classical L-Broyden
approximation and &« = m + 1 for Damped L-Broyden approximation. First, from L-zero-order
smoothness, get

HVF(x) - Jw”Op < ||VF(x)||0p + ||Jw||0p < Lo+ ”Jw”oz)

Now, we upper-bound ||.J; ||op = ||J™||op by induction:

i i i—J'si)s] i s, ;5T
1T, < 7+ e | < [l (1 - 25 ) + 2
/4 as; s op as; S; as; s; op
. T T . T ) ) .
< ||gi (1 — sis Yisi < ||.J? I Sisi lyilllsill < | yi Lo
= as;rsi op + as?si op —_ || ||OP OLS;FS,', op + as;rsi = || Hop + )

where the last inequality is coming from Lg-zero-order smoothness for operator difference or JVP.
By summing up the previous inequality for i in 0,...,m — 1, we get ||J™||op < [|JO]|op + ZL2.
Finally, we prove the result of Theorem 5.1]

F Proof of Theorem [6.2]

In this section, we let L := L.

Theorem|[6.2] Let Assumptions [6.1)hold. Then the total number of iterations of Algorithm
to reach desired accuracy ||zs — x*|| < e is

0 ((LMD)§ + (% + 1) [1og1€7]> )

23



Proof. From the definition of Z7, Jensen inequality, strong monotonicity (23), definition of strong
minty problem (2)) and Lemmas[B.2] B3| we get
2

T

~, * 1 *
pllzr — 2*|? = p T—E:wxmkx)
1M o

Z X Z/\kllxk—w 12
k=1"

Z/\k F(x*),xp — x*)

Zk 1)\t Z)\k $*>

O0.09 [2048L%||zo — o*||2  20480%\% 1 ,
< + : [

@
Zk 1/\t

T3 T2

2048L% ||z — 2|2 204882\ * 1 -
< ( 2max 75 T c—|lwo — 2™

Denote R := D, R; = %, 1 > 1. Now we run Algorithm|l|in cycle for ¢ = 1,...,n and restart it
every time its distance to the solution becomes at least twice less than R;_;. Thus, let T; be number
of iterations we run Algorithm [T] inside cycle of Algorithm 2] In other words, let T} be such that

.. 1s the point, where we restart Algorithm Then the number of

|27, <
iterations before the ¢-th restart is

1
} . 2048L%R% | 204852 1\? 1
:LL”xTaL -z ||2 < <2max{ T3 17 T2 }) : 7R2
2 i i an
g
< — &
- 4
- 2048L2R? | 204852 2 o
max —n
T} §T7 T 2V2
Deriving T; for each case under max, we get
. 2HL3RD
i 2= z
275 "
T, > =2,
=
Thus,
2
2% L3RE | 275
T, = |max 7271, —_— (48)
us p

Now we calculate the total number of restarts to reach ||Z1, — z*|| < e. From 7)) we can get that

1
1 2048L2R%_, 2048621\? 1
lor, — 2| < (2max{ = }) Lo

p T 12 i
1
2 max u—z /ﬁ '
- 8’8
_Rn—l
2

=R.27 (D1 < o
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Deriving n from last inequality, we get

n= {log f-‘ . 49)

Now we provide auxiliary estimation, that we will need next:

nmfxns
ZR"’ Z T

1 9 —2(n—1)
L g=2n=
= |lzo — ¥} — (50)
23
< zo —z*||5273
<273D3,

Finally, we can get the total number of iterations of Algorithm T]inside Algorithm 2}

n n 9% L3RS . o7
S8y max g S 28

2 k)
3 1
2% L3 R31 27§
< ———+—n+n
Q%L%
R —&——n—&—n
z -

&0, @) ?L%Da <f5
SELD
M§

= 1) flog 2]

;T 0 ((?) n (iﬂ) [1og§1>.

This completes the proof. (]

Thus,

G Tensor generalization with more details

G.1 Preliminaries

Algorithm 3 VIHI

Input: initial point zo € X, parameters L1, 7, sequence {J; }*~!, and opt € {0, 1,2}.
Initialization: set so = 0 € R%.
for k=0,1,2,...,T do

Compute vj41 = argmax, ¢y {(sx, v — o) — 3[lv — x0|?}.

Compute 441 € X such that condition (33) holds true.

Compute Ag1 such that

1 L,
ka( Cn

Compute si 1 = S — /\k+1F(LL‘k+1). .
Ir = ﬁ Zk:l ALTE, if opt = 0,

xr, else if opt = 1,
Tk, for ky = argming ;<7 ||z — vi||, else if opt = 2.

p—1
SO
i=1

T — 'l)k”il) < m.

QOutput: = =
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In this section, we provide more details on the generalization of Algorithm [I] with high-order
derivatives. We provide the pseudocode of the resulting method in Algorithm 3] To show the
convergence of Algorithm[3] we use the Lyapunov function (30).

Define the (p — 1)-th order approximations of the F'

Bpole) = F0)+ Y %ViF(v)[x _off 1)
() = F0) + Y %Gi(v)[x . (52)
i=1

On each step, our method solves the following subproblem:

p—1
SUp (S0, (), T = ) < Fr [k — v P+ Sl — vkl (53)
*€ i=1

Additionally, we will need an auxiliary result from [52], based on Assumption @ The authors show,
that this Assumption allows to control the quality of approximation of operator F' by its high-order
Taylor polynomial:

1F(v) = Bpo (@) < 2252l = o]|P. (54)

p!

G.2 Auxiliary lemmas

First of all, we provide high-order generalizations of auxiliary lemmas for second-order case from
Section [Al

Lemma G.1 Let Assumptions[71|and@.2)with i = p — 1 hold. Then, for any z,v € X

p—1
1F(w) = p(@)]| < 225tz —ofP + Y 23]l — o|". (55)
=1

Proof.

[F(v) = Ypo(@)]| < [[F(v) = @po(@)|| + | Ppo(z) — ¥y o)l
D Lol 4 3 ANTF) — Gl — o o]

i—1

o, e, _
< Hpte—vflr ) Sle -
i=1

O

Lemma G.2 Let Assumptions [I.1) [7.1)and B2\ with i = p — 1 hold. Then for any x,vp11 € X
VI (T0)) is relatively strongly monotone if n; > p

3 (V0 (2) + YV 0(2)7)

o (HJC - vaillnxn + ||£C — U||p73(x — U)(Z _ U)T)

(p—1)!
p—1
+ 3w = o7 (s = D)l = 0P Tsn + i = 1)(@ = v)(z —v)")..
1=1
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Proof.

=1
p—1
+ n;i?l (lz = ol osen + (i = Dz — o]~ (z = v)(x - fu)T)
i=1
+ 2 (|l = 0[P L)
&
= L(VF(z) + VF(2)")
p—1
(p 1 IH:E—'UH B In><n Z Gi— 1),5 ||:L’ ,U||7,7 xn
i=1
p—1
+Z 285 (| = o' nsn + (6 = Dl|lz — 0] (& = ) (z = v)")
i—1
+ 3255 (llz = 0[P sen + (0 = Dz = 0[P~ (2 — 0)(z — v)")

_ 1 (VF(o) + VF(&)T)

+ 52z = olP T axn + Gl = olP 3@ = o) (@ — 0)"

(p—1)! (p 2)'
p—1
+Z S (i —i)llw — vl Luxn +Z 2:% (L 209G | — |3 (2 — v) (z — v) 7.
=1 =1

From monotonicity of F' we know that 3 (F(z) — F(z)") = 0. Thus,

1 (VQpo(z) + Vo (2)")

4Lp—1 5L,_1 _
= (p— =) le_va 1In><n+ (pf2)!||x_UHp 3(.’1?—11)(.’[3—1}>T
p—1 p—1
i i 0 (1—1 i—
37 8 — Dz — o e+ 3 D g ]| (@ — ) (2 - o)
i=1 i=1

By rearranging the terms we get

3 (V0 (2) + YV 0(2)7)

Lot (|lz = 0[P e + [l = 0]P 3z — v) (@ — 0)T)

1!
p—1

+ Sl =07 (s = )l = ol Tuxn +mii = V(= 0)(@ = v)").
i=1

Thus, if n; > p, we get that % (VQ][,,%+1 () + VQp vy (x)T) is relatively strongly monotone. [J

G.3 Convergence in monotone case

In this subsection we provide theoretical results directly connected to convergence rate of Algorithm
[ Firstly, we need to introduce additional technical lemmas, that generalize corresponding lemmas
in Section

Lemma G.3 Let Assumption[I.1|hold and n; = 5p. Then, for every T > 1, we have

T T
Z MeF(xg), 20 — 2y <& — Er + (51, ¢ — éZka—kaQ. (56)
k=1 k=1
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Proof. Since the first steps in the proof of this Lemma are the same as in Lemma[B-T] we start our
reasoning from (33):

T

Z)\k (xg), zp—x) < Eg— 5T+Z>\k k), wo*$>+Z>\k<F($k),$k*vk+1>—%Hkavk_,_lnz,
k=1 k=1
I i
(57)
Using the update formula for s; ¢ and letting so = 04 € R?, we have
T T
I= M F(xk), 20 — ) Z Sk—1— Sk, Lo — ) = (ST, T — Tq) . (58)
k=1 k=1
Now consider II. Using (28) we get
(F(zk), o1 — Vgy1)
<F(Ik) - \ij,vk (Ik)7xk - Uk+1> + <Qp,vk (Ik),xk — 'Uk+1>
p—1
- Z 230 |2y — wg| [ (g — vk, T — Vi)
i=1
?pL oillze — okl [P T (@ — vk, Tk — Vkgr)
p—1
Ly ,
< 22t g — vg|Pllek — vkgall + D F6illwk — vellFllek — vk |+ (poop (@8), T — vk1)
i=1
p—1
2% |2y — wg |71 (2 — vk, T — Vi)
i=1
5L,

(»-1) oo llek — orllPH (@ — vk, Tk — Vrg) -

Next, using (zx — vx, 2k — Vey1) > llon — vil® = |2 — vrlllve — vyl and 2 — vrga || <
2k — vl + lox — Ve, we get

<F(xk)795k - Uk+1>

< Zoot (o — vl PHY A+ o — k[P ok — vita )
p—1
+ 2 w0 (k= ol ok = ol low = vk )
=1
p—1
0% (|2 — vg || — flan — vel| ok — veta )
=1

5L
B p1)1l (ka — P = [z — vil|P ok — 'Uk+1||)

+ <Qp,vk (), T — Vg1) -
From definition of the subproblem (53) we have that

<QP,Uk (Ik),l‘k - Uk+1> < Sug <Qp,vk (xk)7l'k — I> <
re

|i+1_

p—1
_ Uk||p+1 + Z i

i=1
Thus,

<F(55k)a$k - ’Uk+1>

< Lot G0 g — o [[P]fug — vpa]| = L2220 gy — P
= s . ity 5 )
JFZ i(liTni) |k — v || ||ve — Vit 7zwuxkivk”z+l

i=1 i=1
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From this we get

= ZM (F(zn), o — vrg1) — 5ok — vppa]?

T
<3 et gy — o, — v | — 2L gy gyt

p!
k—1
p—1 p—1
d; i i 04 (ni— i
e > S g — vy o = vl = A Y S g = o = Lon — v ]
i=1 i=1

_s T p—1
=Y [>\k (L’;,gl s —oklPH+ %
k=1 =1
p—1
L,_ — )
— Ak ( el —onP Y G
=1

Now, if we choose Ay in a such way that

N ) (5p + Dllzx — viel[lox — visa |l

Tp — vk||i1> (5p = 2) ||z — vil]* — 3o — ’Uk+1||2]~

i=1

p—1
Ly_1 — d; i—
Ty < M ( et e — vl 4 D Hllee — vl 1) < 5Er (59)

we get the following

@ T
1<) [Sllak — vllllor — verall = $llee — vell® = $llve — viga 1]
k=1

T
> [max{mmk —onll = 142} — Lo — vkuﬂ

T
<> liller = okl = gllaw —oull® = §llaw — oxl|’]
k=

=

[l — vl

1
o
N

El
I

1

Finally, combining estimations of I and II with (37), we get

T
Z)\k<F(xk k—:L’><50-<€T+<ST,(£—1’O %Z| k_vk||2~

k=1
|
Lemma G.4 Let Assumptions 2| [I.3|hold. For every T > 1 we have
1 2p*z (20p — 8) 221 ||z* — xo [Pt _ Pl st — pallicl
R 2% g Y0 I 1l
D k=1 Ak T i=1 AT

Proof. From Holder inequality




Consider denominator:

o2 (L = "
Z)\ = 8 Z)\ T (4(5p — 2))7T AT ( 2L |l — vl 1+Zf|\xrvz<lll 1)

i=1

k=1 i=1

T I - P
2 11—
ZZ(QOP—S)P1< L2 |l — wx P~ 1+Z*H$k—ka 1) :

For p > 2 we have

=

pgl =2, p=2
=1 <1, p=3.

Consider some nonnegative sequence {al|a >0, Vi € 1,n}. For p = 2 from Jensen inequality
we know that (37, az) < >, na?. From Lemma 7 of [63] we know that Vq € [0,1], = Y >

0— (z —1; y)? < x?+ yq Thus, for p > 3 we can come to the same conclusion: (Y., al)il <
S al Tt <Y ma? . In other words,

i=1"1
_2_
n p—1 n 2 n 2
<Z> <N a7 <Y nal T, Wp>2,a>0. (61)
=1 =1

Using this inequality, we get

P— 1 @ d Lp 1 2 e -1

Z)\ (20p—8)77 > ol kakall +p(20p —8)7T Y Z, ||5Ek*vk|\ T
k=1 k=11i=1
(k1) L = AN AN 2(i-1)
2 -1 i\t iz
< 4p(20p — 8) 7 ( ;! ) [l — ao|* + p(20p — 8) 7= 122@) o — vl 7
k=1i=1

Consider the second factor in this inequality. If we denote ay, = ||xx — vg|| ST ybp=1,¢c=
p—1

d= %, then we can use Holder inequality:

1 1
n n < n d
1 1
Mot < (Spar ) (Smit) . Lefen
k=1 k=1 =1

i—17

From this we get

( 1) )
Z [ (Z |y, — vkn?)

2(i—1)

63
< 4|z — x| P T Tr

k]
|
S
gl
—
N———
]
|

Thus,

o _p%l _2_ Lpfl % * 2 2 iy 51 p—T1 « 2(i—1) _ p—i
DA < ap(20p - 8)7 (= o — wol® +4p(20p —8)77 Y () e — ol P T
k=1 ’ i=1 N

Consider (a +b)%z, p > 2. For p = 2 from Lemma 7 in [65] we get (a +b)2 < az 4+ b2 <
2(a2 + bz). For p > 3 we have from Jensen inequality (a 4 b)*= < 2% -1 (aT + le) <

25 (a%l + b%). In other words,

p—1 p—1

(a+0)"7 <2% (QT+bT), Vp > 2. (62)



Thus,

p—1

T s 2
)
k=1

L, 1, . B Pl d; = 2(i-1) :
(4p)= (20p 8) ;' Lz = zolPt + (4p) T (20p 8) (Z (z') |@* — o 7T ToT
’ i=1 "

R

(SIS

p—1

p, E=1 o Lp—l * p—1 £ @ * i—1pBst
< 2Pp~7 (20p — 8) [ ol la™ = a0 422 ; f la™ — 2|~ T2

L 3p p—1 il (5 . p—1
Y ) * p—1 = = _ el * 1—1mpE—
= 2% (20p = 8) =2 2" — wollP! + 25" (20 8)2 e = o7
Now, we can get the final result
p—1
T -
1 (Zkl)‘k 1)
< -
Zf 1 Ak T%l
2pp (20p 8) Lp : ||.’E xOHp_l 3p p—1 ] 5||.’E* — mOHi_l
< +22p = (20p—8 ——
e ( ); e

Finally, we provide the convergence rate of Algorithm [3|in monotone case.

Theorem[7.2] Let Assumptions[[.1)F.2\with i = p — 1, and[71hold. Then, after T' > 1 iterations of
VIHI with parameters 1n; = dp, opt = 0, we get the following bound

~ ~ _ p+ i1
GAP(I7) = blel?( (F(x),zp —x) <O (% + 30 !9 ]?+1 ) .
xr

Proof. Consider Vz € X, opt = 0.
(F(z),2r — )

1 1 D?
Zk 1M 1 Zk:l)‘k QZZ 1 A

] L, 1DP* s, =60
< 207 1p"T (20p — 8) 2L — + 27 ~1p"F (20p —8) -
plT ™= T

Thus,

GAP(@r) = Sgg (F(x),&7 —x) =0 (

G.4 Convergence in nonmonotone case

To make our paper more self-contained, we provide convergence rate of Algorithm [3]in nonmonotone
case.

Theorem[7.3] Let Assumptionsd.2|[I3|and [/ 1|with i = p — 1 hold. Then after T > 1 iterations of
Algorithm [3|with parameters 11 = bp, opt = 2 we get the following bound

RES(2) = sup (F(i0), & — 2) = O (Lt 4 oo D)
reX
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Proof. Consider (F(xy), xp — ).

(F(zk), 2 — x) = (F(2k) — Qo (Th), Tk — @) + (Qp vy (T), T8 — T)

|y, — UkaHJrZ*HIk N [ans
=1

& L
< [F(@r) = Qp oy (p) 2 — 2] +

From definition of ¥,, ,, (z1) and triangle inequality we get

5L 1 771 i
1 @e) = Ty (@)l = 1 (@0) = pon (@)l = = - Ty e = vell” = Z Tk — il
From this and (33) we get
@ Ly i 5Lp—1 = ;0 i
1F @) = Q@) | S 2 wll”Z dillew = onll"+ = e vl + 3 Sl — v
i=1 ' i=1

L, pls .
= (5p+1)||xk—vkllp+z (i + D)l|xx — vk |".

Thus,
(F(xg),z — x)
L, 1
< . S (5p+ 1)||wk—ka”Hwk—x||+Z (i + Dllzk — vkl lzx — 2]
i=1 !
p— 1
e vk||p+1+zf||$k vg [+
=1
L s
<= “lek — vl (5p + 2) D+Zf||xk—vk|| (mi +2)D.
=1

From second inequality of (38) and definition of l'kT we get

4D?
[y — ox,||* = Din e — orl® < = Z [lr, — vx]|? < *||9C — zof* < Ea
N < 20
Tl — U —,
kr = Vkr || S o
Combining all these results, we get
L s
RES(%) = sug (F(xg),zp — ) < Lz — vl (5p + 2) D—|—Z |a:k — v ||“(5p +2)D
ze =1
2(5p +2) L,_,DP+l %=1 2ig; Di+1
S cnk EUS LS O s 1 2) 2
p! T2 = Tz
L, DPtl 215, pitt
=0 % + Z ¢ -
T - I

H Subproblem solution

For r-rank QN approximation J” from (I9), we can effectively compute A-1F(x), where A, =
+ S+ 22 I=UTCV+J%+ (b +3.7)I =UTCV + Band B = J° + (6 + 3£7)1 by
using the Woodbury matrix identity[[96} |97]].

A7YF(z) = (B4 UTCV) ' F(z) = B 'F(z) - BUT(C™ ' + VB'UT)'VB ' F(x).
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For Jy = I, the identity could be simplified even more. Hence, B = ¢I + (nd + %T)I = xI, where
X=1t+mn6+ %T. Then,

ATVP@) = (\[+UTCV) ™ F(z) = LF(@) - U (xCT' + VU)WV F(2).

I Experiment details

We consider the cubic regularized bilinear min-max problem of the form:

. T 3
=y (Az —b) + 2 63
gen]R% ;ré?{}g flzy)=vy' (Azx ) + 6 |||, (63)

where p > 0,b = [1,0,...,0] € R?, and A € R%*? such that

1 —1 0 -+ 07
0o 1 -1

A= 0
0 - 0 1 -1
0 - 0 0 1

To reformulate it as variational inequality, we define F'(z) = [V, f(z,y), =V, f(z,y)]. Following
[71]], we plot the restricted primal-dual gap (63)), written in a closed form:

p ’ 2 2 3
gap(z, B) = 6||x||3 + Bl|Ax — b|| + 3\/;||ATy||2 + bTy,

where z = (x,y).

Setup. All methods and experiments were performed using Python 3.11.5, PyTorch 2.1.2, numpy
1.24.3 on a 16-inch MacBook Pro 2023 with an Apple M2 Pro and 32GB memory.

Parameters. For Figure [I| the dimension of the problem d = 50. The regularizer p is set to
p = le — 3. The starting point (zg,yo) = (0,0) is all zeroes. We present results of last iteration
of each method or opt=1 from Algorighm|[I} The diameter 3 for the gap is set as 5 = 1. For QN
methods, we set memory size m = r = 20. We perform a total of 100000 iterations for all methods
except Perseus2 with 1000 iterations. We plot each 500 iterations for a better visualisation. In Figure
1] the left plot refers to the gap decrease per iteration and the right plot refers to the gap decrease per
JVP/operator computations. EG, Perseus1, VIQA computes 2 operators per iteration and Perseus2
computes d + 1 JVP/operators.

We finetuned learning rate and presented the run with the best results. For EG1: I = 0.5. For
Perseusl: Ly = 0.2334. For Perseus2: L; = 0.0001. For VIQA Broyden: L; = 0.001, § = JO =
0.4. For VIQA Damped Broyden: L; = 0.001, § = J% = 0.22. Note, that tuned L; = 0.001 is
actually a theoretical smoothness constant for the problem and can be chosen with such value
without finetuning. Also, Perseus2 is working with a smaller constant than theoretical.

J Application to minmax problems

J.1 Preliminaries

In this section, we consider the problem of finding a global saddle point of the following min-max
optimization problem:

i 64
Join max f (z,y), (64)

i.e., atuple (z*,y*) € R™ x R" such that
f@®y) < fa®,y") < fz,y"), forallz € R™, y € R",

where the continuously differentiable objective function f is convex-concave: f(z,y) is convex in
for all y € R™ and concave in y for all x € R™.
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Algorithm 4 VIJI-MinMax

Input: initial point 2y € X, parameters L1, 9, 7, T.

Initialization: set so = 0 € R%.

for k=0,1,2,...,T do
Set g1 = 20 + Sk+1-
Compute 241 € R™™ such that condition (68) holds true.
Compute A1 such that 7= < Aoy (52041 — vrsa ]| +6) < 55
Compute si 1 = S — )\k+1F<Zk+1).

Output: 77 = —-2— 57 A\zi.
Y T ELMZ,@ kZk

Assumption J.1 The function f(x,y) € C? has L-Lipschitz-continious second-order derivative if

||V2f(2) - VQ('U)” < LHZ — UH7 for all 2,V € Rn—‘rm.

Following [71]], we define the restricted gap function to measure the optimality of point 2 = (&, §)

f@,y)—  min _ f(z,7) (65)

max
yilly—y*|I<B zi||lz—z*||<B

gap(z,3) =

where § is sufficiently large such that ||Z — z*|| < S.
Problem (64) is a special case of VI defined by the following operator

_ | Vxf(z,9)
Flz) = {—Vyf(ar,y)} ' (66)
The Jacobian of F’ is defined as follows
V@) = [—Viyf(ax y) Vi ) (67

The following lemma [80, [71]] provides properties of operator F'.

Lemma J.2 Let Assumption[J.1|hold. Then

1. The operator F is monotone, i.e. satisfies Assumption[I.]]
2. The operator F' is L-smooth, i.e. satisfies Assumption|l.2
3. F(z*) = 0 for any global saddle point z* € R™"™™ of the function f.

We assume that inexact approximation of Jacobian satisfies Assumption [2.1]

J.2 The method

Since we consider unconstrained minmax optimization, Step 2 of VIJI simplifies to vy+1 = 29 + Sk
and the subproblem (1 1]) changes to

find 21 € R™™ such that sz+1 (2k11) = 0.

Usually, to find the solution of this subproblem it is necessary to run some addition subroutine.
Following the work [71]], we introduce the following approximate condition:

1923, ,, Czisen) | < 7min {F[l2k1 = vk I + ll2kar — vea || [1F (o)1}, (68)

where 7 € (0, 1) is a tolerance parameter.

The version of VIJI for unconstrained min-max problems is referred to as VIJI-MinMax and is
detailed in Algorithm [d] This subproblem can solved by strategy proposed in [71]], resulting in
O ((n+m)*e=%3 + (n+m)2c=2/3loglog(1/e)) complexity, where w ~ 2.3728 is the matrix
multiplication constant.
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J.3 Convergence analysis
The following theorem provides convergence rate for Algorithm ]

Theorem J.3 Let Assumptions [J 1} 21| hold. Then, after T > 1 iterations of VIJI-MinMax with
parameters 11 = b, we get the following bound

- 1152v2L||z0—2"|® | 576v28]|z0—2"|?
gap(ZTvﬁ) < T3/2 + T )

where 8 = 5||z0 — 2*||, z* = (z*, y*).

Now, let us introduce additional assumption on 4, to obtain the convergence with optimal rate
O(e72/3).

Theorem J.4 Let Assumptions[J1|hold. Let
I(VE(vx) = J(ve))[zk — vr]ll < Okllze — vkl
hold for iterates {zy, vy } generated by Algorithm where
O < L||zx — vi]| (69)
Then, after T' > 1 iterations of VIJI-MinMax with parameters n = 5, we get the following bound

~ 1944V2L || zo—2* |2
gap(zp, f) < WAV2LIZ0—=T

where B = 5||z0 — 2*||, 2* = (a*,y*).

Note, that it is also possible to change adaptive strategy for A in this case to 5z < 3 sLl|zx—v < 15
(by introducing parameter 3 as in Algorithm[I) to eliminate the dependence on 6 from the step 51ze
while achieving the same convergence rate.

Finally, let us show, that we mathch the convergence of [71]] under the same assumptions on
Jacobian’s inexactness and subproblem’s solution.

Assumption J.5 ([71]) Let
I(VE(vx) = J(vr)) 2k — o]l < Skllzi —vill, ([T (vp)ll < &

hold for iterates {zy,, vy, } generated by Algorithm where

8, < min {70, L HF(W)H} (70)

where Ty < %.

Next, we show, that (69) follows from (70).

Let us consider two cases. If ||z, — vy || < 1, then from (70), we get &), < 7o ||z, — vk || < ||z — v ]l.
Otherwise, if ||z — vk|| > 1, we obtain from (68))

i) | = 1 @) 2% = vkl = dllzk — vl = 5Lz — vkll < [V ()| < 7l F (0r)]]-
Using our assumptions, we get

(L =DIF (i)l < &llze — vkl + 6llzk — vkl + 5Ll 2 — ve||® < (5 + 6 + 5L) ||z — vg|
< (k+ 30|z — v

Next,

1 T
§ < ZAD ) F(uy)|| < L2k — vill.

Thus, the assumptions of Theorem hold, and Algorithm@ achieves 0(5’2/ 3) convergence.
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J.4 Proof of Theorem [J.3]

Again, as in the proof of Theorem [3.2] we introduce the Lyapunov function

— 1 2
&L = Dax (86,0 — 20) — 3lv — 20" (71)

Note that the scalar product (s, v — zo) can be omitted (see the proof of [[71, Theorems 3.1, 4.1]),
which would also eliminate the somewhat redundant Step 2 of Algorithm ] However, we chose to
retain it, as it does not affect the method’s performance. We retain

Lemma J.6 Let Assumptions[J.1} 2.1 hold. Then, for every integer T > 1, we have

T T
Z)\k<F(zk),zk —2) <& —Er+ (sT,2— 20) — & <Z |z — vk||2> , forall z € R™*™.
k=1 k=1

Proof. Following the proof of Lemma [B.I] we arrive at (33), where the proofs begin to slightly
diverge due to the changes in the subproblem. At this juncture, we have:

T

T
> NelF(zk), 2k — 2) < 0 — Er+ (57,2 — 20) + > Ml F(21), 25 — vig1) — 2llvr — vppa |
k=1 k=1

I
(72)
Then,
(F(2k), 2k — Vks1)
= <F(Zk) — sz (Zk) + 77(5(zk — 'Uk) + 5LHZk — vk||(zk — 'Uk),Zk — Uk+1>
(7, (2x), 2k — ver1) — 5Lz — vl{zr — vk, 28 — Vkg1) — NO(2k — Uk, 2k — Ukg1)
Lem. @, @ L
< —
- 2
+70) |2k — vk|l||zk — ves1ll — DL zk — vk |l{zk — Vs 2k — Vkt1) — 002k — Uk, 2k — Vkt1)

7L
2k — vl |z — Vi |l + 8|z — villllzi — vl + 7||Zk — l*ll2k — Vel

Next, using (zx — Vi, 2k — Vir1) > |lze — vkll? = [|zx — vkll|los — ves1] and ||zx — vgga]| <
llzk — vkll + [[ve — vi41]], we get

(F(2k), 2k — Vkt1)
L . L
< (r+ D5 llas = vl + (r + D5 llek = velPllos = vega | + (7 + )3l 2k — v
+(T —+ 1)§sz — Uk”””k — Uk+1|| — 5L||Zk — ’Uk||<Zk — Uk, Rk — Uk+1> — 775<Zk — Vg, %k — vk+1>
T<1 9 3
< 6Lz — vkl"llvi = vk ]l — 4L 21 — vk

+(n+ 1) 82k — vkllllor — vl = (0 = 1) 6|z — vl
Next,

T
I < Z (3l2k = vellllor = vkl = Fllze = vill® = 3ok — orral?)
k=1
where the last inequality is due to the following choice of n = 10 and A :
15 < Ak (Ll|2 = vil| +6) < 5. Then,

T

<Y iz — orllllon — vesall = 3lzr — vel® = Sllow — vega I < -4 (Zf:lllzk - ka2) :
k=1
(73)

Plugging (73) into (72)) yields that

T T
> XelF(zk), 2k — 2) < €0 — Er + (57,2 — 20) — & <Z |2k — vk||2> :
k=1 k=1
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Next, Lemma B2 can be applied. Next Lemma is a counterpart of Lemma [B.3]for the current choice
of \.

Lemma J.7 Let Assumptions[I 1) 21| hold. For every integer T > 1, we have

1 2048L2%||2* — 2|2 51262
< = + (74)
(Zk:l )‘k)
where x* € X denotes the weak solution to the VI.
Proof. Without loss of generality, we assume that zg # z*. We have
T T
D> ()16 < Z (Ae) 72 Ok (Lllze = vell +0)* = (Lllze — vkl + 6)?
k=1 k=1 k=1
- 2 2 o LemmalB2 2 2
<Y 2Lz - wkl? + 2787 < 8Lz — zof|? + 2767
k=1
By the Holder inequality, we have
T T T 1/3 , p 2/3
o1 3
> 1= 37 (o) o0 < (S0 ) (0]
k=1 k=1 k=1 k=1
Putting these pieces together yields that
T 2/3
T < 162/3(8L2||2* — z||* + 26°T)5 <Z )\k> ,
k=1
Plugging this into the above inequality yields that
1 < 2048 L2||2* — zo|? n 51252
T 2= 3 T2
(Zk:l Ak)
(]

Next, by Lemma(J.6] we have

T
Z)\k )2k —2) + —% <Z|2k—vk|2> <& —&r + (sr,z — %)

k=1
@ 1

Lem -

3 llvo = 2ol* = *HUT — 20| + (vr — 20,0* = v0).
By applying Young’s ineqaulity and the fact that zy = vg, we get

1 1 1 .
0 < =k — 2oll” + Zllvw = 20l1” + ll2" = 20[|* = =7 llow — 20lI” + [l2" — 201*.

Thus, we have [|vy, — 20| < 2||2* — zo||. From Lemma|[B.2]we also have that || zj, — vg|| < 2[|z* — zo]|.
Thus,

vk — 2| < [lvk — 20l + |20 — 27| < 3|20 — 2" || < 5,
llzr — 2"l < llz — vkl + |2 — 27|| < 5llz0 — 2*[| = B

Lemma[B.2]also implies

T
Z (zk — 2) T F(21) < |20 — 2|
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By Proposition [71} Proposition 2.9], we have

T
f(ijy) - f(xng) S ﬁ (Z )\k(zk — Z)TF(Zk)> .
k=1

Putting these pieces together yields
- - 1 2
f(@r,y) — f(z,9r) < m”zo — 2|
This together with Lemma [J.7]yields

~ 5 8V2L|zo — 2*||lz0 — z||?  4v/26]|z0 — 2|2
f@r,y) = f(z,97) < Izo T3/2HH o7 + ”1? ! ’

Since ||z, — z*|| < B forall k£ > 0, we have |27 — z*|| < /5. By the definition of the restricted gap
function, we have

32v2L 20— 2" || (20 —2"I+8)* + 16v28(||z0—=" || +8)*
T3/2 T

gap(Zr, ) <
<

+

Therefore, we conclude from the above inequality that there exists some 7" > 0 such that the output 2
satisfies that gap(2, 8) <.

1152v2L||z0—2"||® | 576v268]|z0—2"|?
T3/2 T ’

J.5 Proof of Theorem [J.4]

Lemma (I.6) hold with slight modification in A adaptive strategy. Lemma[B.2]also holds. Next we
need slight modification of Lemma[B.3|for the current choice of A.

Lemma J.8 Ler Assumption[J.1| For every integer T > 1, we have
1 < 54L2||z* — 20]?

(Z£=1 Ak)g B T3

where x* € X denotes the weak solution to the VI.

)

Proof. Without loss of generality, we assume that zg # z*. We have
T T

> () 21672 < Z M) 72 (A (Lllzk — vil| +6))* =D (L2 — vl +6)°

k=1 k= k=1

i LemmaB2 5
< Z%lzk*kaZ < Ll — 2
k=

By the Holder inequality, we have

T T T 1/3
13 (0 o= (Yoo
k=1 k=1 k=1

Putting these pieces together yields that

T 2/3
T < 16%3(3L2)2* — 2|?) 3 (Z M) :
k=1
Plugging this into the above inequality yields that
1 < 54L2||2* — z]|?

(Zgzl )‘k)Q - T3

2/3
Ak) |

YL

Next, directly following the steps of proof of Theorem[J.3] we get the following rate

- 1944+/2L 3
gap(Zr, f) < %
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

We proposed an algorithm for variational inequalities with inexact Jacobians in Section 3}
supported its optimality by establishing the lower bound in Sectiond] introduced Quasi-
Newton updates in Section 3} studied strongly-convex case in Section[6{and discussed tensor
generalization in Section[7] Section [§provides experimental results to validate our proposed
approach.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

 The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: the assumptions used in this paper are classical for methods for variational
inequalities [69, 21]. Our methods include the solution of auxilarary subproblem (as other
globally convergent second-order methods for VIs [69, 21]]), which requires subsolver or
addditional subroutine, what we explicitly stated. Moreover, we introduced the way to
reduce the complexity and provided the computational cost of the proposed procedure.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was

only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

« If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best

39



judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
Justification: For all theoretical results, we provide proofs in the main paper and Appendix.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: our algorithm is listed in the paper (Algorithm 1) and the details are fully
described (Sections[3]and [5)). The expereimantal details for reproducibility are describes in
Section[§|and Appendix[I} The code is attached.

Guidelines:

» The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: we describe experimental details in Section [§and Appendix [I] The code is
attached, where all the methods implemented as PyTorch optimizers. Our experiments do
not include datasets, but we provide the explicit definition of test functions.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

¢ The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: we describe experimental details in Section [§and Appendix [Il The code is
attached.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: we test our optimizer on deterministic functions. Hence, the iteration of the
methods are deterministic and provide deterministic solution.
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10.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

e If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: we describe compute resourses in Appendix [I|
Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

 The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Yes, the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
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Answer: [NA]
Justification: [NA|
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

 The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: [NA|
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: see Section[8]
Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.
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15.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: [NA|
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: [NA]
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: [NA|
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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