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Abstract

Adaptive gradient methods have shown their ability to adjust the stepsizes on the fly in a parameter-
agnostic manner, and empirically achieve faster convergence for solving minimization problems.
When it comes to nonconvex minimax optimization, however, current convergence analyses of
gradient descent ascent (GDA) combined with adaptive stepsizes require careful tuning of hyper-
parameters and the knowledge of problem-dependent parameters. Such a discrepancy arises from
the primal-dual nature of minimax problems and the necessity of delicate time-scale separation
between the primal and dual updates in attaining convergence. In this work, we propose a single-
loop adaptive GDA algorithm called TiAda for nonconvex minimax optimization that automatically
adapts to the time-scale separation. Our algorithm is fully parameter-agnostic and can achieve
near-optimal complexities simultaneously in deterministic and stochastic settings of nonconvex-
strongly-concave minimax problems. The effectiveness of the proposed method is further justified
numerically for a number of machine learning applications.

1. Introduction

Adaptive gradient methods, such as AdaGrad [10], Adam [24] and AMSGrad [43], have become
the default choice of optimization algorithms in many machine learning applications owing to their
robustness to hyper-parameter selection and fast empirical convergence. Classic analyses of gradient
descent for smooth functions require the stepsize to be less than 2/I, where [ is the smoothness
parameter and often unknown, whereas many adaptive schemes can automatically adapt to them
[48, 49]. Such tuning-free algorithms are called parameter-agnostic, as they do not require any prior
knowledge of problem-specific parameters, e.g., the smoothness or strong-convexity parameter.

In this work, we aim to bring the benefits of adaptive stepsizes to solving the following problem:

min max f(z,y) = Eecp [F(2z,y;8)], M
z€R¥ yeY

where P is an unknown distribution from which we can drawn i.i.d. samples, ) C R% is closed
and convex, and f : R x R% — R is nonconvex in 2. We call - the primal variable and y the dual
variable. This minimax formulation has found vast applications in modern machine learning [2,
7, 11-14, 37, 39]. Albeit theoretically underexplored, adaptive methods are widely deployed in
combination with popular minimax optimization algorithms such as (stochastic) gradient descent
ascent (GDA), extragradient (EG) [25], and optimistic GDA [41, 42]; see, e.g., [8, 16, 38, 44].
While it seems natural to directly extend adaptive stepsizes to minimax optimization algorithms,
a recent work by Yang et al. [50] pointed out that such schemes may not always converge without
knowing problem-dependent parameters. Unlike the case of minimization, convergent analyses of
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Figure 1: Comparison between TiAda and vanilla GDA with AdaGrad stepsizes (labeled as Ada-
Grad) on the quadratic function (2) with L = 2 under a poor initial stepsize ratio, i.e., n*/n¥ = 5.
Here, n{ and )} are the effective stepsizes respectively for = and y, and « is the condition number!.
The background color in (a) demonstrates the function value f(z,y).

GDA and EG for nonconvex minimax optimization are subject to time-scale separation [4, 35, 46,
51] — the stepsize ratio of primal and dual variables needs to be smaller than a problem-dependent
threshold — which is recently shown to be necessary even when the objective is strongly concave
in y with true gradients [32]. Moreover, Yang et al. [S0] showed that GDA with standard adaptive
stepsizes, fails to adapt to the time-scale separation requirement. Take the following nonconvex-
strongly-concave function as a concrete example:

2

L™ o
5 (2)

where L > 0 is a constant. Yang et al. [50] proved that directly using adaptive stepsizes like
AdaGrad, Adam and AMSGrad will fail to converge if the ratio of initial stepsizes of x and y
(denoted as n* and 1Y) is large. We illustrate this phenomenon in Figures 1(a) and 1(c), where
AdaGrad diverges. To sum up, adaptive stepsizes designed for minimization, are not time-scale
adaptive for minimax optimization and thus not parameter-agnostic.

To circumvent this time-scale separation bottleneck, Yang et al. [50] introduced NeAda for
problem (1) with nonconvex-strongly-concave objectives. Although the algorithm is agnostic to the
smoothness and strong-concavity parameters, there are several limitations: (a) In the stochastic set-
ting, it gradually increases the number of inner loop steps (k steps for the k-th outer loop) to improve
the inner maximization problem accuracy, resulting in a possible waste of inner loop updates if the
maximization problem is already well solved; (b) NeAda needs a large batchsize of order Q (e~2)
to achieve the near-optimal convergence rate in theory; (c) It is not fully adaptive to the gradient
noise, since it deploys different strategies for deterministic and stochastic settings.

In this work, we address all of the issues above by proposing TiAda (Time-scale Adaptive Al-
gorithm), a single-loop algorithm with time-scale adaptivity for minimax optimization. Specifically,
one of our major modifications is setting the effective stepsize, i.e., the scale of (stochastic) gradient
used in the updates, of the primal variable to the reciprocal of the maximum between the primal
and dual variables’ second moments, i.e., the sums of their past gradient norms. This ensures the
effective stepsize ratio of x and y being upper bounded by a decreasing sequence, which eventually
reaches the desired time-scale separation. Taking the test function (2) as an example, Figure 1 illus-

1
fla,y) = —52/2 + Lay —

1. Please refer to Section 2 for formal definitions of initial stepsize and effective stepsize. Note that the initial stepsize
ratio, n” /1Y, does not necessarily equal to the first effective stepsize ratio, ng /ng.
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trates the time-scale adaptivity of TiAda: In Stage I, the stepsize ratio quickly decreases below the
threshold; in Stage II, the ratio is stabilized and the gradient norm starts to converge fast.
In summary, our contributions are as follows:

* We introduce the first single-loop and fully parameter-agnostic adaptive algorithm, TiAda, for
nonconvex-strongly-concave (NC-SC) minimax optimization. It adapts to the necessary time-
scale separation without large batchsize or any knowledge of problem-dependant parameters or
target accuracy. TiAda finds an e-stationary point with an optimal complexity of O (e~?) in the
deterministic case, and a near-optimal sample complexity of O (e_(4+5)) for any small § > 0 in
the stochastic case. It shaves off the extra logarithmic terms in the complexity of NeAda with
AdaGrad stepsize for both primal and dual variables [50]. TiAda is proven to be noise-adaptive,
which is the first of its kind among nonconvex minimax optimization algorithms.

* While TiAda is based on AdaGrad stepsize, in Appendix A, we generalize TiAda with other exist-
ing adaptive schemes, and conduct experiments on several tasks. We show that TiAda converges
faster and is more robust compared with NeAda or GDA with other existing adaptive stepsizes.

1.1. Related Work

Adaptive gradient methods. The original AdaGrad was introduced for online convex optimiza-
tion and maintains coordinate-wise stepsizes. In nonconvex stochastic optimization, AdaGrad-
Norm with one learning rate for all directions is shown to achieve the same complexity as SGD
[33, 48], even with the high probability bound [23, 34]. In comparison, RMSProp [19] and Adam
[24] use the decaying moving average of past gradients, but may suffer from divergence [43]. Many
variants of Adam are proposed, and a wide family of them, including AMSGrad, are provided with
convergence guarantees [6, 9, 53, 54]. One of the distinguishing traits of adaptive algorithms is that
they can achieve order-optimal rates without knowledge about the problem parameters [22, 29, 48].

Adaptive minimax optimization algorithms. In the convex-concave regime, several adaptive
algorithms are designed based on EG and AdaGrad stepsize, and they inherit the parameter-agnostic
characteristic [1, 3]. In sharp contrast, when the objective function is nonconvex about one variable,
most existing adaptive algorithms require knowledge of the problem parameters [17, 20, 21]. Very
recently, it was proved that a parameter-dependent ratio between two stepsizes is necessary for GDA
in NC-SC minimax problems with non-adaptive stepsize [32] and most existing adaptive stepsizes
[50]. Heusel et al. [18] shows the two-time-scaled GDA with non-adaptive stepsize or Adam will
converge, but assuming the existence of an asymptotically stable attractor.

1.2. Notations

We denote [ as the smoothness parameter, p as the strong-concavity parameter, and x := [/ as
the condition number. For the minimax problem (1), we denote y*(z) := argmax,¢y f(v,y) as
the solution of the inner maximization problem, ®(x) := f(z,y*(x)) as the primal function, and
Py(-) as projection operator onto set )). We assume access to stochastic gradient oracle returning
VoF(z,y;€) for x and V, F(z,y; §) for y.

2. Method
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Algorithm 1 TiAda (Time-scale Adaptive Algorithm)
1: Input: (z9,y0), v& > 0,v§ >0,7° > 0,7 >0, >0,3>0and o > f3.
2: fort=0,1,2,...do
3. sample iid. & and &, and let g7 = V,F (x4, y;&F) and gf = Vi F (@, yi; &)
4

2 2
v = of + llgf " and vfyy = o) + g/

Y

=g and yr41 = Py (yt + ;79?>

max{vf+1,vi’+l} (Ut+1)6

W

Tt41 = Tt —

6: end for

We formally introduce the TiAda method in Algorithm 1, and the major difference with Ada-
Grad lies in line 5. Like AdaGrad, TiAda stores the accumulated squared (stochastic) gradient
norm of the primal and dual variables in v¥ and v}, respectively. We refer to hyper-parameters n*
and nY as the initial stepsizes, and the actual stepsizes for updating in line 5 as effective stepsizes
which are denoted by 17 and n/. TiAda adopts effective stepsizes 7¥ = n*/max {fufﬂ, vy +1}a

and n} = nY/ (vfﬂ)ﬁ, while AdaGrad uses 7%/ (vfﬂrl)l/2 and nY/ (vfﬂ)lﬂ. In Section 3, our
theoretical analysis suggests to choose o > 1/2 > 3.

2.1. The Time-Scale Adaptivity of TiAda

Current analyses of GDA with non-adaptive stepsizes require the time-scale, 1y /77, to be smaller
than a threshold depending on problem constants such as the smoothness and the strong-concavity
parameter [35, 51]. It is tempting to expect adaptive stepsizes to automatically find a suitable
time-scale separation. However, the quadratic example (2) given by Yang et al. [50] shattered the
illusion. In this example, the effective stepsize ratio stays the same along the run of existing adaptive
algorithms, including AdaGrad (see Figure 1(b)), Adam and AMSGrad, and they fail to converge
if the initial stepsizes are not carefully chosen (see Yang et al. [50] for details). As v¥ and v} only
separately contain the gradients of x and y, the effective stepsizes of two variables in these methods
depend on their own history, which prevents them from cooperating to adjust the ratio.

Now we explain how TiAda adapts to both the required time-scale separation and small enough
stepsizes. First, the ratio of our modified effective stepsizes is upper bounded by a decreasing
sequence when « > [3:

ﬁ n*/ max {Uf+1,vf+1}a < n*/ (Uzzf/Jrl)a _ n

= >~ — a—3" (3)
0 )/ (vfy)” v/ (vl)” (o)

as v is the sum of previous gradient norms and is increasing. Regardless of the initial stepsize ratio
n®/nY, we expect the effective stepsize ratio to eventually drop below the desirable threshold for
convergence. On the other hand, the effective stepsizes for the primal and dual variables are also

upper bounded by decreasing sequences, 7"/ (Uerl)a and nY/ (vf H)ﬂ , respectively. Similar to
AdaGrad, such adaptive stepsizes will reduce to small enough, e.g., O(1/1), to ensure convergence.

To demonstrate the time-scale adaptivity of TiAda, we conducted experiments on the quadratic
minimax example (2) with L = 2. As shown in Figure 1(b), while the effective stepsize ratio
of AdaGrad stays unchanged for this particular function, TiAda progressively decreases the ratio.
According to Lemma 2.1 of Yang et al. [50], 1/x is the threshold where GDA starts to converge. We
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label the time period before reaching this threshold as Stage I, during which as shown in Figure 1(c),
the gradient norm for TiAda increases. However, as soon as it enters Stage II, i.e., when the ratio
drops below 1/k, TiAda converges fast to the stationary point. In contrast, since the stepsize ratio
of AdaGrad never reaches this threshold, the gradient norm keeps growing.

3. Theoretical Analysis of TiAda

In this section, we study the convergence of TiAda under NC-SC setting with both deterministic and
stochastic gradient oracles. We make the following assumptions to develop our convergence results.

Assumption 3.1 (smoothness) Function f(x,y) is l-smooth (I > 0) in both x and vy, that is, for
any ri,xo € R% and Y1,Y2 € Y, we have

max{||Vef(z1,y1) — Vaf(x2, y2)l; [Vyf(x1,y1) — Vyf(z2,y2) ||} < 1([|z1 — 22 + [[y1 — 92]]) -

Assumption 3.2 (strong-concavity in y) Function f(z,y) is p-strongly-concave (. > 0) in y,
that is, for any x € R™ and y1,y> € ), we have

H 2
Fla,yn) 2 f@,y2) +(Vy f(@,y2), 91 = y2) + Sllyr = w2l™
Assumption 3.3 (interior optimal point) For any x € R%, y* (z) is in the interior of ).

Remark 1 The last assumption ensures NV, f (x,y*(x)) = 0, which is important for AdaGrad-like
stepsizes. If the gradient about y is not 0 at y*(x), the stepsize will keep decreasing even near
the optimal point, leading to slow convergence. This assumption could be potentially alleviated by
using generalized AdaGrad stepsizes [3].

We aim to find a near stationary point for the minimax problem (1). Here, (z,y) is defined to
be an e stationary point if |V, f(z,y)|| < € and ||V, f(z,y)|| < € in the deterministic setting, or
E(|Vaf(z,y)|? < € and E||V, f(z,y)||* < €? in the stochastic setting, where the expectation is
taken over all the randomness in the algorithm. This stationarity notion can be easily translated to
the near-stationarity of the primal function ®(z) = maxycy(x,y) [51]. Under our analyses, TiAda
is able to achieve the optimal O (6_2) complexity in the deterministic setting and a near-optimal
O (e=(4+9)) sample complexity for any small § > 0 in the stochastic setting.

Firstly we assume to have access to the exact gradients of f(-,-), and therefore we can replace
Vo F (ze, y; &) and Vo F(zy, y; &) by Vi f (24, y¢) and Vy, f (x4, y¢) in Algorithm 1.

Theorem 2 (deterministic setting) Under Assumptions 3.1 to 3.3, Algorithm 1 with deterministic
gradient oracles satisfies that for any 0 < g < a < 1, after T iterations,

1 T-1 1 T-1 1
7 SN f )+ 3 LIVl < 0 (7).
t=0 t=0

This theorem implies that for any initial stepsizes, TiAda finds an e-stationary point within
O(e~2) iterations. Such complexity is comparable to that of nonadaptive methods, such as vanilla
GDA [35], and is optimal in the dependency of € [52]. Like NeAda [50], TiAda does not need any
prior knowledge about ;. and [/, but it improves over NeAda by removing the logarithmic term in the
complexity. Notably, we provide a unified analysis for a wide range of o and 3. while most existing
literature on only validates a specific choice, e.g., « = 1/2, for AdaGrad-like stepsizes [22, 48].

Now, we assume the access to a stochastic gradient oracle, that returns unbiased noisy gradients,
VoF(z,y;€) and V, F(z,y; ). Also, we make the following additional assumptions.
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Assumption 3.4 (stochastic gradients) For z € {x,y}, we have E¢ [V . F(z,y,&)] = V. f(z,y).
In addition, there exists a constant G such that ||V ,F(x,y,€)|| < G forany x € R® andy € Y.

Assumption 3.5 (bounded primal function value) There exists a constant @y, € R such that
for any x € R4, ®(x) is upper bounded by ® ..

Remark 3 Many works on adaptive algorithms have the two assumptions above [23, 29]. This
implies the domain of y is bounded, which is also assumed in the analyses of AdaGrad [28, 30].

Assumption 3.6 (second order Lipschitz continuity for y) For any z1,z5 € R% and y1,y €
Y, there exists constant L such that vayf(xl, Y1) — V%yf(xg, yg)H < L(||lx1 — @2l + |lya — v2l)
and ||V, f(z1,91) = Vi, f(x2,92) || < L (lz1 = 22 + yr — gel])-

Remark 4 Chen et al. [5] also impose this assumption to achieve the optimal O (6_4) complexity
for GDA with non-adaptive stepsizes for solving NC-SC minimax problems. Together with Assump-
tion 3.3, we can show that y*(-) is smooth. Nevertheless, without this assumption, Lin et al. [35]
only show a worse complexity of O (6_5) for GDA without large batchsize.

Theorem 5 (stochastic setting) Under Assumptions 3.1 to 3.6, Algorithm I with stochastic gradi-
ent oracles satisfies that for any 0 < 8 < a < 1, after T iterations,

T—-1 T-1
1 _ _ _ _
78 | D IVa/ Gl + LAV )l <O (127 47704 77 4 77).

TiAda can achieve the complexity arbitrarily close to the optimal sample complexity, O (6_4)
[31], by choosing « and [ arbitrarily close to 0.5. Specifically, TiAda achieves a complexity of
O (e=(+9) for any small § > 0if we seta = 0.5+ /(8 +26) and 8 = 0.5— 6/(8+2J). Notably,
this matches the complexity of NeAda with AdaGrad stepsizes for both variables [50].

Theorem 5 implies that TiAda is fully agnostic to problem parameters, e.g., i, [ and 0. Com-
pared with the only parameter-agnostic algorithm, NeAda, our algorithm has several advantages.
First, TiAda is a single-loop algorithm, while NeAda [50] needs increasing inner-loop steps and a
huge batchsize of order €2 (6*2) to achieve its best complexity. Second, our stationary guarantee
is for ||V, f(z,y)||* < €2, which is stronger than E||V,.f(x,y)|| < € guarantee in NeAda. Last
but not least, NeAda needs to know whether o = 0 as it uses different stopping criteria for the in-
ner loop in deterministic and stochastic settings. In comparison, TiAda achieves the (near) optimal
complexity in both settings with the same strategy.

4. Conclusion

In this work, we bring in adaptive stepsizes to nonconvex minimax problems in a parameter-agnostic
manner. We designed the first time-scale adaptive algorithm, TiAda, which progressively adjusts the
effective stepsize ratio and reaches the desired time-scale separation. TiAda is also noise adaptive
and does not require large batchsizes compared with the existing parameter-agnostic algorithm for
nonconvex minimax optimization. Furthermore, TiAda is able to achieve optimal and near-optimal
complexities respectively wtih deterministic and stochastic gradient oracles. We also empirically
showcased the advantages of TiAda over NeAda and GDA with adaptive stepsizes.
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Appendix A. Experiments

In this section, we first present extensions of TiAda that accommodate other adaptive schemes be-
sides AdaGrad and are more practical in deep models. Then we present empirical results of TiAda
and compare it with (i) simple combinations of GDA and adaptive stepsizes, which are commonly
used in practice, and (ii) NeAda with different adaptive mechanism [50]. For fair comparisons, we
use the same hyper-parameters when comparing our TiAda with other algorithms. Our experiments
include test functions proposed by Yang et al. [50], the NC-SC distributional robustness optimiza-
tion [47], and training the nonconvex-nonconcave Wasserstein GAN with gradient penalty [16]. We
believe that this not only validates our theoretical results but also shows the potential of our algo-
rithm in real-world scenarios. To show the strength of being parameter-agnostic of TiAda, in all
the experiments, we merely select « = 0.6 and 8 = 0.4 without further tuning those two hyper-
parameters. For notational simplicity, we will use the name of an existing adaptive algorithm to
refer to the simple combination of GDA and it, i.e., setting the stepsize of GDA to that adaptive
scheme separately for both x and y. For instance “AdaGrad” for minimax problems stands for the
algorithm that uses AdaGrad stepsizes separately for  and y in GDA.

A.1. Extensions to Other Adaptive Stepsizes and High-dimensional Models

Although we design TiAda upon AdaGrad-Norm, it is easy and intuitive to apply other adaptive
schemes like Adam and AMSGrad. To do so, for z € {z,y}, we replace the definition of g7 and
vf, 1 in line 3 and 4 of Algorithm 1 to

t

,L'_

G = G701 + (1= BEVaF(an i &), vi = ¥ <v<h {I19-F i)'} —o> |
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Table 1: Stepsize schemes fit in generalized TiAda. See also [50].

Algorithms first moment parameter 3;  second moment function ¢ (vo, {uZ}!_)
AdaGrad (TiAda) B, =0 vo + Yi_gu?

GDA By =0 1

Adam 0<pBe<1 Yy + (1 —7) 2220 A2

AMSGrad 0<pB<1 max,—o,...¢+ v oo + (1 — ) Sy y™ u?

where {37} is the momentum parameters and ) is the second moment function. Some common
stepsizes that fit in this generalized framework can be seen in Table 1. Since Adam is widely used
in many deep learning tasks, we also implement generalized TiAda with Adam stepsizes in our
experiments for real-world applications, and we label it “TiAda-Adam”.

Besides generalizing TiAda to accommodate different stepsize schemes, for high-dimensional
models, we also provide a coordinate-wise version of TiAda. Note that we cannot simply change
everything in Algorithm 1 to be coordinate-wise, because we use the gradients of y in the stepsize
of x and there are no corresponding relationships between the coordinates of x and y. Therefore
we use the global accumulated gradient norms to dynamically adjust the stepsize of . Denote the
second moment (analogous to v, ; in Algorithm 1) for the i-th coordinate of x at the ¢-th step as

v, 1, and globally v, := Ef;l Uyt 1, We also use similar notations for y. Then, the update for
the i-th parameter, i.e., x' and yi, can be written as

i oa ()" " _
xt+1 - xt maX{Uf+1aUzJ+1}a (’Uf.t,_Li)a v:[ﬂf(xt’ yt)
. . 1
Yir1 = Yi t ﬁvyif(xbyt)‘
t41,i

If we look at the effective stepsize of x in the above update scheme, when the overall gradients of y
are small (i.e., vi/ 11 < v, 1), meaning the inner maximization problem is well solved, then the first
factor becomes 1 and the effective stepsize of x is just the second factor, similar to the AdaGrad
updates. If the term v}, ; dominates over v, , the first factor would be smaller than 1, allowing to
slow down the update of x and waiting for a better approximation of y*(x).

Our results in the following subsections provide strong empirical evidence for the effectiveness
of these TiAda variants, and developing convergence guarantees for them would be an interesting
future work. We believe our proof techniques for TiAda, together with existing convergence results
for coordinate-wise AdaGrad and AMSGrad [6, 9, 54], can shed light on the theoretical analyses of
these variants.

A.2. Test Functions

Firstly, we examine TiAda on the quadratic function (2) that shows the non-convergence of simple
combinations of GDA and adaptive stepsizes [50]. Since our TiAda is based on AdaGrad, we
compare it with GDA with AdaGrad stepsize and NeAda-AdaGrad [50]. For Figure 1 and the first
row of Figure 2, we conduct experiments on problem (2) with L = 2. We use initial stepsize
1Y = 0.2 and initial point (1,0.01) for all runs. As shown in Figure 2, when the initial ratio is poor,

11
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Figure 2: Comparison of the algorithms on test functions. » = n*/n? is the initial stepsize ratio. In
the first row, we use the quadratic function (2) with L = 2 under deterministic gradient oracles. For
the second row, we test the methods on the McCormick function with noisy gradients.

TiAda and NeAda-AdaGrad always converge while AdaGrad diverges. NeAda also suffers from
slow convergence when the initial ratio is poor, e.g., 1 and 1/2 after 2000 iterations. In contrast,
TiAda automatically balances the stepsizes and converges fast under all ratios.

Ablation Study on Convergence Behavior with Different o and 3 We conduct more experi-
ments on the quadratic function to study the effect of hyper-parameters « and 5 on the convergence
behavior of TiAda. As discussed in Sections 1 and 2, we refer to the period before the stepsize ratio
reduce to the convergence threshold as Stage I, and the period after that as Stage II. In order to ac-
centuate the difference between these two stages, we pick a large initial stepsize ratio n*/n¥ = 20.
We compare 4 different pairs of @ and 8: a € {0.59,0.6,0.61,0.62} and 8 = 1— . From Figure 3,
we observed that as soon as TiAda enters Stage II, the norm of gradients start to drop. Moreover,
the closer v and S are to 0.5, the more time TiAda remains in Stage I, which confirms the intuitions
behind our analysis in Appendix C.3.

For the stochastic case, we follow Yang et al. [S0] and conduct experiments on the McCormick
function which is more complicated and 2-dimensional: f(x,y) = sin(x1+z2)+(x1—22)%— %xl +
%xg +14z1y1 +22y2 — %(y% + y%) We chose ¥ = (.01, and the noises added to the gradients are
from zero-mean Gaussian distribution with variance 0.01. TiAda consistently outperforms AdaGrad
and NeAda-AdaGrad as demonstrated in the second row of Figure 2 regardless of the initial ratio.
In this function, we also run an ablation study on the effect of our design that uses max-operator in
the update of z. We compare TiAda with and its variant without the max-operator, TiAda without
MAX (Algorithm 2 in Appendix C.4) whose effective stepsizes of z are %/ (vf, ;). According to
Figure 2(h), TiAda converges to smaller gradient norms under all configurations of « and S.

A.3. Distributional robustness optimization

In this subsection, we consider the distributional robustness optimization [47]. We target training
the model weights, the primal variable z, to be robust to the perturbations in the image inputs, the

12



TIADA: A TIME-SCALE ADAPTIVE ALGORITHM FOR NONCONVEX MINIMAX OPTIMIZATION

400
2.501 | — =059 350
a=0.6
— a=061 3001
1.00 @ =062 = 2501
. == i =1k =
P = 200
0.501 Z 1504
1001
0.251
50
0 10000 20000 30000 40000 50000 60000 0 10000 20000 30000 40000 50000 60000
#eradient calls #gradient calls
(a) effective stepsize ratio (b) convergence

Figure 3: Illustration of the effect of o and 8 on the two stages in TiAda’s time-scale adaptation
process. We set 5 = 1 — «. The dashed line on the right plot represents the first iteration when the
effective stepsize ratio is below 1/x.

dual variable y. The problem can be formulated as:

n

. 1 )
min max _— (2, y;) — il A
i _max 03 fiey) =yl @

where f; is the loss function of the i-th sample, v; is the ¢-th input image, and y; is the corresponding
perturbation. There are a total of n samples and 7 is a trade-off hyper-parameter between the original
loss and the penalty of the perturbations. If «y is large enough, the problem is NC-SC. We adapt code
from Lv [36], and used the same hyper-parameter setting as Sebbouh et al. [46], Sinha et al. [47],
i.e., v = 1.3. The model we used is a three layer convolutional neural network (CNN) with a final
fully-connected layer. For each layer, batch normalization and ELU activation are used. The width
of each layer is (32,64, 128,512). The setting is the same as Sinha et al. [47], Yang et al. [50].
We set the batchsize as 128, and for the Adam-like optimizers, including Adam, NeAda-Adam and
TiAda-Adam, we use 51 = 0.9, B2 = 0.999 for the first moment and second moment parameters.

We conduct the experiments on the MNIST dataset [27]. Since it is common in practice to up-
date y 15 times after each x update [47] for better generalization error, we implement AdaGrad using
both single and 15 iterations of inner loop (update of y). We use a grid of stepsize combinations to
evaluate TiAda and compare it with NeAda and GDA with corresponding adaptive stepsizes. For
AdaGrad-like algorithms, we use {0.1,0.05,0.01,0.0005} for both n* and ¥, and the results are re-
ported in Figure 4. In all cases, TiAda outperforms NeAda and AdaGrad, especially when n¥ = 0.1
or 0.05, the performance gap is large. For Adam-like algorithms, we use {0.001, 0.0005, 0.0001}
for »* and {0.1,0.05,0.005,0.001} for 1Y, and the results are shown in Figure 5. In this case, we
find that TiAda is not only faster, but also more stable comparing to Adam with single inner loop
iteration. We note that since Adam uses the reciprocal of the moving average of gradient norms, it is
extremely unstable when the gradients are small. Therefore, Adam-like algorithms often experience
instability when they are near stationary points.
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Figure 4: Gradient norms in = of AdaGrad-like algorithms on distributional robustness optimiza-
tion (4). We use ¢ in the legend to indicate the number of inner loops.

A.4. Generative Adversarial Networks

Another successful and popular application of minimax optimization is generative adversarial net-
works. In this task, a discriminator (or critic) is trained to distinguish whether an image is from
the dataset. At the same time, a generator is mutually trained to synthesize samples with the same
distribution as the training dataset so as to fool the discriminator. We use WGAN-GP loss [16],
which imposes the discriminator to be a 1-Lipschitz function, with CIFAR-10 dataset [26] in our
experiments. We use the code adapted from Green9 [15]. A four layer CNN and a four layer CNN
with transpose convolution layers are used respectively for the discriminator and generator. Fol-
lowing a similar setting as Daskalakis et al. [8], we set batchsize as 512, the dimension of latent
variable as 50 and the weight of gradient penalty term as 10~*. For the Adam-like optimizers, we
set 51 = 0.5, B2 = 0.9. To get the inception score [45], we feed the pre-trained inception network
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Figure 5: Gradient norms in x of Adam-like algorithms on distributional robustness optimiza-
tion (4). We use ¢ in the legend to indicate the number of inner loops.
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Figure 6: Inception score on WGAN-GP.
with 8000 synthesized samples. Since TiAda is a single-loop algorithm, for fair comparisons, we
also update the discriminator only once for each generator update in Adam.

In Figure 6, we plot the inception scores of TiAda-Adam and Adam under different initial
stepsizes. We use the same color for the same initial stepsizes, and different line styles to distinguish
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the two methods, i.e., solid lines for TiAda-Adam and dashed lines for Adam. For all the three initial
stepsizes we consider, TiAda-Adam achieves higher inception scores. Also, TiAda-Adam is more
robust to initial stepsize selection, as the gap between different solid lines at the end of training is
smaller than the dashed lines.

Appendix B. Helper Lemmas

Lemma 6 Let x1,...,z7 be a sequence of non-negative real numbers, x1 > 0and 0 < o < 1.
Then we have

Proof For the first inequality in the case 0 < o < 1, we have

T

a ZT—lxt d o
; Zk 1 v ; (Zk 1$k) B (Z?:H”t)a B <th> '

The second inequality in the case 0 < « < 1 is proved in Lemma 3 of [29]. For o = 1, it is proved
in Lemma 3.2 of Ward et al. [48]. |

Lemma 7 (smoothness of ®(-) and Lipschitzness of y*(-). Lemma 4.3 in Lin et al. [35]) Under
Assumptions 3.1 and 3.2, we have ®(-) is (I + kl)-smooth with V®(x) = V f(z,y*(x)), and y*(-)
is k-Lipschitz.

Lemma 8 (smoothness of Zi*() Lemma 2 in Chen et al. [S5]) Under Assumptions 3.1, 3.2 and 3.6,
we have for some constant L,

IVy* (21) — Vo' (a2)|| < L|jay — 2.

Appendix C. Proofs

In this section, we first show the proofs for theorems in Section 3 and then present an analysis for a
TiAda variant without the max-operator. N
For notational convenience in the proofs, we denote the stochastic gradient as V f (x, y;) and

f . Also denote v = y* S =1 _ &* =mi P
Vy f(zt,yt). Also denote y; = y*(x¢), e max {07, 01 ) >Vt (viyﬂ)ﬂ’ min, cge; P(2),
and A® = &, — P*. We use 1 as the indicator function.
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C.1. Proof of Theorem 2

We present a formal version of Theorem 2.

Theorem 9 (deterministic setting) Under Assumptions 3.1 to 3.3, Algorithm 1 with deterministic
gradient oracles satisfies that for any 0 < g < a < 1, after T iterations,

T-1
vaxf(xta y)||* < max {5C1,2Cs} ,
t=0

where

_2
. IAP\ Toa Apele(1—0)(1—logvg)/2 | T-a ) 9%l él
=8 + + a>1 + N
o < n” > e(1—a) (v7)2! 2ozt (1—2a> 2a<l

1 . = 1

cies\ o 2c1cqntell—e)(1-logug)/2 | 1= < crean® >a‘6
+ + Loywpr1+ | —%—— 1oa—p<1
( n* > ( e(1 — a) (vg)?*F~1 ohz 1—2a+4 =<
2A® + cics crean”® 2kle(1—2a+)(1-logvg) Lonot
ne (o) 2 12048 el - 204 8) (o)

CQZU(Q)C-F

1

2l s cs ()’ N7 |0 (%)
— 1 1o
+ (1—20) (vg)’B 2a<1> ((Ug)l_QaJrﬁ + 1— 20+ 3 2a—fB<1

<2A(I)+6165 8%[6(1_10gv3)/4 4clc4nxe(1—logvg)/4>
e (w)! yet e (v

Cs desor (7733)2 6(176)(1*1(% v§)/(4a)
()= e(1— ) (v

e (v
(]

1-8

771/%2
with A® = ®(z9) — O*, ¢ - ——ah czzmax{,ny(,u—}—l)},
n (vi) "

1 y
03—4(/H‘l)<2+ 7 )Cé/ﬁ, ca=(p+1)

Y
nyvo

G

Ccs = C3 +

In addition, denoting the above upper bound for 23;01 IV f (e, y:)||? as Cs, we have

1

T-1 1-2a+p -5
1+ log C3 — log v§
2 2 0 3
;ZOHVyf(th,yt)ll < (C5 +ca (%) < (o) 2P Laa-gz1+ 75 Blza—ﬁ<1 :

Proof Let us start from the smoothness of the primal function ®(-). By Theorem 7,
P(2111)
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where in the second to last inequality, we used the strong-concavity of f(x,-):

IVaf (e, ye) = VO(@) || < Ulye — yill < 5l Vyf (2, yo)ll-

< (@) = S IVaf o) + ki |V (@) +

Telescoping and rearranging the terms, we have

T—1
|V f (20, y2) ||°
t=0
T—1 _ T—1
< 2(®(z) — %) +2kl Z MV f (@ y)I” + — a7 Z Vel Vyf e,y
N t=0 nY (’Uto) =0
C1
T—1 ol T—1
=2A% + = Vaf (@ y)l® + e Z YV f (e, y0) ||
x )
t=0 Max {Ut+1» Ut+1} t=0
T-1 ol T-1
<2A9 + Z ﬁ!\vmf(xt,yt)llg +a Z Vel Vy f (w, yt)H2
t=0 Ut+1) t=0
1+ log v% — log v¥ p) 2 !
<2AP + 2kln” ( (gx;;al 5% . loa>1 + <1T)2a 1oger | + 1 Z Vel Vo f (e, 1) |12
o a t=0

)

We proceed to bound Y"1 " v¢ ||V, f (1, 1) || Let to be the first iteration such that (vf) +1)B >

Co 1= max{%,ny(u + l)} We have vfo < cé/ﬁ, and for ¢t > ¢,

Hyt+1 —yf+1H2

1
< @M =i P+ (14 1) o = i
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Y2
el
t+1

< (T+ ) (Iyt—y?H?Jr (yt—yZ‘,Vyf(xt,yt))>

ny
(Ut+1)ﬁ

(A)
1 * *
+ (1 + >\> Hyt+1 — Y HQ,
t

where A; > 0 will be determined later. For [-smooth and -strongly convex function g(x), according
to Theorem 2.1.12 in Nesterov [40], we have

pl 2 1 2
_ — > —_ _ — .
(Vg(z) = Vg(y),z —y) > MHH% yll” + MHIIVQ(:E) V)|l

Therefore,
Term (A)
Yl . V)2 oY
ga+m<0—’”b>n%—mﬁ+<8”w— ! )HWﬂ%%nﬂ.
(k+1) (”t+1) (Ut+1) (h+1) (”t+1)
Let \y = 0 p lﬁ . Note that \; > 0 after ¢o. Then
(:u'+l)('”t+1) 7277y,u'l
Term (A)
Yl . v)2 oIy
S(1—7“i>Hw—yml+ﬂ+A0< W) 2 )W@ﬂ@wMQ
(n+1) (vt+1) (1) (n+1) (Ut+1>
y)2 oY
gm—ﬁﬁ+a+m< LR )Wﬁmwm?
(”t+1) (k+1) (”t+1)
B)
As1-+ )X > 1and (vzﬂrl)ﬁ > nY(u + 1), we have term (B) < —ﬁ. Putting them back,
K Ut
we can get o

Hyt+1 *yf+1‘}2

*12 77y 1 * |2
<y =9 1° = —— =5 IVuf o) IP + (14 - ) lyia = wi
(1 +1) (vi41)
8
* ﬁy (:U’ + l) v %112
sww—%ﬁ—yﬂww@MmW+gﬂﬁ”Hwﬂ—%H
(b +1) (vf11) TH
8
) v (1 +Dr” (v
<y = i1 = ———— IV f (w0 + ygﬁﬂﬂ%ﬂ—mw
(e +1) (vi41) TH
B2
] " (b4 Dr= (/1)
= llye — i |* — B IVy f (2, ue)|* + y( ltH) (Ve f (e o) 1.

(b +1) (U?H)
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Then, by telescoping, we have

T-1 5

" (1 + D (v1) "o 2

———\v , < + A ’ '
tz;) (1 +1) (UtyH)B I yf(:nt Yt)| Hyto ytoH tZ;) ol |V f (e, ue)l

(6)

For the first term in the RHS, using Young’s inequality with 7 to be determined later, we have

Hyto - y:OHQ < QHyto - 9:0—1“2 + 2“2/:0 - 9:0—1“2
= 2||Py (Y01 + Y0-1 Vi (@101, ¥10-1)) = iy || + 2l — vy a|”
< QHyto 1+ Y- 1Vyf(Tto—1,Yto—1) — Yiy— 1”2 + 2”?/2} - Z/fo—lHQ
<4 (llsto-1 = o I” + 721190 (o1, 0 DIP) + 2l — i |

2 2 * * 2
< 2 Hvyf Tto—1y Yto— l)H ""71520_1Hvyf($t0_1,yto_l)H ) + 2Hyto — yt0—1H
4 1 * 2

= ? +’Yo Hvyf(xto 1, Ytp—1 ” —|—2Hyt0 ytoflu

1 » 9
<4 E + ’7 Uto + 2Hyto ytO—IH

1 1/8 2
S4<M2+ 5) + 2|y, — i, 1|

vto

1
= (2 " 5) S L

1% Uto

1 2
<45+ Pt 2650 Ve f (21, yro—1)|

p(or)?

20,y \B
0 g 26k (v )" 5 2
<4 +>c + 0 1 |IVaf(@to—1,Y10-1)]"
5 2 1 1 0 Y 0

(N (vfo)ﬁ (Ug)ﬁ ’

Combined with Equation (6), we have

T-1

nY
Z BHVyf(fUuyt)H

t=to (Uz%/+1)

<aurn (L4 T c1/5+(u+Z)< 2r° +(“+l)“2> TZ_I ()P 2V e f (e )
= )U/ Y o xT ty Yt .
ALY (v9) ol ) e VYT

-~

c3 ¢4

Yy
By adding terms from O to ¢ty — 1 and (77%% from both sides, we have
Yo

y T—

Z y

”0 =0 Ut+1)

B ”vyf Tt, yt)”
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T —
v
<c3+ +C4Z Ut+1 77tHva:f T, Yt)| Z ” BHVyf(xt’?/t)H
Uo t=0 =0 Ut+1)
<ecs+ y% +c4 Z (”i/ﬂ) W?\\me(ﬂftayt)H 0 + Z 5\|Vyf(90tayt)u
(Uo) =0 @)’ 5 (”t+1)
T— 1 Y
1—
< ) Vet G )l + g
0 t=0
1-8
vag — y \B 2 2 NYey
Set s ta Z (v 1) PV e f (e ye)||” + -3
(vg) t=0
vy nycﬂ — (vf1)"
o T T % ) IV )
(vp) t=0 maX{Ut—i-l’Ut—i-l}
Y 5P T-1
Y Ye 1
=c3+ ny% + 771 —2ﬂ +eq ()’ m”vxf(wt,yt)w
(Uo) t=0 (Uﬁl)
Cs
1 + log v — log v¥ v 1-2a+5
<ces+cey (77x)2< (o )2£ 1 O 19,0 g>1+ (1 )2 +5 2a—B<1
0

The LHS can be bounded by (U:yp) 1-8 by Theorem 6. Then we get two useful inequalities from
above:

1—2a+p8

_ 1+log v —1
S0 IV f @ y)* < e+ ea () <<> Laa- 5>1+”12a+5-12a—ﬁ<1)
0

= 1-2a+p8 -8

1+1 —1

U%S <C5+C4(77I)2 (W 1o, 6>1+(1)T+6 12a_5<1>> .
0

(N

Now bring it back to Equation (5), we get

-1
Zm”vxf(ﬂ?t,?/t)nz

t=0
1 + log v% — log v¥ pz) 72
< 2AP + 2kin” & g — 8% Log>1 + % “laa<1
(’Ug) o 1 -2«
1+ log v% — log v (v} )i=2o+h
2 T 0
+cie5 + creq () < (vo)ga -1 “log—p>1 + m 2a—p<1

For the LHS, we have

T-1 T-1 e
2 2
Nl Ve f (e, ye)l|” = [V f (e, yr)|
tz; tz% max{vfﬂ,vfﬂ}a
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.Z‘

> —} LA

max {'UT, vy

From here, by combining two inequalites above and noting that ZtT;(f IV f (e, y) I < vd, we

can already conclude that Z UIVaf (2, y0)||> = O(1). Now we will provide an explicit bound.
We consider two cases:

(1) If v¥ < v¥, then

T—-1
S IV (@)
t=0

20 (v§)® (vF)* (1 + log vf. — log vf) (vg)'
< ———— + 2kl (Ug)ga,1 “log>1 + 1_9a loa<i
1—a+8
cies (V) o [ (WER)* (1 +log v¥ — logvd) (v%)
_ -1 —4 .1
+ " +crcan (UO)Qa_ﬁ_l 20—B>1 T l—2a+p8 ‘2 B<1
2A® (vf)" (v5)* (§) 2" (w§)" (1 -+ logf — log uf) (vg)'
= ———— +2xl o “log>1 + 190 1oa<1
(v§) -
x|\ T R NG 141 z ] x l—a+pB
LA (v1) 4 ereun® (v7)® (vp) 2 (v7) = (1 +logof — logup) 1 " (v7)
v a— 1€C47 (vg)za_’g_l 20-p21 T T _ 503" Iy 20—p<1
1+«

IAD (v 92e(1—a)(1-logvg)/2 (x5 z\1—a
< 282 (v)” +onl [ = QE)_Tl) “1oa>1 + G/ loa<t
e(l —a)(vj) 120

—a)(1-logv¥ Lo 1—a+8
c1c5 (vf)® 2e(1 =) (17108 v5)/2 (47) 2 (v7)
+ + -1 + clog—
n* acur < e(l —a) (U(a)c)zaiﬁil et —2a+p o<t

®)

where we used z7™(c + logz) < = forz > 0, m > 0 and ¢ € R in the last inequality. Also, if

0 < o < 1 and b; are positive constants, and < Y 1" | bz, thenwe getx < n) ., 1/(1 o),
Now consider v7 as the x in the previous statement, and note that the LHS of Equatlon (8) equals
to v — vg. Then we can get

) 2 1

2AD\ T-a 4le(t—a)(1-loguvg)/2 | 1= 261\ @
z<50%+5 5 1 ’ !
vl < 5 + < = ) - <e(1—a)(v0)2“ i 2021+ (1—2a> st

= 9 z (1—a)(1—log v¥)/2 pe =7

cic5 \ 1—« cieqmre c1eq4m a—
+5 +5 - 1on_ +5 —mm -1gq— .
(nm > ( e(1—a) ()7 ) e <1—2a+ﬂ> B

©))

Note that the RHS is a constant and also an upper bound for Zfz})l IV f (6, )|
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2 If v:yp < v7, then we can use the upper bound for vr_zﬁ from Equation (7). We now discuss two
cases:

1. 2a < 1+ B. Then we have

T-1

> IV f (@)
=0

2AP —|— ciCs 1 + log v¥. — log v (v%)lfza creqn”® (v )1 20+5
" 12kl 5T “log>1 + ———— log<1 | +
(vE)** 1-2a 1—2a+ 0

’UT)172a+ﬁ -3
1 20+ B

S (
< ( 2AD 4+ cic5 okl < 1+ log v} — log v
n* (

C1647
1 e | _ Aty
)im2ets B (o) D 00) (1) 2““) 120+ B)

ca (n")? )M ' (U%)1—2a+6+7“‘2"”””

)= 2a+5 1-2a+4 "

crean”®

(1 _2a+6)( )2(1 1° 120&21 + (1 —20[) (Ug)ﬁ : 12a<1> + 1 —20[—'—,8)

IAD +6105 e(l—?a—i—,@)(l—logvg) 1
1 o an1—2a48

. 64(7793)2 W'(U )1 2a+B+%
<v0>1 A ’

Note that since @ > 3, we have

(1-2a+p)a  (1-ao) a(f —a)
a+ [+ -5 = T1o3 + o + 1_ 54

Therefore, with the same reasoning as Equation (9),

T—1

S IVef @ y)ll” < v

t=0

2AD + cic5 010477x 2/@'[@(1_20‘4'/3)(1_10%”3) 2kl
< 2 1—2a+7 Sa—1 12a>1 + T o N a8 : 12a<1
e () 2P T T=20+ 8 o1 20+ B) (vf) = (1= 20) (o)

< C5 + C4 (7795)2 1-8 17(172a+/@)(1+ﬁ) © o
g
(,Ug;)l—2a+ﬂ 1 _ 20& + B

which gives us constant RHS.

2. 2a > 1 + B. Then we have

T-1

S IVaf (@)l
t=0
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< 2AP + 0105 2kl (1 4+ logv]. —logvf)  crcan®™ (1 + log v — log v§)
(vg)* (vg)** 7
1 + log v} — log v{}) d
(UO)Qa £s—1
<2A<IJ + 0105 2kl (1 +logvf —logvy) — crean® (1 4 log v — logvg))
1/4 - 1/4 5 1/4
e (5)" (0§ (v5)" (0§)* 7 (o)
)2 x x ﬁ
4(77 ) (1 + log v — log vy) 211/2
20— B1 [ER) - (v7)
(vg (v5) (vf) *=
< 2AD + 6165 8rle1-logvg)/4 4clc4n$e(1_log”g)/4
1/4 e (,Ug)Qafl e (UQOU)Zoz—ﬁ—l
. =
4c4a (nw)Z e(1=B)(1-log v¥)/(4cx) ' (U%)I/Q’

“ " e(l = B) (wg)** !

which implies

T—-1
STIVaf @ y)l® < of
t=0

<9 2AD + cre5  8kle108v)/4 4eyeqnTel-logvg)/4
= ,'737 (,Ug)l/4 e (vg)za—l e ('Ug)Qa_B_l
Cs dega (n7)? e-A)(1-logv)/(ae) \ TTYE
a=8) 1 2a—f—1 + 2’00.
(vg) ™ e(1—B) (v§)

Now we also get only a constant on the RHS.

Summarizing all the cases, we finish the proof.

|
C.2. Intermediate Lemmas for Theorem 5
Lemma 10 Under the same setting as Theorem 5, if for t = tg to t1 — 1 and any Ay > 0, Sy,
| yer1 — yt+1“ (14 M) lyers — w7 112 + S,
then we have
« ] « (1= 12 1 A
E tz;o (f (e, 97) — f(xtayt))] <E L%l < 2, lye =y ll” — 29 (1 + \y) Hyt—H - yt+1” >]

t1—1

Sy
LE(S
;;) 27 (1 + Ae)

%Hvyf(xhyt)’r

t—
+E Z
=10
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Proof Letting \; := ’Ty 7, we have
2(vi41)

Hyt+1 —yt*+1H2
< (4 M)y — ?JZ‘H2 + St

~ 2
=1+ /\t)HPy (yt + %Vyf(xt,yt)) -y ) + 5

_ 2
<(1+ )\t)Hyt + Y Vyf(xe,ye) — yf” + S

- 2 -
= (1+X) (Hyt =4I+ 2|V e )|+ 20V Flan ), w1 - y:>) + 5,
=(1+XN) <Hyt —yr |+ 7t2Hvyf(xta yt)H2 + 2’Yt<vyf(33t,yt)7yt - yZ‘>

+yellye — vi 12 = venllye — y?\IQ) + 5

By multiplying m and rearranging the terms, we can get

2<Vyf(xt,yt),y2‘ —~ yt> — ullye — i |?
I —yp

2
al

< Hyt — Y

1 9 ~ 2 Sy
- —y; + HV , H +—
Y (1 + At) Hyt“ s H | Vo (@ ) Y (1 + At)

By telescoping from ¢ = ¢ to ¢ — 1, we have

t1—1

2 <<vyf(xt’yt)’yf - ?Jt> - %Ilyt - yt*IIQ)

t=to

t1—1 t1—1

L —yp .2 1 . 2> Yo 7 2

< g — - 1— +E *HV Tt, H
t=to+1 < 2y lye = wil 27 (14 A) s = via t—to 2 o)

t1—1 S
t
T N
—to 2775(1 + At)
Now we take the expectation and get
[t1—1

E(LHS] > E | Y By [((Vyf@n v —u) - Slw - y:||2)}]

Lt=to

[t1—1
=E|>. (<Vyf(xt,yt),y2‘ —yr) — %Ilyt - yZ‘IIQ)]

Li=to

rty—1
> E Z (f(ze,y7) — f(JUt,yt))] ;

Lt=to

where we used strong-concavity in the last inequality.
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Lemma 11 Under the same setting as Theorem 5, ifvffJrl < Cfort=0,...,to — 1, then we have

to—1
E [Z (F () — fm,yt))]

t=0
to—1 1 o 1
<E " e Y e 2) LR Hv o, H
- LZ% ( T e =9 = S e = v G
K2 (/myCﬁ+2CQfB) (n*)? 1+ log vy — logug 1 N (v, )1 2a 1
2M (ny)Q (US)Qa_l a>0.5 1— 2a a<0.5
Proof By Young’s inequality, we have
*12 1 %12
Hyt+1 yt+1H I+ M)y — v lI” + 1+ Hyt+1 ytH .
Then letting \; = 4* and by Theorem 10, we have
to—1
E Y (o y) - f(xtvyt»]
t=0
to—1 1 Vel 1 )
<E )t 2 | — * >
tz:; ( 2 lye — yill” — 77 2+ 1) Hyt+ yt+1”
0o—1 to—1 1+l)
Vi = 2 ( e 2
YD o ) Y ) ) WP
Z B) yf (T, yt) ; %(24_M%)Hyt+1 ytH

‘We now remain to bound the last term:

)
E N ="/ * _ *
— V(2 + pve) vt =i H

to—1 (1 + l)
<E Z i\\yé‘ﬂ - kaHQ

= 2y

[to—1 y Yy B Yy 28
un? (v + 2 (v . .
=E Z ( t+;L (ny)Q( t+1) Hyt+1 "y, H2]
L t=0
/myC’B +2C B e
W Z Hyt+1 Yt H
By Theorem 7 we have
to—1 to—1

ZH?J?H - yZ‘H2 < K2 ZH%H — x|
t=0 =0
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to—1

= ’{2 Z un Hvzf l'tayt)H
to—1 1

= r? (n")? —
t=0 maX{”t+17”t+1}
to—1

S’i2( m)QZ(
to—1

QOCHV;cf azt,yt)H2
< K? (7796)2 <(v6”()]2a + ; (Ufjl)za sz(xt,yt)’r)

1-2a
1+ logvf — logvf Vi
< K’ (7736)2 < (’l}x;%a_l <. la>05 + (1_)2 “la<os
0

- 2
Vo f(zt, yt)”

where we applied Theorem 6 in the last inequality. Bringing back this result, we finish the proof.
|

Lemma 12 Under the same setting as Theorem 5, if tq is the first iteration such that vfo 41 >C,
then we have

T—

Z $t7yt (Uﬁmyt))]
'Ytﬂ * (|2 1 * 2
Z ( \ t—ytH —7)“311%1—%4-1“ >

- V(2 + pye
722 n® 2 22
4 (:‘QQ + LG ()2a) 5) 2( (77 ) ; a_ﬁE |:(’U%*)1_OC1|

pp (g 1 —a)n¥ (vg)
Lo\ 4n®G? or
" (u i (v8)6> w0

9 o\ 2 T—1
R0 o [
Proof By the Lipschitzness of y*(+) as in Theorem 7, we have

+E

Z f;tHVyJ?(ZL‘t,yt)’r]

2
(g (2025 D IVaf (@)l

t=to

2 2 2
Hyt+1 - y:+1|’ = |lyerr —y |I° + Hyf - y:+1H + 2<Z/t+1 — YL Y — yf+1>
< lyer1 — ny + K2 Un Hvxf Tty Yt H +2 yt+1 Ui Yr — yt+1>
< lgess = 65 1P + w20 |V Pl )| =2 (ess = 9)T 99" @) (wa = )
©

+2 Wi — u) (U — v + VY (30) (@041 — ) -
(D)

For Term (C), by the Cauchy-Schwarz and Lipschitzness of y*(-),
=2 (g1 —4)" V' (20) (41 — 22)
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=20 (ye1 — )" VY (@) Vaf (26 y0) + 20 (Y1 — y7)" V™ (20) (fo(wt, yt) — Vaf (@, yt))
< 2mlyers — i NIV @OV (e, yo)ll + 20 (et = )T V(@) (Vi f @) = Vif (1) )

< 2llyes1 — vl Vaf @, ye) | + 20 (yerr — )T Vo™ (24) (V:cf(l“ty yt) — Vaf (e, yt))
K27

< ellyerr — yi P + Ve f (@ ye) 1>+ 200 (yerr — v7)T Vy* (2) (V:cf(mt, yt) — Vaf(zy, yt)) ;

where we used Young’s inequality in the last step and A; > 0 will be determined later.
For Term (D), according to Cauchy-Schwarz and the smoothness of y*(-) as shown in Theo-
rem 8,

2 (yer1 —y)" (0 — Yo + VY (20) (21 — 21))
<2lyerr — v lll|vr — vier + Vy* (@) (me1 — 21)|
< 2yt — il 5l — el
= 2 llyenr — i | VTG, w0)|
< Lo llyers = vi G- || VP

< 7'LG2 2
- 2

* -/L\772 ry 2
Ullyerr — wi|® + T;Hfo(Hfuyt)H ,

where in the last step we used Young’s inequality and 7 > 0.
Therefore, in total, we have

2 TEGZHQ B L 2
lyee1 — vl < (1 + A+ Tt Iy — yi|I” + | w2 + un Hvzf wt,yt)H

K nt ||fo($t,yt)|| + 20 (Y1 — 7)) Vy* () (v:cf(xhyt) - fo(xt,yt)) :

Note that we can upper bound 7; by

n* n* n*
n = S S )
max{vfﬂ,vfﬂ}a (U}t/+1)a (vg)*
and . - -
n n n

nt S Yy 6% — o— ﬁ ,8 S _ﬂ B )
(vfs1) (v741) (vf41) (§)* " (v¥4a)
which, plugged into the previous result, implies

/\

* 2 TLG2 (77 ) * 12
lverr — v < <1+>\t+2(v P (ol ) e — i 17 + | &2+

2.9
K
n Un

2
) Un Hva:f xtﬂt)”

192 £ ey + 200 (v = 5) V' (@) (Vo) = Vad (0esm)) -
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2a—f

W, and get

_ Y (vf)

Yy
Now we choose \; = ’“;”

Vit1

5 and T

H?/t+1 —yf+1H2

Y . 122 7 2 ~ 2
< <1+»yﬂ>Hw+1—ytﬁﬁ-<ﬁ2+gfagg || Ve wn)|
2 (v/11) Hn’ (vg)
4r? (Ur%ﬂ)ﬁ :

+ e @yl + 2 (s = 5) VY @) (Vo @) = Vol (@)

pnY

Then Theorem 10 gives us

T—1
E j{:(szn,yf)-f(zmgh))]
t=to
T—1 1—’th 1 ) 1 rYt ) ;
o1 S o —siall)| 42 |3 ]
t=zto< o =il 7t(2+ﬂ’7t)Hyt+1 Y ; 9 yf (T, 1)
rT—1 R
FE]Y ﬁ+—4444,nwVf%ﬂw
_,;) (2 + pye) < Y (Ug)%z—ﬁ t x (
(E)
T—1 2/ y B 9
Ar (vt 1) Up 9
B A Vaf(xe,y
; %(2+/wt),m;y” (e, 1)
F)
-1 o
I/ T * ~ B
i ; @t ) Y 8 VYT (meo:t,yt) vzfm,yt))]

Now we proceed to bound each term.

Term (E)
T22 (, 2\2
Term (E) < <m2+ - @35)
pnY (vg)
T22 (, x\2
= <m2 LG y(za)ﬁ> E
pnY (vg)
T22 (, x\2
S (FJZ L G y(772a)—,3> E
pnY (vg)
T2,2 [, x\2
- (Hz ele <772a>_5)E
pnY (vg)

(&)

-1 172 _ 9
E | || VaFw )|
_;) 2y v

rr—1 2 B
(n") (7}3-1-1)
2
Li—t, 27Y max {Uf+1v v?—i—l} “
-1 Yy

(7733)2 (vt-i—l) o

Li=to 27Y (U%JH)ﬁ (U%’H)a_ﬁ (Uﬁrl)a

rT—1 12
Z (n")

Li—to 21Y (Ug)a_ﬁ (Uf+1)a
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1

1

(”fﬂ)a

~ 2
fo(l’nyt)H )]

T22 [, x\2 )2 T T
< (w2 L*G (Zalﬁ . (n )(H} ZoaJr
pnY (vf) 2nY (v§) (vg)™ 1

< (w2 s LGP ) 0 gl
>~ ( + /ﬂ]y (’Ug)206_/3 2(1 . a)ny (Ué/)a—ﬁ [( T)

i ng

T
Q
—

where we used Theorem 6 in the last step.

Term (F)

Term (F) < E

T—146 2/ 9y \B 2
2k% (v in
S j—( t“y) Ve f (e, o) I
i—to T

o ”
== S5E|) o IV (e, )
1 (n¥) [ max{vt+1,vt+1}

2k2 (nT)? [T=1 (Y 2
S%E Z%“Vrf($tayt)‘2
)™ = (vf)

2 r\2 B T—1
<) g 1 ]

2
2 20—2 E :||fo(1‘t,yt)||
M(Uy) _(vaH) 6t:t0
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Since y*(-) is k-Lipschitz as in Theorem 7, |m;| can be upper bounded as

Term (G) For simplicity, denote m; := ﬁ (e — yi)" Vy* () (ij?(iﬂt, yt) — Vaf(z, yt))
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Also note that y; and y;11 does not depend on &7, so E¢z [m:] = 0. Next, we look at Term (G).

rT—1
Term (G) = E Z Ny
Lt=to
I T—1 T—1
= E | neomiy + Z Me—11me + Z (e —nt—l)mt]
L t=to+1 t=to+1
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<E| M
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(1 nY 4k G? Y
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Summarizing all the results, we finish the proof.

Lemma 13 Under the same setting as Theorem 5, we have

T—1
1 —yp *(|2 1 * 2)
E g - e —— —
[ < 27 lye — vl 7<2+M’Yt)Hyt+1 yt+1H ]

t=0

_op’e (26G)77 G2
2uPnY 4T () TR (g 0)2—25‘
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=1 4 (vf)” + 2uny
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()

For Term (H),we will bound it using the same strategy as in [50]. The general idea is to show that
y \B _ ¥ _ ,)\B
(v41) 7 — ()

iteration ¢, then we have

is positive for only a constant number of times. If the term is positive at

8 g un?
O<(’U%/+1) —(U%) —T
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- (v}{ + “Vyf(xtayt)"2>ﬁ - () - MTny

~ 2\ B
Hvyf(xnyt)H
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= @})’ () -5~

y\B ﬁHvyf(:Ut’yt)Hz N

< ()" |1+ WY = (vf) Ty
t

5“Vyf$t7yt)‘)2 LY
w2

10)

where in the last inequality we used Bernoulli’s inequality. By rearranging the terms, we have the
two following conditions

Hvyf T, Yt) H > ‘”’ (Ut)l—ﬂ > un (vg)l—ﬁ

28
1- 2 G
(vf) < 57'?; yf(xtayt)H <2

This indicates that at each time the term is positive, the gradient norm must be large enough and the
accumulated gradient norm, i.e., v}, ;, must be small enough. Therefore, we can have at most

1
(w) -8
Amnt)
Y 1-3
uﬂa (v5)
constant number of iterations when the term is positive. When the term is positive, it is also upper
bounded by using the result from Equation (10):

~ 2
\Y f(xt yt)
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which is a constant. In total, Term (H) is bounded by

27 ()7 6“< 5y
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Bringing it back, we get the desired result.

Lemma 14 Under the same setting as Theorem 5, for any constant C, we have
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Proof By Theorem 11 and Theorem 12, we have for any constant C,
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The first term can be bounded by Theorem 13. For the second term, we have
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T—
<fe| s Ll

t=0 Ut+1
2(1”_ FE @07,

where the last inequality follows from Theorem 6. Then the proof is completed. |

<

C.3. Proof of Theorem 5

We present a formal version of Theorem 5.

Theorem 15 (stochastic setting) Under Assumptions 3.1 to 3.6, Algorithm 1 with stochastic gra-
dient oracles satisfies that for any 0 < 8 < a < 1, after T iterations,
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Proof By smoothness of the primal function, we have
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P(2p41) — O(ze) < —77t<vq)(33t)7 Vo f(zt, yt)> + lﬁn?Hfo(xt,yt)H .

34



TIADA: A TIME-SCALE ADAPTIVE ALGORITHM FOR NONCONVEX MINIMAX OPTIMIZATION

By multiplying i on both sides and taking the expectation w.r.t. the noise of current iteration, we
have

E P(zp41) — q)(f’?t)]

Nt N 5
< —(V®(x4), Vo f(zr,y0)) + IKE [”tHVfcf("“’“yt)H ]

= o)+ (T ) = V(a0) V) + 068 | VT
2 1 2 1 2 ry 2
< Vet ey + 5 IVaf @1 0) = V@) > + 51V (@, yo) I + I6E [mvafm,yt)H }

1 2 1 2 ~ 2
= —5 IVaf @y I + 51V f (@) = VO(a)|]* + I6E [mvaﬂxt,yt)H }

Summing over ¢ = 0 to T" — 1, rearranging and taking total expectation, we get
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Term (K) According to the smoothness of f(x, ), we have

T—1 T—1
E ZHV:Bf(xtvyt) V(D(xt || ] < l2 ZHyt Y || < 2lkE [Z xtvyt (xtayt)) 3
t=0 t=0

where the last inequality follows the strong-concavity of y. Now we let
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and apply Theorem 14, in total, we have
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It remains to bound (v7)™ for z € {x,y} and m > 0:
(i)™ < (TG*)"

Bringing it back, we conclude our proof.

C.4. TiAda without Accessing Opponent’s Gradients

The effective stepsize of x requires the knowledge of gradients of y, i.e., v} +1- At the end of
Section 3, we discussed the situation when such information is not available. Now we formally
introduce the algorithm and present the convergence result.

Theorem 16 (stochastic) Under Assumptions 3.1, 3.2, 3.4 and 3.5, Algorithm 2 with stochastic
gradient oracles satisfies that for any 0 < f < a < 1, after T iterations,

111
T vaxf(l“t,yt)HQ]
t=0
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Algorithm 2 TiAda without MAX

1: Input: (29,y0), v§ > 0,v§ > 0,7 > 0,7 >0,a>0,8>0and @ > §.

2: fort=0,1,2,...do
3. sampleii.d. & and £/, and let gF
4:

5: Ti41 = Tt — ( -
Vi1

= V. F (21, &F) and g} =
2 2
vf = vf + |lgf " and vf ;= vf 4 [|g7 ||

w)agt and Y441 = Py <yt + (of

va(xtayt;gz%/)

>ﬂgt>

t+1

6: end for
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e e (vg)2 L1128 05 T TRaag " Ta<0s |-

Remark 17 The best rate achievable is (’N) (6_6

) by choosing o = 1/2 and 3 = 1/3.

Proof Theorems 10 and 13 can be directly used here because they do not have or expand the
effective stepsize of x, i.e., 7:. This is also the case for the beginning part of Appendix C.3, the

proof of Theorem 5, up to Equation (11).

However, we need to bound Terms (I), (J) and (K) in

Equation (11) differently. According to our assumption on bounded stochastic gradients, we know
that v, and v, are both upper bounded by T' G?, which we will use throughout the proof.
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T-1
O(x
I P@i) |  op
t=0 It
< 2E
=2E

r T-1
P o 1 1
2 S (1 38)
| o nr-1 —1 M -1
r T-1
P P> 1 1
maE + Z (I)max < - )
| "o nr-1 i e -1
[ Ad AD 2ADG2T™
} P [ @g;)a} < 2a0GTTe
|71 nv n*

37



TIADA: A TIME-SCALE ADAPTIVE ALGORITHM FOR NONCONVEX MINIMAX OPTIMIZATION

Term (J)
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Term (K) According to the smoothness and strong-concavity of f(xy, -), we have
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To bound the RHS, we use Young’s inequality and have
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Then applying Theorem 10 with \; = ﬂ gives us
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where the first term is O (1) according to Theorem 13. The other two terms can be bounded as

follow.

Term (L)
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where we used the the Lipschitzness of y*(-) in the third inequality.
Summarizing all the terms, we finish the proof.
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