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Abstract

Recent studies have shown that many nonconvex machine learning problems satisfy a
generalized-smooth condition that extends beyond traditional smooth nonconvex optimiza-
tion. However, the existing algorithms are not fully adapted to such generalized-smooth
nonconvex geometry and encounter significant technical limitations on their convergence
analysis. In this work, we first analyze the convergence of adaptively normalized gradi-
ent descent under function geometries characterized by generalized-smoothness and gen-
eralized Pt condition, revealing the advantage of adaptive gradient normalization. Our
results provide theoretical insights into adaptive normalization across various scenarios. For
stochastic generalized-smooth nonconvex optimization, we propose Independent-Adaptively
Normalized Stochastic Gradient Descent algorithm, which leverages adaptive gradient
normalization, independent sampling, and gradient clipping to achieve an O(e~*) sam-
ple complexity under relaxed noise assumptions. Experimenté{ﬂ on large-scale nonconvex
generalized-smooth problems demonstrate the fast convergence of our algorithm.

1 Introduction

In modern machine learning, the convergence of gradient-based optimization algorithms has been well studied
in the standard smooth nonconvex setting. However, it has been shown recently that the standard L-

1Code available at |github.com/ynyang94/Gensmooth-IAN-SGD
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smoothness fails to hold in many nonconvex machine learning problems, including distributionally-robust
optimization(DRO) (Levy et all, [2020; [Jin et al.| [2021), meta-learning (Nichol et al 2018 |Chayti & Jaggil
2024) and language models (Liu et al.| [2023; |Zhang et al.| [2019). Instead, these problems were shown to
satisfy a so-called generalized-smooth condition (Zhang et al.|[2019)), in which the smoothness parameter can
scale with the gradient norm in the optimization process.

In the existing literature, various works have proposed different algorithms for solving generalized-smooth
nonconvex optimization problems. Specifically, |Li et al| (2024)); |Zhang et al.| (2019); |Chen et al| (2023);
Gorbunov et al.| (2024); [Vankov et al.|(2024b)); Reisizadeh et al.| (2023) have demonstrated that deterministic
first-order algorithms such as gradient descent, normalized gradient descent and clipped gradient descent
can achieve O(e~2) iteration complexity under mild assumptions. These complexity results match the lower
bound obtained by classical first-order methods (Arjevani et al., [2023)). In particular, |Chen et al.| (2023)
empirically demonstrated that proper usage of adaptive gradient normalization can substantially accelerate
convergence. However, the formal theoretical justification and understanding of adaptive gradient normal-
ization is still lacking for first-order algorithms in generalized-smooth optimization.

On the other hand, some other works, including|Li et al.| (2024); Zhang et al.| (2019; [2020a)) studied first-order
stochastic algorithms in generalized-smooth nonconvex optimization. Specifically, one line of works (Li et al.|
2024) focused on the classic stochastic gradient descent (SGD) algorithm (Ghadimi & Lanl [2013). However,
in generalized-smooth setting, the convergence analysis of SGD either relies on adopting very large batch
size or involves large constants (Li et al.l 2024]). These theoretical bottlenecks may be a key factor limiting
the practical performance of SGD. Empirical observations from (Chen et al.| (2023 indicate that SGD often
converges slowly due to ill-conditioned smoothness parameters when the gradient norm is large. Another line
of works (Zhang et al.l [2019; 2020a; Reisizadeh et al., [2023; Koloskova et al., [2023)) focused on clipped SGD,
which leverages gradient normalization and clipping to handle the generalized-smooth geometry. Although
clipped SGD has demonstrated superior performance in solving large-scale problems, the existing theoretical
analysis has several limitations. First, to establish convergence guarantees in the stochastic setting, existing
studies often rely on strong assumptions, such as the stochastic approximation error being almost surely
bounded or the use of extremely large batch sizes. Second, the existing designs of clipped SGD adopt the
standard stochastic gradient normalization scheme, which is not fully adapted to the function geometry
characterized by the generalized-smooth condition.

Having observed the algorithmic and theoretical limitations discussed above, we aim to advance the algorithm
design and analysis for generalized-smooth optimization through investigating the following two fundamental
and complementary questions.

e Q1: In deterministic generalized-smooth optimization, how does adaptive gradient normalization affect
the convergence rate of first-order algorithm, e.g., under Polyak-Lojasiewicz type conditions?

e Q2: In stochastic generalized-smooth optimization, can we design a novel algorithm that gquarantees con-
vergence under relaxzed noise assumptions while relying on only a small number of samples for computing
each stochastic gradient?

In this work, we provide comprehensive answers to both questions by developing new algorithms and conver-
gence analysis in generalized-smooth nonconvex optimization. We summarize our contributions as follows.

1.1 Our Contributions

To understand the advantage of using adaptive gradient normalization, we first study the convergence rate of
adaptive normalized gradient descent (AN-GD) in deterministic generalized-smooth optimization under the
generalized Polyak-Lojasiewicz (PL) condition over a broad spectrum of gradient normalization parameters.
Our results reveal the interplay among learning rate, gradient normalization parameter and function geometry
parameter, and characterize their impact on the type of convergence rate. In particular, our results reveal
the advantage of using adaptive gradient normalization and provide theoretical guidance on choosing proper
gradient normalization parameter to improve convergence rate.
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We further propose a novel Independent-Adaptively Normalized Stochastic Gradient Descent (IAN-SGD) al-
gorithm tailored for stochastic generalized-smooth nonconvex optimization. Specifically, IAN-SGD leverages
normalized gradient updates with independent sampling and gradient clipping to reduce bias and enhance
algorithm stability. Consequently, we are able to establish convergence of IAN-SGD with O(e~*) sample
complexity under a relaxed assumption on the approximation error of stochastic gradient and constant-level
batch size. This makes the algorithm well-suited for solving large-scale problems.

We compare the numerical performance of our TAN-SGD algorithm with other state-of-the-art stochastic
algorithms in applications of nonconvex phase retrieval, distributionally-robust optimization and training
deep neural networks, all of which are generalized-smooth nonconvex problems. Our results demonstrate the
efficiency of IAN-SGD in solving generalized-smooth nonconvex problems.

2 Related Work

Generalized-Smoothness. The concept of generalized-smoothness was first introduced by [Zhang et al.
(2019) with the (Lo, L1)-smooth condition, which allows a function to either have an affine-bounded Hessian
norm or be locally L-smooth within a specific region. This definition was extended by|Chen et al.| (2023]), who
proposed the £, .. (a) and L, ,, («) conditions, controlling gradient changes globally with both a constant
term and a gradient-dependent term associated with power «, thus applying more broadly. Later, |Li et al.
(2024)) introduced ¢-smoothness, which use a non-decreasing sub-quadratic polynomial to control gradient
differences. |Mishkin et al.| (2024)) proposed directional smoothness, which preserves L-smoothness along

specific directions.

Algorithms for Generalized-Smooth Optimization. Motivated by achieving comparable lower bounds
presented in |Arjevani et al.| (2023) under standard assumptions, algorithms for solving generalized-smooth
problems can be categorized into two main series. The first series focuses on gradient descent methods with
constant learning rate. [Li et al.| (2024) proved that GD, SGD converge with O(e=2) and O(e~*) complexity
under generalized-smoothness. To ensure convergence, |Li et al.| (2024) adopted assumptions such as gradient
upper-bound and bounded variance assumption.

Another series of work focuses on adaptive methods. In the nonconvex deterministic settings, [Zhang et al.
(2019: 2020a)); |Gorbunov et al.| (2024); [Vankov et al.| (2024b) showed that clipped GD can achieve an iteration
complexity of O(e~?) under mild assumptions. Later, Chen et al. (2023) proposed S-GD that achieves
O(e?) iteration complexity. Specifically, in the convex setting, Vankov et al. (2024b)) analyzed clipped and
normalized gradient descent under mild assumptions. |Gorbunov et al.| (2024)) studied smoothed gradient
clipping, gradient descent with Polyak step-size rule, and triangle method by varying the learning rates.
Both works achieve the best-known O(e~!) convergence rate for generalized-smooth convex optimization. In
the nonconvex stochastic setting, Zhang et al.| (2020b) proved that clipped SGD achieves an O(e~%) sample
complexity under the standard L-smoothness and bounded variance assumptions. Also,|Zhang et al.| (2019)
established the same convergence rate for clipped SGD under generalized smoothness and almost surely
bounded noise assumption. Later, Reisizadeh et al| (2023)); |Koloskova et al.| (2023)) analyzed the convergence
of clipped SGD under the bounded variance assumption. Notably, [Koloskova et al.| (2023) pointed out that,
with bounded variance assumption, clipped SGD converges to e-stationary point with sample complexity
O(e~®) when using (1) samples per iteration. To improve convergence sample complexity, Reisizadeh et al.
(2023) employed a large batch size O(¢~2) to suppress the impact of the variance term and achieve O(e~%)
complexity. We summarize these results under mild assumptions in Table [I]

A number of works also investigated the performance of diverse stochastic algorithms—extending beyond
SGD and clipped SGD under the generalized-smooth condition. |Wang et al.| (2023)); |[Faw et al.| (2023)); Hong
& Lin| (2024) studied AdaGrad (Duchi et al [2011b]) under generalized-smooth and affine variance assump-
tion with different learning rate schemes. They all attain O(1/v/T) convergence rate under mild conditions.
Xie et al. (2024a) studied trust-region methods convergence under generalized-smoothness. For stochastic
acceleration methods under the generalized-smoothness condition, [Zhang et al.| (2020a)) proposed a general
clipping framework by leveraging momentum clipping and they achieve O(¢~%) sample complexity under
almost sure bounded noise assumption; [Jin et al.| (2021) studied normalized SGD with momentum under
parameter-dependent learning rates schemes, which achieves O(e~*) sample complexity under generalized-
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smooth and affine variance assumption; [Hiibler et al.| (2024) studied normalized SGD with momentum
(Cutkosky & Mehta, [2020) under parameter-agnostic learning rates schemes, which establishes O(e~*) con-
vergence rate under bounded variance assumption. |Chen et al.|(2023); [Reisizadeh et al|(2023) demonstrated
that the SPIDER algorithm (Fang et al., 2018) can reach the optimal O(e~%) sample complexity under affine
variance assumption for sum-type functions by employing a large batch size. Furthermore, [Zhang et al.|
(2024b)); [Wang et al.| (2024a3b); [Li et al| (2023) explored the convergence of RMSprop (Hinton et al., [2012)
and Adam (Kingma), 2014) under different noise assumptions, including coordinate-wise affine variance, ex-
pected affine variance, bounded variance and sub-gaussian distribution. The acceleration of sign-SGD was
explored by Jiang et al. (2024); [Sun et al| (2023b)), and its generalized-smooth variants were subsequently
analyzed by (Crawshaw et al.| (2022); |Sun et al.| (2023a)), where they both obtain O(e~*) under almost-sure
bound and bounded variance assumptions, respectively.

Method Smoothness' Noise assumption?  Algorithm®  Batch Size* Convergence® Complexity
Zhang et al.|(2019 GS a.s. bound Clip-SGD Q(1) e-stationary O(e™4)
Zhang et al.|(2020 LS var bound Clip-SGD Q(1) e-stationary O(e™)
Zhang et al.|(2020a GS a.s. bound General-Clip Q(1) e-stationary O(e™)
Li et al.|(2024) GS var bound SGD Q(1) e-stationary O(e™)
Reisizadeh et al.|(|2023l) GS var bound Clip-SGD Q(e7?) e-stationary O(e™)
Koloskova et al.|(]2023p GS var bound Clip-SGD Q(1) e-stationary O(e™®)
Our Method GS a.s. affine TAN-SGD Q(1) e-stationary O(e™)

Table 1: Comparison of existing clipping-based algorithms. Denote the stochastic gradient and clipping
threshold as V f¢(w:) and ¢, respectively. Explanation of abbreviations: (GS) refers to the generalized-
smoothness condition, and (LS) refers to the standard L-smoothness condition. (a.s. bound) means that
for every sample, the stochastic gradient bias is almost surely bounded, i.e., |V fe(w;) — VF(wy)|| < To;
(var bound) denotes the bounded variance condition, i.e., E¢[||V fe(wi) — VF(wy)|?] < 73; (a.s. affine)
implies that for every sample, the stochastic gradient bias satisfies the affine bound ||V fe(w;) — VF (wy)]| <
T1||V F (wy)|| 472 almost surely, for some 0 < 71 < 1 and 72 > 0. The term Clip-SGD refers to algorithms that
use stochastic gradient clipping of the form w41 = w;—~v min{1, m}v fe(w); SGD refers to stochastic
gradient descent; General-Clip denotes algorithms that incorporate momentum during clipping and updates
w1 = wy — (v min{c, m}mt + (1 — v) min{e, m}Vfg(wt)), where my11 = (1 — 9)my + IV fe(wy).
The label e-stationary indicates that the algorithm can converge to an arbitrary target error. For

(2023), we report their convergence result under learning rate v = €2/ (73(Lo + cL1)) with ¢ = 72 /e,
where their analysis guarantees convergence to an e-stationary point.

Machine Learning Applications. Generalized-smoothness has been studied under various machine learn-
ing frameworks. [Levy et al| (2020); Jin et al| (2021) studied the dual formulation of regularized DRO prob-
lems, where the loss function objective satisfies generalized-smoothness. |Chayti & Jaggil (2024) identified
their meta-learning objective’s smoothness constant increases with the norm of the meta-gradient.
let al| (2024b); Hao et al| (2024); Gong et al| (2024a); Liu et al| (2022b) explored algorithms for bi-level
optimization and federated learning within the context of generalized-smoothness. |Zhang et al.| (2024a))
developed algorithms for multi-task learning problem where the objective is generalized-smooth. [Xie et al.
studied online mirror descent when the objective is generalized-smooth. [Xian et al. (2024) studied
min-max optimization algorithms’ convergence behavior under generalized-smooth condition. There is a
concurrent work (Vankov et al., |2024a) using independent sampling with clipped SGD framework to solve
variational inequality problem (SVI). Based on this idea, they also propose stochastic Korpelevich method for
clipped SGD. Under generalized-smooth condition, they proved almost-sure convergence in terms of distance
to solution set tailored for solving stochastic SVI problems.

3 Notations

Throughout the work, we denote D as a set of training examples, £ as an example sampled from the training
dataset D, f(-) as the objective function, f¢(-) as the objective function associated with data sample &,
F(w) = Eeop|fe(w)] as the expected loss over all samples following distribution P, and || - || as f2-norm over
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Euclidean space. Let w € R? denote the parameters of function f (i.e., the weights for linear model and
neural networks), f* denote the infimum of f. Lo, L1 and « are positive constants used to characterize the
generalized-smoothness condition (see Assumption. p, o are positive constant used to describe generalized
PL-condition (see Assumption . 71, T2 characterize the stochastic gradient noise (see Assumption .
v, B denote the learning rate and normalization power used in adaptive normalization, respectively. In the
Distributionally Robust Optimization (DRO) experiments (see Section [7)), we define L(w,n) with parameter
w and dual variable 7, as the dual objective derived from a regularized ¢-divergence primal DRO problem.

4 Generalized-Smooth nonconvex Optimization

We first introduce generalized-smooth optimization problems. Consider the following optimization problem.

i, f(w) )

where f : R — R denotes a nonconvex and differentiable function and w corresponds to the model
parameters. We assume that function f satisfies the following generalized-smooth condition.

Assumption 1 (Generalized-smooth) The objective function f satisfies the following conditions.

1. f is differentiable and bounded below, i.e., f* :=inf, cra f(w) > —o0;

2. There exists constants Lo, Ly > 0 and « € [0, 1] such that for any w, w' € R%, it holds that

IV#(w) = V@] < (Lo + L[|V £ (@)]|") [[w = ] 2

The generalized-smooth condition in Assumption [I] is a generalization of the standard smooth condition,
which corresponds to the special case of @« = 0. It allows the smoothness parameter to scale with the
gradient norm polynomially, and therefore Assumption [[]can model functions with highly irregular geometry.
Moreover, following the standard proof, it is easy to show that generalized-smooth functions satisfy the
following descent lemma. See Proof[I]in Appendix [B]

Lemma 1 Under Assumption function f satisfies, for any w,w’ € R?,

Flw) < ') + (VT ), w— ') + 5 (Lo + L[ V7 )| — | 3)

We note that there are several variants of generalized-smooth conditions proposed by the previous works
(Zhang et al., [2019; Jin et al., [2021; |Chen et al., [2023). Below, we briefly discuss the relationship between
the generalized-smooth condition in Assumption [I] and these existing notions.

Remark 1 ((Lg, L1)-generalized-smooth condition) The descent lemma of (Lo, L1 )-generalized-smooth
condition proposed in|Zhang et al| (2019) is given as

1
Flw) < (') + (V') w—w') + (4L + 5L [V f (@) [} |w — w'|]%,
which is the same as Lemma 1| with « = 1 up to differences in the constant coefficients.

Remark 2 (Symmetric generalized-smooth condition) |Chen et al| (2023) introduced a symmetric
version of generalized-smooth condition, by replacing ||V f(w')||* in equation [q with max,, || f(we)||*, where
wy = 0w+ (1—0)w. We notice that the asymmetric generalized-smooth condition adopted in our Assumption
[ can also imply the following similar symmetric generalized-smooth condition,

V£ @) + [V £ ()"
2

IV f(w) = V)| < (Lo + L ) |lw —w'|]. (4)
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In|Jin et al.| (2021), it has been shown that certain regularized nonconvex distributionally robust optimization

2
(DRO) problems satisfy the generalized-smooth condition in equationElwith Lo=L, L= %, a=1.
Moreover, the classic nonconvex phase retrieval problem (Drenth| 2007} Miao et all [1999) can be shown to

satisfy the above symmetric generalized-smooth condition in equation [4| (see Proof|2|in Appendix .

In the following sections, we first consider deterministic generalized-smooth optimization and study the
impact of adaptive gradient normalization on the convergence rate of gradient methods. Then, we consider
stochastic generalized-smooth optimization and propose a novel independent sampling scheme for improving
the convergence guarantee of stochastic gradient methods under relaxed noise assumption.

5 Adaptive Gradient Normalization for Deterministic Generalized-Smooth
Optimization

In deterministic generalized-smooth optimization, several previous works have empirically demonstrated the
faster convergence of normalized gradient descent-type algorithms (e.g., clipped GD) over the standard
gradient descent algorithm in various machine learning applications (Zhang et al., [2019; |Chen et al., |2023)).
On the other hand, theoretically, these algorithms were only shown to achieve the same iteration complexity
O(e?) as the gradient descent algorithm in generalized-smooth optimization. In this section, to further
advance the theoretical understanding and explain the inconsistency between theory and practice, we explore
the advantage of adapting gradient normalization to the special Polyak-Lojasiewicz-type (PL) geometry in
generalized-smooth optimization. We aim to show that gradient normalization, when properly adapted to
the underlying PY. geometry, can help accelerate the convergence rate in generalized-smooth optimization.

Specifically, we consider the class of generalized-smooth problems that satisfy the following generalized PL.
geometry.

Assumption 2 (Generalized Polyak-Y.ojasiewicz Geometry) There exists constants p € Ry and 0 <
p < 2 such that f(-) satisfies, for all w € RY,

[V f()]|” = 2u(f(w) = f*). (5)

The above generalized PL condition is inspired by the Kurdyka-Fojasiewicz (KL)-exponent condition pro-
posed in |Li & Pong| (2018). When p > 1, equation [5 reduces to the Kk-exponent condition. When p = 2,
equation [5] reduces to the standard PL condition. Moreover, some recent works have shown that PE-type
geometries widely exist in the loss landscape of phase retrieval (Zhou et al., 2016) and over-parametrized
deep neural networks (Liu et al., 2022a}; [Scaman et all [2022), and we hope that our analysis based on
Assumption [2| will allow researchers to rethink the relationship between adaptive normalization and loss
landscape geometry.

Here, we consider the adaptively normalized gradient descent (AN-GD) algorithm proposed by |Chen et al.
(2023) for generalized-smooth nonconvex optimization. The algorithm normalizes the gradient update as
follows
Vf(w)
WAREED) et =0 = Vg 7 )
where v > 0 denotes the learning rate and ( is a normalization scaling parameter that allows us to adapt the
normalization scale of the gradient norm to the underlying function geometry. Intuitively, when the gradient
norm is large, a smaller § would make the normalized gradient update more aggressive; when the gradient
norm is small, normalization can slow down gradient vanishing and improve numerical stability.

Chen et al.| (2023)) studied AN-GD in generalized-smooth nonconvex optimization, showing that it achieves
the standard O(e?2) iteration complexity lower bound. In the following theorem, we obtain the convergence
rate of AN-GD under the generalized PL condition. See Proof[4]in Appendix [E]

Theorem 1 (Convergence of AN-GD) Let Assumptions[1] and[g hold. Denote A, := f(w;) — f* as the

B/
Cpa ™l 2 g

function value gap. Choose target error 0 < € < min{1, i} and define learning rate v = Lot LT = 1

some B € [, 1]. Then, the following statements hold,
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o If B <2—p,in order to achieve Ap < ¢, the total number of iterations must satisfy

8p(8(L0 + L1) + 1) 1 1. 2-»
T > =Q((=)"" ). 7
= hax { (2= B — p)(2u)?/Pe@=0)]0" (9(2—5-p)/(2—B) — 1)Agp+ﬂ—2>//’€(2—ﬁ—p>/p} () @

o If B =2—p, in order to achieve Ap < ¢, the total number of iterations must satisfy

1-B8/p .
> 2 (8(Lo+ L1)+1) -1og(&

B
- (ue)?le € '

Ag

€

) =9(() )- (8)

1
€

o If1>0>2—p, and for some Ty satisfying Arp, < O((’yu(2—ﬂ)/(p+ﬂ—2))p+§T2), then the total number of
iterations after Ty must satisfy

7 201 ()72 08 (18 (g, Ly g rmnes)) = 20 (D) 0

Theorem [I] characterizes the convergence rates of AN-GD under different choices of p and . In particular,
when o = § =0 and p = 2, Theorem [I] reduces to the linear convergence rate achieved by gradient descent
under the standard PL and L-smooth condition. Theorem [I] also guides the choice of gradient normalization
parameter 3 under different geometric conditions. For example, if there exists 5 € [«, 1] such that p+ 8 > 2,
AN-GD can boost its convergence rate from polynomial to local linear convergence. It also indicates when
p is very small such that p + 5 < 2, the effects of 8 can be marginal. However, for p + < 2, the
iteration complexities depend more on the specific values of p and 8. For example, when p = 1 and consider
two different choices of gradient normalization parameters 81 = %, B2 = 1, AN-GD achieves the iteration

complexities O(e~') and O(e~!), respectively. This result matches the empirical observation made in (Chen
et al.l [2023)) that choosing a smaller 8 € [, 1] can improve the convergence rate.

We note that several concurrent works also studied normalized gradient descent methods in deterministic
convex settings. In |Gorbunov et al. (2024), the authors consider various update rules such as w;y; =
wy — ’y% and wip1 = wy— 7% V f(w;). For generalized smooth convex optimization,
they obtain a two-phase convergence result, similar to the case when 1 > 3 > 2 — p in Theorem [1] where
the second phase achieves complexity bound O(e~1). They further employ the triangle method to derive
a global O(e~!) complexity bound. In Vankov et al. (2024b)), the authors propose a related framework by
choosing v = m, which aligns with our AN-GD when 8 = 1. They also obtain O(e~!) complexity

for generalized smoothness convex optimization.

5.1 Comparison between AN-GD and GD.

In [Li et al| (2024)), it has been shown that GD achieves O(log(e~!)), O(e71), O(¢~2) complexity bounds
for generalized-smooth strongly convex, convex and non-convex optimization, respectively. Compared with
Chen et al| (2023), both AN-GD and GD achieve O(¢~2) complexity bound for generalized non-convex
optimization, and hence are optimal deterministic methods. On the other hand, the following Proposition
further obtains the convergence rate of gradient descent (GD) under the same Assumptions [If and [2| See
Proof [f] in Appendix [F]

Proposition 1 (Convergence of GD) Let Assumptions (1| and @ hold. Assume there exists a positive
constant G such that ||V f(x:)|| < G,¥Vt € T, When p = a = 1 and setting v < min{%07 ﬁ}, gradient

descent converges to an e-stationary point within T > Q(%) iterations.

From Theorem [I] under the setting p = « = 1 and with g = 1, AN-GD converges to a e-stationary point in
@(6*1) iterations. However, the convergence guarantee for GD requires an additional assumption that the
gradient norm is upper bounded by a constant G. This constant typically depends on the function value gap
Ap and ||zg — z*||, which can be large in generalized smooth optimization settings. Such large value can be
the key reason for the slower empirical convergence of GD observed in [Chen et al.| (2023).
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Figure 1: Comparison between normalized full gradient (blue) and expected normalized stochastic gradient
(red). Here, & and &, are sampled uniformly at random.

6 Independently-and-Adaptively Normalized SGD for Stochastic
Generalized-Smooth Optimization

In this section, we study stochastic generalized-smooth optimization problems, where we denote f¢ as the
loss function associated with the data sample £, and we assume that the following expected loss function
F(-) satisfies the generalized-smooth condition in Assumption

min F(w) = Eep [ fe(w)]. (10)

weR4

Having discussed the superior theoretical performance of AN-GD in the previous section, we aim to leverage
adaptive gradient normalization to further develop an adaptively normalized algorithm tailored for stochastic
generalized-smooth optimization.

6.1 Normalized SGD and Its Limitations

To solve the stochastic generalized-smooth problem in equation [I0] one straightforward approach is to replace
the full batch gradient in the AN-GD update rule, equation@with the stochastic gradient V fe(w;), resulting
in the following adaptively normalized SGD (AN-SGD) algorithm.

V fe(wy)
AT D

AN-SGD-type algorithms have attracted a lot of attention recently for solving stochastic generalized-smooth
problems (Zhang et al., |2019; 2020a; [Liu et al.l 2022b; |Jin et al) [2021). In particular, previous works
have shown that, when choosing f = 1 and using gradient clipping or momentum acceleration, AN-SGD’s
variations (e.g., NSGD with momentum (Cutkosky & Mehta, 2020; |Jin et al.l 2021)), clipped SGD (Zhang
et al., 2019; |2020a))) can achieve a sample complexity of O(e~*). This result matches the convergence order
of the standard SGD (Ghadimi & Lanl |2013) for solving classic stochastic smooth problems. However,
AN-SGD has several limitations as summarized below.

(AN-SGD) wiy1 =wr —7y

e Biased gradient estimator: The normalized stochastic gradient used in equation is biased, i.e.,

v wy + ..
E[HVfJ}(wf))HB] # \|vvlf($)\\ﬁ This is due to the dependence between V fe(w;) and ||V fe(w)|®. In par-

ticular, the bias can be huge if the stochastic gradients are diverse, as illustrated in Figure

e Strong assumptions: To control the estimation bias and establish theoretical convergence guarantee for
ANSGD-type algorithms in generalized-smooth nonconvex optimization, the existing studies need to
adopt strong assumptions. For example, [Zhang et al.| (2019; |2020a)) and [Liu et al. (2022b]) assume that
the stochastic approximation error ||V fe(w)—V F(w)|| is bounded by a constant almost surely. In practical
applications, this constant can be a large numerical number if certain sample £ happen to be an outlier.
On the other hand, |Chen et al.| (2023)); Reisizadeh et al.|(2023)) require AN-SGD type of algorithms such
as SPIDER. (Fang et al., 2018) to have Q(e~2) batch size to ensure fast convergence. It essentially makes
it a full-batch algorithm and is impractical in practice.
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6.2 Independently-and-Adaptively Normalized SGD

To overcome the aforementioned limitations, we propose the following independently-and-adaptively nor-
malized stochastic gradient (IAN-SG) estimator

V fe(w)
IV fer (w)||P”

where £ and £’ are samples drawn independently from the underlying data distribution. Intuitively, the
independence between £ and &' decorrelates the denominator from the numerator, making it an unbiased
stochastic gradient estimator (up to a scaling factor). Specifically, we have that

View) 1o [BelView)]
Pee [||Vf5'(w)|ﬂ] = e ng/(ww

Moreover, as we show later under mild assumptions, the scaling factor E[||V fe(w)||="] can be roughly
bounded by the full gradient norm and hence resembling the full-batch AN-GD update. Based on this idea,
we formally propose the following independently-and-adaptively normalized SGD (IAN-SGD) algorithm (see
equation, where A, T',0 are positive constants, V fe(w;), V fer(w;) corresponds to the stochastic gradient
associated with two independent samples £, £’ sampled at time ¢.

(TAN-SG estimator) (12)

]uVme (13)

(IAN-SGD): w1 = wy — W%S;Ut),
t
where hy :max{l,F~ (AHVfg/(wt)H —|—5>}. (14)

The above IAN-SGD algorithm adopts a clipping strategy for the normalization term h;. Intuitively, when
gradient converges in the later optimization phase, the term h; = 1 and TAN-SGD reduces to SGD. This
is consistent with the fact that the generalized-smooth condition reduces to the standard smooth condition
when gradient approaches to 0. Moreover, imposing a constant lower bound § on h; in equation [I4] helps
develop the theoretical convergence analysis and avoid numerical instability in practice. As we show in the
ablation study presented in the appendix, the convergence speed of IAN-SGD is insensitive to the choice of
0. We also note that IAN-SGD requires querying two batches of samples in every iteration. However, we
show later in the Theorem [2| and experiments that these batch sizes can be chosen at a constant level in
both theory and practice.

6.3 Convergence Analysis of IAN-SGD
We adopt the following bias assumption on the stochastic gradient V fe(w).

Assumption 3 (Unbiased stochastic gradient) The stochastic gradient V fe(w) is unbiased, i.e.,
Eep [V fe(w)] = VF(w) for allw € R%.

Assumption 4 (Affine approximation Error) There exists 0 < 7y < 1,75 > 0 such that for anyw € R?,

|V fe(w) = VE(w)|| < || VF(w)|| + 72 a.s. VE~P. (15)

Assumption [4] allows the approximation error of stochastic gradient scaling with the full gradient norm on a
per-sample basis, while only requiring the error to remain bounded at stationary points. Compared to other
noise assumptions, Assumption [4] is much weaker than the almost sure error bound (i.e., 71 = 0) adopted
in [Zhang et al.| (2019; 2020a); Liu et al.| (2022b) but stronger than expected error bound (i.e., bounded
variance assumption E¢||Vf(w) — VF(w)||* < 73) adopted in Koloskova et al.| (2023); Reisizadeh et al.
(2023). Our motivation for studying the convergence of IAN-SGD under this noise assumption is to strike
a balance between achieving standard convergence rates (i.e., O(¢~*)) under relaxed noise conditions, while
keeping the batch size at the Q(1)-level. As later we show in Theorem TAN-SGD achieves O(e~*) sample
complexity under Assumption [4]
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Remark 3 Ezisting work (Koloskova et all,|2023) has shown that when adopting (1) sample per iteration,
clipped SGD attains O(e~5) sample complexities under generalized-smooth and bounded variance assumptions.
In order to achieve the standard O(e~*) sample complexity under such assumption, |Reisizadeh et al. (2023)
demonstrated that clipped SGD requires Q(e=2) samples per iteration. Through this way, the constant arising
from the variance of the approzimation error can be controlled at the O(€*)-level. This, in turn, relaves the
burden on iteration complexity, requiring only O(e=?) iterations for averaging during convergence proof. We

leave technical discussions on optimizing the batch size while maintaining O(e~*) total sample complexity of
IAN-SGD for future work.

Based on these assumptions, we first obtain the following upper bounds regarding ||VF(wy)||, ||V fe(w:)]|.
See Proof [f] in Appendix [G]

Lemma 2 Let Assumptions @ and hold. The gradient ||V F(w;)|| and stochastic gradient V fe(w;) satisfy

1 T2
IVECwl < 7= IV feCwill + 1=

IV fe(wo)l| < (1 +7)[VE(wi)[| + 72. (16)

, and

Lemma [2] indicates that the full gradient norm can be upper bounded by the stochastic gradient plus a
constant. This result suggests that for h; in equation |14} one can choose A = ﬁ and § = 72
very useful in our convergence analysis to effectively bound the stochastic gradient norm in h;. We obtain

the following convergence result of IAN-SGD. See Proof[§in Appendix [[]

Theorem 2 (Convergence of IAN-SGD) Let Assumptzons! @ and I hold For the IAN-SGD algo-

rithm, choose learning rate v = mln{4L0(2lT ) } and A = 1,171

’4L1(2'r12+1) f’8L1(2Tf+1)(272/ (1—71)
6=q12, 1= (4L1'y(271 + 1)) . Denote A := F(wo) — F* + $(Lo + L1)(1 + 47'2)2. Then, with prob-
ability at least 5, IAN-SGD produces a sequence satisfying min,<r ||[VF(w,)| < € if the total number of
iteration T satisfies

256A 64L1 (272 +1)(2 + 27)" (202 1) 64(Lo + L1) + 128L1 (272 /(1 — 11))” }

T>A {
~ A max o ) (1 — 71)662_’6 ) 1 €2

(17)
Remark 4 Existing work (Zhang et all, |2019) studied the iteration complexity of clipped SGD (i.e., f =1

and £ = &, without independence sampling) in the special bounded noise setting 1 = 0, and obtained the
complezity

4N 128L L 12L
T > Amax { 8Ly 80Lo+5 17'2}7

47 e €2

(18)

where A = (F(xzg) — F* + (5Lo+2L172)73 + 912 L3 /L1). As a comparison, the above Theorem establishes a
comparable complexity result under the more general noise model (11 > 0) in Assumption by leveraging the
adaptive gradient normalization and independent sampling of IAN-SGD. In particular, in the special setting
of 1 = 0,8 =1, these two complexity results match up to absolute constant coefficients.

Another existing work |Zhang et al| (2020d) analyzed a generalized clipping fmmework that com-
bines momentum acceleration and gradient clipping, namely w1 = w; — (l/min {c }mt + (1 -

V) min {c, M’W}Vfg(wt)), under a bounded noise setting (i.e., 1 = 0). They establish a complexity

’ Hm [

of O((F(wo) — F*)13Lo/€*) when v/c = O(2), where my denotes the momentum term and c is the clipping
threshold. This framework enables them to construct a recursion based directly on ||V F(wy)||, whereas our
analysis is built around recursive bounds involving |V F(w;)||? or |VF(w;)||>=# at each step. Consequently,
while both approaches yield the same order of convergence in terms of €, the complexity expressions slightly
differ in the numerators due to different recursions.

Compared to the existing studies (Zhang et al., 2019; |2020b; Reisizadeh et al., 2023 |Zhang et al., |2020a;
Koloskova et al.| [2023) on gradient clipping algorithms, Theorem establishes convergence guarantees with-
out the bounded approximation error assumption and the use of extremely large batch sizes that depend on

10
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the target error e. Through numerical experiments in Section [7] and ablation study in later, we show
that it suffices to query a small number of independent samples for ITAN-SGD in practice.

6.3.1 Proof outline and novelty

The independent sampling strategy adopted by IAN-SGD naturally decouples stochastic gradient from gradi-
ent norm normalization, making it easier to achieve the desired optimization progress in generalized-smooth
optimization under relaxed conditions. By the descent lemma, we have that

E¢¢ [F(wir) — Fwy)|w]
%)Eg/ [ — ’YHVF(wt)HZ 4 v*(Lo + L1HVF(wt)Ha)

Ee ||V fe(wn) "]

hy 2h;°

t t
(i4) ~ Lo+ L1 ||VF(wy) || 2 213(Lo + L1||VF(w,)]|)
gEg,[(h—tB(—l—kv(%f—f—l) th 2ll DIVF@)|* ++2=2 thB ol i, (19)

where (i) follows from the descent lemma (conditioned on w;) and the independence between ¢ and ¢’;
(ii) leverages Assumption [4] to bound the second moment E¢[||V fe(w:)||?] by (478 + 2)|[|VF(wy)|* + 473.
Then, for the first term in equation [I9] we leverage the clipping structure of h; to bound the coefficient
(272 +1)(Lo + L1 ||[VF (w)||*) /h} by 1. For the second term in equation [L9] we again leverage the clipping

structure of h; and consider two complementary cases: when ||VF(w,)| < /14 473/(272 + 1), this term
can be upper bounded by $72(Lo + L1)(1 +473)%; when ||[VF(w)| > /1 + 472 /(272 + 1), this term can be
upper bounded by —||VF(w;)||?. Summing them up gives the desired bound. We refer to Lemma in the

4h?
appendix for more details. Substituting these bounds into equation[I9]and rearranging the terms yields that

1
Ee [#HVF(W)HQ] <Ee¢e [Fwi) — Fwg1)] + 5(LO + L)y2 (1 + 473)2.
t

Furthermore, by leveraging the clipping structure of hf and Assumption the left hand side of above inequal-

: VF(w)|? : VE(wy)|*~?
ity can be lower bounded as w > min{y||VF(w;)]?, 4((272+‘|2)/1(_1‘;’1))‘11L1(2712+1

t
the above inequalities over ¢ and taking expectation leads to the desired bound in equation

) }. Finally, telescoping

As a comparison, in the previous works on clipped SGD (Zhang et al., 2019; 2020a)), their stochastic gradient
and normalization term h; depend on the same mini-batch of samples, and therefore cannot be treated
separately in the analysis. For example, their analysis proposed the following decomposition.

IV fe(wd) |1

Ef{ 7

| = e [(IV (o) |2 + 19 fe(we) = VF () |2 + 2(VF (), ¥ felwn) = T (wy) ) /477
Hence their analysis needs to assume a constant upper bound for the approximation error ||V fe(w;) —
VF(w)] in order to obtain a comparable bound to ours.

6.3.2 IAN-SGD under generalized Pt condition
Under Assumption [2} we obtain the following recursion for IAN-SGD. See Appendix [J] for Proof details.

Lemma 3 (Descent inequality of IAN-SGD under generalized PY. condition) Let Assumptions

ERE| and hold. For the IAN-SGD algorithm, choose target error 0 < € < min{1,1/2u} and learning rate v =
4-25 . 1 1 1 Ly (217 41)
(2pe) 7 - mm{4L0(2Tf+1)’ AL, ((2m+2)/(1—m1))(272+1) 8Ly (27241) (272 /(1—71))P 16((L0+L1)(1+4T§)+L1(T12+1/2))2 2

and A= 21— § = 22 T = (4L1y(27% + 1))%. Then, we have the following descent inequality

1-7 1—71’

YV32(Ly (272 + 1))/ (2ul,) 2=A)/e n v¥/2(Ly (272 + 1))1/2(2/16)(2_5)/”]

]Ewt+1 [Afﬂﬂ] < Ewt [At - 4

(20)

We notice that equation [20]is almost the same as the recursion of AN-GD obtained in Appendix[D} The main
3
difference between equation [20|and equation [35]is the usage of y2 instead of v to characterize the recursion.

11
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As a result, the convergence rate of TAN-SGD is expected to be much slower than AN-GD, i.e., IAN-SGD

converge with rate O(e -7 ) when p + 8 = 2; IAN-SGD converge with rate O(e~ . ) when p+ 5 < 2. We
omit the discussions of proof as its convergence analysis exactly follows the proof presented in Appendix [E]

7 Experiments

We conduct numerical experiments to compare TAN-SGD with other state-of-the-art stochastic algorithms,
including the standard SGD (Ghadimi & Lan, [2013]), normalized SGD (NSGD), clipped SGD (Zhang et al.,
2019), SPIDER (Fang et al., 2018), normalized SGD with momentum (Cutkosky & Mehtal |2020))(NSGDm)
etc. Compared with previous works that study clipped SGD (Zhang et al., 2019; 2020a3b; [Koloskova et al.)
2023; [Reisizadeh et al., 2023), the main change of TAN-SGD lies in its usage of independent sampling
and adaptive normalization. To empirically validate the effect of adaptive normalization in accordance with
Theorem our experiments focus on nonconvex phase retrieval, distributionally robust optimization (DRO),
and deep neural network training. Prior works (Zhou et al., 2016; |Jin et al.| 2021} [Liu et al., [2022a; |Scaman
et al., [2022) have shown that phase retrieval and deep neural networks satisfy generalized PY, conditions
under mild assumptions. Accordingly, we evaluate the convergence of all algorithms in terms of total sample
complexity (for phase retrieval and DRO) and number of epochs (for deep neural networks). Furthermore,
to align the DRO formulation with our theoretical assumptions, we focus on regression tasks and adopt
the y2-divergence to model distributional uncertainty. All experiments were conducted on a PC computer
equipped with a 24-core CPU, 32GB of RAM, and a single NVIDIA RTX4090 GPU, running Python 3.8.

7.1 Nonconvex Phase Retrieval

The phase retrieval problem arises in optics, signal processing, and quantum mechanics (Drenth| [2007). The
goal is to recover a signal from measurements where only the intensity is known, and the phase information
is missing or difficult to measure. Specially, denote the underlying object as w € R%. Suppose we take m
intensity measurements y, = |a?w|2 + n, for r = 1---m, where a, denotes the measurement vector and n,
is the additive noise. We aim to reconstruct w by solving the following regression problem,

m

1
min f(w

min, =5 |a w| (21)

r:l

Such nonconvex function satisfies generalized-smooth with parameter o = % In this experiment, we generate

the initialization wg ~ N (1,6) and the underlying true object w* ~ N(0,0.5) with dimension d = 100. We
take m = 3k measurements with a, ~ N(0,0.5) and n, ~ N(0,16). We implement all of the stochastic
algorithms in original form as described in previous literature. We set batch size |B| = 64, and for TAN-
SGD, we choose a small independent batch size |B’| = 4. We fine-tuned learning rate for all algorithms, i.e.,
~v = 5e~® for SGD, v = 0.2 for NSGD and NSGD with momentum, v = 0.6 for clipped SGD, and v = 0.25
for SPIDER and IAN-SGD. We set the maximal gradient clipping constant as 20, § = 1le~3 for both clipped
SGD and TAN-SGD. And we set normalization parameter § = % Figure [2| (left) shows the comparison of
objective value versus sample complexity. It can be observed that IAN-SGD consistently converges faster
than other baseline algorithms.

7.2 Distributionally-Robust Optimization

Distributionally-robust optimization (DRO) is a popular approach to enhance robustness against data dis-
tribution shift. We consider the regularized DRO problem min,cgra f(w) = supg {E¢~g[le (w)] — Ap(P; Q) },
where Q, P represents the underlying distribution and the nominal distribution respectively. A\ denotes a
regularization hyper-parameter and ¢ denotes ¢-divergence metric. Under mild technical assumptions, |Jin
et al.| (2021]) showed that such a problem has the following equivalent dual formulation

min _ L(w,n) = AE¢upd” (W

t, 22
weRZ neER ) n ( )

12
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109 Training loss curves for phase retrieval Training loss curves for DRO
SGD 12 SGD
—— NSGD NSGD
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Figure 2: Experimental Results on Phase Retrieval and DRO

where ¢* denotes the convex conjugate function of ¢. In particular, such dual objective function satisfies
the generalized-smooth condition [2| with parameter v = 1 (Jin et al) 2021} |Chen et all [2023). In this
experiment, we use the Life Expectancy data for regression task. For objective equation
we set A = 0.01, select ¢*(t) = i(t +2)% — 1, which is the convex conjugate of x*-divergence. We adopt
the regularized loss ¢ (w) = 3 (ye — :102—10)2 +0.1 2?4:1 In(1+ |wW)]), where z¢, ye represent input and output
data, respectively. And we optimize the primal and dual variable of L(w,n) in parallel following conclusion

drawn from (2021)).

For the stochastic momentum moving average parameter used for acceleration methods, we set it as 0.1
and 0.25 for NSGD with momentum and SPIDER respectively. For stochastic algorithms without usage of
multiple mini-batches, i.e., SGD, NSGD, NSGD with momentum and clipped SGD, we set their batch sizes
as |B| = 128. For SPIDER, we set |B| = 128 and |B’| = 2313, where the algorithm will conduct a full-
gradient computation after every 15 iterations. For IAN-SGD, we set the batch size for two batch samples
as |B] = 128 and |B’| = 8. We fine-tuned the learning rate for each algorithm, i.e., v = 4e~> for SGD,
~v = 5e~3 for NSGD, NSGD with momentum and SPIDER, v = 0.11 for clipped SGD and IAN-SGD. We
set the 6 = le™!, maximal gradient clipping constant as 30, 25 for clipped SGD and IAN-SGD respectively.
And we set normalization parameter 8 = % Figure [2| (right) shows the comparison of objective value versus
sample complexity. It can be observed that objective value optimized by IAN-SGD consistently converges
faster than other baselines algorithms.

7.3 Deep Neural Networks

8 Training Loss Curves for ResNet18 8 Training Loss Curves for ResNet50
. — SGD ; — SGD
Adam Adam
6 —— Adagrad 6 —— Adagrad
5 —— NSGD 5 —— NSGD
" NSGDm " —— NSGDm
g4 —— Clip_SGD g4 —— Clip_SGD
3 IANSGD 3 IANSGD
2 \ 2
1 1
—— T T R— -
0 B 0
0 10 20 30 40 50 60 0 10 20 30 40 50 60 70 80
Epochs Epochs

Figure 3: Experimental Result on training ResNet18, ResNet50.
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According to Zhang et al.| (2019)), generalized-smooth condition [2| has been observed to hold in deep neural
networks. To further demonstrate the effectiveness of IAN-SGD algorithm, we conduct experiments for
training deep neural networks. Specially, we train ResNet18 and ResNet50 (He et al., |2016) on CIFARI10
Dataset (Krizhevskyl 2009)) from scratch. We resize images as 32 x 32 and normalize images with standard
derivation equals to 0.5 on each dimension. At the beginning of each algorithm, we fix the random seed and
initialize model parameters using the Kaiming initialization (He et al., [2015). We compare our algorithm
with several baseline methods, including SGD (Robbins & Monro| [1951), Adam (Kingmal, [2014), Adagrad
(Duchi et al., [2011a)), NSGD, NSGD with momentum (Cutkosky & Mehta, |2020) and clipped SGD (Zhang
et al., 2019).

For SGD, Adam and Adagrad, we utilize PyTorch built-in optimizer (Paszke et all [2019) to implement
training pipelines. We implement training pipelines for NSGD, NSGD with momentum, clipped SGD and
TAN-SGD. The normalization constant is computed through all model parameters at each iteration. The
detailed algorithm settings are as follows. For batch size, all algorithms use B = 128, and B’ = 32 for
TAN-SGD. For stochastic momentum moving average parameter, we set it as 0.9, 0.99 for Adam, and 0.25
for normalized SGD with momentum. For clipping threshold used in clipped SGD and IAN-SGD, we set
them as 2 and § = le~!. The normalization power used for IAN-SGD is 3 = % We fine-tuned learning
rate for all algorithms, i.e., ¥ = le™2 for SGD, Adam and Adagrad, v = le~! for NSGD and NSGD with
momentum, v = 2e~! for clipped SGD and IAN-SGD. We trained ResNet18, ResNet50 on CIFAR10 dataset
for 60, 80 epochs and plot the training loss in Figure [3| Figure [3| (left) shows the training loss of ResNet18,
Figurd3| (right) shows the training loss of ResNet50. As we can see from these figures, the (pink) loss curve
optimized by TAN-SGD indicates fast convergence rate comparable with several baselines, including SGD,
NSGD NSGDm, clipped SGD, which demonstrate the effectiveness of ITAN-SGD framework.

Based on our experiments on non-convex phase retrieval, distributionally robust optimization (DRO), deep
neural networks, and an ablation study [ATI] we found that IAN-SGD performs best when the adaptive
normalization parameter is set to g = % When g is too small, i.e., 8 < %, TAN-SGD struggles to converge;
when £ is close to 1, its performance resembles that of clipped SGD. To achieve fast convergence, the learning
rate for IAN-SGD should lie between le~! and 2e~!. Users should carefully fine-tune this parameter, as
overly large learning rates may lead to divergence.

Regarding the numerical stabilization term ¢, our ablation study (see Appendix [A.3)) shows that ITAN-SGD
is empirically insensitive to its value; small value such as le™? is sufficient to ensure convergence. Finally,
to balance stable performance and fast convergence, ablation results (see Appendix suggest that user
should set batch size B > 16 and the independent sample batch size |B’| should be at least one-quarter of
batch size |B|.

8 Conclusion

In this work, we provide theoretical insights on how normalization interplays with function geometry, and
their overall effects on convergence. We then propose independent normalized stochastic gradient descent
for stochastic setting, achieving same sample complexity under relaxed assumptions. Our results extend the
existing boundary of first-order nonconvex optimization and may inspire new developments in this direction.
In the future, it is interesting to explore if the popular acceleration method such as stochastic momentum and
variance reduction can be combined with independent sampling and normalization to improve the sample
complexity.
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A Ablation Study

In order to have a comprehensive understanding of the performance of IAN-SGD in practical problems, we
conduct ablation studies regarding on important components of IAN-SGD, including adaptive normalization
B, batch size |B’| of independent samples and numerical stabilizer 4.

A.1 Effects of

To justify the advantage of using adaptive normalization, we conduct the following two experiments.

In the first experiment, we choose a unified normalization parameter 5 = % for all the normalized methods,
i.e., NSGD, NSGD with momentum, clipped SGD, SPIDER and TAN-SGD. To guarantee convergence, we
fine-tuned the learning rate accordingly, i.e., v = 0.03 for NSGD and NSGD with momentum, v = 0.05
for SPIDER, v = 0.17 for both clipped SGD and TAN-SGD. To make a fair comparison, we keep other
parameters unchanged. Figure [4] (left) shows the comparison of objective value versus sample complexity
for the Phase Retrieval problem. It can be observed that, by adjusting 8 = %, the objective value optimized
by all algorithms decreases much faster compared with Figure[2] This indicates that adaptive normalization
can accelerate convergence. Moreover, compared with other normalization methods, although TAN-SGD
requires additional sampling at each iteration, the training loss still decreases faster than NSGD SGD with

momentum and SPIDER.

Similarly, for DRO, we unify the normalization parameter of all the normalized methods, i.e., NSGD, NSGD
with momentum, clipped SGD, SPIDER and IAN-SGD with g = % To guarantee algorithm convergence,
we fine-tuned learning rate accordingly. For NSGD, NSGDm and SPIDER, we keep learning rate unchanged;
For clipped SGD, and TAN-SGD, we set v = 0.08. To make a fair comparison, we keep other parameters
unchanged. Figure 4| (right) shows the comparison of objective value versus sample complexity. It can
be observed that, by setting 5 = %, the objective value optimized by all normalization methods decreases
faster than Figure 2] This verifies the effectiveness of adaptive normalization. Although TAN-SGD requires
additional sampling, it converges faster than other normalized methods.

In summary, the results in Figure [] indicate that independent sampling and adaptive normalization doesn’t
increase the sample complexity to find a stationary point, which justifies IAN-SGD framework’s effectiveness
when dealing with nonconvex geometry characterized by generalized-smooth condition.
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Figure 4: Advantage of using adaptive normalization on normalized first-order algorithms

In the second experiment, we vary 8 for JAN-SGD and keep other parameters unchanged. Figure [5| shows
the convergence result with different S for Phase Retrieval and DRO. It can be observed that decreasing (8
accelerates convergence in general. However, small § can make convergence unstable. In the DRO experiment
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shown in Figure |5 (right), we observed that when g = 27 the objective value curve fluctuates a lot. If 5 is
smaller than %, the algorithm fails to converge. This phenomenon matches the implications of Theorem
where 8 must satisfy 8 € [«, 1] to guarantee convergence.
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Figure 5: Effects of adaptive normalization on convergence of IAN-SGD

A.2 Effects of Independent Samples’ Batch Size

In this section, we study the effects of batch size for independent samples used in TAN-SGD. For Phase
retrieval, we keep |B| = 64 and other parameters same as section and we vary independent batch sizes
to be |B'| = {4,8,16,32,64}. Similarly, for DRO, we keep |B| = 128 and other parameters same as section
and we vary batch size of independent samples |B’| = {16, 32, 64, 128}.

The following Figure [6] shows the convergence of IAN-SGD under different batch size choices for Phase
Retrieval (left) and DRO (right). It can be observed that for Phase retrieval and DRO problem, small batch
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Figure 6: Effects of independent samples’ batch size on convergence

sizes such as |B’| = {4,8} are sufficient to guarantee convergence, whereas large batch sizes of |B’| do not
significantly increase the sample complexity, which verifies the effectiveness of independent sampling.
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A.3 Effects of ¢

In Theorem [2| we set § = 11271 4] which assumes an affine bound for approximation
error ||V fe(w) — VF(w)|. This assumption relaxes the strong assumption used in [Zhang et al. (2019); Liu
et al.| (2022b); |Zhang et al|(2020a)), where they assume that the approximation error ||V fe(w) — VF(w)||
is upper bounded by a constant. The major weakness is that if certain samples have outlier gradients,
such constant upper bound can be very large. Thus, to verify the effectiveness of Assumption [ we expect
convergence of IAN-SGD under a wide range of §, especially for small 0.

To study the effect of §, we keep other parameters the same as mentioned in Section [A-T] and only vary é.
For Phase Retrieval, we vary 6§ = {le=%,1e73,1e71,1,10} and Figure [7] (left) shows the corresponding con-
vergence result. For DRO, we vary = {le=8 1e73,1e~!, 1,10} and Figure [7| (right) shows the convergence
result. We observe that IAN-SGD convergence is robust to the choice of 6. But § = le™3, 1le~! demonstrate
faster convergence than others for Phase retrieval and DRO experiments. This result indicates that a small
¢ is sufficient to guarantee convergence, which verifies the effectiveness of assumption [4 and TAN-SGD when
dealing with stochastic nonconvex generalized-smooth geometry.
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Figure 7: Effects of § on convergence
A.3.1 Effects of 71, 75 on convergence
In Theorem [2| we set A = _— and 0 = 72—, making the sample complexity dependent on both 7; and
T1 —T1

. To further investigate the effect of the gradient noise assumption, we perform experiments that allow
flexible choices of 71 and 7. Specifically, we control the stochastic gradient noise by computing gradients
over mini-batch samples with B = B’ = 16 at each iteration. We then evaluate IAN-SGD under various noise
settings with 71 € {0,0.5,0.8} and € {1078,1072,1071,1,10}. As a result, the scaling factor becomes
A €{1,2,5} and we define § = A-{107%,1073,107,1,10} accordingly. For phase retrieval, we use a unified
learning rate v = le™!, and for DRO, we set v = 5e~3. Other parameters, such as the clipping threshold
and 3, remain unchanged. Figure [§| plots the results, where the first row shows TAN-SGD’s convergence for
phase retrieval, and the second row shows IAN-SGD’s convergence for DRO.

As we can see from these figures, IAN-SGD converges slightly slower as 7, increases for both the phase
retrieval and DRO problems. This observation aligns with Theorem |2L which shows that when 71 > 0, the
resulting complexity is slightly worse than in the case 71 = 0. Regarding 75, although the final convergence
intervals remain approximately the same, we find that smaller values lead to less stable convergence for
phase retrieval. For DRO, the variation in 75 does not significantly affect convergence when learning rate is
unified. This might be because for the DRO experiment, the model initialization and data processing have
reduced the noise of the stochastic gradients, enabling convergence with flexible choices of 5.
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Figure 8: Effects of 7,75 for TAN-SGD convergence

A.4 Ablation Study on Extreme Small Batch Size |B|, |B’|

In this subsection, we study the effects of batch size in IAN-SGD. Specially, we want to justify if IAN-SGD
works with B, B’ (1) in practice. For phase retrieval, we set B = B’ and keep other parameters the
same as in section For comparison, we vary batch sizes to be {1,2,4,8,16,32}. To guarantee algorithm
converging to same level of magnitude, we fine-tune learning rates accordingly, i.e., for each batch size, we set
v = {be ™%, 5¢73,2¢72,4¢72,0.10,0.10}, respectively. Similarly, for DRO, we set |B| = |B’| and keep other
parameters the same as section For comparison, we vary batch size to be {1,2,4,8, 16,32}, and we fine-
tuned learning rates accordingly, i.e., for each batch size, we set v = {5e™*,1e73,1e73,5e73, 573, 1le 72},
respectively. Figure[6]plots the convergence of IAN-SGD under different batch size choices for Phase Retrieval
(left) and DRO (right). We conclude IAN-SGD converges under constant-level batch size B, B’ = §(1).
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Figure 9: Effects of batch size on convergence for IAN-SGD

Next, we compare IAN-SGD with other baseline methods under small batch size. To make a trade-off between
convergence and stability, we set |B| = 2 for SGD, NSGD with momentum, Clip-SGD and SPIDER; For
SPIDER algorithm (Fang et al.,[2018)), we set epoch size to be 20. For phase retrieval, we fine-tuned learning
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rate for all algorithms, i.e., v = le~® for SGD, v = le~2 for NSGD, NSGD with momentum, v = 5¢~% for
clipped SGD and IAN-SGD, v = 5¢~2 for SPIDER. Similarly, for DRO, we set |B| = 2 for SGD, NSGD with
momentum, clipped SGD and SPIDER. We fine-tuned learning rate for all algorithms, i.e., v = 1e=% for
SGD, v = 1le~3 for NSGD, NSGD with momentum, clipped SGD and IAN-SGD, = 5¢~2 for SPIDER. We
keep other parameters the same as in Section [A:I] The first row of Figure [I0] plots the comparison results
of Phase Retrieval (left) and DRO (right). We find in both problems, normalized methods such as NSGD,
SPIDER, clipped SGD are slow to converge under small batch size.

To further justify the effectiveness of TAN-SGD under small batch size, we also test TAN-SGD and other
baseline methods using small batch size to train ResNet over CIFAR10 (Krizhevsky}, 2009).
For all algorithms, we unify the batch size B = 32. We fine-tuned learning for all algorithms, i.e., v = le™®
for SGD, v = le™* for Adam, v = le™3 for Adagrad, v = 5e~2 for NSGD and NSGD with momentum,
v = 8¢ — 2 for clipped SGD and TAN-SGD, the second row of Figure [10| plots the corresponding results for
training ResNet18 (left) and ResNet50 (right). As a result, we found TAN-SGD still outperforms than most
baselines. This verifies the effectiveness of using IAN-SGD with small batch size in practice.
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Figure 10: Comparison of IAN-SGD with other baselines under small batch size
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B Proof of Descent Lemma (1l

Lemma 1 Under Assumption function f satisfies, for any w,w’ € R%,

Flw) < fu) + (TF@),w =)+ 5 (Lo + L] 7@ — | 3)

Proof 1 Denote wg = 6w’ + (1 — O)w. By the fundamental theorem of calculus we have f(w') — f(w) =
f01<Vf(wg),w' —w)dl, which implies that

1 1
fw') = f(w) = (Vf(w),w' —w) = / (Vf(we),w’—w>d9—/ (Vf(w), w" —w)de,

0 0
Substituting the generalized-smooth condition in Assumption[]] into the above equation, we have

fw') = f(w) = (Vf(w),w' - w)
=/ <Vf(w9)7u/—w>d6‘—/ (Vf(w),w" —w)df
0 0

1
:/0 (Vf(wg) — Vf(w),w —w)dd
(_<)/0 19/ (o) — V£ () ||’ = w]|do
ii) 1
(g)/ O(Lo + L |V F(w)||") ' — w0

A L S

; (23)

where (i) apphes Cauchy schwarz inequality on (V f(we) — V f(w),ws — w), and (i) is due to Assumption
[ 175 (wo) w)|| < (Lo + La ||V f(w)[[*)llwe — w]| = 0(Lo + L1 ||V f (w)[|*)w" — w]|. Re-organizing the
above mequalzty gzves the desired result.

C Proof for Nonconvex Phase Retrieval

The proof of generalized-smooth property for nonconvex Phase retrieval problem is similar as proof in [Chen
et al.| (2023]) with minor changes. We present the proof details here for completeness.

Proof 2 The objective function of phase retrieval problem can be expressed in the following form

= 25 elw) = 5 3 (e~ ladwl), (24

£eD ¢eD
where fe(w) = 5 (ye — |ad wl?)?.
We prove that for every sample £, V fe(w) = —(ye — |a6 w|?)(agae " w satisfies equatwnl wzth a = 7. And
thus F(w) satisfies finite-sum versions of equatzon namely
2 Ly Vfe(w)||® + |V fe(w)||*
EZHfﬁ(w)—fs(w')H§Hw—w/H'(L0+gZ [V fe(w)]] 2” ()]l ) (25)
geD ¢eD
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We construct a lower bound of |V fe(w)|| given w and & as following

[Vl = [|(Jad w” — ve) (aca Ju]|*

H(|a£ “" as w = y&% “’)GEH

wmﬁ

(26)

(‘% “’| —[wel)

where (i) extracts scalar ’|agw|3 - y§|agw|’§ out; (i) uses inequality |a — b3 > |a|3 — |b|3 holding for
any a,b € R (sub-additive property of function f(x) = x/3); (iii) applies young’s inequality \yg\%mg—w\% <
3llad wl|* + 3 yel.
Then, for any w,w' € R%, we have
[V fe(w') = V fe(w)]]
=[[(Jad w'* — ye) (acad Ju' — (Jad w]” — ye) (acad Ju]|
1
=5 12(ad w'|* — ye) (acad )’ = 2(|ag w|” — ye) (aca Jw + (|ad w'[* — ye) (acad Jw — (Jad w]* ~ ye) (acad Ju!
- (\%Twlf — ye) (agag Jw + (|a2w’2 — ye) (agad )|
1
=5 (Jad w'|* — we) (acal Ju' = (Jafw'[* —e) (acad Juw + (Jaf w]* — ye) (acad yu' — (|ad w|” — ye) (acal Jw
+ (Jad w'|* = we) (acag )w’' + (Jaod w'|* = ye) (acag )w — (Jaf w|” - ye) (agad Ju’ — (|ad w|” - ye) (acag Ju
1 2 2 2 2
=5 1(Jad w'[" + |ag w]” = 2y¢) (agad ) (w' = w) + (|ag w'|” — ad w|) (agag ) (w’ +w)]|
()1 1
g+ oo = el )l ST o )+
1
=*H(|@§W'\ +ladw|* = 2ye) (acad) (' —w) || + 5| (|od o' " ~ ad w|)a (ad w' + adw)]|

(@ )1 1
< sll(ladw' " + |adwl” - 2y¢) (acad) (' = w) | + 5| (|ad w'* ~ |af w|*)ae (Jad w'| + |ag w])|

()1
L lacl*Jagw? + Jagwl* + 2luel) e — w] + & e *(fag w/] + agw])*u ~ w]

()1
< 5w = willlacl” (3lad w|” + 3fad wl” + 2|ue])

<gllu = wlllael ¥ lael* - (3logw’* +3log wl? ~ 3lue| - 3lue| + slue)

4 2 9 2 2
D =l Cadoel ¥ e @) [F + 2odanl T 5 + ) @)
where (i) uses triangular inequality; (ii) uses the fact agw < |a€w|, (iii) uses the fact ||a§a | = llae|)?

and equation l (iv) uses (|a§ w'| + |a£ w|)? < 2|a 12+ Q\a5 w|?; (v) uses equation |20| and denotes
Ymax = Max ||ye|| and amax = max| agl|.

The inequality used in (iii) is constructed as following

[lad w'[* = |ag =" =(lag w'| + ad wl) (Ja w'| - |ag w])
<(Jag w'| +[ag wl)|Ja¢ («" = w)]|
<lla¢ [|(jag w'| + |ag w|)[w = w]. (28)
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max’

4
Thus, fe(w) = (ye — lal w|*)? satisfies equation with & = %, Lo = 4Ymaxiay, and L1 = Jatax. Thus,
4

F(w) satisfies equation |25 with o = 2, Ly = 8Ymax@2ay, and L1 = 9aiax.

D Proof of Descent Lemma under Generalized Pt condition

Lemma 5 in [Chen et al| (2023). For any z > 0, C € [0,1], A > 0, and 0 < w < w’ such that A > v’ — w,
we have the following inequality hold

’

Cz¥ <z¥ L CO%. (29)

The proof details for this lemma can be found at |Chen et al.| (2023), Lemma 5 at Appendix.

Lemma 4 (Descent Lemma under Generalized PL condition) Let Assumption and@ hold. Apply
AN-GD with § € [a,1]. Choose target error 0 < ¢ < min{1,1/2u}. Let step size v = 8(5:20’;67%:_1. Denote
Ay = f(we) — f*, then we have

2-p
2,) 7 28
At+1§At—7(#At’) T

2-8

(2ue) ™7, Vit (30)

=2

Proof 3 We consider two complementary cases a > 0 and o = 0.

When o > 0, we have B > a > 0, and by the descent lemma[1, we have that

f(wesn) = f(we)

(1) 1 a
205 () (s =) + 5 (Lo + Lal|9 5 ) [ e — e

@ [V + D (2L [V 5 (i)
(ig) - ’YHVf(wt)Hzfﬁ + %(2’|Vf(wt)||27ﬁ + (QLO,Y)%*l I (2L17)%71)

T oLy ||V F ()T

W

(iv) _ 2_
< = 29w + 2= (20 +2L,) 7

© 5 24 (2ue)? 1 2
< =g IVHe) ™+ S g @ e I+ D
W) vy 25 | 1(2u0)7 (2ue) 7

s IVl ST Ty v T

= — 2V (w) |7+ F(2n) 7 (31)

where (i) follows from the descent lemma (ii) follows from the AN-GD update rule by replacing wi41 —w;

with f’y%; (iii) follows from the technical lemma 5 above proved in |Chen et al| (2023) by letting

w' =2—8, A = and substituting equation to 2LoY||V £ (w)||>~28 and 2L17||V f (w)|*T*28 (Let
x = ||Vf(w)| and C = 2Lyy or 2Ly , C € [0,1] because € < 1/2u); (iv) follows from the fact that a™ +b7 <
(a+b)" withT =2/8—1>1 and a,b> 0, (v) follows from the step size rule v = (2u€)?/? /(8(Lo + L1) + 1);
(vi) follows from the facts that 2Lg+2Ly < 8(Lo+ L1)+1 and (2L +2L1)%71 < (8(Lo+L1)+ 1)%71 when
8> 0.
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When o« = 0, the same argument applies if 5 > 0. Next, we consider the case « = f = 0, and we have
We obtain that

f(wern) = f(wi)
%)Vf (wt) ' (wt+1

Y5 ()|

_ 1
7= STt L1

(LO + L1) Hwt+1 - th2

we) +
}(%w V£ (we) I+ 2Lay - [ 97 (i) )
,YZ

= — ||V £ (wo)|? +—(2L0+2L1 [V £ (w)||”

(#i1) 1
< =NV + fsmr oo

(iv)
< s+ L)

(8(Lo + Ly) + 1)||Vf(wt)||2

(v) )
s—wvﬂwﬂf+ﬂwfwmf+%@@;
= — 2|V (we)||* + F (207, (32)

where (i) follows from the descent lemma |1 with o = 0; (ii) follows from the update rule of AN-GD by
replacing wir1 — wy with —yV f(wy) (Normalization term vanishes due to 8 = 0); (i) follows the fact that
2Lo + 2Ly < 8(Lo + L1) + 1; (iv) follows from the fact 3 < 3 and (v) holds by adding additional positive

number 7 (2ue) s

Thus, in conclusion, for any f € [a, 1], we always have the following descent lemma

gl 2-8 7 2-8
Fwigr) = fwe) < =5 [[VF () [T + 4 (2ue) (33)
under the step size rule v = %. Moreover, by the generalized PE-condition in Deﬁm’tion@ we have

IV ()] = 2u)7 (fw) = )7,
which implies that

_8 2—-8 o 2-8

IV £ )| > @) 7 (flw) — )7 =@w)7 A7 (34)
Substituting equation [3]] into equation[33, we have
Flwer) = fw) < =2 @) (Fwo) - 1) 7+ Jpe
Subtracting f* on both sides, we have
Flwe) = £ < flw) = f* = 2@u) 7 (Fw) = £)7 + 3 (2u0) 7.

Denote Ay = f(w) — f*, the above inequality can be written as
20) P 2=-8 2—
Appr <Ay — MA]& ’ %(QMG) o (35)

E Proof of Theorem [II

Theorem 1 (Convergence of AN-GD) Let Assumptions[1] and[g hold. Denote A, := f(w;) — f* as the

(2#6)5/‘] fo’r‘

function value gap. Choose target error 0 < € < min{l, i} and define learning rate v = m <

some B € [, 1]. Then, the following statements hold,
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o If B <2—p,in order to achieve Ap < ¢, the total number of iterations must satisfy

L L 1 1 1. 2-0
szax{ 8p(8(Lo + L1) + 1) } 2

, =Q((=)7 ). (7
(2= 8= p)2u)2/re?=P)/0" (92-p-p)/2-8) — 1)APTP=D/Pe(2-5-p)/p (@) @
o If 8=2—p, in order to achieve Ar < €, the total number of iterations must satisfy

1-8/p .
T> 2 (8(Lo+ L1) +1) -1og(ﬁ
fu- (pe)hle €

o ®

A0
€

) =(() ))- (8)

1
A |
; og(

o If1>p8>2—p, and for some Ty satisfying Ag, < O((yu@*ﬁ)/(fﬂrﬁ*@)p+§Tz), then the total number of
iterations after Ty must satisfy

r ZQ(k’g ((%)ﬁ> +1log <log ((32(L0 flz)f)/tz;jzpw_a)e))) = (log ((%)ﬁ))' ©)

Proof 4 Given target error 0 < € < min{1,1/2u}, define stopping time as the first time that A; satisfies
A; <€, ie., T =inf{t|A; < e€}. In the following proof, we provide an estimate of such stopping time T.

For any t satisfles Ay > €, we must have Af*ﬁ)/p > e2=B)/r since % > 0. This implies that
%(2;16)(2’6)” < %(Zu)(zfﬁ)/PAEQ_B)/p, Thus, equationfurther reduces to the following descent inequality

2—8 2_p

21) P
Apit < A — %At 7 (36)

For above equation [36, we provide convergence rate based on the value of p and .

Case I: B <2—p

This is equivalent to % > 1. For simplicity of notation, denote 6 = %. When 0 > 1, we have following
inequalities

Ay <Ay
Afiy <A
—0 —0
A7 =AY (37)
Now define an augiliary function ®(t) = 7At'7%, where its derivative is ' (t) = —t=% We divide the last

inequality of equation into two different cases for analysis. One is the case when A;G < At_fl < 2At_9,
another is the case when A;fl > 2A;°.

When A; < At__fl < 2A;%, we have

(i) —0
(At_At+1) t2+1

W0 y(2p)° o A

= 4 o9

@ @)’ o At _ 22w’

= 4 1 9 8

where (i) applies mean value theorem such that ®(Ar1) — P(Ar) = |Apr1 — At]| P (€)] and At_fl > |9'(&)]
A9 holds for any € € [Apy1, AJ; (i) uses the fact A;_fl < 2A;Y; (iii) utilizes recursion Ay — Apyq

WA?; (v) uses the fact that AY > AY | for all 6 > 0.

ARV
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When A;fl > 27, it holds that Attf = (A;i)% > 2%A%79. Then, we have

P(Apy1) — (A = = (A%Jrf A
(@) 1 6—1
> 2)7 —1)A*
g (2 )A;
(i) 1
> L (@)% - 1)al,

) )
where (i) is due to the recursion AtlJ:f = (At_fl)lfiﬂ > Q%Atl_e; (ii) is due to the fact the sequence {A}L

generated by equatz’on is mon-increasing. Substitute § = % in and denote

2-8

— /D p e AT
C’—mln{ 3 72—5—p(2 2 1A, }
We conclude for all t, we have
t—1
B(A;) > D(A;) = (Ag) = Y B(Asp1) — B(A) > Ct,
i=0

Substituting the expression ®(Ay) = efllAi_e into the above inequality, we have
P
P 7=5=F
A < (—) ,
"=\@2-p-p)-Ct
In order to obtain Ar <€, when C' = T( 22-F=p)/(2-F) )A(’BJ”’ 2)/p T should satisfy

1
T (2C--n/@5) _ ) APTID P25 o

- (2 )276//7 - (2 )2/p_63/p
When C = 25— = gi§(Lo 12071

T should satisfy

8p(8(Lo + L1) +1)

T = .
@5~ p)RupIre=Tr

This concludes when p+ 8 < 2, T should satisfy

T > a. )
> max { (2-8- P)(QM)Q/”G(Q_”)/” (2(2757@/(2,5) . 1)A(()p+6—2)/p6(2757p)/p

Case II: § =2 —
This is equivalent to QPB =1, equation reduces to

Appr <A — %At (- *)At,
which leads to

A< (- Tyag=o(a- 2.

To obtain Ar < €, we have

8,0(8(L0+L1)+1) 1 }:Q((l 2—p )

(38)

(39)

(40)

(41)
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To obtain Ay < €, iteration complexity should satisfy

2 A 21=B/p . (8(Lo + L1) + 1 A 1 A
7> 2 1og(B0) = 2 B L E) D) B0y g((LyE10g(20))

ST o~ (pe)Ble € € €
Case III: 1 >(>2—p
This is equivalent to % < 1.

2-8
For simplicity of notation, denote w = ﬁ and C' = (2”)4 . Then, equation can be rewritten as
1
At+1 S At - C’}/Atw . (43)

When Ay is small enough, Atl_{_“f will dominate Ayyq order-wisely since 1/w < 1. This fact leads to

1 (9) 1 (i) 1 (444)
CyAR < App1 + CyAE < A + CyAY < Ay,
where (i) is because Ay1q > 0; (ii) is because A1 < Ay; (iii) is because re-organization of equation [36
There exists a time Ty = inf{t € N|A,/(Cy)*“™Y < 1} such that for any Ty <t < T, we have
—Ww AW —w—w?—. =t T Wt T
A1 < (Cr) ™ AY =(Cr) "ag

t—To

w(l—w" wt_T
=(Cv)™ =T T, ’
w/w— w/w— w=t=To Wt T
=(Cy)“ (G Af (44)
To simplify analysis, denote all parameters associated with € as C = (Sgﬁiﬁgil)“/“_l. We have

(Cry)w/e=t = CePl0+8-2) < €. This enables us to further reduce the recursion to

To _
wt—To

AV S(Cv)w/“’_l((cw)w/w—l)w_ - !

t—Tg

0

—o((5m)7 ). (45)

To obtain At < €, above recursion should satisfy

<c(on=)" " ay

t—
t—Tg

C’((C”y)ﬁ> N
Taking logarithm on both sides and extracting €*/(P+P=2) from (Cv)*/“~1/Ar,, we have

log(C/e) = w0 -log ((C) 77 /A, ) = w'~T0 -1og ((C/Ax,) - 77777 ) < w0 (C/Ag,) - e7777.

Taking logarithm again on both sides of the above inequality, we have

2/(p+B-2)
o >10g(12"ﬂ> o (g 1o (7) 1w (v (g fﬁ) i)

p/(p+B—2)
g ((32(L0 +L;)+4) ATOH
(202)2/ (o +B—2)

2/(p+6-2)
Q(k’g (ﬁ +log (%) +log (log ((32(L0 f’ﬁ) j4)p/(p+ﬁ—2)e)>)
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F Proof of Proposition [1]

Proposition 1 (Convergence of GD) Let Assumptions |1| and [ hold. Assume there exists a positive
constant G such that ||V f(x:)|| < G,¥t € T, When p = o = 1 and setting v < min{L%, ﬁ}, gradient

descent converges to an e-stationary point within T > Q(g) iterations.

Proof 5 When a = 1, putting the update rule of gradient descent w1 = wy — ¥V f(w;) into descent lemma
equation [1] yields

)

2 ) = A1 £+ L (Lo + L9 ) )9 )
=) = (3 = 209 s [P+ 29 )

< ) = LIV r o] + 2 )

(iii

)
< flwe) — %va(wt)||2

(46)

where (i) is due to descent lemma equation [1 (i) and (i) are due to the learning rate design v <
. . 2 2
mm{%ﬂ, ﬁ}, which ensures —(y — LOT'Y) < -3 and LlT’YHVf(wt)H?’ < %||Vf(wt)||2.

When applying Assumption@ with p =1 and denote f(w:) — f* as Ay, we have
Appr <A — ’Y/izA? (47)

The rest of proof is exactly the same as proof for Theorem[1] Case I, we omit discussion here. As a result,
one can show equation converges to a e-stationary point after O(%) iterations.
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G Proof of Lemma

Lemma 2 Let Assumptions[q and[{| hold. The gradient |[VF (w¢)| and stochastic gradient V fe(wy) satisfy

1 T
IVl < 19 fewn)] + % and

IV fe(w)|| < (1 + ) [IVE(we)|| + 7.

Proof 6 Based on Assumption [}, we have
IVE(w) =V fer(we) | < T1l|VE(wi)|| + 72,
which, by triangle inequality, further implies that
IVE(wo)ll = IV fer (wo)ll] < [VF(wr) = V fer(we)l| < 71| VE(wy)| + 7o

Rearranging the above inequality yields that

1 T2

F < /
IVF ()l < =19 fewn)] + 2

For the upper bound of ||V fer(wy)]], it directly follows from Assumption .

H Lemma 5 and Proof

o

)

5 (Lot L || VF(wy)
h2f

t

Lemma 5 For %fy - 473, we have the following upper bound

Lo (Lo+ L[ VF@)||”)

2
Ty <
I

N |
)

(Lo -+ La)(1+473)° + L VP )|
t

(48)

Proof 7 When ||VF(w,)|| < /1+473/(27¢ + 1), we have HVF(wf)Ha < (1+472/2m2 +1))% for any

a > 0. Then, we have

72 (Lo + LlHVF(wt)Ha)47_2
2

2 hfﬁ

IN
)
[\v]
=
+

IN

Y2 (Lo 4 L1)(1 + 472)% (1 + 472)

IN
N~ N~ N

(Lo + L1)(1 + 473)*,

(49)

where the first inequality uses |[VF(w)||* < (14 473/(272 +1))*/? and (1 + 473/(272 +1))*/% > 1; the
second inequality uses the fact that h% <1 (so does h%ﬁ) and upper bound 472 by 1+ 472; the last inequality

uses the fact that thus (1 + 473) /2 < (1 + 473)2.
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When ||[VF(w,)|| > /1 +472/(212 + 1), we have

I 472

2h) hy 2
(i) A2 Lll\VF wy) || >
< 4
= onf ALy (272 + 1) (2 (woll + 2£)7
_ Ll||VF wy || | 4rf

ol AL (2 IV fer (w)l[ + 125)° (272 +1)

) 72 L1HVF Wi H ||VF(wt)H2

2] L) (X [V fer () [+ 257
@) 4 La||VF(w )|
= o0 (4Lvn) [V F(w,)]
72 Ly 2
" 2h] ALy [V F ()| = [V F e

@) 42 L, )
- WA:Ln”VF(wt)H

TV F ()|

T1

‘BH (wo)]

; (50)

t

1 2
where (i) uses the fact W < 4L17(2T12+1)(1 S T ey (zz) uses the fact that now ||VF(w,)||
1—|—47' /(27'1 1) > 473 /(27’1 +1); (i) uses the fact ||VF(w)|| < 5 ||Vf5 (wy) ||+ 2 1—71 - (iv) uses the fact

—T1

Similarly, when ||VF(w)|| > V1+4r3/(213 + 1), Jor 3 2[1')/ 2Lo - 473, we have

1

W’YQLO : 47'22
=2h%ﬁ<m> a7}
h’B (VLO) 47—22
1
“ppreren'
v AT

TenP 21

2
<1+ Am) )
hﬂ 217 +1

ht

where the first inequality uses the fact that i < 1; the second inequality uses the fact v <

1 .
hy 4L0(27—2+1)’

the third inequality uses the fact 5 2 <1+ 4;“ ; the fourth inequality uses the fact that ||V F(w;) S
+1 277 +1

1+473/(212 +1). Combining equatzonl 49, equation |5() equatzon gives us the desired result.
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I Proof of Theorem

Theorem 2 (Convergence of IAN-SGD) Let Assumptzons! 1], [3 and [ hold For the IAN-SGD algo-

1
rithm, choose learning rate v = mm{4LO(2T ) L) f’8L1(2T5+1)(2r2/(1 - 5}, and A = ——
5 =

=

, T = (4Lyy(273 + 1)) . Denote A := F(wo) — F* + $(Lo + L1)(1 + 475 )2. Then, with prob-
ability at least 5, IAN-SGD produces a sequence satisfying mini<r |[VF(w,)|| < € if the total number of
iteration T satisfies

256A 64L1 (272 +1)(2 4 27)"
e’ (1—7p)8e2-8

TzAmax{ 64(L0+L1)+128L1(2Tg/(177’1))B}.

2
) (27—1 + 1) : €2

(17)

Proof 8 By the descent lemma in equation[3 and the update rule of IAN-SGD in equation[I]], we have
F(le) — F(wt)
1
<P () (s —wr) + 3 (Lot Ll () ) s

VF(w) Vie(w) 1 Vel
T ) | Ly oo ) L

Taking expectation over £,£' and w;, and by the independence between & and &', we have

Ew, [[Es ¢ [Fwigr) — F(wt)lwt]}

—[|VF (w H
hY 3

H [vai (we H |wt]}

<Eu.e V(Lo + L1 ||V F (w; 7

From Assumption [, we have
Be [||V fe(wo) | *Jwe] =Ee[||V fe(ws) — VF(wy) + VF (wy)|| ]
LI (|9 fe(we) — V()| ] + 2| V()
Lo [P ()| + 720 + 2|V (wo) |
"L 4?4 9) | V()| + 472, (53)

where inequalities (i) and (i) are direct applications of (a+b)? < 2a?+2b%, and (ii) follows from Assumption
[4 Substituting equation [53 into the above descent lemma, we have

o, ¢ [Ee [F(wis1) — F(wmwtﬂ

2
< [T L 4oy BAT e
|VF wt )12 \rt +2)||VE(wy)|| + 473
SEwt,é’[ Yy ——— + W’ (LO"‘LlHVF H 128 }
t
Lo+ Li||VF « L L||VF “«
t t

Next, we provide an upper bound of the term (27 + 1) - W

in the above equation. By the
t
Lo . 1 _ . 1
clipping structure and step size rule, we have n mm{l7 LA D 1V e @ ) ,3} < 1 and

v < m, which imply that
~vLg 1
(27 +1)- B < (217 +1) - vLo S (55)
t
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On the other hand, we have

1 (1)1
th zzhg
1 a
Zi(hf)ﬂ
(u)l a o
> L2 + )7 ([ Vie wo)] + 77)
(ii3) 1 a
> (g Ly (272 + 1)) (—— ||V fer ()| + —2—)

(63

(i)
>y Ly (272 +1)|VF (wy)]

; (56)

where (i) utilizes the fact hy > 1 and B > «; (i) utilizes the fact that hY > 4L1~y(272 + 1)( |V fer (wy)|| +

177‘1
T2 V8. (iii) utilizes the fact that v < m, thus (4yL1 (212 +1)) < (4yL1 (272 4+1))*/ since B € [, 1];
1

1—7’1

() follows from Lemmal[d

Combining equation and equation we conclude that y(272 +1) - WM < %, and equation

t

further reduces to

E,, [Ew [F(wisr) — F(wt)|wt]}

o 1 ,Lo+ L||[VF(w)|"
R e e

,
< B, ¢ [ - MHVF(H&)

(i) 0% 1 ¥
LBue [~ HITF @I + 30+ 00+ 453+ L FGolf]

1
= Buve | = Ll VPG| + 50 (Eo + L)1+ 4, (57)

where (i) follows from equation in the auziliary Lemma @ Rearranging the above inequality yields that

Eu, e {ﬁHVF(wt)Hﬂ < Eu, [Be e [F(wr) = Flwiia)|w] | + %(L0 + L (1L+4m3)% Vee[T]  (58)
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Next, we further lower bound WF}E% by IVF(wy)| to eliminate the randomness in hy. We have

[vE@d[*
hy
) ] 2
N ! VF
’len{ TALy (27 + 1)y (2 nHVfé/ w) | + 2 )7 }H (wy)|
(i) | 2
>~yminJ1, 19 F )|
+1 )
U ot (P ot 7))
\W-/ \\,_1/
Cq Cs
(i44) 1 ) 2
> ymin< 1, 7 P
{ AL1y (272 + 1) (21 ||[VF(w0)|)? 4L1n (272 + 1)(2C )@}H 8l
(iv) . 1 1
- VF(
min {7 ALy (27 +1)(2C1 || VF (wy) ||)5 4L, (272 +1)(20,)P }H (wy ||
(v) . 1
= mins -, VF(w)
{ 4L1(2712+1)(201va(wt)”)5}” Sl

2-p
:min{’yHVF(wt)Hz, (HVF( ol } (59)

1027 + 1)
where (i) expands the expression of - B, (ii) utilizes the second inequality of Lemma |9 to upper bound
IV fer(we)| by (1 + D||VF(we)| + 725 (iii) utilizes the fact +b)ﬁ > min{ 55 (Qa)ﬁ, 2b)ﬁ} by setting a =
%t} VF(wt)H, b= 22 -, B = 0; (iv) substitute ~y inside the minimum operator. Moreover, (v) follows

. 1
from the step size rule 7 SLT@ ) 2r/A=m))? < 4L1(271+1)(472/(1_ﬁ)),3 Substituting equation |59 into
equation [5§ and summing over t from 0 to T — 1, we obtain that

T-1 o
. s VPl
2 Ewt[mln{4||VF(wt)|| "16L,(2C))B (27 + 1) }
T-1
v
<3 B [l VROl

~+
Il
o

S

1
< Ewt [Ef,gl [F(wt) — F(wt+1)\wt” —+ T§72(LO + Ll)(l + 47’22)2.
t=0

By step size rule v < \/» the above inequality becomes

> |[VF@|”

; o, | min { 7|V (o) 162, (2C1)P (272 + 1) } = Flwo) - P %(LO + L)+ 4m)°

Denote K = {t|t € [T] such that WHVF(wt)HQ < %}, then the above inequality implies that
1

S B, [JIVE@0)|?] < Flwo) ~ F* + 3 (Lo + La)(1 + 473, (60)
teK
and
HVF wt H2 o % 1 2\2
t;{; B [16L1 (2C1)8 (272 + 1)} S Flwo) = F*+ 5(Lo+ L)(1 +4m)" (61)
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Now denote RHS as A := F(wg) — F* + (Lo + L1)(1 +473)?, then we have

E., _mmHVF (wy ||]

S IVP@l g 3 VP ]

teK teKe©

ngt:min{\/mteK F( )|2, (Wt;CHVF(wt)HLﬁ)MH

%)max w’\/|K| Z | VF(wy) w’(|KC Z |V F(wy)|| *5> f.&ﬁ}

teK teK¢©

< max { \/|K| S B[V (w)| (|Kc 3 B [VFw) )77

teK teKe

<E., _min{
'L |K|

< {\/(41\) (Lo + L1) (278 + 1) + VT + 8L, (277 + 1)((272) /(1 = 71))°

< T ’

32L1(272 + 1)((2m1 +2)/1 - 7)P | 2
T g

(A

where (i) uses the concavity ¥(-) = y? and () =y=F "5 and Jensen’s inequality w(znll) > Z:)(lz) applied
on ||VE(we)||; (i) uses the fact E[min{A4, B}] < IE[ | < max{E[A],E[B]}; (#i) applies Jensen’s inequality
over concave function U(-) =y and U(-) = y2 ; () is due to re- orgamze equation equation |61 and set
K=T, K= % (Since we require either K or K¢ should be larger than = to guarantee that K + K. =T).

Thus, in order to find a point satisfies

1
Pr VF >e) < =
rlmin [VF ()] 2 ) < 5.
We must have Ey, [mingery [|VF(wy)|]] < 5.
This indicates that the RHS of the above inequality should be smaller than 5, this implies T' satisfies

256A 64L1(277 +1)(2 + 271)8 02 11 64(Lo + L) + 128L1((27) /(1 — 7))
et (1 —7)fex=F S € }

T > Amax { (62)

J IAN-SGD under generalized Pt condition

Lemma 3 (Descent inequality of IAN-SGD under generalized PY. condition) Let Assumptions

EXE| and! 4| hold. For the IAN-SGD algorithm, choose target error 0 < € < min{1,1/2u} and learning rate v =
(2ue) 7 mln{ L 1 L (277 +1) }
K 4L0(2Tl+1)’ 4L, ((2m1+2)/(1— Tl))(271+1)7 8Ly (2774+1)(272/(1—71))8 * 16((Lo+L1)(1+473)+L1(v2+1/2))2 17

and A = 1_ , T = (4L1y(272 + 1)) . Then, we have the following descent inequality

72 (Lt + DRRA) D AL (27 + 1)1 (2 2O
4 3 .

[Aty1] < Ey, [A -

wt+1

Proof 9 When chosen target error 0 < e < min{l,1/2u} and learning rate satisfy

4-28 1 1
< (2 . <
VS @) T L EE ) SiL, e )
1< () 7 i 5 <
4L1((2T1 +2)/(1 —’7’1))(2’7’1 +1) 4L1(27’1 +1)
4-28 1 1
V< @) (63)

R 22+ 1) 2/ —m))f SR 22+ 1)2n/0—n))P
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the derivations from equation to equation [58 stated in Proof [G are still valid, we omit discussions of
detailed derivation here.

Next, we lower bound ”VF}E% by ||[VF (wy)| to eliminate the randomness in hy. For any 8 > a > 0, we
have
[IVE |
hy
(1) 1 )
- F
me{ TAL (27 + 1)y (= = vag, wt)HJrl?ﬁ)ﬁ}HV (’U)t)H
(i) ) 2
{ ALy (272 +1)(“+1||VF( )||+272‘T>5}
_ —T1
Cy Cs
D) 1 ) )
> ymin< 1, ’ VF(w)
{ 4L17(27'12+1)(201HVF(wt)||)ﬁ AL1y(272 +1)(2C, )ﬁ}H t H
- ’ VE(
min {7 4L, (272 + 1) (201 |[VF (un)])) AL @ + D)7 7 IvE@|”
(v) . 1 )
= min {7, VF(w
{ ALy (272 + 1) (2G4 ||V F (wy)||)° HIVF @
. 2 HVF(wt)H2_ﬂ
- {VHVF(wt)H T4(2C1)PLy (218 + 1)
Y IV F @l

> B/2 2-8 2 2
min{3(L1y (277 + D)2 IVE @) 925127 1), 60570 )

(vii) 3/2 1/2 2-3 2 2 HVF wy) H2 ’
> mln{'y (L1(2T1 + 1)) ||VF( )” -7 L1(27—1 =+ 1)7 4(201)'BL1(271 i 1)}

-8
(viiz) _ VF(wt) 2
> mln{'yg/z(Ll(ZT +1))1/2||VF( )”2 ﬁ74(2HCl)5L1(2|L2+1)
1

}—PLi(27f + 1)
(z)
>3 2Ly (27 + 1)) V2IVE (wy)|*P — Ly (277 + 1)

(iz)
> 32 (Ly (277 + 1)) 2 (2ud) PP — 2Ly (217 + 1) (64)

where (i)-(v) follows the same arguments stated in Proof@ (m) applies equatzon. by setting C = (L1y(27¢+
1)872) (since Liy(2m2 +1) < 1), x = |[VF(wy)||, A = B, w' = 2,w = 2 — B; (vii) follows from (L1y(27% +
1)2/2 > (Lyy(28 + 1)Y2 as (Liy(21F +1)) < 1; (mzz) follows fmm fact for any b > 0, min{a — b,c} >

min{a, c} — b;(x) follows from fact v < 4L1((2T1+2)/(1 e S 4L1(201)15(272+1) Thus, Liy(213 +1) <

1 and 3/2(Ly (272 + 1)V/2 < ~ < W@Tﬁl) always holds; (ix) substitutes assumptzon@ to replace
IV E(w)l| by (2ul)/.

When o= 0,8 > 0, above argument still applies, next, we consider the case when o = =0, we have
VIVE(we)|? 29(Liy(27 + 1)V2([VE (wy)|*
>y(Liy(27F + 1) V2(IVE (w)|? = 72 La(27f +1)
>y(Liy(277 + 1)2(2ul)*? = 47 Ly (277 + 1)
=72 (L1(27] + 1)) (2080)*? — 2Ly (277 + 1), (65)

where the first inequality is due to v < 7L1(2i2+1) and the last inequality substitutes assumptian@ to replace
1
IVF(wy)|| by (2ude)*/e.
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Combining two cases, we conclude that for any 8 > 0, we always have

|V F(wy)|”

Py V(L1 (27 + 1)) (20l )PP — 5P L2 4 1)
t

Substituting equation@ into equation @ and re-arranging terms, we have

V(L (27f + 1))1/2(2/&0(2‘6)/”]

E,, [
4

SEwt[[F(wt) _F(wt+1)]] +%(L0+L1)72(1+47'22) + 1

Ly(217 +1)

=Eu, [[F(wt) - F(wt+1)]] + %72(@0 + Ly)(1+473)% + f)

Substituting F* on both sides and re-arranging terms yields that

2Ly (27 + 1) 2 @uB) -
4

Ew, 1 [At41] < By, [Ar —

Ly (272+41)(2ue) 428 /e
16((Lo+L1)(1+472)+ L1 (13 +1/2))2 7

Since v < the above inequality further implies

5 YLi(212+1)

By [Ar1] < Ey, [Ar — )

which gives the desired result.
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(67)

+ %72((Lo + L1)(1+479)% + Li (7§ +1/2))].
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