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ABSTRACT

Recent studies have shown that many nonconvex machine learning problems meet a so-
called generalized-smooth condition that extends beyond traditional smooth nonconvex
optimization. However, the existing algorithms designed for generalized-smooth noncon-
vex optimization encounter significant limitations in both their design and convergence
analysis. In this work, we first study deterministic generalized-smooth nonconvex opti-
mization and analyze the convergence of normalized gradient descent under the general-
ized Polyak-Lojasiewicz condition. Our results provide a comprehensive understanding
of the interplay between gradient normalization and function geometry. Then, for stochas-
tic generalized-smooth nonconvex optimization, we propose an independently-normalized
stochastic gradient descent algorithm, which leverages independent sampling, gradient
normalization and clipping to achieve an O(e~*) sample complexity under relaxed as-
sumptions. Experiments demonstrate the fast convergence of our algorithm.

1 INTRODUCTION

In modern machine learning, the convergence of gradient-based optimization algorithms has been well stud-
ied in the standard smooth nonconvex setting. However, it has been shown recently that smoothness fails to
characterize the global geometry of many nonconvex machine learning problems, including distributionally-
robust optimization (DRO)(Levy et al.,|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 have been
shown to satisfy a so-called generalized-smooth condition, in which the smoothness parameter can scale
with the gradient norm in the optimization process (Zhang et al.,|2019).

In the existing literature, various works have proposed different algorithms for solving generalized-smooth
nonconvex optimization problems. Specifically, one line of work focuses on the classic stochastic gradient
descent (SGD) algorithm (Li et al., 2024} Reisizadeh et al., [2023). However, the convergence of SGD either
relies on adopting very large batch size or involves large constants, and the practical performance of SGD
is often poor due to the ill-conditioned smoothness parameter when gradient is large. Another line of work
focuses on clipped SGD, which adapts to the generalized-smooth geometry by leveraging gradient clipping
and normalization (Zhang et al.| [2019; 2020). However, to establish convergence guarantee, these studies
rely on the strong assumption that the stochastic approximation error is bounded almost surely.

Motivated by the algorithmic and theoretical limitations discussed above, this work aims to explore the
interplay between algorithm design and the geometry of generalized-smooth functions, and develop algo-
rithms tailored for generalized-smooth nonconvex optimization. To achieve this overarching goal, we need
to address several fundamental challenges. First, even in deterministic generalized-smooth nonconvex op-
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timization, there is limited knowledge about how to adapt gradient-based algorithms to the geometry of
generalized-smooth problems. Thus, we want to answer the following question.

* QI: In deterministic nonconvex optimization, how can we adapt algorithm hyperparameters to align with
the Polyak-tojasiewicz geometry of generalized-smooth problems? What are the convergence rates?

Second, in stochastic generalized-smooth nonconvex optimization, the existing SGD-type algorithms are
either impractical due to poor performance or relying on strong assumptions to establish convergence guar-
antee. Therefore, we aim to answer the following question.

* Q2: Can we develop a novel algorithm tailored for stochastic generalized-smooth optimization that
achieves fast convergence in practice while providing convergence guarantee under relaxed assumptions?

In this work, we provide comprehensive answers to the above questions and develop new algorithms as well
as convergence analysis in generalized-smooth nonconvex optimization. In light of the above discussions,
we summarize our key contributions as following.

1.1 OUR CONTRIBUTION

We first consider deterministic generalized-smooth nonconvex optimization, and study the convergence of
normalized gradient descent under the generalized Polyak-Lojasiewicz (PL) condition. Our result char-
acterizes the algorithm convergence rate under a broad spectrum of function geometry characterized by the
generalized-smooth and PL conditions, and provides deep insights into adapting algorithm hyper-parameters
(such as learning rate and gradient normalization scale) to the underlying function geometry.

We then consider stochastic generalized-smooth nonconvex optimization, for which we propose a novel
Independently-Normalized Stochastic Gradient Descent (I-NSGD) algorithm. Specifically, I-NSGD lever-
ages normalized gradient updates with independent sampling and gradient clipping to reduce the bias and
enhance stability. Consequently, we can establish convergence of -NSGD 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 further study the convergence
behavior of I-NSGD under the generalized PL. condition.

We compare the numerical performance of our [-NSGD algorithm with other state-of-the-art stochastic algo-
rithms in applications of nonconvex phase retrieval and nonconvex distributionally-robust optimization, both
of which are generalized-smooth nonconvex problems. Our results demonstrate the efficiency of -NSGD in
solving generalized-smooth nonconvex problems and match our theoretical guidance.

1.2 RELATED WORK

Generalized-Smoothness. The concept of generalized-smoothness was 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 idea was extended by (Chen et al.| (2023)), who pro-
posed the £j, ,,(«) and L7, (o) 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. Also, 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 focus on adaptive methods. In deter-
ministic non-convex settings, |Zhang et al.| (2019} 2020) showed that Clipped GD can achieve a rate of
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O(e~2) under mild assumptions.Later, |Chen et al.[(2023) proposed 3-GD, also achieving O(e~?) iteration
complexity. Later in this year, [Vankov et al.|(2024b) studies clip and normalized gradient descent under
mild-conditions, where they retrieve standard convergence rate in each separate cases under deterministic
cases. |[Gorbunov et al| (2024) varies the learning rate to study smoothed gradient clipping, gradient descent
with Polyak step-sizes, triangles Method under convex (Lg, L1 )-smooth conditions, where they also achieve
standard convergence rate under convex case. In stochastic settings, when the approximation error of the
stochastic gradient estimator is bounded, Zhang et al.| (2019; [2020) proved clipped SGD achieves O(e~*)
sample complexity. Inspired superior performance of Adagrad Duchi et al.[(2011b),|Wang et al.|(2023)); [Faw|
let al| (2023); [Hong & Lin| (2024) further studied AdaGrad under generalized smooth and relaxed variance
assumption with different learning rate schemes. They all attains O(1/+/T) convergence rate under mild
conditions[Xie et al.| studied trust-region methods convergence under generalized-smoothness. The
second series focus on SGD methods with constant learning rate. [Reisizadeh et al.| (2023)); [Li et al.| (2024)
proved that SGD converges with sample complexity O(e~*) under generalized-smoothness. To ensure con-
vergence, Reisizadeh et al.[(2023) adopted a large batch size of O(e~?2), while relaxed this
requirement but introduces additional variables of size O(e~!). Additionally, various acceleration methods
have been explored under the generalized-smoothness condition. [Zhang et al] (2020) proposed a general
clipping framework with momentum updates; Jin et al| (2021) studied normalized SGD with momentum
(Cutkosky & Mehta (2020) under parameter-dependent achieves O(e~*) sample complexity;
(2024) studied normalized SGD with momentum |[Cutkosky & Mehta (2020) associated with parameter-

agnostic learning rates, which establishes O(e=*) convergence rate and corresponding lower bound. By
adjusting batch size, [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. Furthermore, Zhang et al.| (2024b);
Wang et al.| (202 ;ILi et al.|(2023)) explored the convergence of RMSprop (Hinton et al., 2012)) and Adam

(Kingmal 2014) under generalized-smoothness. (2024) studied variance-reduced sign-SGD con-
vergence under generalized-smoothness.

Machine Learning Applications. Generalized smoothness has been studied under various machine learning
framework. [Levy et al.| (2020); Jin et al.| (2021) studied the dual formulation of regularized DRO problems,
where the loss function objective satisfies generalized smoothness. |Chayti & Jaggi (2024) identified their
meta-learning objective’s smoothness constant increases with the norm of the meta-gradient.
(2024b);[Hao et al| (2024);|Gong et al.|(20244); [Liu et al.| (2022b)) explored algorithms for bi-level optimiza-
tion 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. studied min-max
optimization algorithms’ convergence behavior under generalized smooth condition. There is a concurrent
work (Vankov et all, 2024a)) using independent sampling with Clip-SGD framework to solve variation in-
equality problem(SVI). Based on this idea, they also propose stochastic Korpelevich method for clip-SGD.
Under generalized smooth condition, they proved almost-sure convergence in terms of distance to solution
set tailored for solving stochastic SVI problems.

2 DETERMINISTIC GENERALIZED-SMOOTH NONCONVEX OPTIMIZATION

We first introduce generalized-smooth optimization problems. Then, we review the classic normalized gra-
dient descent algorithm and study its complexity in the generalized-smooth and gradient-dominant setting.

We are interested in the following nonconvex optimization problem.

min f(w), ey

weR4
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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 introduced in
(Jin et al., 2021} |Chen et al., 2023ﬂ

Assumption 1 (Generalized-smooth) The objective function f satisfies the following conditions.
1. f is differentiable and bounded below, i.e., f* := inf cgra f(x) > —o0;

2. There exists constants Lo, Ly > 0 and o € [0, 1] such that for any w, w' € R, it holds that
1V7(w) = Vi@ < (Lo + Lo [V )]*) oo = w']| @

The generalized-smooth condition in Assumption [I]is a generalization of the standard smooth condition,
which corresponds to the special case of L; = 0. To elaborate, it allows the smoothness parameter to scale
with the gradient norm polynomially, and therefore is able to model functions with highly irregular noncon-
vex geometry. In (Chen et al.l 2023 |Zhang et al., |2019)), it has been shown that many complex machine
learning problems belong to this function class with different parameter «, including distributionally-robust
optimization (o« = 1), deep neural networks and phase retrieval (o = %), etc. Following a standard proof, it
is easy to show that generalized-smooth functions satisfy the following descent lemma.

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

f(w) < fw') +(Vf(w'),w —w') + %(LO + Ly ||V f ()| ") Jw — || 3)

The main challenge of generalized-smooth optimization is to control the polynomial gradient norm term
IV f(w’)||* involved in the smoothness parameter. This key observation has motivated the existing studies
to develop normalized gradient methods for solving generalized-smooth problems.

Chen et al.| (2023) proposed a specialized normalized gradient descent (NGD) algorithm for generalized-
smooth nonconvex optimization. The algorithm normalizes the gradient by its norm polynomially, i.e.,

L Vi(w)
IV )P

where v > 0 denotes the learning rate and [ is a scaling parameter that controls the normalization scale of the
gradient norm. Intuitively, when the gradient norm is large, a smaller § would make the normalized gradient
update more aggressive. [Chen et al|(2023) has empirically demonstrated the effectiveness of equationfd]than
gradient descent in deterministic settings and proved that, when choosing a proper ~y and setting 5 € [, 1],
NGD can find an e-stationary point within O(e~2) number of iterations.

(NGD) w1 = wy “4)

Moreover, from |Liu et al.| (2022a); |Scaman et al.| (2022), it has been observed that generalization of
Polyak-F.ojasiewicz (PE) condition, such as Polyak-F.ojasiewicz”(PL)", Kurdyka-F.ojasiewicz* (KE"), and
Separable-Fojasiewicz™(SL*) hold in the landscape under over-parametrized neural networks of several
state-of-art losses, such as mean-squared loss and cross-entropy loss. Based on scalability of PL. condi-
tion that can be extended to hold in deep learning, and the linear convergence rate studied in |Karimi et al.
(2016b). In this work, we study the convergence rate of NGD for solving generalized-smooth problems
under the following generalized Polyak-Lojasiewicz (PL) condition (Karimi et al.,|2016a).

Assumption 2 (Generalized Polyak-Y.ojasiewicz Condition) There exists constants ;n > 0 and p > 0
such that f(-) satisfies, for all w € R,

iuwww’ > fw) - f*. 5)

in et al.|(2021) considered the special case o = 1, and|Chen et al.|(2023) defined a symmetric version of equation
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Assumption [2] generalizes the standard PL condition (corresponds to p = 2) via flexible choice of the
parameter p. In particular, some generalized-smooth functions satisfy the above generalized PL condition
1

with different parameters. For example, the sigmoid-like function f(w) = 1w?(exp(w?) — 1) + 1w?

satisfies p = 1, 1 = 0.1, and the polynomial function f(w) = w + Fw? + w* satisfies p = 3,1 = 0.1.

We obtain the following convergence rate result of NGD, where we denote A; := f(w;) — f*.

Theorem 1 (Convergence of NGD) Let Assumptionsand Hhald. Choose learning rate v = 5“220’167);1/):_1
where € denotes the target accuracy, and set o« < 3 < 1. Then, the following statements hold.
* If0 < p < 2— (3, then we have
P =L
A =0((—a—) ™7 ) ©6)
((2 —-B- p)vt)
Furthermore, in order to achieve Ay < ¢, the total number of iteration satisfies T = O ((%) %) if2—28 <
p<2—BandT=0(1)"5")ifo<p<2-28
e If p =2 — B and choose € such that v < ;% then we have
t
Atzo(@—%) ) %)
In order to achieve A\, < ¢, the total number of iteration satisfies T' = O((%)% log %)
* If p > 2 — (3, then there exists T € N such that for all t > T}, we have
Ag, 72T
s-o((22)")
azhe

In order to achieve A\, < ¢, the total number of iterations after Ty satisfies T = Q( log((%) EEE ).

Theorem [T} indicates that the convergence behavior of NGD depends on the parameter p in the generalized
PL condition. When p < 2 — j3, the algorithm achieves slow sub-linear convergence rate. When p > 2 — 3,
the algorithm achieves local linear convergence rate. These results match the intuition behind the generalized
PL condition. Namely, a large p indicates that the gradient norm vanishes slowly when the function value
gap approaches zero, corresponding to sharp geometry that leads to fast local convergence.

3 STOCHASTIC GENERALIZED-SMOOTH NONCONVEX OPTIMIZATION

In this section, we study the following stochastic generalized-smooth optimization problem, where f cor-
responds to the loss function associated with data sample £, and the expected loss function F'(-) satisfies the
generalized-smooth condition in Assumption

uI;IeliIIlld F(w) = ngp [f& (w)] . (9)

3.1 NORMALIZED SGD AND ITS LIMITATIONS

To solve the stochastic generalized-smooth problem in equation[9] one straightforward approach is to replace
the full batch gradient in the NGD update in equation E] with the stochastic gradient V f¢(w,), resulting in
the following normalized SGD (NSGD) algorithm.

fot (wt)

(NSGD)  wiiq = wy — Yoot L2
T e, (w) [P

(10)
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NSGD-type algorithms have attracted a lot of attention recently for solving stochastic generalized-smooth
problems (Zhang et al.| 2019; [2020; |Liu et al., [2022b). In particular, it has been proven in these works
that NSGD with proper gradient clipping can achieve a sample complexity of O(e~*), which matches that
of the standard SGD algorithm for solving stochastic smooth problems (Ghadimi & Lan| 2013)). However,
NSGD-type update has the following limitations.

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

v we wy ..
E[vaf;téut))”ﬁ] * valf(svut))uﬁ. This is due to the dependence between V f¢, (w;) and ||V fe, (w)|?. In

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

2. Strong assumption: To control the estimation bias and establish theoretical convergence guarantee for
NSGD-type algorithms in generalized-smooth nonconvex optimization, the existing studies need to adopt
strong assumption. For example,|Zhang et al.|(2019;2020) and Liu et al.|(2022b)) assume that the stochas-
tic approximation error ||V f¢(w) — VF (w)|| is bounded by a constant almost surely. In real applications,
this constant can be a large numerical number if certain sample ¢ is an outlier.

3.2

To overcome the aforementioned limitations, we propose the

INDEPENDENTLY-NORMALIZED SGD

independently-normalized stochastic gradient (I-NSG) estimator Ve, VF
[IVE]]
(I-NSG estimator) Lw)ﬁ) (11 v
[V e ()l ek
where £ and £’ are samples draw independently from the underly- HVE

ing data distribution. Intuitively, the independence between £ and &’
decorrelates the denominator from the numerator, making it an un-
biased stochastic gradient estimator (up to a scaling factor). Specif-
ically, we formally have that

Vi,
VI

Ve

. . 1
Figure 1: Comparison between nor-

malized full gradient (blue) and ex-
pected normalized stochastic gradient
(red). Here, & and & are sampled
uniformly at random.

V) ] [BVAw]
w7 ~ 5 [T il

Moreover, as we show later under mild assumptions, the scaling fac-
tor E[||V fe:(w)||7”] can be roughly bounded by the full gradient
norm and hence resembling the full-batch NGD update. Based on this idea, we formally propose the follow-
ing independently-normalized SGD (I-NSGD) algorithm, where V f¢,, (w;) corresponds to the mini-batch
stochastic gradient associated with a batch of samples B, and B’ denotes another independent batch.

V/ 3z} (wt)
hy
The above I-NSGD algorithm adopts a clipping strategy for the normalization term h;. This is to impose a
constant lower bound on h;, which helps develop the theoretical convergence analysis and avoid numerical

instability in practice. We note that I-NSGD requires querying two batches of samples in every iteration.
However, as we show in the experiments later, the batch size | B’| can be chosen far smaller than |B)|.

} x VF(w). (12)

(INSGD): w41 = w; — . where hy = max {1, (4L17)? (QHVng,(wt)H n 5) } (13)

3.3 CONVERGENCE ANALYSIS OF I-NSGD

We adopt the following standard assumptions on the stochastic gradient.

Assumption 3 (Unbiased stochastic gradient) The stochastic gradient V f¢(w) is unbiased, i.e.,
Eep [V fe(w)] = VF(w) for allw € R
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Assumption 4 (Approximation error ) There exists T, Ty > 0 such that for any w € R%, one has

|V fe(w) = VF(w)|| < || VE(w)|| + 72 as. V¢ ~P. (14)

We note that the above Assumption[d]is much weaker than the bounded approximation error assumption (i.e.,
71 = 0) adopted in (Zhang et al., |2019; 2020; |Liu et al., [2022b). Specifically, it allows the approximation
error to scale with the full gradient norm and only assumes bounded error at the stationary points. With these
assumptions, we can lower bound the stochastic gradient norm with the full gradient norm as follows.

Lemma 2 Let Assumptionsand hold. Consider the mini-batch stochastic gradient V fe¢ . with batch size
B = 167’12, then for all w € R? we have

|- 2 (15)

1
v w)| > = ||VF(w —.
IV few )] 2 5V PG| - 52
Lemma [2] shows that with a constant-level batch size, the stochastic gradient norm can be lower bounded
the full gradient norm up to a constant. This result is very useful in our convergence analysis to effectively
bound the mini-batch stochastic gradient norm used in the normalized stochastic gradient update.

We obtain the following convergence result of I-NSGD.

Theorem 2 (Convergence of I- NSGD) Let Assumptlons [7] B] and {4 l hold.  For the I-NSGD algorithm,
1

choose learning rate v = mln{4L0, I \/T’ m} batch sizes B = 27, B' = 167 and § = z,

Denote A := F(wg) — F* + 1(Lo + L1)(1 + 73 /7£)2. Then, with probability at least %, I-NSGD produces
a sequence satisfying min,<r ||V F (w)|| < € if the total number of iteration T satisfies

256A 640L; 64(Lo+ L)+ 128L1(372/m1)? }

et 7 28" €2

(16)

TZAmaX{

The choices of B, B’ = O(r}) are mainly to simplify the symbolic operation during the proof. By de-
ploying normalizing during data pre-processing, the value of 71 can be approximately controlled as O(1) in
practice. Thus, Theorem 2|indicates that -ZNSGD achieves a sample complexity in the order of O(¢~%) with
constant-level batch sizes in generalized-smooth optimization. Compared to the existing studies on normal-
ized/clipped SGD, this convergence result neither requires using extremely large batch sizes nor depending
on the bounded error assumption. Through numerical experiments in Section[]later, we show that it suffices
to query a small number of independent samples for I-INSGD in practice.

Proof outline and novelty: The independent sampling strategy adopted by I-NSGD naturally decouples
stochastic gradient from gradient 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

Eep [F(th) _ F(wt)] 2 —VHVF(wt)H N v2(Lo + LlHVF(wt)H“)

Ee, [||V fep (wr)]|”]

Y 2P
() Lo+ Li||VF “ Lo+ Li||VF “ 72
< (lﬁ(_l_’_,y o+ 1Hh/3 (U)t)H ))||VF(wt)H2+%'Y2 o+ 1|}‘L26 (wf)H :722, (17)
t t 1

where the expectation (conditioned on wy) in (i) is taken over &g only, and note that h; involves the
independent mini-batch samples £p/; (ii) leverages Assumption [ to bound the second moment term
Ee, [V fep (we)||?] by 2||VF(w:)||*> + 73/72. Then, for the first term in equatlon we leverage the
clipping structure of h; to bound the coefficient y(Lg + L1 ||V F(w)||*)/h} by 4 3 For the second term
in equation [T7] we again leverage the clipping structure of h; and con51der two complementary cases:
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when ||[VF(w;)|| < \/1+ 73/7, this term can be upper bounded by 1v*(Lo + L1)(1 + 73/7¢); when
IVE(we)|| > /1 + 73 /7¢, this term can be upper bounded by ||V F(w)||*. Summing them up gives
the desired bound. We refer to Lemma [6]in the appendix for more details. Substituting these bounds into
equation|l7|and rearranging the terms yields that
v 2 1 2 T3 2

—5 |[VF(w)||” < B¢y [F(we) = Flwern)] + 5 (Lo + L)y* (1 + 3)%

4h); 2 Ti
Furthermore, by leveraging the clipping structure of hf and Assumption (4 the left hand side can be lower

bounded as W > min{y||VF(w,)|?, W}. Finally, telescoping above inequalities over ¢

t
and taking expectation leads to the desired bound in equation[16]

As a comparison, in the prior work on clipped SGD (Zhang et al.|[2019}2020), 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 fep (we)]1? IVE)|? + [V fep (we) = VE)|® + 2(VF (wy), V fe, (i) — VF (wr))

E
3 hfﬁ h?’B

=Eep

B

Hence their analysis need to assume a constant upper bound for the approximation error ||V fe, (w;) —
V F(w;)|| in order to obtain a comparable bound to ours.

We also analyze I-NSGD under the generalized PL condition by establishing a recursion similar to that
proved in Theorem|[I} Due to page limitation, we refer to Appendix [G] for more details.

4 EXPERIMENTS

We conduct numerical experiments to compare I-NSGD with other state-of-the-art stochastic algorithms,
including the standard SGD (Ghadimi & Lanl 2013), normalized SGD, Clipped SGD (Zhang et al., [2019).
The problems we consider are nonconvex phase retrieval and nonconvex distributionally-robust optimization.

4.1 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. Specifically, denote the underlying object as = € R?. Suppose we take m
intensity measurements y, = |al x| + n,. for r = 1---m, where a, denotes the measurement vector and
n, is the additive noise. We aim to reconstruct x by solving the following regression problem.

. 1 - T 12\2
= — E - — . 18
R ) 2m (o = lar2]") (18)
Such nonconvex function is generalized-smooth with parameter o = % (Chen et al., [2023)). In this experi-

ment, we generate the initialization zo ~ N'(1,6) and the underlying signal x ~ N(0,0.5) with dimension
d = 100. We take m = 3k measurements with a,. ~ N(0,0.5) and n, ~ N(0,42).

We implement all the stochastic algorithms with batch size |B| = 64, and we choose a small independent
batch size |B’| = 8 for [[NSGD. We use fine-tuned learning rates for all algorithms, i.e., ¥ = 5e—5 for
SGD, 0.25 for both normalized SGD and Clipped SGD, and 0.5 for I-NSGD. We set the maximal gradient
clipping constant 45 and § = 15 for both Clipped SGD and I-NSGD. Moreover, we set the normalization
parameter of I-NSGD as g = % which matches the generalized-smoothness parameter « of phase retrieval.
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Figure [2] (left) shows the comparison of objective value versus sample complexity. It can be seen that
our I-NSGD consistently converges faster than other algorithms. This indicates that, the independently-
normalized and clipped updates of I-NSGD are more adapted to the underlying generalized-smooth non-
convex geometry. In Figure [2] (middle), we test the performance of I-NSGD under different choices of the

normalization parameter 5 = 1, %, %, 1—70, %. It can be seen that [-NSGD converges the fastest as 5 matches

the theoretically-suggested value 2, demonstrating the importance of imposing a proper level of gradient nor-
malization in generalized-smooth optimization. In Figure 2] (right), we further explore the effect of the batch
size for -NSGD’s independent batch samples B’. Specifically, we test batch sizes |B’| = 4, 8,16, 32, 64,
while keeping all other hyper-parameters unchanged. The plot shows that I-INSGD can achieve both fast and
stable convergence when choosing a very small batch size (| B’| = 4 or 8) for the independent batch samples.

— SGD

— NSGD

— Clip SGD

—— I-NSGD with =3

—— I-NSGD with 8
—— I-NSGD with B

10° —— |-NSGD with B'=4

—— |-NSGD withB'=8
—— |-NSGD with B'=16
—— |-NSGD with B’ =32

— I-NSGD with B =

=2

3

=1

— I-NSGD with B =%
=1

0
1-NSGD with =32

I-NSGD with B' = 64

0.0 0.5 1.0 15 2.0 2.5 0.0 0.5 1.0 15 2.0 2.5 0.0 0.5 1.0 15 2.0 25
Sample Complexity led Sample Complexity led Sample Complexity led

Figure 2: Left: Comparison of I-NSGD and stochastic algorithms. Middle: Performance of I-NSGD with
different normalization parameters. Right: Performance of I-NSGD with different independent batch sizes.

4.2 DISTRIBUTIONALLY-ROBUST OPTIMIZATION

Distributionally-robust optimization (DRO) is a popular approach to enhance robustness against data distri-
bution shift. We consider the regularized DRO problem min ey f(w) = supg {Ee~g[le (w)]-A¥ (P; Q) },
where Q, IP represents the underlying distribution and the nominal distribution respectively. A denotes a reg-
ularization hyper-parameter and ¥ denotes a divergence metric. Under mild technical assumptions, Jin et al.
(2021) showed that such a problem has the following equivalent dual formulation

in L — \E;pU*
Iin (w,m) ¢~P

<55(w) - (19)

By )*’7’

where U* denotes the conjugate function of ¥ and 7 is a dual variable. In particular, such dual objective
function is generalized-smooth with parameter « = 1 (Jin et al.}[2021;|Chen et al.|[2023)). In this experiment,
we use the life expectancy data (Arshi, [2017). We set A = 0.01 and select U*(¢) = i(t + 2)?F — 1, 1.e., the

conjugate of x?-divergence. We adopt the regularized loss £¢ (w) = 5 (ye—x/ w)?+0.1 Z;’il In(1+[w]).
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Figure 3: Left: Comparison of I-NSGD and stochastic algorithms. Middle: Performance of I-NSGD with
different normalization parameters. Right: Performance of I-NSGD with different independent batch sizes.
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We implement all the aforementioned stochastic algorithms with batch size |B| = 128, and we choose
|B’| = 16 for ILNSGD. We use fine-tuned learning rates for all algorithms, i.e., 7 = 4e—5 for SGD, 5e—2
for normalized SGD, 0.18 for Clipped SGD and 0.28 for I-NSGD. We set the maximal gradient clipping
constant 60 and § = 45 for both Clipped SGD and I-NSGD.

Figure ]3| (left) shows the comparison of objective value versus sample complexity. It can be seen that %-
I-NSGD consistently converges faster than other methods. This indicates independent normalization and
clipped updates is also more adapted to function geometry of equation [[9] In Figure [3] (middle), we test
the performance of I-NSGD under different choices of the normalization parameter 5 = 1, %, %, % It can
be seen that S = % outperforms all other choices in terms of both convergence speed and stability. In
Figure |3 (right), we explore the effect of the batch size for [NSGD’s independent batch samples B’. We
test batch sizes |B’| = 16,32, 64, 128 and keeping all other hyper-parameters unchanged. The plot shows
the loss function as a function of sample complexity. We found the batch size of | B’| has little effect the
convergence speed. |B’| = 16 is sufficient to guarantee fast and stable convergence. This indicates [NSGD
doesn’t require a large batch size to ensure convergence, and is more suitable for large-scale problems. To
further demonstrate the effectiveness of [-NSGD on problem characterized by generalized smooth condition,
we compare our algorithm with additional baseline methods, normalized SGD with momentum (Cutkosky
& Mehtal, 2020) and SPIDER (Fang et al 2018) in Phase retrieval and DRO problems. We then conduct
ablation study to unify the normalization parameter 3 for all normalization method. In addition, to verify
whether I-NSGD can be extended to deep networks characterized by generalized smooth properties, we
train ResNet18, ResNet50(He et al.,2016) over CIFAR-10 data (Krizhevskyl [2009) using I-NSGD and other
baseline methods, including SGD, Adam (Kingmal [2014), Adagrad (Duchi et al.l|2011a), Normalized SGD,
Normalized SGD with momentum (Cutkosky & Mehtal 2020) and Clipp-SGD (Zhang et al., [2019). Ex-
periment results show the effectiveness of our proposed I-NSGD framework, which combines independent
sampling with clipping updates, and normalization parameter 5. We refer readers to check Section [l in
appendix for more details about experiments settings and corresponding results.

5 CONCLUSION

In this work, we study convergence of normalized gradient descent under generalized smooth and general-
ized PL condition. We 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 in-
teresting 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 PROOF OF DESCENT LEMMA [T]
Lemma 1 Under Assumption|l] function f satisfies, for any w,w' € R4,
flw) < fw) +(Vf(w'),w—w') + %(Lo + Ly ||V £ ()| ") — || 3
Proof 1 Use fundamental theorem of calculus, we have
fw') = flw) = (Vf(w), v —w)
-/ (V). — w)do / (V) — w)ad,

where wg = Ow’ + (1 — 6)w. Since the integration integrates over wy, integrating second term doesn’t affect

the result. Now replacing above term by L, () condition, we have

f') = f(w) = (Vf(w),w —w)
1 1

:/ (Vf(wg),w’—w>d97/ (Vf(w),w —w)db
0 0
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B /0 (Vf(we) — Vf(w),w —w)df
< [ 1956w0) = )]’ = wlja0

1 @ 2
g/o 0(Lo + L ||V £ (wy)||*)|Jw’ — w][*de

1 o
_ §(L0+L1]|Vf(wt)|| )||w' = wl, (20)

where the first inequality is due to Cauchy-schwarz inequality, the second inequality is due to Assumption|]]

regarding on E:sym(oz) generalized smooth. Reorganize above inequality gives us the desired result.

B PROOF OF DESCENT LEMMA UNDER GENERALIZED PL CONDITION

Lemma 3 Foranyxz >0,C € [0,1], A > 0, and 0 < w < w’ such that A > w' —w, we have the following
inequality hold

w 4

Oz <z¥ + 0%, Q21
The proof details for this lemma can be found at|Chen et al.|(2023)), Lemma E.2 at Appendix.

Lemma 4 (Descent Lemma under Generalized PL condition) Let Assumption[I|and2]hold. Apply NGD,
choose 8 € [a,1] or B € (a,1], when « € (0,1] or o = O respectively. Set the target accuracy € satisfy

/p
0<e< min{L 1/2,u}. Define the step size v = 8(22;;67);1)“. Denote Ay = f(wy) — f*, then we have
descent lemma
2n)F )5
» 2-p
A1 <A — %At o 22)

Proof 2 Start from descent lemmalI} we have
f(wesr) = f(we)

(1) a
< V5 () (wess = we) + 5 (Lo + Lal| 9 () [*) s —

(i

DV F ) |+ 2@y |V (w) |+ 2Ly - ||V F ()

(i)

[
1
< V) [T+ TRV ) [T+ (2L00) T+ 2009) )

(iv) _ 2_
< —%va(wt)HZ ﬁ—i—’Y%(?Lo—i—?Ll)g !

(2/“)% 1 2-1 21
Lot L)+ 1) (4) (8(Lo+ L1)+1)

B 2-8
L2 (2p0)
18(Lo+Ly)+1

2-8

=597 ) 77+ G200, 23)

(v) _
< 319+

 who

(vi) _
< 295 w7 +
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where (i) follows from lemma I} (ii) follows from update rule of NGD, namely replacing w1 — wy by

%, (iii) follows from aggregates constant term by 6 and utilize technical lemma (3| by letting ' =

2 — B, A = B and applying it to 2LoY||V f(w)|[>727, 2L17||V f(w;)|[*+2~25 twice gives the desired
result; (iv) follows from a™ + b™ < (a + b)" holds for T = 2/8 —1 > 1 and a,b > 0, (v) follows from the

step size rule v = (2p1€)P/? /(8(Lo + Ly) + 1), (vi) following from the fact 0 < B < 1, thus i@/ﬁ)fl < i
For function satisfying generalized PL-condition proposed in definition |5} we have
1
IV £ @) = 2um)? (f(w) = £7)7.
This is equivalent as
2-8 2-8 o =L
[VF)|™" = w7 (fw) = £7) 7. 24)
Substitute equation[24|into equation 23] we have
0 2-8 o =2 2-5
Fwesn) = fw) € =2 2n) 7 (flw) = %) 7 +(2ue) 7
Subtract f* on both sides, it is equivalent as
* * Y 2-8 oy 2=8 Y -8
f(wipr) = f5 < flwe) = 7 = 5(2/1) 7 (flw)=f) 7+ 1(2/“) ?
Now, denote Ay = f(wy) — f*, we have the equivalent representation
ou) 5 28
Ao < A= LT ASE L Y 0,05 (25)

4
By Choosing the stopping criterion as
1
= inf {t|A; = f(w) — f* < e}, where 0 < € < min{1, 2—}
I

2-8  _p
We conclude before algorithm terminates, Ay > € for all t < T, thus —LA ? dominates

T (2pe) 22 . Moreover, by definition of 3, we have M > 0 and thus

2-8 28
A >er
which is equivalent to claim
— 27 —
Tom' T A, > e

Thus, equation 23| reduces to relaxed descent inequality

=

2,7 28
A<= TN (26)

C PROOF OF THEOREM[I]

(QHE)ﬁ/p

Theorem 1 (Convergence of NGD) Let Assumptionsand@hold. Choose learning rate v = S(LoFLHT

where € denotes the target accuracy, and set o < 3 < 1. Then, the following statements hold.
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¢ If0 < p < 2—f, then we have

Ay = o((m)ﬁ). ©)

. . . . By .
Furthermore, in order to achieve A; < ¢, the total number of iteration satisfies T' = O((%) 2 ) if2—28 <
2—p—p

p<2—PBandT=0((1)"7)if0<p<2-28

e If p =2 — B and choose € such that v < % then we have
a=o(1-19"). (7)

In order to achieve A\, < ¢, the total number of iteration satisfies T' = (’)((%)g log %)
e If p > 2 — [, then there exists Ty € N such that for all t > Ty, we have
A 325"
th:: C)<< zb )2 B

7p+B72

—Tg

) . 8)

In order to achieve A, < €, the total number of iterations after Ty satisfies T = Q(log((2) =2 ).

Proof 3 We divide the convergence proof of theorem|l|into three cases depending on the value of 3 and p.

Case I: When p <2 —j3
This is equivalent as % > 1. Now denote 6 = %. Since 6 > 1, we have following inequalities hold

Appr < Ay

Al S A7

AL > A7 27)
Now define an auxiliary function ®(t) = ;2t'=. Its derivative can be computed via ®'(t) = —t=% We

now divide the last inequality at equation 27| into two different cases for analysis. One is the case where
A;fl < 2A;9, Another is the case where A;fl > 2A;9.

When A% < At__fl < 2A7°, we have

B(Arsr) — D(A;) = /At“ ' (t)dt = /At 04y

Ay Aigr

> (A — Ar)A?
A—Q

> (A — Agta) bl

v2w)° oA
>
- 4 At 2
2w’ e AZh e’
Z t+1 = .

4 2 8

The first inequality is using mean value theorem such that ®(A;y1) — P(Ar) = A1 — AP (€)),
where £ € [A¢, A¢qa]. Since P(Apr1) — P(Ay) > 0, taking absolute value has no effect. Since 0 > 0,
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|®'(t)| =t~ is monotone decreasing. Thus, we always have A% < ®'(¢) < A;flfor any & € [A¢, Apya);
The second inequality uses the fact A, +61 <2A;7 % The third inequality is due to the recursion Ay — Ay >

A’(247”Af; The last inequality uses the fact that A9 > AY L1 forall® > 0.

When A,;_el > 2A; Y, it holds that A%_;f = (A;_fl) s Al O, Then, we have

D(Apy1) — (A = - (Atl+10 A7)
1 o1 _
> ﬁ(@) T - 1A ’
1 o—1 _
> (@)% Al

1—-6 1—6
where the first inequality is due to the recursion Atl_:f = (At__fl)—*B > 20 A%_g; the last inequality is
due to the fact the sequence {A;}1_, is non-increasing.

Now put the expression of 0 in and denote

P 2—B—p 2—B—p
czmin{7(2“) L (255 —1)A, }

We conclude for all t, we have

t—1
D(A;) > D(A11) — P(A;) > Ct,
1=0
Thus, we have
p =7 p =57
<(——Fr —o(——F
5= (G5 (\g=g=pmt) - %)

When C = 5 ”_p (22=B=p)/(2=F) _ 1)A62_6_p)/p, in order to make Ay < €, we have

p/(2—p—pB)log ((2— B —p)Ct/p) =log (1/e),
which indicates T = O((1 ) = ).
When C = CeB/P = @(68/”), in order to make A; < ¢, taking logarithm we have

(28— p)CePlrt
( P )

log

—log ((1/6) 7).

2,)/3

Re-arrange above equality, we have T' = (9(( ) ) Thus, when 0 < p < 2 — 20, we have

T= O(%)Q_P ;when2 —28 < p<2— (3, we have T = (’)((%)%)

Case II: When p = 2 — (3, It is equivalent to claim 3, p satisfies %’8 = 1, descent inequality equation
reduces to

&Hg&—%ﬁt(uuﬂm7
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Aslong as p < %, the A, converges to 0.
Ay < (1 %"mo - o((1 - %)t).

However, since the step-size rule of ~v includes target accuracy €. The convergence rate is not a standard
linear convergence. To obtain a e-stationary point, we have

t
A< (1 %mo < exp(—%)Ao <e (29)
which gives us iteration complexity
2 AO 1. s 1
T=—log(—)=0((=)r log(-
- 10g(2%) = O((0) % lox()

Case II: When p > 2 — 3
@-8)/p o

This case is equivalent to # < 1. For simplicity, denote C' = % and w = 55 The sequence
generated by recursion equation[26|is guaranteed to converge to 0 when ¢ | 0.

For simplicity, rewriting equation@as A1 < Ay — CwAtl/w. Notice Ay > 0, C > 0, {A}; is non-
increasing. Now suppose the sequence {A}; converge to a positive constant, denoted as D. There must
exists 0 < & < D such that Ay > £ for all t. Then we have

Appr <A — CVA; <A — Cvé%.

Re-organize above recursion, we have TC’yé'l/“’ < Zz:ol Ap — A1 < Ag, which is equivalent as T' <
% < o0. This fact contradicts to A > € for arbitrary t. In conclusion, as long as equationholds,
the sequence { A} converges to 0 as € | 0.

Next, we determine the local convergence rate. When A; is small enough, Ai _{“1’ will dominate Ay 1 order-
wisely since 1/w < 1. This leads to refined recursion

1 1
w w

CyAF t41
The first inequality is due to non-negativity of A¢y1, the second inequality is due to A1 < Ay, the third
Denote Ty = inf{t € N|A/(C)“/“™" < 1}, then we have

1
<A1+ CyAp <A +CyAy <Ay

inequality is a re-organization of equation

App1 < (C)T9AY = (Cry) 7@ =@ TAg T

wi-—w?—To) wt—To
=(Cv)" =T A}
= (Cy)l=t(Cy)=/~1)" Ay (30)

Since (C”y)‘*’/ w=1 only effects order of convergence up to a constant. To simplify analysis, denote C =

(%)Ww—l and then we have (Cy)@/“~1 = CeP/PtB=2 < O since 0 < € < min{1,1/2u}, we

further reduce the recursion to

t—Tg

A1 < ()71 ((Cy)/*~ 1) Ay,

0
t—Tq

<c(ep=1) " ag "
Ag, &'
O((,yw/w—1> ) G1)
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Taking logarithm and multiply negative sign on both sides of equation[31} We have

(O'Y)ﬁ )
A, '

C -
log(:) = w70 og (

Now, extract €?/(PT8=2) from (C~)*/“~' | Ag,. We have
_w 2 B N B
1og ((ny)w—l /ATO> = log ((C/ATO) . €p+/32> S (C/ATO) . 6p+5*27
where the last inequality is due to the fact log(z) < x,Vz > 0. Taking logarithm again, we have

Ty = 0log (()7777)).

D PROOF OF THEOREM [2]

Theorem 2 (Convergence of I-NSGD) Let Assumptlons [7} Bl and M l hold. For the I-NSGD algorithm,
choose learning rate v = mm{4L0, VAR, \F’ W} batch sizes B = 27, B' = 167 and § = z,
Denote A := F(wy) — F* + (Lo + L1)(1+ 73 /7£)2. Then, with probability at least %, I-NSGD produces
a sequence satisfying min,< | |[VF (wy)|| < e lf the total number of iteration T satisfies

256A 640L, 64(Lo+ Ly) 4+ 128L1(372/11)?
4 ’ 28 ’ €2 }

T> Amax{ (16)

Proof 4 Start from descent lemma equation[3|and put the update rule of I-NSGD, equation[I3|in, we have
1
F(wein) = Fw) SVF (wy) ' (wesn = we) + 5 (Lo + Lo VE (we) | ) [[wesr - w

T 2
VE(w) Ve, 1 o |V fes
TR V) Ly gy oy [0l

t

(32)
Since the update rule using I-NSGD formulates a random trajectory in terms of w;, taking expectation over

&p and wy, using condition expectation rule, we have

A, (| VE (we) || 0]
hB

Eu, [[Eep [F(wis1) — F(wy)|w;]] < E, [

H E&B [vafB Wi || |wt] }
h? 28
When the expectation is conditioned on wy, we can simplify Ee,, || |VF(wt)||2|w% into ||V F(w,)||? since

V F(wy) is deterministic over £g. Additionally, by remarks induced by assumption|{d} when conditioned over
wy, randomness only comes from € g/, thus we have

27 *(Lo + Ly || VF (wy

277 2
B [V es (w0 Plr] < o+ 1[0 + 252
See equalion
Let B = 272, above inequality reduces to
Ee, [[|V feo (w0)[*lu] < 2| VE@)|* + 5. (33)
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Put equation@ into above descent lemma, we have

Ko, []EgB [F(wt-i-l) - F(wt)|wtﬂ

VF(w Bep |||V fes (wi)]|”[we
SEwt[ thtH v2(Lo + L HVF H 3 || 226 tH f]}
VF(w 2 VF(w +72/7¢
SEwt[— ”hftH+ —~v2(Lyg +L1||VF H H th”ﬂ 2 1}
B v L0+L1HVF(wt)H L0+L1HVF(wt)Ha 73
_E,wt[(h—f(—l+fy 7 ))IVE ()]’ + 7 7—12} (34)

.o . 1 . 1
By cllppzng structure and step size rule, from where we know = min {1, L@V ey, 0T Z)7 } <1

and v < 4L , we have

Lo 1
— Ly < - 35
htﬁ <7YLo = 47 ( )
VL[ VE@ " 1 36)
hy T4
The last inequality in equation 36 utilizes lemma[2] from where we know
1501
th = oht

> L) @V e, (o)l + 2)
) 1 T2\«
> 1L 2|V ey (wo)] + 2)

() .
> L[| VF(w))| @7

)

where (i) utilizes the fact hy > 1 and B > «; (iii) utilize the fact that ho > 4L1'y(2HVng, (wt)H + %)B
(iv) utilizes the fact that v < 4L , thus (4yLy) < (4yL1)%/P since B € [, 1]; (v) utilizes the fact stated
fact in Lemma[2)

Combining equation|[36] above descent lemma further reduces to

Eu, [Bew [F(wi41) = F(wy)]w] |
A 2 1 2L0+L1HVF<U)1&)H@L22]
<E,[- g IVF el + 57 i

2
1

Term 1, See Lemma@

2 1 72 0 2
< Ey, { - |VE(w)||” + 5’72@0 + Ly)(1 + 7?2)2 + @HVF(U)OH }

L|
2np
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2

:Ewt[f BHVF w) ||+ 7 (L0+L1)(1+Tl)} (38)

where the last inequality utilize the inequality stated in Lemmal6] equation equation#8]
Re-organize the inequality by putting the negative term to LHS
Eu, | —L||[VE(wy)|?| < Eu, |Ee, [F F L Lot L2+ 2. vie[r
e[l PP C0I] < B [Bea [Flw) = Flwesylwd] | + 5 (Lo + L)y’ + 37 wee (1]
t
(39)

UV F(w)][?
hﬁ

t

In order to express the LHS into a more tractable form, we want to express explicitly in a simpler

form. Using the fact (a_‘_lb)ﬁ > min{ 2a Ga)? ) B} We have

IVF@)|* o 1 )
= 1, VF
Y htﬁ len{ 4L1’y(2||vf53/(wt)|| _5_2)/3}" (wt)H

1
1, VF (wy)
{ ALy (3| VF (wy)]| + ?”2)"}H '
1 1
{1 5 —
ALy (5||VF(w)))” 4L1y(%2)
(@) min{ 1 !
o B’ 3T
4L1(5HVF W)™ 4Ly ( i)

)

(44)
> vy min

I

(i)
> ~ymin

HIVE )|

5 HIVF @)

w)|l

n{ 4L, (5||VF }| }H

(vi) 2 ||[VF(wy H }

> min {5|[VF ()|, =55 (40)

where (i) expands the expression of %; (ii) utilizes the equation W5| to upper bounds ||V f¢ ., (w)|| by

(11/4/167¢ + 1)||VEF (wy)]] + 72/\/1671 by setting B' = 1672, (iii) utilizes the fact a+b > min{5-, &
where a = gHVF wy)|], 372 ;s (iv) puts v lnSlde the minimum operator. From step size rule, v <
we can directly delete the third term W’ which reduces expressions in (v); (vi) further

1
8L1(372/7m1)R”
replaces 5° by 5 in denominator.

Since now equation @0 has no randomness induced from £g:. Summing the above descent lemma from 0 to
T — 1, we have

=

> B, [min {19! T2

< ZEW [EgB [F(w;) - F(wtﬂ)lwt]] + 157 (Lo + Li)(1 + }})2- (41)
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By step size rule, from where we know ~ < %, we have

Tz__é]Ewt [min {%HVF(U}M

2-3 9
2 [VECw) | } < Flwo) - F* + %(L0 L)1+ 3 @)
1

’ 80L,
_ 2 IV F(w)|[>~F
Denote K = {t|t € [T]such that v||VF(w)||” < —5or.— 1}, then above descent lemma can be
reduced to
722 2

ZEW[ IV F(w,)]| ] < F(wo) — F* + = (LO+L )1+ 22,

teK 1
and

2B
Z E., [M} < F(wy) — F* + %(Lo + L) (1 + 22,

S 80L,

“lolels

Now denote RHS by A = F(wo) — F* + (Lo + L1)(1 + :—%)2, then we have

il

Ewt[mmHVF wy H} < Ewt[mln{|K| Z‘ K
teKe

teK

@ K] LS

< Ey, [ min { |K|Z”VF w)] (|Kc ZHVF w)|*7) 7 H

(i) {\/(4A)4(L0 +L1) + \/T+8L1(37'2/T1)B’ (A160L1)ﬁ}7

<
< max T T

. L1 1 . , . .
where (i) comes from the concavity y2 and y2?=7 and inverse Jensen’s inequality for concave function, and
the last inequality follows from descent lemma as well as either K > % or K¢ > % This implies, in order
to find a point satisfies

Pr(min [[VF(w)|| = €) <
te[T]

l\D\H

By Markov inequality, we must have .y, [mine 7y ||V F(w;)|[] < § when T satisfies

256A 6401, 64(Lo+ L)+ 128L1(372/71)?

T > Amax{ e = 1. (43)

E PROOF OF LEMMA

Before proving Lemma 2] let us proof the technical lemma to determine the upper bound of mini-batch
stochastic gradient estimators given assumption 4]

Lemma 5 For mini-batch stochastic gradient estimator satisfying assumption 4} denote 0g(w) as the ap-
proximation error §p(w) = + ZZBZI Vfi(w) — VF(w), we have the upper bound

|65 (w)]| < ﬁHVF )|+ 72). (44)
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Proof 5 The proof follows from applying Jensen’s inequality for L2 norm.

IN

=2
<7
—~
S
~—
NN
N———
=

IN

where the first inequality uses Jensen’s inequality and convexity of squared L2-norm; the second inequality
uses the assumption equation

This fact leads to

IV fen (w)|] < (% +1)||VEw)| + %_

Similarly, for variance of §g(w), we have the remark stated as following.

(45)

Remark 1 (Variance bound for mini-batch §5(w)) For variance of 6(w), following the same logic above,
we have

Var(|[55(w)|) = E|ds(w)|’

1< 1<
- E((B;a(w))T(B > 6,(w))

1 5 2
- BQE[;HMH ]
1
< E(ﬁHVF(w)H +7'2>2
< 2@ | VF@)| +273),

where the first inequality is due to equation[I4] Thus, it is equivalent as

2
274

Eep [vaEB (w)HQ] < (f + 1)||VF(u))H2 + 2&

. 46
B (46)
Lemma 2 Let Assumptionsri]and hold. Consider the mini-batch stochastic gradient V f¢, with batch size
B = 1672, then for all w € R? we have

T2

Ton

1
[V ses )] = VP )
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Proof 6 (Proof of Lemma[2) When ||V F(w)|| is large such that |V F(w)| > 22, then equation 44| indi-
cates
2n ||VF
165 (w)| < TIH\FB(w)H'
In this case, if we choose B = 167%, we have HéB(w)H 5 HVF || Since in this case, we assume,
HVF H Tf > 277? we have

1
1V e (we)| = [VF()]| < 5[[F(w)],
which is equivalent as
19 fes )| - [V F@)| = 5|7 F@)].
And this fact leads to
SIVF@)| < [95ea )] < 1V fen ()] + 5=

Re-organize the term gives us

1 T
IV Sea )] 2 2 V)] - 2
Similarly, when ||VF H 22, for single stochastic sample, by assumptzonl we have H(5 H < 279,

from equation 44| for mini- batch stochastic gradient estimator, we have

27’2
Jastu)] < 22

By setting B = 167%, we have HéB H Thlsfact leads to

\Hm = IVF@)| < 5=

which is equivalent as

IV feu ()| = [[VF(w)]| 2 =5~

Thus, we have
-
*IIVF ) < IVE@)| = [VE@)] + 5= = 52 < Ve )] + 52
which leads to
1 T:

vaﬁB H §HVF ‘ 2j1'
Combine above, we conclude by choosing B = 167%, we always have

IV feo (w)]| = *IIVF =5 (7)
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F LEMMA[6/AND PROOF

Lemma 6 For the "Term 1” defined in equation[38 we have upper bound

1 ,(Lo+ Ly||VF (wy)]|") 3
27 128 72

<1 (Lo + Ly)(1 + T—"?F + l||VF(w )|]2 (48)
> 27 0 1 7_12 4hf t .

Proof 7 When ||[VE(wy)|| < /1 + 73/7L, we have | VF(wy)||" < (14 73/72)% for any a > 0. Since
(1 +712/73) > 1and (1 + 72 /73) > 72 /72. These facts lead to

1oL+ L VF@)|)

[\
=
N
=
e

<1 2(1+j 2

_27 7'12
9 .

< oy (Lo + L)1+

< 57 (Lo + L)(1+ 5)% (49)

where the first inequality comes from ||V F(w;)|| < \/1+ 73 /7% and 1+ 73 /7% > 1; the second inequality
comes from the fact that h% < 1, so does h%ﬂ, and upper bound 73 /72 by (1 + 73 /73%); the last inequality
t

uses the fact that 0 < o < 1 and (14 73/73)'+/2 < (1 4+ 73 /17)2

When ||V F(wy)|| = \/1+ 73/72, we must have HVF(wt)H2 > (1+713/78) > 13 /78 for any o > 0, Thus,
we conclude

V2 Ly ||V F (wy)||* 73

2 12P T2

Sl Ly|| VF(wy) ||
= on? ||vF
= 21 (4L17) 2|V fe,, (w)] + 2)7 [V F (w,)

(i4d) A2
2hy (4L17)||VF (wy) ||
o 72 Ll H
- on pre
¢ AL1Y||[VF (wy)|

(iv) ,YQ I 9
< ﬁélLlfyHVF(wt)H

I

e}

F(w)|?
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0 2
= S vr (50

where (i) comes from the fact that ||VF(w)|| > W, (ii) comes from the fact % <

ey (i) comes 10 he fact |V F(u)| < 20V ey, )| + 773 () comes from

the fact that now ||V F (w;)|| > 1, thus yepmyr=s < 1. Similarly, when |[VF(w,)|| > /1475 /77, we
2

can upper bound %’yzLo% by

1 5 722
e
2n2P i

< #VLOHVF(W)W
lBHVF (w)||?, (51)
t

where the first inequality uses the fact HVF (wy) H > /(1 +73/7?) and # < 1, second inequality uses the
t

fact yvLg < %.

Combine equation 9] equation[50} equation[51|give us desired result.

G CONVERGENCE RESULT OF I-NSGD UNDER GENERALIZED PE. CONDITION

Theorem 3 (Convergence of I-NSGD under generalized PL condition) Ler Assumptions hold.

. o _ L1(2,ue)<4’2’3)/p . 1 1
For I-NSGD algorithm, choose € to make y satisfying v = T6(Lo 2L, 2 (177370 < mln{m, TG P
(20)2%}, a < B <1, batch size B = 27¢, B' = 167¢ and denote Ay = F(w;) — F*. Depending on the
choice of p + B, the following statements for I-NSGD’s convergence under generalized PL condition hold.

* If0 < p<2— [, wehave

sl =0( (=52 ) 77 ) 6

) 1,32=8) .
I-NSGD converges with T = O((1)™ 7 ) to attain E[A] < e.

e If p =2 — (3, and choose vy < (4/u«/L1)2/3, then we have

/
E[A] = 0((1 - ’“/Z”MY)- (53)

I-NSGD converges with O((+)?log(1)) to attain E[A;] < e.

o If p > 2 — B, there exists Ty € N such that for all t > T}, we have recursion

Ap, g2t
BlA] = O<E[(73P/2(Z;rﬁ2)) ’ D 54

After Ty, I-NSGD converges with T = Q( log ((%)‘3(276)/(‘”672))) to attain E[A;] < e
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Proof 8 Similarly, starting From descent lemma and taking expectation over £ and conditioned over wy,
we have

g, [V F )]

Eep [F(wir) — F(wy)w,] < %

H E53[||vf53 wt H |wt]

v*(Lo + L1||VF (w, e

Let B = 271, we must have % = # Put equationinto above descent lemma, we have
1

Eep [F(wii1) = F(we)|w]

HVF(wt)H2 1 ZHVF Ws H +712/72
< TP L+ oo 272
5 Lo+ Ly ||VF (wy)]|" 72
=—(-1 VF( L L,||VF( . 55
2 (- 2 RO o P+ L+ Rl . 69

2L 1 L[|V F(we)[|*
E, TBO S and 1h7t < hOldS

We omit the proof for these upper bounds, which are the same as proof for Theorem 2]

Similarly as above, since (20) ~ 7.37, we still have v <

Additionally, for 72,3 (Lo + Ly HVF H 2, lemma H still holds. These arguments leads to the same

descent mequalzty as above
2 2 1 2 30
—5||VE(w)||” < Egp [F(wir) — F(w)lwe] + 5 (Lo + L)y (1 + 5)*
4h; 2 Ti
To create proper expression to induce generalized PL condition, by leveraging ﬁ > min{ﬁ, ﬁ}
we have

HVF(w,g)H2 B . 1 2
7@3 —’me{l, (4L1'Y)(2vaEB/<wt)H+2)'B}HVF(wt)H
(1) . 1 2
> 'len{l» (4L17)( ||VF H + 37-2 }HVF(U},;)H
(i) . 1 1 2
> 'len{la (4L1"}/ 5||VF ws H) (4L17)(3T"‘ }HVF(wt)H

(#4d)
> mi

IV F o)

v 20L, HVF HB}
(iv)

= min {3(Lin) [V - Ly, oo VP ()7

= min {522 V) 7. o VPl } = Lar?

2 bt r) P - 1

S Lhyd u(F(w) — P - L, (56)
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where (i) comes from equation by setting B' = 1672; (ii) comes from the fact min{ﬁ} >
min{ﬁ, ﬁ} (iii) comes from the fact that v < m; (iv) utilizes Lemma |3| by setting C' =

(L17)P2, w = 2 — Band w' = 2, A = 3, which leads to |V F(w;)||> > (L17)?/?||VF(w;)||>~? — L1y
; (v) is due to the fact min{a — ¢,b} > min{a,b} — ¢ holds for a,b,c > 0; (vi) is due to vL1 < 1, thus

1
we have ’y(Lyy)g > L7 ()2 and v < Wﬁ; (vii) is from the assumption|5|generalized PL condition,
i.e.,h\ |VE (w77 > (2u(F (wy) — F*))% Put this fact into above descent lemma and re-organize it,
we have

3.3/2

L? 1
Ay <AL — 11

2
2-5 T.
(2uly) 7 + 5(130 + L)y (1 + 7})2 + L1y?

L% 3/2 2-5 1 T2
<A - 11 (2ude) 7 + 5 (Lo + 2L1)7*(1+ 722)2. (57)
1
4-2p
By defining v = IG(LOi;(LzI’L)Z)(liTQ/TQ)4 into descent inequality, we have
L%V?’/Q 2-5 L%y?’/? 225
Arp1 S Ar = ——(2nde) 7 + (2ue) 7 . (58)

Since convergence rate of equation |58|is depending on p + B, we divide it into 3 cases for analysis. The
analysis in the rest is similar compared with Theorem[I} we highlight the key steps to yield the convergence
rate.

Case I, when 0 < p < 2 — B This equivalent as % > 1. Taking expectation over equation |58} for any
t <T =inf{t|A; < €} we have

E[A] < E[At - L%ZB/Q (QuAt)Z%} + fgm (2pe) 57
< E[At - L%ZB/Q (QuAt)Z%} + %gm (2uE[A,])
<E[A] - Liy'? (2uE[A])57 + fgw (2uE[A])
=E[A] - Lfgs/z (2uE[A]) 57, (59)

where the second inequality is due to the argument for any t < T, we have E[A;] > € holds; third inequality
is due to Jensen’s inequality since 2 — 3/p > 1.

After constructing equation[59] the following proof is same as proof in Theorem equation|[I| we present key
steps to determinie convergence rate. For simplicity of notation, now we denote 6 = % and Ay = E[Ay].
Since 6 > 1, we have following inequalities hold

Appr <A
-0 0
Appy <A
(Do) > (A7 (60)
Now define an auxiliary function ®(t) = 72t~ Its derivative can be computed via ®'(t) = —t~? Divide

the last inequality at equation |60|into two different cases.
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Y%

1 —_— 1
S Livrep)’so Ann _ Liyi(2w)
- 8 o 6

. o . . ——0 ——0
where the first inequality is using mean value theorem, The second inequality uses fact A, | < 2A; . The

third inequality is due to the recursion A, — Zﬂ_l > &A The last inequality uses the fact that
A >R, forall > 0.

When Z;_el > 2Z;0, it holds that Z;le = (Z;_fl)% > Z%Ztlia. Then, we have

— — 1 —1-0 —1-90
P(Apy1) — 2(Ay) = 0= 1(At+1 -4 )

1 1-0
> — 1A,

zg (@7 -na
1 1 Al—e
= 1( “ DA

. L . o~ 1-6 ———0 1=6 1-60—1—6 . .
where the first inequality is from recursion Ay = (A1) =0 > 2°=0 A, , the last inequality is due to
the fact the sequence {A;}]_, is non-increasing.

Now put the expression of 0 in and denote

1 3 2-8
Livy2(2 —B-—p 2=B-p
C:min{ 17256'[0 ’ , _g_p(222l—3/3 —1DA, *° }

We conclude for all t,we have
D(A) > Y B(A41) — P(A;) > Ct,

Thus, re-organize the inequality and taking expectation, we have

P

e < (g5—a) = a=s5mmm) )

e (22-B=r/2-B _ 1)Ag_ﬁ_p/p, taking logarithm leads to T = O((1) = )-

When C' = 5

2—p—p 32=8) 32=8)

When C' = ©(e22=)/B) we have T = O((2) "+ + (1) 7 ). Since O((2)

( —
wisely, we conclude T = O((%)me)

) dominates order-
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Case II, when p = 2 — 3 In this case, above recursion is equivalent as

VI VI

A1 <A — (2ul) +

Taking expectation on both sides, we have

B[a] < (1 - YR 21

T 3/2
4 VI
8
By choosing the stopping criterion as T = inf{t|E[A] < €}, we are guaranteed before t < T, E[A;] > e.
Utilizing this argument, we can further relax descent lemma by replacing Ay with €, which yields

3/2 3/2
Elau] < (- 2 Mla] - o1 - YET Ry,

Thus, we have

2u/Ly? 2L
8 8

E[Ar] < (1 ) Ao < exp(—t

)AOa
This gives us the sample complexity T = O((1)3log(1)).

Case 111, when p > 2 — (3 This is equivalent as % < 1. Define stopping time 7 = T A inf{t|A; < €},
where A represents minimize operation, and T = inf{t|Ea, < €}. Thus, by the definition of T, we have
7 < T andforallt < T, Ay > € holds. In this case, equationﬁ_glreduces to

1 1
3/2 _ L2 ~3/2 _ L2 ~3/2 _
(@ud) T + 2 — (2007 < A - T 2ua)

L%
App1 <A — 11

4-—2

Since we have for all t < 1, AA; dominates e. For simplicity, denote C = %

recursion now reduces to

and w = ﬁ. The

AFCYE + Ay < Ay 61)

Use the same argument in Theorem |ZI we can argue that equation @is guaranteed to converge to the level
=

Ay < € before algorithm terminates. As long as A\; decreases, AtT will dominate Ay order-wisely when

Ay is small enough. Instead, there exists Ty = inf{t € N|A;/C~3/? < 1} such that equationreduces fo
Ay < (Cy3)T9AY = (Ot et pg T

t—Tg

A w
_ 3/2\w/w—1 To
=(C7"7) ((073/2)w/w—1) ) (62)

Taking expectation on both sides over T,Ty,we have recursion

B[] < (0¥ B[ ) ] = o(E

A#;7 ’ :| (63)
(073/2)w/w—1 :

< {«,yg/z)w/w1)‘*"TO
By setting LHS of equationﬁ%equals to €, this recursion implies for any T — T}, the iteration complexity

is Q(log ((1)32=A)/(p+B=20)) It indicates after Ty, -NSGD needs T = Q(log ((2)3Z=2)/(p+5-2))) 1o
reach E[A] < e
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H EXPERIMENT DETAILS

H.1 MORE DETAILS ABOUT DRO EXPERIMENTS

In this experiment, we evaluate our algorithm by solving the nonconvex DRO problem in equation [[9 using
the life expectancy dataset. This dataset contains the life expectancy and its influencing factors for 2,413
individuals for regression analysis, where life expectancy serves as the target variable and the corresponding
influencing factors as the features.

We process the data by filling missing values with the median of the respective variables, censoring and
standardizing all variables, removing the categorical variables ’country’ and ’status,” and adding standard
Gaussian noise to the target variable to enhance model robustness. From this dataset, we select the first
2,313 samples {x;, y; } 2213 as the training set, where x; € R3? represents the features and y; € R represents
the target. The loss function we used is regularized mean square loss, i.e., l¢(W) = F(ye — X&TW)Q +

0.1 Z?: In(1 4+ |w®)|) with parameter w € R34, and initialize 1o = 0.1 and wo ~ N(0, I).

I ADDITIONAL EXPERIMENTS

To make a thorough study of our proposed I-NSGD. In this section, we design additional experiments to
compare our methods with two additional baseline algorithms, NSGD with momentum (Cutkosky & Mehta]
2020; Hiibler et al.,|2024) and SPIDER algorithm(Fang et al., [2018)).

I.1 ADDITIONAL EXPERIMENTS FOR PHASE RETRIEVAL

For Phase Retrieval Problem, we generate the synethic data and initialization of z as we have introduced in
main paragraph.

During the experiments, we fix the moving average parameter, batch size as following. For acceleration
methods, NSGD with momentum and SPIDER, we set its momentum moving average parameter as 0.2 and
0.4 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| = 64. For SPIDER, we set | B| = 64 and
|B’| = 3000, where the algorithm will conduct a full-gradient computation after every 20 iterations. For
I-NSGD, we set |B| = 64 and |B'| = 4.

In first experiment, we implement all the stochastic algorithms in original form described in previous liter-
atures. we use fine-tuned learning rate for all algorithms, i.e., v = 5e — 5 for SGD, v = 0.2 for NSGD
and NSGD with momentum, v = 0.3 for SPIDER, v = 0.6 for clipped SGD and v = 0.3 for I-NSGD. We
set the maximal gradient clipping constant as 45 and 6 = 15 for both Clipped SGD and I-NSGD. And we
set normalization parameter 3 = 2. Figure (left) shows the comparison of objective value versus sample

3
complexity. It can be observed that I-NSGD consistently converges faster than other algorithms.

In second experiment, we unify the normalization parameter of all the normalized methods, i.e., NSGD,
NSGD with momentum, Clipped SGD, SPIDER and I-NSGD to have 5 = % To make sure algorithm
converges, we adjust the learning rate accordingly, i.e., v = 5e — 5 for SGD, v = 0.03 for NSGD and
NSGD with momentum, v = 0.05 for SPIDER, ~y = 0.3 for both Clipped SGD and I-NSGD. To make a fair
comparison between [-NSGD and clipped SGD, we decrease I-NSGD’s independent batch size | B’| = 4 and
keep others unchanged. Figurd4] (right) shows the comparison of objective value versus sample complexity.
It can be observed that, by adjusting 5 = 2, the objective value optimized by all normalization method
decreases much faster compared with Figure@ (Left), this verifies the effectiveness of inducing normalization
parameter 5. Moreover, even though I-NSGD requires additional sampling at each iteration, the training
loss optimized by it still decrease much faster than Clipped SGD, NSGD and SGD with momentum. This
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indicates that, inducing independent sampling for clipping updates makes I-NSGD more adapted to the
underlying generalized smooth non-convex geometry.
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Figure 4: Additional Experiments for Phase Retrieval Problem

1.2 ADDITIONAL EXPERIMENTS FOR DISTRIBUTIONALLY ROBUST OPTIMIZATION

For DRO problem, we reuse life Expectancy data(Arshi, [2017), pre-process the dataset and initialize model
parameter in the same way as described in section

In first experiment, we implement all the stochastic algorithms in original form designed in previous liter-
atures. The detailed algorithm settings are described as following. For moving average parameter used for
acceleration method, 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 I-NSGD, we set
the batch size for two batch samples as |B| = 128 and |B’| = 16. We used fine-tuned learning rate for all
algorithms, i.e., v = 4e — 5 for SGD, v = 5e — 3 for NSGD, NSGD with momentum and SPIDER,y = 0.25
for clipped SGD and v = 0.15 for -INSGD. We set the maximal gradient clipping constant as 35 and § = 25
for both Clipped SGD and I-NSGD. And we set normalization parameter 3 = 3. Figure Left) shows the
comparison of objective value versus sample complexity. It can be observed that objective value optimized
by I-NSGD consistently converges faster than other baselines algorithms.

In second experiment, we further unify the normalization parameter of all the normalized methods, i.e.,
NSGD, NSGD with momentum, Clipped SGD, SPIDER and I-NSGD to have the same 8 = % We adjust
the learning rate, i.e., 7 = 4e — 5 for SGD, v = 5e — 3 for NSGD and NSGD with momentum, v = 3e — 3
for SPIDER, v = 0.14 for both Clipped SGD and I-NSGD. To make a fair comparison with Clipped SGD,
we also decrease I-NSGD’s independent batch size to | B’| = 8 and keep others unchanged. Figur (Right)
shows the comparison of objective value versus sample complexity. It can be observed that, by adjusting
B = %, the objective value optimized by all normalization methods decreases much faster than Figure
(Left). This again verifies the effectiveness of inducing normalization parameter 5. Even though our [-
NSGD requires additional sampling at each iteration, the objective value optimized by I-NSGD decreases
faster than SPIDER, NSGD and SGD with momentum and keeps the similar behavior as Clipped SGD. This
indicates that, independent sampling for clipp-updates doesn’t increase the sample complexity, which jus-
tifies I-lNSGD framework’s effectiveness when dealing with geometry characterized by generalized smooth
condition.
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Figure 5: Additional Experiments for Distributionally Robust Optimization
1.3 ADDITIONAL EXPERIMENTS ON TRAINING RESNET
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Figure 6: Additional Experiments for training ResNet18, ResNet50 on CIFAR10 Data

According to/Zhang et al.|(2019), generalized smooth has been observed to hold in deep neural networks. To
further demonstrate the effectiveness of I-NSGD algorithm, we conduct experiments on training deep neural
networks. To elaborate, we train ResNet18, ResNet50 (He et al., 2016) on CIFAR10 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 random seed and initialize model parameters
using Kaiming initialization. We compare our algorithm with baseline methods, including SGD (Robbins

& Monro, [1951), Adam (Kingma, 2014), Adagrad(Duchi et al., [2011a), NSGD, NSGD with momentum
(Cutkosky & Mehtal, 2020) and Clipp-SGD(Zhang et al.,[2019).

To elaborate, we utilize pytorch built-in optimizer to implement training pipeline for SGD, Adam and Ada-
grad. Then we implement training pipeline for NSGD, NSGD with momentum, Clipp-SGD and I-NSGD.
The normalization constant is computed through all model parameters at each iteration. The detailed algo-
rithm settings are as following. For batch size, all algorithms use B = 128, and B’ = 32 for [-NSGD. For
moving average parameter, we use 0.9, 0.99 for Adam, and 0.25 for normalized SGD with momentum. For
clipping threshold used in clipped SGD and I-NSGD, we set them as 2 and § = 1e — 1. The normalization
power used for -NSGD is g = % We use fine-tuned learning rate for all algorithms, i.e., v = le — 3 for
SGD, Adam and Adagrad, v = 1le — 1 for NSGD and NSGD with momentum, v = 2e — 1 for Clipped SGD
and I-NSGD. We trained ResNet18, ResNet50 on CIFAR10 dataset for 30 epochs and plot the training loss
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in Figure[6] Figure [6] (left) shows the training loss of ResNet18, Figurd6] (right) shows the training loss of
ResNet50. As we can see from these figures, the (pink) loss curve optimized by I-NSGD indicates fast con-
vergence rate complared several baselines, including SGD, NSGD NSGDm, Clip-SGD, which demonstrate
the effectiveness of I-NSGD framework.
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