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Abstract

In this paper, we propose a class of faster double adap-
tive gradient methods to solve nonconvex finite-sum opti-
mization problems possibly with nonsmooth regularization
by simultaneously using adaptive learning rate and adaptive
mini-batch size. Specifically, we first propose a double adap-
tive stochastic gradient method (i.e., 2AdaSGD), and prove
that our 2AdaSGD obtains a low stochastic first-order oracle
(SFO) complexity for finding a stationary solution under the
population smoothness condition. Furthermore, we propose a
variance reduced double adaptive stochastic gradient method
(i.e.,2AdaSPIDER), and prove that our 2AdaSPIDER obtains
an optimal SFO complexity under the average smoothness
condition, which is lower than the SFO complexity of the ex-
isting double adaptive gradient algorithms. In particular, we
introduce a new stochastic gradient mapping to adaptively ad-
just mini-batch size in our stochastic gradient methods. We
conduct some numerical experiments to verify efficiency of
our proposed methods.

Introduction

In the era of big data and large model, efficient stochastic op-
timization algorithms have received widespread attention in
machine learning community (Bottou, Curtis, and Nocedal
2018). In this paper, we consider studying efficient stochas-
tic algorithms to solve the following nonconvex optimiza-
tion problem possibly with nonsmooth regularization,

ey

. 1¢ i
min Z;f;(x,f )+ hiw),
where function f(z) = 2 3" | fi(z; ") is smooth but pos-
sibly nonconvex, and function h(x) is convex and possi-
bly nonsmooth. Here the samples {¢;}7-, are drawn from
an unknown data distribution, and z € R? denotes the
parameter vector of model. When n is large, recently the
large-scale problem (1) is widely applied in many machine
learning tasks such as training deep learning models (You
et al. 2019). Stochastic gradient descent (SGD) (Robbins
and Monro 1951; Ghadimi and Lan 2013) and its vari-
ants (Allen-Zhu and Hazan 2016; Allen-Zhu 2018; Reddi
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et al. 2016; J Reddi et al. 2016; Fang et al. 2018; Wang
et al. 2019; Zhou, Xu, and Gu 2020) have been extensively
used to solve these large-scale problems. In fact, the perfor-
mances of these large-scale models often rely on the hyper-
parameters of their training process.

It is well known that one of most critical hyper-parameters
is learning rate in optimization algorithms. Recently, many
adaptive gradient methods (Duchi, Hazan, and Singer 2011;
Kingma and Ba 2014; Zhuang et al. 2020; Xie et al. 2024)
with adaptive learning rates have been developed. For ex-
ample, Adagrad (Duchi, Hazan, and Singer 2011) is the
first adaptive gradient method by using the global adap-
tive learning rate. Adam (Kingma and Ba 2014) algorithm
is a momentum-based adaptive gradient method by using
the coordinate-wise learning rate, which is a popular opti-
mization operator for training deep learning models. Sub-
sequently, some variants of Adam algorithm (Reddi, Kale,
and Kumar 2019; Chen et al. 2019) have been proposed to
deal with its divergence under the nonconvex setting. More
recently, some accelerated adaptive gradient methods have
been proposed based on the variance reduced techniques.
Specifically, (Cutkosky and Orabona 2019) proposed an effi-
cient adaptive method (i.e., STORM) via momentum-based
variance reduced technique. Subsequently, (Huang, Li, and
Huang 2021; Kavis et al. 2022) proposed some variance
reduced adaptive methods. Meanwhile, (Yun, Lozano, and
Yang 2021) proposed an effective adaptive proximal gradi-
ent method for the nonconvex problem with nonsmooth reg-
ularization.

Another important hyper-parameter is batch size that also
heavily affects generalization performance of the large-scale
models (Lau, Liu, and Kolar 2024). Thus, the adaptive batch
size is also a good choice like adaptive learning rate (Smith
et al. 2018; McCandlish et al. 2018). Recently, some adap-
tive gradient methods (Devarakonda, Naumov, and Garland
2017; De et al. 2017; Smith et al. 2018; Zhou, Yuan, and
Feng 2018; Ji et al. 2020) have been proposed by using adap-
tive batch size. For example, (De et al. 2017) adapted the
adaptive batch size by satisfying certain properties of gra-
dient and variance. (Zhou, Yuan, and Feng 2018) used the
adaptive batch size by exponential and polynomial increas-
ing batch size. (Ji et al. 2020) applied the adaptive batch size
to the variance reduced methods based on history gradients.

More recently, (Lau, Liu, and Kolar 2024) have been



Algorithm Reference ALR | ABS SFO NSR
Adam (Kingma and Ba 2014; Zhang et al. 2022) N O(e?)
Adam-type | (Chen et al. 2019; Reddi, Kale, and Kumar 2019) | / O(e?)
Adagrad (Ward, Wu, and Bottou 2020) Vi O(e7?)
AdaBelief (Zhuang et al. 2020) v O(e7?)

STORM (Cutkosky and Orabona 2019) v O(e32)
Super-Adam (Huang, Li, and Huang 2021) Vv O(e32)
AbaSPIDER (Ji et al. 2020) Vv | O(yne T he?)
AdaSPIDER (Kavis et al. 2022) Vi O(n+ /ne 1)
PROXGEN (Yun, Lozano, and Yang 2021) N O(e7?) vV
AdAdaGrad (Lau, Liu, and Kolar 2024) v v O(e72)

2AdaSGD ours v v O(ne ' Ae ?) Vv
2AdaSPIDER ours v Vv |[Oo(nethe2) |

Table 1: Comparison of our methods and the existing adaptive gradient methods for nonconvex optimization. ALR denotes
adaptive learning rate. ABS denotes adaptive mini-batch size. SFO denotes stochastic first-order oracle (SFO) complexity of

the proposed methods for finding an e-stationary solution of nonconvex optimization (i.e., E||V f(z)

|2 < € or its equivalent

form). NSR denotes that the proposed method could work well for the nonsmooth regularization.

begun to study the adaptive gradient method (i.e, AdAda-
Grad) by simultaneously using adaptive learning rate and
adaptive batch size. However, the proposed AdAdaGrad
method (Lau, Liu, and Kolar 2024) suffers from high com-
putation and sample complexity for finding stationary solu-
tion (please see Table 1). Thus, to fill this gap, we propose a
class of faster double adaptive gradient methods by simulta-
neously using adaptive learning rate and adaptive batch size.
Our main contributions are given as follows:

1) We propose a double adaptive stochastic gradient method
(i.e., 2AdaSGD) to solve Problem (1) by introducing
stochastic gradient mappings. Moreover, we also pro-
pose a variance reduced double adaptive stochastic gra-
dient method (i.e., 2AdaSPIDER) based on the variance
reduced technique of SARAH/SPIDER (Nguyen et al.
2017; Fang et al. 2018; Wang et al. 2019).

We provide a solid convergence analysis for our meth-
ods. Under some mild conditions, we prove that our
2AdaSGD obtains a low stochastic first-order oracle
(SFO) complexity of O(ne™* A €72), and the worst-
case SFO complexity of our 2AdaSPIDER method is
O (\/ﬁffl Ae 3 ) , which matches the lower bound com-
plexity for finding an e-stationary solution of nonconvex
finite-sum optimization (Fang et al. 2018).

2)

3) We conduct some numerical experiments to verify the ef-

ficiency of our proposed methods.

Related Work

In the section, we review some typical adaptive learning rate
methods and adaptive batch size methods, respectively.

Adaptive Learning Rate Methods

It is well known that learning rate is one of most criti-
cal hyper-parameters in optimization algorithms, which af-
fects performances of the large-scale models. Recently, the
adaptive gradient methods (Duchi, Hazan, and Singer 2011;
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Kingma and Ba 2014; Loshchilov and Hutter 2017; Zhuang
et al. 2020; Xie et al. 2024) by using adaptive learning rates
have been widely studied in machine learning community.
For example, Adam (Kingma and Ba 2014) is one of pop-
ular adaptive gradient methods by using a coordinate-wise
adaptive learning rate and using simultaneously momen-
tum technique to accelerate algorithm. Thus, the Adam is
the default optimization tool for training large-scale model.
Subsequently, some variants of Adam algorithm (Reddi,
Kale, and Kumar 2019; Chen et al. 2019; Guo et al.
2021) have been proposed to obtain a convergence guar-
antee under the non-convex setting. By using coordinate-
wise adaptive learning rate, Adam algorithm generally has
a bad generalization performance in training machine learn-
ing models. To improve the generalization performance of
Adam, recently some adaptive gradient methods such as
AdamW (Loshchilov and Hutter 2017), Padam (Chen et al.
2018) and AdaBelief (Zhuang et al. 2020) have been pro-
posed. Recently, some accelerated adaptive gradient meth-
ods (Cutkosky and Orabona 2019; Huang, Li, and Huang
2021; Kavis et al. 2022) have been proposed based on the
variance-reduced techniques.

Adaptive Batch Size Methods

In fact, batch size also is one of most critical hyper-
parameters in optimization algorithms. Recently, some
adaptive batch size methods (Devarakonda, Naumov, and
Garland 2017; De et al. 2017; Smith et al. 2018; Zhou, Yuan,
and Feng 2018; Ji et al. 2020) have been studied in ma-
chine learning community. Specifically, (Zhou, Yuan, and
Feng 2018) presented the adaptive gradient method by ex-
ponentially or polynomially increasing batch size. (De et al.
2017) used a class of adaptive batch sizes satisfying certain
properties of gradient and variance. (Ji et al. 2020) proposed
the adaptive variance reduced methods by using the adap-
tive batch-size based on norm of the old stochastic gradi-
ents. More recently, (Lau, Liu, and Kolar 2024) proposed



Algorithm 1: Double Adaptive SGD (2AdaSGD) Algorithm
1: Input: T, m € NT, ay > 0,0 > 0,1 > 0and e > 0;

2: initialize: 7o € R? and ||g_1]| = -+ = ||g_m| =7 >
0;
3: fort=0,1,...,T — 1do

4: Compute By = =57 [|gi—i||%;
5:  Randomly sample B, from [n) w1th0ut replacement,

where b, = min { |a1028; "], [aso?e 7], n};
v = Vg, (2) = % ZieBt Vfi(z &)
Generate the adaptive matrix 4, € R4*%;

One example of A; by using update rule: given ag =
0,0 < p <1, p> 0, and then compute

a; = pa;—1+(1—p) (Vfgt (mt))2, Ay = diag(y/a; +

pla);

8 Update z;41 = argmingega{(ve,z) + 5-(z —
)T Ap(x — 24) + h(x)};

9:  Setgy = Tt

10: end for

11: Output: ¢ chosen uniformly random from {z,} ;.

the adaptive gradient method by using adaptive batch-size
derived from the existing adaptive sampling methods.

Notations

|-| denotes the floor function. Let a A b = min(a, b). Given
two vectors x and y, =" (r > 0) denotes the element-wise
power operation, x /y denotes the element-wise division and
max(x,y) denotes the element-wise maximum. I, denotes
a d-dimensional identity matrix. || - || denotes the ¢ norm
for vectors and spectral norm for matrices. (x, y) denotes the
inner product of two vectors x and y. Index function X'(a) =
1 if the event a occurs and O otherwise.

Preliminaries

In this section, we provide some mild conditions for the
above problem (1) and the following our methods.

Assumption 1. Variance of unbiased stochastic gradient is
bounded, i.e., there exists a constant o > 0 such that for all
i=1,2,---,n

E[Vf(z:€")] = Vf(2), E|[Vf(2:€') - V()| < o®.

Assumption 2. Function F(z) = f(x) + h(z) is bounded
from below in x € RY, ie., F* = inf cpa f(2) + h(z).

Assumption 3. Function f(z) = L3 | fi(x;€') is L-
smooth, i.e.,

IV f (1)

Assumption 4. Each component function f(x;&%) is L-
smooth foralli=1,2,--- . n, ie.,

||Vf(961;§i) -

Assumption 1 is commonly applied in the existing
stochastic optimization (Ghadimi, Lan, and Zhang 2016;

— Vf(zo)|| < L||x1 — x2||, V1,22 € R%.

Vf(xo; €Y < Lljxy — 22|, Va1, 20 € RY

Algorithm 2: Double Adaptive SPIDER (2AdaSPIDER) Al-
gorithm

1: Input: S, m € N*,ay > 0,5 >0,7>0,b> 0and
€>0;

2: initialize: zo = 7% € R and 8; > 0;

3: fors=1,2,...,5do

4 x5 =731

5 Randomly sample B; from [n] without replacement,
where B, = min { 10?51, |ago?e™t ], n} ;
1}8 = vas (js_l) = i ZiEBS vfz( o 1a€z)
Generate the adaptive matrix A® € Raxd, .

One example of A® by using update rule: given a” =
0,0 < o <1, p>0,and then compute

a® = pa* 14 (1—p) (Vst (xS))Q,AS = diag(va*+

pla);

8: Update 2§ = argmin,cga {(v§,z) + ﬁ(x -
w§) A% (z — 2) + h(z) };

9:  Compute Bs+1 = ||gg||?/m with g§ = %,

10 fort=1,2,...,m—1do

11: Randomly sample Z; from [n] without replacement

and |Z;| = b;
12: Compute v; = Vfz,(x7) — Vfz,(zi_1) +vi_1;
13: Generate the adaptive matrix A € R%*9;

One example of A7 by using update rule: given
ai =0,0<p<1,p>0,and then compute

a = i + (1 — o) (Vg (D) 45 =

diag(v/af + pla);

14: Update z7,, = argmin,cge {(v],2) + 5;(z —
wp) A (x — @) + h(x )}

15: Compute Bs+1  Bsi1 + |gi]I?/m with gi =
It_wt-t—l

16:  end for

17: end for

18: Output: 1z

{{xf}?ll}f:l-

chosen uniformly random from

Cutkosky and Orabona 2019). Assumption 2 guarantees
feasibility of Problem (1). Assumption 3 is widely used
in stochastic optimization algorithms (Chen et al. 2019;
Zhuang et al. 2020). Assumption 4 is widely used in the
variance-reduced algorithms (Fang et al. 2018; Cutkosky
and Orabona 2019). According to Assumption 4, we have
IVf(@) = Vi) = |E[Vf(2:€) = V()] <
BV (2:¢") ~ Vf(y; )| < Lla -y forall 2,y € R,
Thus, Assumption 3 is milder than Assumption 4.

Assumption 5. Assume the adaptive matrix A, forallt > 1
satisfies Ay = ply > 0, and p > 0 denotes a lower bound of
the smallest eigenvalue of A, for all t > 1.

Assumption 5 ensures that the adaptive matrices {A;}¢>1
are positive definite, in which their smallest eigenvalues
have a lower bound p > 0, as in (Huang, Li, and Huang
2021; Yun, Lozano, and Yang 2021).



Faster Double Adaptive Gradient Methods

In this section, we propose an efficient double adaptive SGD
(i.e.,2AdaSGD) algorithm by simultaneously using adap-
tive learning rate and adaptive batch size. Then we fur-
ther propose a variance reduced double adaptive SGD (i.e.,
2AdaSPIDER) algorithm based on the variance reduced
technique of SPIDER (Nguyen et al. 2017; Fang et al. 2018;
Wang et al. 2019).

2AdaSGD Algorithm

Algorithm 1 shows an algorithmic framework of our
2AdaSGD method. In Algorithm 1, we set mini batch size
by = min { [aq0?B; "], [ao?e ], n},
which depends on average norm of stochastic gradient
mappings f3; = %ZZ’;I llg:—il|*> and the variance of
stochastic gradient o2. Thus, these stochastic gradient map-
pings {g:—;}, adaptively adjust mini-batch size in our
2AdaSGD algorithm. Specifically, when the regularization
term h(x) = 0 and the adaptive matrix A; = Iy, g =
V fs,(x:) is the stochastic gradient as in (Ji et al. 2020);
otherwise, g; = Z—2t+1 ig the stochastic gradient mapping.
In our Algorithm 1, we also use the adaptive matrix A; to
update variable x. Here the adaptive matrix A; generally is
diagonal, and it represents many adaptive learning rates. For
example, we can use the Adam-like adaptive learning rate:

a; = oar 1 + (1— 0) (Vs (z0))°, A = diag(va; + pla),

where ¢ € (0,1) and p > 0 denotes a small positive number.
We can also use the AdamW-like adaptive learning rate:

2
a; = oa;—1 + (1 — o) (Vth () + Aft) )
Ap = diag(Va; + pla),
where A > 0 denotes the regularization parameter.
At the line 8 of Algorithm 1, when h(z) = 0 and A; =
dlag(dt) with dt = (dl,t7 dg’t, s ,CAldﬂg) c Rd, we have

1
Tpp1 = arg;ré]iRnl {{v, z) + %(:E — )" Ay(z — ) + h(2)}

1 T fino(h
3y (0 = ) diag ) (& = w0)}

=z~ o, @

a

where - denotes the coordinate wise product. In other words,

we have ; 411 = Xt — vz (foralli € {1,2,- d}
When h(z) = )\H:r||1 and A; = diag(a;) with 4; =

(G1,4,02.4,+ ,a4:) € R, we have

= arg min {(v;,z) +

1
Tpp1 = arg;ré]iRni {{vy, =) + %(:E — )" Ay(z — ) + h(2)}

. 1
= arg min {{ve, ) + %(sc —x) T Ay(z — ) + A|z])1 }

:S(xt_ditlvt’dit)’ (3)

where S(a,\) = sign(a)max(|la] — A,0) denotes the
soft threshold operator. In other words, we have x; ;1 =
Sy — nvlt’at)forallze{l,Z7 -, d}.
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2AdaSPIDER Algorithm

Algorithm 2 provides an algorithmic framework of our
2AdaSPIDER method. Algorithm 2 basically follows the
above Algorithm 1. In fact, Algorithm 2 uses the same adap-
tive batch size and adaptive learning rate as in Algorithm 1.
While our 2AdaSPIDER algorithm uses the variance re-
duced stochastic gradient estimator (Nguyen et al. 2017;
Fang et al. 2018; Wang et al. 2019): at the outer loop

w5 = Vs, (@ Z VA@ETLE), @)
Bs i€Bs
and at the inner loop
vf = Vi, (7)) = Vi, (#7_1) +vi_1. o)

Convergence Analysis
In the section, we study the convergence properties of our
methods under some mild assumptions. All related proofs
are provided in the Appendix. Here we first define a useful
gradlent mapping as in (Ghadimi, Lan, and Zhang 2016):
Gy = (xt — &441), and the iteration &, 1 is generated from

1
Tyy1 = arg rn]ani {(Vf(a?t), x) + 27’(96 —a)T Ay (z — )

+hia)]. ©)

where 1 > 0. Clearly, when h(z) = 0 and A; = I, we have
G =Vf (xt)
Theorem 1. Under the above Assumptions 1, 2, 3 and 5,

suppose the sequence {xt}fzzl be generated from Algorithm
1, and the output x¢ s uniformly at random chosen from

them. Set 01 = T — % — pa and 0y =
92(F(.TO) — F*) (92’177/}/2 926
E||G¢|* <
917]T T91poq 61,00[2
2my? 2¢
a3 @
Tp?aqr  p?og

Remark 1. Letag = as = % and 0 < n < 2L, we have

61 > 4 and 6, = 10. Letm =0(1) <nand~ = ﬁ
ThenletT = O(e~1), we have E||G¢||?> < O(e™!). The SFO

complexity of our 2AdaSGD method is

th Zmin{a1026{1,a2026_17n}

=0

L 402 402 1
Z { 27726 ’ }
—o EZI L lge—ill> P

2

< Tmin {%efl,n} =0(ne're?). ()

Theorem 2. Under the above Assumptions 1, 2, 4 and 5,
suppose the sequence {{x; };n o }5_, be generated from Al-
gorithm 2, and the output x is uniformly at random chosen
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Figure 1: Image Classification on CIFAR-10 dataset without Regularization.
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Figure 2: Image Classification on CIFAR-10 dataset with Regularization.

from them. Set o = min(ay/2,01/2), 61 = % - % -
2r2 2r2

ui fpm fﬁ > 0and 0y = QmPZbL +p%a+2,wehave

EHQCHQ < GQ(F(.TO) - F ) 926 E’ (9)
01T brap  p?a

where T = Sm and x} = .

Remark 2. Let a1 = oo = S5 and 0 < n < £, we

have 01 > £ and 0 = % + 277:52. Further let n = %,

we have ) = £ and 0y = 1?. Then let b < (n A e’l)%,

m = nAehHHp L § = <! + and T = O(e 1),

(nAe=1)2

we have E||G¢||? < O(e™'). The SFO complexity of our
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2AdaSPIDER is
s
> Bi+ Smb
s=1
S
< Zmin {alazﬂgl,aga%*l,n} + Smb
s=1
s
4 2 4 2
< Zmin{ S g — 2,%(1,71}
s=1 m Soie gz l? e
+SnAet)
<O(Vne tAe?), (10)

Numerical Experiments

In this section, we conduct some experiments on image clas-
sification and language modeling tasks to verify efficiency
of our proposed methods. In the following experiments, we
compare our methods with the existing methods provided
in Table 1. Since the Super-Adam (Huang, Li, and Huang
2021) extends the STORM (Cutkosky and Orabona 2019),
we exclude the STORM in the comparisons. All experi-
ments are run over a machine with Intel(R) Xeon(R) Plat-
inum 8352V CPU and 1 Nvidia RTX 4090 GPU.
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Figure 3: Image Classification on ImageNet dataset without Regularization.
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Figure 4: Image Classification on ImageNet dataset with Regularization.

Inputs (d channels)

Conv d — 32, Batchnorm , ReLU
Conv 32 — 64, Batchnorm , ReLU
Conv 64 — 64, Batchnorm , ReLU

Max Pool

Linear 1024 — 512, ReLU
Dropout (0.5)
Linear 512 — C

Outputs

Table 2: The CNN used in our experiment. C'is the number
of classes, and d is the number of channels for inputs.

Image Classification Task

In the experiment, we conduct image classification task
on CIFAR-10 (Krizhevsky, Hinton et al. 2009) and Ima-
genet (Deng et al. 2009) datasets, respectively. Given the
training sample data {x;,y; }?, where z; denotes the fea-
tures of data and y; is the label, here we perform training

27023

neural networks by solving the following problem:

> L(@(wisw),y:) + h(w), (11

o1
min —
weRT N
where ®(-;w) denote the neural network model, and L(-, -)
denotes the loss function, and h(w) denotes a regulariza-
tion. Here w is the parameters in the neural network model,
we will learn these parameters w € R?. In the experiment,
we use the cross-entropy loss to L(-,-). Specifically, we
train a 3-layer Convolutional Neural Network (CNN) on the
CIFAR-10 dataset and train the ResNet18 (He et al. 2016)
on the Imagenet dataset. Here the neural network architec-
ture of the 3-layer CNN is provided in Table 2. For the learn-
ing rates and other hyper-parameters, we do grid search and
report the best one for each optimizer. We set v = 1073,
m = 50 in our 2AdaSGD algorithm, and set v = 1072,
b = 64 in our 2AdaSPIDER algorithm. In other algorithms,
we set the basic learning rate as 0.001, and the basic batch-
size as 64.
When h(w) = 0, i.e., without regularization, from the
Figures 1 and 3, our methods basically have better perfor-
mances than the other methods. At the same time, when



Figure 5: Language Modeling on LSTM without Regular-
ization.

Test Perplexity

Figure 6: Language Modeling on LSTM with Regulariza-
tion.

h(w) = ||lw||1, i-e., with L;-regularization, from the Fig-
ures 2 and 4, our methods also basically have better perfor-
mances than the other methods.

Language Modeling Task

In the experiment, we conduct language modeling task on
the Penn-Treebank (Marcus, Santorini, and Marcinkiewicz
1993) and WikiText2 (Merity et al. 2016) datasets, respec-
tively. Specifically, we will train a 2-layer LSTM (Hochre-
iter and Schmidhuber 1997) on the Penn-Treebank dataset
and train a 2-layer Transformer (Vaswani 2017) on the Wiki-
Text2 dataset. Given n samples {2} ;. we will learn the
language model by solving the following problem:

. 1
min ——
0cRd N

n I
D log (P(aflat,—130)) + h(6), (12)

=1 t=1

where sample 2% includes I; tokens for alli € (1,2,--- ,n),
and h(6) denotes a regularization. Here P(z%|z¢., ;;6) de-
notes the probability function of the token xi given the to-
kens z¢, ;, and § € RY is the parameters of the language
model. For the learning rates and other hyper-parameters,
we do grid search and report the best one for each optimizer.
We set v = 1073, m = 50 in our 2AdaSGD algorithm, and
set v = 1072, b = 20 in our 2AdaSPIDER algorithm. In
other algorithms, we set the basic learning rate as 0.001, and
the basic batch-size as 20.

When h(8) = 0, i.e., without regularization, from the
Figures 5 and 7, our methods basically have better perfor-
mances than the other methods. At the same time, when

27024

Figure 7: Language Modeling on Transformer without Reg-
ularization.

Figure 8: Language Modeling on Transformer with Regular-
ization.

h(6) = ||0||1, i-e., with L;-regularization, from the Figures 6
and 8, our methods also basically have better performances
than the other methods.

Conclusion

In the paper, we studied double adaptive gradient methods
for nonconvex optimization possibly with nonsmooth regu-
larization, and proposed a class of double adaptive stochas-
tic gradient methods by simultaneously using adaptive mini-
batch size and adaptive learning rate. Moreover, we stud-
ied convergence properties of our methods, and proved that
the worst-case SFO complexity of our 2AdaSGD method is
O(neil A 6’2) for finding an e-stationary solution, and the
worst-case SFO complexity of our 2AdaSPIDER method
is the optimal SFO complexity of O(y/ne™' A e 2). To
the best of our knowledge, our methods are the first double
adaptive stochastic gradient methods for solving nonconvex
optimization with nonsmooth regularization.
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