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Abstract

In view of the fact that the convergence performance of Adam’s algorithm is degraded at the later
stage of iteration due to the excessively large effective step size, an optimization algorithm named
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MAXGrad is proposed in this study. MAXGrad limits the growth of the effective step size by mod-
ifying the iterative formulation of the second-order moments. In order to evaluate the practical ap-
plication and performance of the MAXGrad algorithm in depth, this paper extends the experimen-
tal scope by using three larger-scale datasets and compares them in detail with the algorithms of
SGDM, Adam, and AMSGrad. The experimental results clearly show that the MAXGrad algorithm
achieves significant performance improvements over adaptive algorithms such as Adam and AM-
SGrad on multiple datasets. These results fully validate the feasibility and superior performance of
the MAXGrad algorithm as a new effective step-size iterative algorithm.
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Table 1. AMSGrad algorithm and MAXGrad algorithm pseudo-code
= 1. AMSGrad ;A5 MAXGrad EAARED

3% 1 AMSGrad 1% 2MAXGrad
BN xeF, B B BN xcF, B B
(@)l « el
#Eh: m,=0, v,=0, V,=0 HIgEM: m, =0, v, =0,
1:for t=1 toTdo 1:for t=1 toTdo
2: g, =V, f(x) 2: g, =V,f(x)
3 m=8m_+(1-5,)9, 3 m=8m_+(1-5,)0,

4: \A :ﬂzvt +(1_ﬂ2)gt2

4: v, =max(v,_,BV, , +(1- 2
5: \’/\‘ :maX(Qt_lth) t ( t-1 ﬂz t-1 ( ﬂz)g‘)

d V —di
and V, =diag(V, +¢) and V, =diag(v, +c)

6: x,,=II (X[ - atVt'Vzmt) 5! X, = m, o (Xt _ atVfwmt)

Ful
7: end for 6: end for
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Figure 1. Convergence trajectories of the four algorithms

1. HFhEERE NI

AT KK MAXGrad HiEMIMERE, A SCER =N EEHHESES SGDM. Adam. AMSGrad H.ikit47
Kb 722 2 b BRSO TR E . BIRECE W, CPU {4 AMD Ryzen 7 6800H, GPU i
H NVIDIA GeForce RTX-3050.

DOI: 10.12677/aam.2023.1210418 4251 I Bk


https://doi.org/10.12677/aam.2023.1210418

ESE

Table 2. Hyperparameter settings in the field of image classification

* 2. EEGS XTEHNESHIRE

et R b B, BUERE BRI

SGDM 0.1 0.9 - 0.0005 200

Adam 0.001 0.9 0.999 0.0005 200
AMSGrad  0.001 0.9 0.999 0.0005 200
MAXGrad ~ 0.001 0.9 0.999 0.0005 200
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Figure 2. CIFAR-10 image classification using ResNet-34
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Figure 3. CIFAR-100 image classification using ResNet-34
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Figure 4. Linguistic modeling of PTB dataset using LSTM
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