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Adams algorithm based on adaptive momentum update strategy

LI Manyuan, LUO Fei, GU Chunhua, LUO Yongjun, DING Weichao
(School of Information Science and Engineering, East China University of Science and Technology, Shanghai 200237, China)

Abstract: Adam is one of the most commonly used optimization algorithms at present, but it is faced
with the problem that the model does not converge due to the vibration of learning rate, and its improved
algorithm AMSGrad also has the problem of invalid second-order momentum caused by gradient
decline. To solve the above problems, Adams optimization algorithms based on adaptive momentum
update strategy was proposed. Firstly, an adaptive momentum update strategy was constructed by
introducing adaptive update parameters for the first order momentum and the second order momentum,
and a smaller first order momentum update parameters was used during the final parameter update
phase. Secondly, based on this update strategy, a fast convergence algorithm named Adams was
proposed. Finally, the convergence of Adams algorithm was analyzed theoretically. The comparative
experiments based on text classification and image classification show that Adams has faster
convergence speed, better training results, and more excellent generalization ability than Adam and

AMSGrad. The ablation experiment proves the effectiveness of Adams adaptive momentum updating
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strategy.
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Tab.1 Toolkit version in experiments

THA JAs

python 3.8.15
torch 1.10.0+cul13

torchvision 0.11.1

1E reuters, MNIST, fashion MNIST, CIFARI10,
CIFAR100 3£ 5 N ASRERSE b, @il oAk
K44y 25520, MK Adams BB 9 PERE . Hirp,
reuters & K H BB L 0 48 HT B S0 A B PE 4R
MNIST J& F 5 %05 19 K B L 56 4 5 fashion
MNIST J& 4 % A [R] B 28 7 1) ¢ B AR B s 4
CIFAR10, CIFARI00 /&0 & AFF Y E 6
EUGE RS . 5 B M EUE & . IR 5 TA
LX) 5. BARFHEANER 2 PR
32 HEWIEIBEHH

Adams 553 30 & 1 1E Vsl T O i e
Adam 575 AW S n) 8 R B 3B T AMSGrad
S AN A ) R AL, P, R
Adam B3k Al AMSGrad B kAT X L2 80 . Fk
R AR 13 A ) R, T Wilson 251
IRFFRFRIT, [ N2 ) RS BRI R Y fhhe
FHEEAN SR SGD B3 (SGD with momentum,
fai Fx SGD), M, Bt SGD & ik i /E Ay ¥ b X
% FBAANRFIEAEARR LS F | AR EE
R ATBEART, FEIIgE 20 %, BRI
Hy 64, 23] FAyHIE N 0.0001, 0.001, 0.002,
0.003, 0.004, 0.005, 0.01, 0.05, 0.1, FHFTZLWK
S, FREBURAEL AR LRSS R

Adams B35 1) B 2 35 By #2819 2% TPt 1|
SR AR A T B Adams BIETE AN [RI 26
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Tab.2 Experimental datasets

YIS FEAEL N ZRE e ESil| B A
reuters 11228 9000 2228 46 OB, R B, 2R 2
MNIST 70000 60000 10000 10 TREEEUG, IR 54, 2500
fashion MNIST 70000 60000 10000 10 IRBEEUR, RFIER 2%, 255170
CIFARI0 60000 50000 10000 10 RGBS, FHESR I, 2851/
CIFAR100 60000 50000 10000 100 RGBEI&, FHIEE A%, K%
R 2 R 4 g B, A T A H SR “ “ o

XEHerE, FEAFE P EEAE b, B AR 2
47U S5k A reuters, MNIST, fashion MNIST

HBRE 1 HBRE2 BRE3

50 3 AR 7 3 MR A 1 AT SR, e R e
AL 5 — A 2 0 4 B 22 B 2 Cally o Iy
connected neural network, FCNN) #£17I|Z%, 5 kernel=5

S U G5 ik B B e g e R He s A el
CIFAR10 Fl CIFAR100 3% 2 MARAH 4 2 9 B4 1 1 BER LSRR CNN A

Fig.1 CNN model in comparison experiments

AT LR, SRS 3 4GB & B &
M 2% ( convolutional neural networks, CNN) , [® 2% 4% MR ISR T SEOE B, HARYIZhas Rk 3
i Vi—] 1PN o AR SR v BT AT A A 28 I 45 1 e s 7~ Relu, softmax AP % pREY
#B3d 1F softmax PRECHEATIH—fLARIE, FFAH H2E X TR BB LY 4 BB, Bl 2 DL MNIST

R3 HEILLRWER

Tab.3 Results of algorithm comparison experiments

FYEE S RIARES Bk EZUS HER /%

SGD 0.005 1.3312 70.72
Adam 0.001 0.1093 95.54

reuters
Adams 0.002 0.1007 96.12
AMSGrad 0.001 0.1026 95.83
SGD 0.100 1.5563 92.02
Adam 0.002 1.5204 93.44

MNIST
Adams 0.001 1.5179 94.01
AMSGrad 0.002 1.5237 93.18
SGD 0.100 1.6347 82.90
Adam 0.001 1.5992 84.73

fashion MNIST
Adams 0.002 1.5825 85.74
AMSGrad 0.002 1.5916 85.04
SGD 0.050 0.4281 70.40
Adam 0.001 0.4137 73.15
CIFAR10
Adams 0.001 0.3962 74.82
AMSGrad 0.001 0.4246 72.91
SGD 0.050 1.5163 32.53
Adam 0.001 1.8759 37.12
CIFAR100

Adams 0.001 1.8603 38.27

AMSGrad 0.001 1.8732 38.10
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Fig.2 Comparison experiments on MNIST
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Fig.3 Comparison of various algorithms in ablation
experiments
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Tab.4 Results of ablation experiments

Sk 2R PN EHH%/%
Adams 0.001 1.5179 94.01
Adams_c 0.001 15263 93.39
AT
4 zEEE'h:I

BEXT Adam B33 Rl 2 o SRR R B LR
USRI, DL K AMSGrad 556k [ 38 i 2 > 5
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B 1000 Yk S 505037 W 18R BN — B sl e o
B SHOK 58 B IR 20 Bk .
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