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Abstract

The training process of many machine learning models can be reduced to solving an

optimization problem, and the convergence speed of the traditional gradient descent

algorithm and its variants is not satisfactory. In this paper, based on the stochas-

tic variance reduction gradient algorithm, we combine the characteristics of adaptive

learning rate and moment limitation, and use the batch idea to select large batch

samples instead of all samples for the calculation of global gradient, and select small

batch samples for the iterative update of parameters, then propose the batch adaptive

variance reduction algorithm with moment limitation, and illustrate the convergence

of the algorithm. The effectiveness of the algorithm is verified through MNIST-based

numerical experiments, and the influence of the experimental parameters on the sta-

bility of the algorithm is explored.
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1. Úó

�ÄXeÃ�å4�z¯K [1]

minP (w), P (w) =
1

n

n∑
i=1

ψi(w), (1)

Ù¥ψi : Rd → R, i = 1, ...n.ù«�.3ÅìÆS¯K¥�~ÊH, 'X3kiÒÆS¥, nL«�

�êþ, ψiL«©a½£8�.¥�~ i���¼ê.

éu±þ�8I¼ê, Ï~¦^FÝeü�{?1¦) [2–5], �FÝeükn«CN, ©O´

�FÝeü�{!�ÅFÝeü�{Ú�1þ�ÅFÝeü�{, ÙØÓ�?3u¦^õ���5
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O�8I¼ê�FÝ, �â��êþ�ØÓ, 3ëê�#�O(5Ú�1�#¤I��m�m?1

�ï.

�FÝeü�{ [6]I�O�¤k���FÝ5?1S��#, U
¼�4Ð�FÝeü��

¿Jø�ªÂñ�Ý��y. � FGDØU3��#�., =ØU|^Ä��~f, Ù�#5KXe

wt = wt−1 −
αt
n

n∑
i=1

∇ψi (wt−1) . (2)

FGD3¡é�êâ8�¬ÑyP{O���¹, Ï�§3�z�ëê�#�cÑ¬é�c�

Ó���­#O�, 
�ÅFÝeü�{ [7](Stochastic Gradient Descent, SGD)zg�I�À�ü

���O�CqFÝ�1ëê�#5�Øù«P{

wt = wt−1 − αt∇ψit (wt−1) , (3)

SGD�O�¤�=� FGD� 1/n, Ó���^u3�ÆS, �du��À���Å5Ú\
��,

��8I¼ê3Âñ�L§¥Ñyì�ÅÄ.

��Ñy
U?��1þ�ÅFÝeü�{ [8](Mini-Batch Stochastic Gradient Descent,

Mini-Batch SGD)

wt = wt−1 −
αt
|B|

∑
i∈|B|

∇ψi (wt−1) , (4)

(4)ª¿©(Ü
�FÝeü�{Ú�ÅFÝeü�{�A:, =3zgëê�#�l��¥�Å

À�Ü©��?1FÝ�O, 3�½§ÝþQ�y
FÝeü��, qü$
���ÅÀ����.

��u�FÝeü
ó, �1þ�ÅFÝeü�U�?�5�ÅìÆS?Ö��¦, �E,�ÖØ


ÙÂñ�Ý�ú�":.

(4)ª¿©(Ü
�FÝeü�{Ú�ÅFÝeü�{�A:, =3zgëê�#�l��¥

�ÅÀ�Ü©��?1FÝ�O, 3�½§ÝþQ�y
FÝeü��, qü$
���ÅÀ��

��. ��u�FÝeü
ó, �1þ�ÅFÝeü�U�?�5�ÅìÆS?Ö��¦, �E,�

ÖØ
ÙÂñ�Ý�ú�":.

Cc5, �ÅFÝeü�{®¤�ÅìÆSAO´�ÝÆS��:, �XéFÝeü��ÚS

�Ú��Øä&¢, ÅìZyÑNõÄu SGD�U?�{. Momentum�{ [9]3DÚ�ÅFÝe

ü�{�Ä:þV\Äþ�, ÄuFÝÄþ\È�g�¿(Ü{¤FÝ¦^�ê\�£Ä²þ5k

�;���, \�%C�`), Nesterov\�FÝ�{ [10, 11]K´3Momentum�{�Ä:þéF

Ý�ëê�
�gS��#.

3FÝeü�L§�¥, du`zëêé8I¼ê��6�Ø�Ó, Ùð½�ÆSÇ¬��ë

êS�ÑyFÝuÑ½öÂñ�ú�¯K, �d�Ä`z�{UÄg·A/N!ÆSÇ���. g

·AFÝ{ [12](Adaptive Gradient, AdaGrad) ÏLÅÚ �Ú�5ÆS; þ��DÂ{ [13](Root
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Mean SquarePropagation, RMSprop)òÆSÇ©)¤²�FÝ��êP~²þ5�� AdaGrad�

{ÆSÇeüL¯�¯K; g·AÝ�O{ [14](Adaptive Moment Estimation, Adam) �±w�

Momentum�{Ú RMSProp�{�(ÜN, |^FÝ���ÝÚ��Ý�O5éÆSÇ?1�å;

g·AÝ��{ [15](Adaptive Momental Bound, AdaMod) ^�ÏPÁ��LpÆSÇ, ü$


Adam�{éÆSÇ�¯a5.

,	�ÅFÝeü�{3����Å���)
��¿�XS�gê�O\
Øä\È, ?


Ã{���5Âñ. �d, ïÄö�JÑ
�X�Äu�� ~��Åeü�{, ~X�Å²

þFÝeü{ [16](Stochastic Average Gradient, SAG) ±/#FÝ�OÎFÝ0��ª, ¿©�

Ä
{¤FÝ���~�O�þ�8�; �Åéó�Iþ,{ [17](Stochastic Dual Coordinate

Ascent, SDCA¤3ëê�#L§¥�;éóCþ, ü$FÝ��\�Âñ; �Å�� ~�{ [18]

(Stochastic Variance Reduction Gradient, SVRG¤ÙØ%g�´|^�ÛFÝ&E^u�.�#

�FÝ?1?�, nØ©ÛL², ùA«�{3A½�^�eÑU ~��¿���5Âñ.

�©1 2Ü©Äug·AÆSÇ�{ÚÚ�� ~�{�Ä:þ, JÑ
�Ý���1þg

·A�� ~�{(An Adaptive and Momental Bound Method for Stochastic Variance Reduced

Gradient, AmbSVRG), (Ü
g·AÆSÇÚÝ���A:, ¿|^1þg�éëê?1S��

#; 1 3Ü©�Ñ
�{�Âñ5©Û; 1 4Ü©ÄuMNISTêâ8é�{k�5?1
�y, �

X&Ä�Ñ¢�ëêé�{­½5�K�; 1 5Ü©�Ñ
�©�o(.

2. �{0�

2.1. g·AÆSÇ�{

3FÝeüL§¥À���Ü·�ÆSÇ´é(J�, L��ÆSÇ¬��Âñ�ú, 
L�

�ÆSÇ¬��ëê¬3���NCÅÄ½uÑ, ,	3¡éØÓ�êâ8�, AÀ�ØÓ�ÆS

Çl
·Aêâ8�A�, �3FÝeü�{�L§¥, ¤këê�#Ñ¦^�´ð½�ÆSÇ, d

uz�ëê�#��Âñ�ÝÑØ¦�Ó, I��âëê�Âñ�¹©O��ØÓ�ÆSÇ, l


��é�{\��8�.

éu�½Ú��ëê�#úª�

wt = wt−1 − αgt.

�é�½Ú�, AdaGradòzg�#�FÝ\\, ¦ÆSÇ·Aëê, éDÕ�êâ8�1�

���#!éÈ��êâ8�1����#

wt = wt−1 −
α√
Gt + ε

gt,

Cþ Gt �;
{¤FÝ²�Ú, ε´�
��©1� 0, ÏLéÆSÇ¦±ù���©1�5?U

z�ëêS�L§¥�ÆSºÝ, l
�Ø
ÃÄN�ÆSÇ�I�. � AdaGrad�{�Ì�":
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´duz�� Gt Ñ´��, ©1¬�XÔöL§ØäO\, �L5��ÆSÇ�5��ªCu 0,

l
ª�S�. �
)û AdaGradÆSÇ:ìeü�¯K, RMSPropÚ\
�ê\�²þê

E
[
g2
]
t

= βE
[
g2
]
t−1 + (1− β)g2t ,

wt = wt−1 −
η√

E [g2]t + ε
gt,

Ù¥ β ��êP~Xê, AdaGrad¥�FÝ²�Ú��¤
FÝ²�P~²þ�Ï".

AdamÓ�¼�
 AdaGradÚ RMSProp�`:, AdamØ=X RMSProp@�Äu��ÝO

�·A5ëêÆSÇ, §Ó��¿©|^
FÝ���Ýþ�. äNL«�

mt = β1mt−1 + (1− β1) gt,

vt = β2vt−1 + (1− β2) g2t ,

Ù¥ mt Ú vt ´FÝ���ÝÚ��Ý�O, du§�ÐÏ¬keéÄ�¯K, ¤±I�é§��

�
 �?�

m̂t =
mt

1− βt1
,

v̂t =
vt

1− βt2
,

¦^ù
ëê5S��#�� Adam��#5K

wt = wt−1 −
α√
v̂t + ε

m̂t.

¦+g·AÆSÇ�{3Nõ�¹eÑéÉ�H, Adam��@�´�ÝÆSµe¥¦^�%

@�{, �§E,¬��­½5�¯KµØ­½Ú4à�ÆSÇ. AdaModæ^Ä�>.5��4

à�ÆS�Ç, 3Ôö�Ó�O�g·AÆSÇ��ê�Ï²þ�, ¿¦^T²þ�5?}ÔöL

§¥Lp�ÆSÇ

ηt = αt/
√
v̂t + ε,

St = β3St−1 + (1− β3) ηt,

η̂t = min (ηt, st) ,

ÏL1���§½Â
�c²w�ÚL�/�ÏPÁ0�'X. w,, � β3 = 0�, AdaMod��

�du Adam, 3O�Ñ�c²w��, 3§Ú�c Adam�Ñ�ÆSÇ ηt ¥ÀÑ�����, l


;�
ÑyLpÆSÇ��¹.

du SGD��Å5Ú\���¦� SGD3�½Ú���¹e�U��g�5Âñ�Ý, ©z

3 [18]�Ñ, �Å�{�°ÝÚæ���¤��', ���ªu 0�, �{� ��¬� 0. XÛ3

�Å�{¥~��ÅFÝ���, ò SGD ��Ú�FÝeü����5ÂñQ? ïÄö�qJÑ


�a�� ~�{.
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2.2. �� ~�{

Cc5, Äu�� ~��ÅFÝeü�{¤�
`z�{ïÄ¥�9:¯K, ïÄö��U

JÑ
 SAGÚ SDCA��'�{, Ù¥ SAG�{��#5K�

d = d− yi +∇ψi(w),

wt = wt−1 −
α

n
d.

SAG3S�¥�z����o��ÎFÝ, �ÅÀJ����5�#ëê d, 
�#�¥� d

´^#FÝO�ÎFÝ���, ¤±zgO�¥�I��9ü�FÝ. SDCA��þÏL�Eéó

Cþ?1�� ~, �ìéóCþ wÚéóCþ α�m�'X, w��#�±L«¤

wt = wt−1 − γ(∇fj(wt−1) + λnαkj ),

�XS��?1, (w,α)ò¬Âñ� (w∗, α∗), u´ (∇fj(w) + λnαj)→ 0, ∇fj(w) + λnαj ����

¬ªCu 0. ùÒ��
�� ~�8�. ùü«�{ÑU���5Âñ��Ý, �3ëê�#L§

¥Ñ�¦�;�ÜFÝ£½éóCþ¤, éS��mäk�½��¦. SVRG�Ñ
 SAGÚ SDCA

é�þ�;�mI¦�¯K

µ̃ =
1

n

n∑
i=1

∇ψi(w̃),

wt = wt−1 − α(∇ψit(wt−1)−∇ψit(w̃) + µ̃).

ÙØ%g�´|^�ÛFÝ&EéëêS��#¥�FÝ?1?�, z²{�ÓSÌ�O��

g�ÛFÝ, zg�#�õO�ügFÝ. 3 SGD�Âñ5©Û¥I�b���FÝ���´k~

êþ.�, ,
�´Ï�ù�þ.��
 SGDÃ{�5Âñ, 
 SVRG|^AÏ�FÝ�#�¦

����k���±Øä~��þ., l
��
ü$�����8�, Ïd�Ò��
�5Âñ.

1þ�Å�� ~FÝ�{ [19]£Batching SVRG¤|^Ü©���FÝ�Cq�ÛFÝ, 3

�½§Ýþü$
 SVRG�O�þ. SVRGÚ Batching SVRG3S�L§¥Ñ¦^�½ÆSÇ?

1`z¦), ÀJ·Ü�ÆSÇé`z�{�'­�. d	, �þ�g�S�ëêl�cS�ëêå

l��, 
�cëêl�`�?�C�, SVRG Ú Batching SVRGq¬Lõ/|^{¤FÝ�&E

�é�c�FÝeü��?1?�, ���{3�`�?��, ü$�{�Âñ�Ý.

éuæ^�½�ÆSÇÚLÝ|^{¤FÝ�&E�¯K, �©Äu SVRG, �âFÝ��

�ÝÚ��Ý�O, O�ØÓëêe��Ng·AÆS�Ç, JÑ
�Ý���1þg·A��

 ~�{(An Adaptive and Momental Bound Method for Stochastic Variance Reduced Gradient,

AmbSVRG).

2.3. AmbSVRG�{

éu¯K (1), �©ò AdaMod¥��Ú��Ý�O� Batching SVRG¥FÝ�#�ª�(
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Ü, JÑ
�Ý���1þg·A�� ~�{.

AmbSVRG�{:

Ñ\µ�ÛÆSÇ αt, �#ªÇm, ÄþXê β1, β2, β3 ∈ [0, 1);

Ú0µÐ©z w̃0 = 0, m0 = 0, v0 = 0, s0 = 0;

Ú1µé	Ì� s = 1, 2...T , - w̃ = w̃s−1;

Ú2µÀJ�ÛFÝ�#�1þº��� |Bs| = B, O��ÛFÝ: µ̃ = 1
B

∑B
i=1∇ψi(w̃);

Ú3µ- w0 = w̃, s := s+ 1;

Ú4µéSÌ� t = 1, 2, ...m, ÀJëê�#�1þº��� |Bt| = b,

O�FÝ�: gt = 1
b

∑b
i=1 [∇ψi (wt−1)−∇ψi (w̃)] + µ̃;

Ú5µO���ÝÚ��Ý:

mt = β1mt−1 + (1− β1) gt, vt = β2vt−1 + (1− β2) g2t ;

Ú6µ?1 �?�: m̂t = mt

1−βt
1
, v̂t = vt

1−βt
2
;

Ú7µé�#�?1�ê\�²þ, ��LpÆSÇ:

ηt = αt/
√
v̂t + ε, St = β3St−1 + (1− β3) ηt, η̂t = min (ηt, st) ;

Ú8µëêS��#: wt = wt−1 − η̂tm̂t;

Ú9µ- t := t+ 1,e t < m=Ú 4, e t = m=Ú 1.

3 AmbSVRG�{¥, Ú 2(Ü Batching SVRG�{¥1þ�g�, ^Ü©��O�FÝ�

Cq�ÛFÝ, 3�½�^�e, U
~��{�O�þ, \¯Âñ; 3Ú 4¥, ò�1þ�g�K

\� SVRG�FÝ�#5K¥éFÝ�Ã �O, l
ü$S�L§¥�FÝ��, O\ÂñL§

¥�­½5; 3Ú 5¥q|^�ê\�²þ�g�, é��FÝÚ��FÝ\\Äþ, ¿©|^FÝ

&E, ¿3Ú 6é mt Ú vt ÐÏ�eéÄ¯K�
 �?�, ¦��{3¡éØÓêâ8�UgÄ

N�ëê�ÆSÇ, ��Jp
�{�­½5ÚÔö�Ý; 3Ú 7, O�g·AÆSÇ��ê�Ï²

þ�, ¿À����ÆSÇ�\��ëêS��§, ³�
LpÆSÇ��), ?�ÚO\
�{�

­½5.

3. Âñ5©Û

�!?Ø AmbSVRG�{�Âñ5, Äk�Ñ¯K (1)¤I�÷v�Ä�b�.

b� 1 éÃ�å4�z¯K (1), 8I¼ê ψ(w)÷v

(1) ψ�à¼ê;

(2) ψ�34��:w∗, = w∗ = argminwP (w);

DOI: 10.12677/aam.2022.1112952 9032 A^êÆ?Ð

https://doi.org/10.12677/aam.2022.1112952 


Á?]§X[�

(3) ψ�|ÊF]ëY�, =

ψ(w)− ψi(w∗)−
L

2
‖w − w∗‖2 6 ∇ψi(w∗)T (w − w∗). (5)

Ù¥ L > 0�|ÊF]~ê.

b� 2 P (w)´ µ-rà¼ê

P (w)− P (w∗)− µ

2
‖w − w∗‖2 > ∇P (w∗)T (w − w∗). (6)

½n3.1. 3b� 1, b� 2�^�e, � µ > 0, b�m¿©�k

α =
b

µmR(b+ 2LR)
+

2LR

b+ 2LR
< 1,

�� E[P (w̃s)− P (w∗)] ≤ αsE[P (w̃0)− P (w∗)], @o AmbSVRG�{ÒPk�5Âñ��Ý.

y² é?¿� i, ^ gtL«1 tÚ��|¢��, Kk

gt =
1

b

b∑
i=1

[∇ψi (wt−1)−∇ψi(w̃)] +
1

B

B∑
i=1

∇ψi(w̃),

d©z [18]��

1

n

n∑
i=1

‖∇ψi(w)−∇ψi(w∗)‖22 6 2L[P (w)− P (w∗)]. (7)

é gtÙ�Ï"��

E‖gt‖22 = E‖1

b

b∑
i=1

[∇ψi(wt−1)−∇ψi(w̃)] +
1

B

B∑
i=1

∇ψi(w̃)‖22

6 2E‖1

b

b∑
j=1

∇ψi(wt−1)−
1

b

b∑
i=1

∇ψi(w∗)‖22 + 2E‖1

b

b∑
i=1

∇ψi(w̃)− 1

b

b∑
i=1

(w∗)‖22 −∇p(w̃)‖22

= 2E‖1

b

b∑
j=1

∇ψi(wt−1)−
1

b

b∑
i=1

∇ψi(w∗)‖v2 + 2E‖1

b

b∑
i=1

∇ψi(w̃)

− 1

b

b∑
i=1

(w∗)‖22 − E[∇ψi(w̃)−∇ψi(w∗)]‖22

6 2E‖1

b

b∑
j=1

∇ψi(wt−1)−
1

b

b∑
i=1

∇ψi(w∗)‖22 + 2E‖1

b

b∑
i=1

∇ψi(w̃)− 1

b

b∑
i=1

∇ψi(w∗)‖22

6 4
L

b
[P (wt−1)− P (w∗) + P (w̃)− P (w∗)]. (8)
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1��Ø�ª¦^
 ‖a + b‖22 6 2‖a‖22 + 2‖b‖22, ^ µ̃ = 1
B

∑B
i=1∇ψi(w̃)�O ∇P (w̃), � ∇P (w̃) =

E[∇ψi(w̃)−∇ψi(w∗)]; 1��Ø�ª¦^
é?¿� ξ,÷v E‖ξ−Eξ‖22 = E‖ξ‖22−‖Eξ‖22 6 E‖ξ‖22;
1n�Ø�ª¦^
 (7)ª.

d (8) ª�� ‖gt‖ ´kþ.�, Ø��� G, 3 AmbSVRG �{�Ú 5 ¥, mt = β1mt−1 +

(1− β1) gt, �m0 = 0�, éªfÐm��

mt = (1− β1)
(
gt + β1gt−1 + β2

1gt−2 + · · ·+ βt−11 g1
)
,

¦ÙÏ"�

E‖m̂t‖22 = E‖ 1− β1
(1− βt1)

(gt + β1gt−1 + β2
1gt−2 + · · ·+ βt−11 g1‖22

=
1− β1

(1− βt1)
E‖gt + β1gt−1 + β2

1gt−2 + · · ·+ βt−11 g1‖22

6
1− β1

(1− βt1)
(1 + β1 + β2

1 + · · ·+ βt−11 )G = G. (9)

d (9)ª�� ‖m̂t‖k., Ón�{Ú 6¥� ‖v̂t‖ÚÚ 7¥� ‖η̂t‖�´kþ.�, =�3 R > 0, ¦

� ‖η̂t‖ 6 R, k

E‖wt − w∗‖22 = E‖wt−1 − η̂tm̂t − w∗‖22

= ‖wt−1 − w∗‖22 + 2R(wt−1 − w∗)>E[m̂t] +R2E‖m̂t‖22

6 ‖wt−1 − w∗‖22 + 2R(wt−1 − w∗)>∇P (wt−1)

+
4LR2

b
[p(wt−1)− p(w∗) + p(w̃)− p(w∗)]

6 ‖wt−1 − w∗‖22 − 2R[p(wt−1)− p(w∗)]

+
4LR2

b
[p(wt−1)− p(w∗) + p(w̃)− p(w∗)]

= ‖wt−1 − w∗‖22 − 2R(1 + 2
LR

b
)[p(wt−1)− p(w∗)]

+
4LR2

b
[p(w̃)− p(w∗)],

Ù¥1��Ø�ªd E[m̂t] 6 E[gt] = ∇P (wt−1)��, 1��Ø�ª¦^
 P (w)�à5

p(wt−1)− p(w∗) 6 (wt−1 − w∗)>∇P (wt−1).
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òþã�Ø�ªé t = 1, 2, ...,m¦Ú, ��

E‖wm − w∗‖22 + 2mR(1 + 2
LR

b
)E[P (w̃s)− P (w∗)]

6 E‖w0 − w∗‖22 +
4mLR2

b
E[P (w̃)− P (w∗)]

= E‖w̃ − w∗‖22 +
4mLR2

b
E[P (w̃)− P (w∗)]

6
2

µ
E[P (w̃)− P (w∗)] +

4mLR2

b
E[P (w̃)− P (w∗)]

= 2(µ−1 +
2mLR2

b
)E[P (w̃)− p(w∗)],

é1��Ø�ª¦^
 (7)ª, dd�±��µ

E[P (w̃s)− P (w∗)] 6

[
b

µmR(b+ 2LR)
+

2LR

b+ 2LR

]
E[P (w̃s−1)− P (w∗)],

l
�{�Âñ5µE[P (w̃s)− P (w∗)] ≤ αsE[P (w̃0)− P (w∗)]�y. �

d�{�Âñ5�±wÑ, �{�Âñ�Ý�ëê bÚmk', 'u�1þëê bÚ�#ªÇ

mé�{Âñ�Ý9­½5�K�ò3ê�¢�Ü©Ðm`².

4. ê�¢�

�©�{ÄuPython3.7�¤, �N�äe�ë�©z [20], Ù¥-¹¼ê� ReLU¼ê, éu

�{�¢y, ����ëê� CPU: Intel(R) Core(TM) i5-6200U 2.40 GHz, S�: 4.00GB. ¦^Ì

6êâ8MNISTé�{�k�5?1�y, êâ8Ì��ëê�L 1µ

Table 1. Data set introduction

L 1. êâ80�

8 ã¡a. ã¡�� Ôö8êþ ÿÁ8êþ

MNIST �Ýã 28*28 20000 10000

ê�¢�o��)üÜ©µ1 1Ü©Ì�´�©�{��cÌ6�{�m�é'; 1 2Ü©K

´�{ëêé�{­½5�K�.

4.1. Ì6�{é'

ÄuPython3.7�¤ AmbSVRG �{�?�, òÙ�Ì6�{ Mini-Batch SGD!Batching

SVRG!AdaGrad!RMSProp�{?1é'.
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lã 1�±wÑµ

(1)lÐ©S�O(Çþw, AmbSVRG3S��1�� epoch�, ÙÿÁ8O(Ç��
 60%

±þ, 
 Batching SVRGÚ RMSProp©O��
 53%Ú 48%, Mini-Batch SGDÚ Adagrad��

�
40%, ��, 3Ð©S�O(Çþ, AmbSVRG �`uÙ¦�{.

(2)lÂñL§þw, Ø
 AdaGrad�{ÂñL§Ø�²w�	, Ù¦�{ÑU­½/Âñ�

�`); lÿÁ8O(Çþ,�·Ý5w, 3S�ÐÏ, AmbSVRGþ,�·Ý�Í, ��ÙÂñ�

Ý�¯.

(3)l�{O(Çw, AmbSVRG�{�O(Ç��
 91.4%, RMSProp�'Ù$
 0.8�z©

:, Batching SVRG�O(Ç��
 85.7%, �E' AdaGradÚMini-Batch SGD�{`D.

Figure 1. Accuracy comparison of mainstream algorithms

ã 1. Ì6�{O(Çé'

4.2. ­½5&Ä

du�{�­½5Ì�É�1þº��� b±9�#ªÇmK�, �©òéØÓëê�¹e�

{ÿÁ8�O(Ç?1&Ä, ©OlMNISTêâ8¥À��1þº���� 100!300!500��

�, �\��#ªÇ� 10!30!50��{¥, �ÑØÓëê�¹e�{�Ôö�mÚÿÁ8O(Ç,

¢�ëê9éA�µd�I�L 2. �
;�¢��ó,5, é¢�êâ83�Óëê^�e?1

ngÓ�¢�, ¿�ng¢�²þ����ª(J.

Table 2. The influence of experimental parameters on the convergence effect of the algorithm

L 2. ¢�ëêé�{Âñ�J�K�&Ä

�#ªÇm
b = 100 b = 300 b = 500

train time test accuracy train time test accuracy train time test accuracy

m = 10 19. 34s 85. 2% 22. 26s 88. 9% 23. 86s 91. 4%

m = 30 24. 22s 87. 5% 28. 69s 89. 1% 35. 12s 89. 5%

m = 50 32. 05s 86. 0% 36. 71s 87. 2% 46. 89s 86. 7%
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dL 2��, 3Ôö�mþ, �X�1þº��� bÚ�#ªÇ m�O\, �{�O��d\

�, Ù�é�Ôö�m�ÅìO\; 3ÿÁ8O(Çþ, ^� b = 500���{ÿÁ8O(ÇoN�

' b = 300Ú b = 100��¹e���*. dd�±wÑ, �1þº��� bé�{ÿÁ8O(Çk

��K�, �äk�½��'~'X; 3 b� m�'X&Äþ, �±w�� m = 10Ú m = 30�,

�X b�O\, �{ÿÁ8O(Ç�ÅìO\, �� m = 50�,b�O\�U¬�5O(Ç�eü,

�U m�O\��SÌ��ëê�#FÝÚ	Ì��ÛFÝ��C�, éÂñ�ÝÚÂñO(Ç

E¤
�½�K�.

µØ ÏL4.1!�±wÑ, AmbSVRG �{�Âñ�ÝÚÂñ°ÝLyâÑ, ÙÂñ°ÝÚ

RMSProp�{��, ¿�3ÐÏ�{�Âñ�Ý`uÙ¦�{. ÏL4.2!, 
)��1þº���

bÚ�#ªÇmé�{Âñ�ÝÚÂñ°Ý�K�, é�{Âñ�J�Nëäk�½�ë�¿Â.

5. (Ø

�©Äu�Å�� ~FÝ�{, (Ü
g·AÆSÇÚÝ���A:, ¿|^1þg�, À�

�1þ���O�Ü��?1�ÛFÝ�O�, À��1þ��?1ëê�S��#, �Ñ
�Å

FÝeü�{du��À���Å5Ú\�p��¯K, ±9FÝeü{ð½�ÆSÇ��ëê3

�`:5£��!Âñ�Ý�ú�":, Ó��ég·AÆSÇ�{³�
LpÆSÇ��). Ï

d AmbSVRG�{äkûÐ­½5Ú�¯�Âñ�Ý, ¿�¢�(JL², 3�Ì6�{�é'e,

AmbSVRG�{�k�5���
�y.

É�u����Ï, Ã{�y�{3E,�ä(�þ�k�5, Ó�duëê�À�é�{�

O��Çk�½�K�, ÏdXÛÀ�ëêéJp�{�O��Ç�äk�½�y¢¿Â.
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