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Abstract

In recent years, the rapid development of science and technology has brought artificial intelli-
gence into the public eye. Machine learning and deep learning, as the core technologies of artificial
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intelligence, have attracted considerable attention from numerous scholars. In the field of ma-
chine learning, the complexity of the loss function for target models makes it challenging to obtain
a rapid and effective expression for parameter estimation. Therefore, the application of gra-
dient-based optimization methods to solve such optimization problems has become popular. Up to
now, the most mainstream algorithm is the gradient descent method. However, in practical appli-
cations, as data scales increase, the traditional gradient descent method and its slow training
process become inefficient in addressing large-scale machine learning problems. Therefore, im-
provements have been made based on the gradient descent method, leading to the introduction of
the stochastic gradient descent algorithm. Stochastic methods, due to their favorable scaling cha-
racteristics, have gained popularity in large-scale application problems. This paper first provides
a detailed introduction to the basic ideas and specific processes of three methods: gradient des-
cent, stochastic gradient descent, and mini-batch stochastic gradient descent, for solving optimi-
zation problems. Subsequently, numerical examples are designed for simulation experiments,
comparing the strengths and weaknesses of the three methods. The conclusions drawn from the
experimental results are as follows: gradient descent exhibits good convergence but low computa-
tional efficiency, stochastic gradient descent has high computational efficiency, and mini-batch
gradient descent falls between the two. Therefore, when dealing with large-scale computational
problems, stochastic gradient descent is more effective compared to the other two methods.
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BETH RN T, BATENANCAH TEONFE ST FSCR, IR Rz 3 1Ok Z 2235 1)
Ko BRE T REEAE R —F R AR H ik i R /8 42 B Rumelhart 28 A\ [1]38 8828052, XNG
TH 25 bt B0 ) HE BT 20 tHEZE VR BE 2 ST R R BR R B4 1 B 2Rl . 1951 4F Herbert Robbins £ Sutton
Monro [2] X3 H T BENLET 7732, FERMHH T — R EE R, 1967 45 Amari S [3]#F H B 215
WA, 1998 4 Bottou L [414H N BIFH M4 1, 7F 1958 4 Rosenblatt 25 A [514F B LS FE T B /8
TR R FIAL, 1978 45 Nemirovski A1 Yudin [6]RUA T ™ M1 b& Hi s@ bl k. 2007 4R,
Shalev-Shawartz 5 A [7]5 —RAE R FBECHE F IS 1 S2 i1t s Eh FR 3 B 1 FE52 I0BR 2 592 Pegasos,
Arkadi Nemirovski % A [8]7F 2009 4 L 1 BEM LT ALAIAE A 350 L 77, 25 44 %% Langford [9]45 H,
BEATUBR T B 157 SEBR A FH L RE AR HAS B R 14 - 2016 4F Moritz Hardt 76 [10] 7oK BEALERE R BRI T
W RKANREEREAL. HAT, BENLBRE T REAE &SR3 7 T2 N, SRR B2 ) 7,
A DAN TR B4 ] . SR BN A N4 [12]) %, E AN A I 05T, ELAnyR w4 X 4%
[13] [14]« FRsr43HT[15] [16]. #F FAE /- AR[17]. HLARLAE G/ HT[18]. 5 B iR [19]55 B A ot JE
BRI B4, VF2 %8 KE A X AU, TR SR RENLBE B R Bk B il AT TR
NHFFERIY T8, AW J 7 35 ol c5cadh (R0 B39 o 16 S SV E AN R 7 THVAR KRR BE M3 T 7 Sy g [20]

KL BB TR BENURE BT BEIE AN SR LR T PR ) B A AR F A S, I
FH SEBR 7 R EAT BUE BRI I AT LU, 15 H =M iR R
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2. &R
BATE B TLLIRARAL ]
min L(x) (2.1)
XE xeR", L(x)=& 6 HRRE-
WHRA X" e R fiif5
L(x*)sL(x), vxeR"

FAL, IR AFRATIFR X 2 A A (2.1) 4 R e AR A
WRA X" e R flif7
L(x*)s L(x), ¥xeN

FROL (X BN A X —ANEBIR), A FRATAR X 2 o] J(2.1) 1) =3 350 d AL ik
mEA X e R"EH
L(x*)< L(x), ¥xeN

FROL (X BN A X —ANEBIER), S FRATAR X 2 [ (2.2 P A% = 3 B At
SEHE 1 WIS R (2.0) R AR X, L(X) 7E X [—NIFATIR N B — S ek, APk
(nE=s
VL(X*) =0
SERL 2 L(X) 2 ek A QR e 2. 0) 1 R AR X, A X 8 2 1) (2.0) I 4 SR e A
3. R
FENLERSA )L it oirh, W T R e LR 287 () TS L SR AL Ak 7] .

x*=arg[min L(x)=i S Ln(x)j (3.1)
xeRP N =
Hr, D, N HERIIERE, L(x), L (x) S50, L(x)FxNARHKL (X):R® >R MM, L, (x)%
7~ N AR AT 0 MEEE IR, x RonSHL.

IR SRAY I HUAL 1R R N A e 2% R TSR N AR 2 i, AT DO 6 B S ik it
SEAR I PR IR, R 3 2 OB 5 i B A P sRABL I B AT RE S /N o AE SR, B P B BE T PR SIS
B2 i) R BB URR T e 5

4. FENLE

(—) BBE T EEL(GD)

P65 5N B2 (Gradient Descent, GD)FEAL &S 27 > AR L 27 3 o, |2 B FH - SR 40 2% R B0el H A er 0
f/ME . A B IE SN ES B, DIRBIRE S/ MUk B S8 . BORE TR
BT R AR EEORIAT S BN R, B URRITE LTS EUE T, R s NS4, kR
WA A4 o B RE TR BV B PR RE RN RACR B2 222 S AR AR . WIUG S HUE . 505K e B o7 S R R RO R
PRIk, FESERRR I, R B I R I e S B DU A i A AL 25

FRGEIIRR LT i db AT B0 5 SE T I A Y A B 8, 0 (IR
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VL(X):%iVLn(X) (1)

SEHEDE

1N S8 a>0, BIVLERVILGN x,» k=0, £>0;
W2 BLEZILFME, HBW AR, (ISR, b s,
&3 BT d, =-VL(X, )

H a4 x.,=x+ad , k=k+1, ¥L2;

&5 g R

B FE N BRIEAE B — VORI T A REAS O BR BE SR AT SO T, RENS DB AL B 10 8 ST 7 1)
W HARBTTE 7 R ATE, 100 AR ARB H AR KIS, 0BT A FEA TR TH T BERE P K 8], IRl #2
ST0oAg, B UATE RRUREHL 382 21 P 0@ F AR A PR, S A /NI )

(=) BENLBLSE T FE1%(SGD)

BEHLES B N 323 (Stochastic Gradient Descent, SGD)ii i #l FH -T-H1 2% 27 ST RV FE 2 S 1) KM B8 4 .
EHEGMBE TRIEARRE, ol BARRIERR R AR A AUE T — AR A (R0 F32 17 AS A2 f FH 8 25040 4 1)
B EERAG T R BRI B, TS E SR AR b B SR ARSI 5 o XA SN T B, D e B LS
FE BRI SR SN, RUL R B AR 2L o) %, DA (R R MR L g

SEFBENUBERE N BRE, A SEREIBRE VL (X, ), RIS BEHLIERE— AP VL, (%, ) RACE 8
AR EEBEATAR B RT, R IX m B s i/ ME, (H'ErE TR &G 2, BN

E[VL,(%)]=VL(x) (4.2)

SEHEDL :

1N B8, >0, BEHUERAIMGS x,» k=0, £>0;:
2 WELIRFA, BHENRZLIERM, FIkER, B
A 3 BN S ANBETE B AT IS, € {1,2,---,n}

B4 BT A, ==V (%) 5

5 X, =X +ad,  k=k+l, #52;

k+1 *

A6 fhaiR.

BEHLES L N B S b R JOEARER 5 N TEOR, RIS . URSSG IR, BT AE R LA 27 =) Sk
daAEE ARG ), BB TN, R, BT EIRENEIE R R T — MR AT S 508
B, FXENERISEA—E MR BRI IES 7 %8, XK S8k R B R 20 S, RTRE
e JR AR IMAE

(=) /MILEFEYLIEL N %5 (MB-SGD)

ML EFEHLES R F43%:(Mini-Batch Stochastic Gradient Descent, MB-SGD)-5 1% 45 {86 2 T [ 5 Al
PUBRPE R BRI AN TR, /N BEALER B N BRI %0 AR R AR DO AR R AU AN F S AN REAS, AR
FEEA R G, T2 A8 — >/ & (mini-batch) FEASR A THI K BRI BE L, IXFERESRAS 7 — e I BENL
P, SR T RRCE.

XTI BN LT Bk MIBE R, FATLERI M, — i, M €[10,100] , Bty VL, VL, .-, VL
HRAEATE LRI ER, € LR

M
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VL, (%) =ﬁiVan (%) 4.3)

CAPS L

1N B8 a, >0, FEFUERILGN X, » k=0, >0, M €[10,100];
&2 WELZIEKM, BINWRLZERM, FIRER, HP 5
33 THELEE )71 d, =—ﬁim (%)

#a4 x.,=x+ed  k=k+l, 2
&5 R Ei R

LR BEHUER BT AR RN R REAAG THBERE, S5 A BEALER R T Bk i e S FIBE B N BRI A
SEME, WTIAE— @R L TSGR AR E IV, 2SRRI R B 4R B A KEA, B B w14 Tl
WAL IR AR SRR T M BEAT, AESKBRR I, JEFEE G A MRS SRR E E, ARG s il

45
5 H
Bl 1 SRAE AT TC 29 AR 170 83 i I A «
. 13 2 \2
min f (x):ﬁg[(l—xm_l)2 +10(x2i —x2i_1) } (5.1)

B 1 2% xeRPNGLIENER, dIEMA, %8 E0A AR MR R MR AME, BT H A
B xE@A TIELH A TE TS, HmBER&rn TS, Mrelzmses B R A — e R IME.

-50 .50

Figure 1. Image when xeR?

B 1. HxerR* I EIMZ

RIRTCAR B AAC R (5.1), (5.1)TBN(3.1), FATHA IR BN R = F AL T7 iR AT SR, A AR
BT
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of (x)
0%,

of (x)
0%,

=20(x, - %)

:—2(1—x3)—40x3(x4 —x32)

PATRIL, A TRBE R ET W TR, 2 a8, .

of (x)
OX;

ENSIE G P IA I
of (x)
OX

i

SRR HARREIBEEE, RIRTSOTTHR B = FhEE T BRI 7 4R e Ui . SEIRSS RanF & 1.

Table 1. Experimental results
=1 LR

:—2(1— xj)—40xj (x

= 20(xj —xffl)

2
x)

(5.2)

(5.3)

(5.4)

(5.5)

(5.6)

(5.7)

(5.8)

Fik R CPU It} E](s)

GD 1.27 x 107 0.0635

n=10 SGD 477 x 107" 0.1044
MB-SGD 9.43x10 % 0.2278

GD 6.35x 10720 9.7616

n =500 SGD 1.93x10°° 3.9142
MB-SGD 2.82x 10" 7.5040

GD 2.24x10°° 178.2139

n = 2000 SGD 6.99 x 10°° 38.1682

MB-SGD 1.48 x 107" 124.7364

f] 2 SRR LA Rastrigin bR i i) s 0

n

min f () =12[(xi ~B)’ +10cos(2(x ~ B))+10 |+ C

i=1

e, B=arg(min f(x)), C=minf(x).

(5.9)

K22 xeR, B=0, C=0MGYMKEIER, METITUEH, ZRBAFAET L I HT 2R &)
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Figure 2. Image when xeR', B=0, C=0

B2 *xeR', B=0, C=0lEH

H[21] 0 &0, B n BUEBRA, Bt ME % E S50 K, 24 n=1000 I, (5.9) ) 5H%/MiE %
BIEF T 51, IRk 2,

Table 2. The number of local minima changes with the value of n
= 2. BEpRMERERE n BUET L

n 1 2 30 100 1000
JRyER AR/ IME 5 52 530 5100 51000

S BB FE T B SRR TE L R e LA 170 /(5.9),  H AR B BUIAR FZ 0 T

Horp,
%:Z(M—BHZOnsin(Zn(xl—B)) (5.10)
afa)((x) ~2(x, - B)+ 20msin(2x(x, - B)) (5.11)
2
)y« ~ B) +20xsin(2x(x, - B)) (5.12)
ox, " " '
TEFRMTIBE LI, e S50 1 e 4R X, 54 R i/ ME Xl 2«
‘(fg)i—(x*)i‘<o.25, vi (5.13)

WA A SES6 A N, 73 IR T AR n 04T 1 100 B AR SE 06, SERas Rk 4% 3.
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Table 3. Simulation experiment results
3. RIS HER

SGD n=1 n=2 n=10
[pAIES 44% 20% 4%

6. BHEERE

FEASCPEATE BRI A TG Giitarh, W TR T LR R B, AR5
T BT =P 7 B FE T REVE(GD) . BEALER B2 T 432 (SGD) FH /L & BE AL B P T B vk
(Mini-batch SGD) 3 A B AE K SE P R, e A2 55 T 7 ol i P AN BB ) 10847 5258, I S BLERFRATT 1
BB EMELAIR . BT 1 SRR RO AL 2 n BHHE RS, BENUBEEE N BESL R CPU I ]
RS T- 50 S B R S0 P I B SRt /NI RE BEALBR B T B L IR 22 T B B 7 107, WA T 53 b i
LN R E . RISt a5i8: O N BRIAAE IS A X A AR AR (86 B AT TH B, DRAEIS AN RERE 3]
FEAE T AER T AT e, BT AREAR K E AR ORI, IR R, 5V AE SRAR /NS o] i 23
(K35 AELAE KA A i R0 2 A3 R D7 R T AT PEARA, AESXAP IS O, BERLGE R L 2L, JF HLEENLRSE
TEEEREAA AR R SSOR RIS, B LBOR s KR T HLas 22 S S, ERIZEIRRER
SR R T —REA, BRI SR 5 170 T e A AE BRI RELIE, AR TE B vl REFF AN 4% IR IE R 7
AT, B ARG, AR iR, £RZBHEPE YR RAZEREX AR ER; DMtEE
PUBREE T FRikas & 1 CLE PRI RO md, BEmT CAEERCERIN R P RAG M, SCFT LSRR i B B
Ja, BT 2 rp SR A5 R RBEHUER BT FERRECRUE H AR R BO9 ™ R BN USSR A R AR R AR
MEIRZ B 4 R ME AR TG, AT BEA WSl 3 Jm) B s I A -

R ORI AR SR 2 RS0 BEALBE L N B A HEAT AR I IR 7E, R 70 - A B e i A 2403
MfCAe e, ke Has Y BISR AR B 0 - 52 N R RS S i
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