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Abstract

The weights of the neural network model have a key impact on the performance of the model, and
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the update method of the weights is mainly realized by the gradient descent algorithm. The sto-
chastic weight averaging algorithm improves the weight updating method, which improves the
generalization ability of the model by averaging multiple weight samples obtained in the process
of stochastic gradient descent. Then, the algorithm does not further train the averaged model, nor
does it affect the training process of the model. Aiming at the limitations of this algorithm, this
paper proposes a recurrent batch weight averaging algorithm based on the existing recurrent
random weight averaging algorithm. Different from the recurrent random weight averaging algo-
rithm which averages between training epoch, the proposed algorithm averages the weights be-
tween batch in each training epoch, uses the averaged weights as the initial weights of the next
batch of training, and circulates the average process and updates process of the weights. In this
paper, the proposed algorithm is compared with gradient descent and stochastic weight averaging
algorithm on the CIFAR-10 and CIFAR-100 datasets for multiple simulation experiments on the
VGG-16 and ResNet-18 models, respectively, and the experimental results are compared. The ex-
perimental results show that the cyclic batch weight averaging algorithm can significantly accele-
rate the convergence speed of the model, improve the training efficiency of the model, and im-
prove the accuracy of the model on the test set.

Keywords

Deep Neural Networks, Gradient Descent, Recurrent Batch Weight Averaging

Copyright © 2024 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|

FEIRFERRZ 2 Grad R rh, 0 B2 2 F SRR AL AR T3 (1) OGRS 2, T8 I T 453 2% iR 5 AR s 22 3
AT RAMEIR AR AT B [1] EFAENEIL T, 865 N AZUHER b S B g 5 HARME 22 (Rl 25 5 . BENLERE R
F%507%[2] (Stochastic Gradient Descent, SGD) & H & Fifit4b S22 IR & M4 1 SE H 7k, (BT
SGD 7 B, ISR E RS, AT eE X — L, VR 2 5 008 AE — s I R G S A B LD 5 22 .
filtn, BENLF-8E (stochastic average gradient, SAG) i 7L &5 YA A i 5 B AN REAS (R B 0 Hpk A7
LK, RGBT A7 R BE B2 )~ B R TE B S 4, IR WSc A BE [3] . BE L J7 25 i s Beh BE [4] (sto-
chasticvariance reduction gradient, SVRG)H ki@ it & HATHE 2 i 5 - (ARG B i B SR A8 1E B — /MR AR ER
—/INRREAR B BEALER B2, LB D BB B A T AN I 5| NIAR AN 7 2. H BT CATmIL Vi 2 Bod 7 2
AT, IBENL AR - TH[5] (Stochastic dual coordinate ascent, SDCA). BEAL#: JHE:E[6] (Stochastic
Recursive Gradient, SARAH). BEHLERE T [%[7] (Semi-Stochastic Gradient Descent, S2GD)%5. CHik[8] 4L
457 BEHLERE R % - 1 JH(Stochastic Gradient Descent-Ascent, SGDA) /%, 4 SGDA ) JLFh #2844,
43 (4 7 Z2 9k 75125 (L-SVRGDA) LA B —Ff B A AL BRBE LA K187 7715 (SEGA-SGDA) . AR T 7E 52 i i
R R P — AN AR I A R, B AR AR E T RO B BE AL B A By (e P RS2 ) 5T vk
MBI NBIRR T RAR 2 . (R /NILE A R PRI, A HERBE L% B AORE A & 5 8000 B A 11 g s
[9]o 3& 4B B M 7wy DA Bl o 20 DX 26 B S N Jm) i doe /IME B i, R IE A SR A &R e 77, AT AT ek 3
PR B AR o A0SR S KBRS, PR Il Zhid 72, (EA B LIS, S8R T
SCER[10]IEIS A 7t SGD HIBHFEMEE, BAl | A BBHFEM A IR/, JF48 M S SRR 2 . SCHR[11]
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B BE AL 5 e 7 7 — 2 R b T DA S B R (K032 AL RE T o SCRR[L2] 73BT T B AL J58 Mg 75 (1) — S AL
@, PLAEA T sk T SGD kAL .

B LA E “F-34[13] (Stochastic Weight Averaging, SWA)IfE ixf S% FIA& B4 19 8 3 mld v o i > SRSk,
X Hf P T Bl [ AR R AR R AT R RT3 [14], AR BT B BLER, T A R B K2 A BE /. SWA
B T BCE R, AR IR SR S R A 4k S 2k, WA B R A T I ZR RE e R
A PR I AR AL Y Shad R AR TS B T T LA e . R BT A, AR T — S
A KA R P14 5097 (Recurrent Stochastic Weight Averaging, RSWA), B BEALALE -1 HE1E &SI 24
A 8]T3R R AR R 4k B2 2k, A T TR — NSRRI B & AR 2 B S B 22 o DAL, &
X SWA LI JRBRIEA RSWA A, ASCHE H AL B AU E - 34 5% (Recurrent Batch Weight Aver-
aging, RBWA), Z5 i ik 76 45411 25 & 1 (epoch) I 85 AN VR (bateh) 2 18] T 245 FH s 52 I 4 5 37 PRI
#H, P ERIRESE RN T —A batch MIBIAYYIMEAE AL NSR, WG, E RIS R . RBWA
BEEEAEH TR R b A FH R0 e S, @l 32 10 07 2 B AT A 520, A B
7 1) .

ALAE CIFAR-10 Fl CIFAR-100 ¥4k 43 5% VGG-16 1 ResNet-18 HLRIHEAT (5 FLSLI, {ESL50
FPOE S SO R NRT S35 A SO BVE M REREAT IR I . SEG S R, B R A E T S R
BT (I ok BE AN SO B, R AR By 2 58/, fEHASE EREm R B BRI, AR TiEs
Bz AR S BBk
2. MEFHAIA
PEAANE L

R, WFFRERHE T —FBEPLRE 715 (Stochastic Weight Averaging, SWA) /774[13], H%2 3 7T
BRI BNREFHEWES L, —H RN E UL T A B BCE fF9ME: 5 — e
TEJA BT BE S 2SI RN, BEAURE T A5 B Bk i MR B8 P 8 IO 488 (1 453 SR TR KA, AT 7= A B AL
WH#E., 5 SGD fHLL, SWA mJ LU Z i @i B iz a7y, I BB MBSMOTHEITES, oA RE
WA AR A HESE SR AL TR

Algorithm 1 F#LR -1 (SWA)
Input: YUARE W, 1 on, ap EHIET R LRS, HBIKE ¢ O FREeEIRe=1), &
vt
Output: “PIINE Wawa
LW« W /) WA E
2: WSWA «~— W

3: fori=0,1,...,n do

4 a<+ali) // 45 LRS TR H

5 W« W—aVi(W) // BHUESE R

6: if mod(i,c) = 0 then

T Nmodels < i/c

8: Wsw 4 < (Nmodels - Wswa + W)/ (tumodess + 1) // FEIFH AKX
9: end if

10: end for

Figure 1. Stochastic weight averaging algorithm [13]
1. FENAREFHEE[13]
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FEVNZRIIRIAR I B AR H R SGD s AR R i AL 5%, B3 SGD i sl, IR TH R IAT SWA
SRS o LI 27 3] 2 By — AN A R AL I R el 2 — MR A RUE, BRI E SGD I #5125
PR £ (w) BRI AR MU AR Weep BEAT KA B0 Jm $RATBUEL T S R4, 245 da A DR B0 T 229 (. Wswa 1
&5, Horh W BRI MR R . 14 1 R 1SR SWA IO ACRS .

3. A ENETIEE

HF SWA SEI P FE IR B SR g RE, H RSWA (U 2 E IRt 2 1 5 A
epoch Z [EIFEATALE PIRITE R, Rk, ASCHRH TIEM A EAE P HIE(RBWA), %5 % B il i
FEAYIZRJEBA A &> batch 22 18] (B BB dEA7 35, 48 A P39 J5 AR 4k 81 5k, B R B IR R gk

DR o AZEIEAMYE R T A LR IR, RS T AN AN BT S RAUE R, TR
B S AR SN 2 ke AR M . B IX A 730, RBWA SVEREAT SO B Ml i, sk
DR 50 B L P R Y 2 P B0 S e s, R4 SR Y U SRR Rz A BE JT o AT 43 il A 4R A
FA SR 205 () RBWA A Fi8 BOIAURE 31 F 35 A X 1) RBWA (RBWA-E), JHER T T Atk K/ xf
HEMERE R R o
3.1 ERAEAREHNBEHFMENELIEE

RBWA MIIZHIHIFT4G, (5 SGD HHIFIM%: 2] 5 5kms . {EREAS batch Z5 0, XA SGD &t
MR TURCE W HEAT SRR, ARG A BRI 58 A NPT B IR, IR AERTH Wrewa,  FFIET
BJ5 FIBUEAE AR —A batch (IHILERE, 4k8:EH SGD 1%k, 2 fiH B Weawa VI Z5)5 159 2 I RLAL
HW. WEREE, ERINGLER, FEMREAREWE 2 R,

Algorithm 2 ¥t HAVE 1 (RBWA)
Input: FENIEEE TEAE Weep, 2#9%E o, TR FHREBIRE e, #RIN b, BRI/
m, EAJIRE n
Output: A E W
1: W+ Wsap

2: Wrpwa < W
3: for i =0,1,..., n do

5 if n > ¢ then

6 for j=0,1,..., m/b do

7 Nnodels = (N —¢) - J

8: Wrewa = (Rmodets * WrBw A + W)/ (Rmodets +1) // T HEH 4K
9: W < WgrBwa

10: end for

11: end if

12: end for

13: return W

Figure 2. Recurrent batch weight averaging algorithm

2. R ENETFHER

FESLS: 2 b, P BB A U SR 1

Wooo = Monogets “Wagwa +W.
RBWA —
n +1

)

models
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VT A SR
WREWA —,
\VRBWA _ (W1 +W2)
2 2
_ 2'V\7RBWA +W W W W
W3RBWA:( 2 3):( 1 HW, + 3) ?)

3 3

_ (N—1)-W® 1w, ] 1o
WnRBWA — [ :] I’]:| :HZWI
i=1

Hep, W2 PR RCE WA B 55 | 4 batch IR 52 4RI RIRCE . K, SN IIZRK
Ja AU # 2 I N B id R b, P35 J5 ROASLEE #8 2 ol 5 3 1) 2 T PR B 4k 24 ) SGD BT VIl 4k,
U EAE PR R A B A B T R A AR, BRI SRGS

SEERIEH CIFAR-10 #iT CIFAR-100 PAAN V2 A H M tHENUAL e R 48, IR T IH— b AL . 7EXRI 5
YNSRI XA I FH AS T3] R8I 28k 2853 23 0 AN SR 50 A a6 A AT 1 o8 ECAS m DL ) e 4
XFEEMARZ A MERERT, B BSEERERNROR, AR (2 b 68 1. 75 CIFARLO ZR4E 43
bt RBWA 5 SGD 7 ResNet-18 1 VGG-16 #5281 I ¥y ik i e 451 sR A R Rt 2, W B At &
K/NJg 64, WA 50 4 epoch, RBWA MES 10 4> epoch FREEHAT, Bl ATLIGE B v — 20 Sz &5 SR
THR.

HH ] 3 AT A1, 7£ ResNet-18 £ |, RBWA B #ERA 2 83.36%, SGD il HEffi # v 81.98%,
TARAER R 2T T 1.38%; f£ VGG-16 1A |, RBWA KMl #ERiZ N 88.82%, SGD MR HERIZ N
86.31%, MNIKAEMZIET T 1.89%. i LLEH, 7E5I N RBWA ZJ5, MHAHER sl &, IOk
FrfasE. 5 SGD MLk, RBWA BRI R 7E 5 B2k AR 7 22 AR
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Figure 3. Test accuracy of RBWA and SGD on CIFAR-10
3. RBWA #1 SGD 7£ CIFAR-10 ERIMIA R

1 4 BT %0, RBWA 451 2 WA SIGH 75 5 B HLAE 804 31 38 R A 351 A » 7630 2% R Bz i WS , RBWA
fdn et P Fa, FEHEMK. BRI S, 7F ResNet-18 f% |-, RBWA [z 44 k5294 0.002, SGD
(I AR RAE LA 0.013; 78 VGG-16 Fi% |, RBWA [ &4 RHZ14 0.0001, SGD [ &4 kAHL
>4 0.0076.
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Figure 4. Loss function decline curve of RBWA and SGD on CIFAR-10
4. RBWA #0 SGD 7£ CIFAR-10 LAY35is iR # T FEihzk

[Alt, RBWA FE I ZR4) I ml RE 6 A 1) 2. 3 520, AHEL T~ SGD, 7E ResNet-18 Fl VGG-16 fA! [#f%
P SR TR TS 1 1 BE .

NT KIS RBWA FIA Rt AE o, B R E NN 64, 16 HATE 251 2551/ CIFARL00
B B i RSWA 5 SGD 7E ResNet-18 Al VGG-16 1A | () PERE, b1 B o i) —2H se e 45 5

WR PR
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Figure 5. Test accuracy of RBWA and SGD on CIFAR-100
[& 5. RBWA F1 SGD 7£ CIFAR-100 LAyl %
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Figure 6. Loss function decline curve of RBWA and SGD on CIFAR-100
6. RBWA #1 SGD 7£ CIFAR-100 _EH#5isk iR 3 TSP Lk
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5 M 6 (45 R, RBWA ZEXEE B K CIFAR-100 $#i4E E S TR EH8R. BEmE,
7t ResNet-18 #i%! |-, RBWA KR H#ERGZE A 60.33%, 75 {H £y 0.0009, SGD il HE i 2 Ny 57.8%,
2R 29759 0.0016; £ VGG-16 #i41 |, RBWA [l il # y 58.95%, #ik{i#)74 0.002, SGD il
AER 2 56.16%, (LI 0.026. RBWA [Pl i vHEAff 26 th Ze R 30t 5 = B ARG O HERfR 22, Bk T
B 26 R B SE AR S . (R, RBWA A R0 e 1 AR I 2 R A2 AL R

3.2. FREX /T RBWA RIR M

TERER Rt FR T, YISREER 7 IR AN B IR, AR E S — E B E IAEAR . XLtk T
FEAEUGEAR T SRR P AN SR A R R o bk B R/ 0N PR 3 3 0 A R B T S MY 1k R A B (E T
T, BUNAIMELE GPU AT AR Sl 2R JEAT BEAT B IR 2. ORIl 2 mT DASR AL 58 e 1
FEAb T, AR JOEARR TR ) P RE 2 B K. AR SIE BE AR E MR T T, BN R T AR 5 B0R BE Al
(77 ZESE R, EURSICE B2 BORBIHEE S 4t 7 S HERi B B2 07 m), (R RPN R i /IME . ik
BARMIERR —NERVERS R, HELE RS SRS 2 AR AR R ) 55 R 2 ) R
Wi, 7E CIFAR-10 ## 4 b, fREFHAD RIS B B AL, (AR &R/, X ResNet-18 #E47 1 2 44 X)L sk
5, AR RBWA HERERIRZ I, S2ib sl Funld 7 Fios.

WK 7 fios, 4itE /NN 16 I, RBWA 7E ResNet-18 571 | (MR #ERi = Ky 83.76%, 2L
9 0.00473; SGD 7E ResNet-18 14 F X HERZ A 82.27%, FiR(EHZI N 0.01776. [Ktk, AT SGD,
RBWA [ IHAHERA 24T T 1.49%, HRMEFRAS 7 73.4%, 45155 R H i) Wi S FE BH Sl n bk o

Test Accuracy of Resnet-18 (batch size = 16) Loss of ResNet-18 on CIFAR-10 (Epochs 10-50)
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Figure 7. Accuracy and loss function decline curve for ResNet-18 with batch size 16
7. #itEK/NF 16, ResNet-18 AR 5155 o H T FErhZk

N 8 fan, AfttE KN A 32 I, RBWA 7£ ResNet-18 174 | (il HERE 5 )y 84.25%, KM
4 0.00384; SGD 7t ResNet-18 #4Y  [{lAAE# % )y 82.5%, #i2k{HZ) N 0.0176. K, AHET SGD,
RBWA HIIHAAER 24T T 1.75%, HRAE PR T 78.2%, H 2% B H e S0 FE B S ke

mE 9 firow, 4fttE K/ A 128 I, RBWA 7E ResNet-18 K7 | fil it LR 28 82.55%, i 4
79 0.00039; SGD 7E ResNet-18 1 4Y F X H#ER 2 A 82.46%, i fEHZI 2N 0.00035. (K itk, AT SGD,
RBWA HIHAAER 2T T 0.09%, FRFARCRINSS: H(H EIREE =T SGD, (H 45 2% iR H W S0 FE B
k.

W 10 Fias, ZitE K/l 256 B, RBWA 7 ResNet-18 5% E [ e %R N 80.74%, 21
#)740.00047; SGD 7 ResNet-18 1574 | [l #E # % Jy 80.56%, 41 2k AH £y 0.00038. [A ik, #H%% T~ SGD,
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RBWA [ R R I T 0.18%, 7 R(HEE =T SGD, kBB SGE . ME 710 v LLigt—
WEH, BEEMKFEARREM, SGD a5 /LA R TiE, X35 RBWA JL-FHF KR
Ho XWTRERZH T SGD £ B K H i BT AR AME B A E T R8N, AT RBWA 154
=80 RIF A 35 MRS B AR BUR
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Figure 8. Accuracy and loss function decline curve for ResNet-18 with batch size 32

& 8. 2K/ A 32, ResNet-18 HIERAE S1RKk R T ErlLk
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Figure 9. Accuracy and loss function decline curve for ResNet-18 with batch size 128

[E 9. #tEK/NA 128, ResNet-18 BIETBR Sk R T FEphLk
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Figure 10. Accuracy and loss function decline curve for ResNet-18 with batch size 256
10. #EA/NA 256, ResNet-18 AR Sk R H T pErhLk
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Rl 7~10 fay LR AR A R AR AE BE B R AR T S, e 1 .

Table 1. Effects of different batch sizes on RBWA test accuracy and loss
# 1. FEHEAX NS RBWA KRR 15 5k A 520

SGD RBWA
Batch size
Accuracy Loss Accuracy Loss
16 82.27% 0.01776 83.76% 0.00473
32 82.5% 0.01760 84.25% 0.00384
64 82.31% 0.01283 83.36% 0.00209
128 82.46% 0.00035 82.55% 0.00039
256 80.56% 0.00038 80.74% 0.00047

2E ERTR, SHFAFERHEE RN, AT SGD, RBWA #AE N 4525 s Hoise 8, el gaiies, JF
Has ot Rt R AR . SRT, RBWA YIZR45 oI (1 B 2 ML R 2 3] SGD &Mk RE MY
Wi, 45 01 A 24 L /N 128 BX 256 B, RBWA 112545 SR B 28 1 R 52 B H S B N ™ B . /F CIFAR-10
g L, X ResNet-18 F%U(F ] RBWA J7iE I it & KN A 32,

3.3. EREHIMRB BT ES I BINE T

FEFE 2 v, BE 2 PP AR UEH 7R R Oy TR SRIN A, Jeb B A

U som, (620 FE b nT DL FH 48 BB 3T 14 (Exponential Weighted Moving Average, EWMA) [15]

BB o 7EPRZ 25 IRt FE R, EWMA 5 -7 451 2K oR 200D it 4 5 1R 8 2% 51 %6 (i Adam it

FE). STRKFERFAE, EWMA LETH5 85058 I Al i 0 S 25 o 58 s R, Tt b

1L P 250 ) 4 s ik PRI R o X oo 5 R AL )45 EWMA B A% B i 2 5, s e 5040 11 fe i A8
1o, [FIIEORFF—EREFE I RUR 9D BENLI BN R0 . EWMA [R5 A 0N

V=N +(1-5)6, 3

Hr, t>1, 0<p<1, V, AN RFREUNBRE S T ME, 6 AL F At FISEBRMME, p AT
VS IRt I i el A SO UIRIURI= AR G S B S S I -3 T A B -V € - A Y S PN RV €
BUBGR; Sz, FERP TN, el RS BRI S RE S BT AR AL S

RS 2 v, PRI EOE A AR EOIn B2 2 1 2 5

WRBWA = ,5 'WRBWA + (1_ ﬁ) ‘W (4)
2 B=090, HAX@)REFF:
WRBWA W
1 — '
W, WA = 0.9.W, +0.1-W,
W,BWA = 0.9.W,RBWA 1.0.1-W, = 0.1-W, +0.1-0.9-W, + 0.9 -W, (5)

WFREWA —0.9.WFREWA L 0.1.W =0.1-W, +0.1.0.9-W, , +---+0.9"-W,
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b, W H PR R W RBYA @I 4 § A batch YIIZRJE 15 20 4 AT AURCE . AE TR EUINALRE BT 1
A EE RE A, S8R I SE R LSRR R A AR L AR I O R R 8 T T o b R AL
H, fE— R Rk T T b A 7S B R S R B . B A RN T B AR
(REFERE RS, SEIE R T R 5 (U . B R ERE S INBCT 35, RBWA REWSTE BRI ] sE A
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