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Sequence Recommendation Based on Contrast Learning
and Fourier Transform
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Abstract  This paper proposes a sequence recommendation algorithm based on self-attention mechanism
and Fourier transform, named CSFTRec. By filtering the noise in the original data, this algorithm maximizes the
feature capturing ability of the self-attention mechanism on the sequence data. According to the characteristics of
contrast learning, a new contrast loss is introduced on the basis of Bayesian personalized ranking for joint training,
which can shorten the distance between different similar sequences. Experiments on eight public data sets show
that CSFTRec converges faster and improves the recommendation accuracy by 3% to 5%, which indicates that
CSFTRec is more suitable for processing sequence data.
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DataSet Sequences Items Sparsity/%
Baby 19 445 7011 99.91
Beauty 22363 12 068 99.94

Movies and TV 2088620 186 349 99.99

Toys and Games 1342911 283394 99.99
Grocery and Gourmet Food 14 684 8 687 99.90
Yelp-2018 104 072 54 034 99.92
ML-1M 6 040 3704 95.58

Gowalla 76 894 304 440 99.77
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1§ CSFTRec ] 451 2% bR £ 5 7£ BPR 1) 3 it
bRt B AT RS WA, BrBLUR A Top-K 4
A7 1K) 74 8] 4 7 3R (hit ratio, HR) A1JH — 1k B A1 25
(normalized discounted cummulative gain, NDCG)
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PR A P8 2 B 2 1 B Ak sz, 3L b FMILP-
Rec 7& 7 SASRec Liisin 7 B2k jEds. 6 —
28 i%& ¥ BPRMF. POP. ComiRec™. FPMCPY,
GRU4Rec™ fE L HERBL AL . 25 = 2H 1% % SASRec.
BERT4Rec"™. TISASRect” AFEEMEAY, IX 3 A5
R L) EVER ILE A O HERE S, BERT4Rec
F1 TISASRec /& 7E SASRec ff13&4l EHEAT T —E 1
ok, HA BERT4Rec 5 A\ T XA Transformer 2
fih %%, TISASRec 5| N\ T ¢ F ¥ %1 i [] [ & (1) g
i, ks 4% T Python3.8 LA & Pytorchl.8.1
MEZL AT S, 1847 B 588 RTX 3090(24 GB).
15 #% AMD EPYC 7543 32-Core Processor LA 80 GB
WAT. B R Adam flifb s, ¥ JXRG—WE
X107, BB A AT T2
44 ZTREZERS5HH

% 2 ik P A HOG BRI, AT UL FMLP-
Rec Fl CSFTRec FHHE T Al 152 8 7 34 i ik 308 23 45

BUE MR A BT T, B R BRI IR AR, X
b2 2] T R A AT S5 AR KB A 1B Ol N BRI
MIBELF . BeAh, 223 4 SRR a) 1k A EE
TEIG I pE AR fS, AR S IIE AR RT [a], {2
CSFTRec HEAGH FE 2T 18 SASRec 1 FMLP-
Rec, X2 M TH X 22 ST e i 1 8 A 51 2k
(R4, T BRAlfY) BPR 457 2 A8 2 51 £ (I )]

R2 ERRRIEFEE LN

DataSets Methods Metric
HR@5 HR@I0 NDCG@5 NDCG@I10
SASRec  0.3685 0.4982 0.2599 0.301 8
Yelp FMLP-Rec 0.3607 0.4939 0.253 4 0.296 4
CSFTRect+ 0.3780 0.5150 0.2632 0.307 5
CSFTRec 0.3824 0.5211 0.268 0 03128
SASRec  0.7020 0.8050 0.550 2 0.583 8
. FMLP-Rec 0.7139 0.809 8 0.562 0 0.593 1
MovieLens
CSFTRec+ 0.7038 0.798 3 0.5535 0.584 4
CSFTRec 0.7154 0.8129  0.566 8 0.598 6
SASRec  0.3855 04742  0.2876 0316 4
Food FMLP-Rec 0.3963 0.4837 03004 0.328 7
CSFTRect+ 0.4049 0.4899 0.310 7 0.3383
CSFTRec 04017 04799 03091 03351
SASRec  0.6174 0.7385 0.477 1 0.5163
FMLP-Rec 0.6182 0.7372 0.478 4 0.5170
Gowalla
CSFTRect+ 0.6423 0.7498 0.5003 0.5352
CSFTRec 0.6698 0.776 3 0.524 1 0.558 8
SASRec  0.6949 0.7816 0.5729 0.601 2
) FMLP-Rec 0.6910 0.7759 0.5713 0.598 9
Movies  SFTRect 07076 07869 05954  0.6212
CSFTRec 0.7048 0.793 1 0.5955 0.620 3
F 3 IEBUETE) M RERTEL /s
S IETES
Gowalla Yelp2018 ML-1IM
SASRec 188 41 40
FMLP-Rec 240 53 52
CSFTRec 120 34 26
CSFTRec+ 90 23 20

BT R ATER S LR, TS HART FIHEE
SR RE A S B e 2, IXR IR B HEE SRR
Xt B2 SIAF 55 1Y Encoder 8 £8 H MiZ A ELER &= AL
J%% . H K, SASRec. TISASRec. BERT4Rec iX
3B TE A BHE A BRI 9 TR S
RNN 224 By AL T O /R B R B ) HEFR %, X
RHTHEZAISIN RN B B2 S, o
L E 4f 4 355 SRR AE . CSFTRec 1E K84 155
NERDHER G, HZRa R A BN S
%, CSFTRec FJTEREFETFEE A, X2 T XL
o) R A T R R, BT A LA R R
FI B S Eit 47145, 1H CSFTRec S2fr 2 Eh 1K
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DataSets Methods - Metric
HR@5 HR@10 NDCG@5 NDCG@10
POP 0.204 6 0.3144 0.1319 0.167 1
BPRMF 0.229 1 0.339 8 0.1512 0.186 8
Baby FPMC 0.260 6 0.3714 0.1812 0.216 8
ComiRec 0.2679 0.388 5 0.180 0 0.2189
GRU4Rec 0.2919 04158 0.1979 0.2379
CSFTRec 0.300 8 0.4222 0.208 7 0.244 3
POP 0.173 5 0.290 0 0.114 1 0.1516
BPRMF 0.363 6 0.464 9 0.264 3 0.2971
FPMC 0.344 8 0.428 6 0.264 8 0.291 6
Beauty .
ComiRec 0.3675 04790 0.264 6 0.300 8
GRU4Rec 0.326 8 0.438 3 0.2342 0.270 1
CSFTRec 0.376 2 04697 0.290 1 0.320 4
POP 0.206 5 0.3347 0.130 1 0.1713
BPRMF 0.3547 0.460 9 0.248 4 0.2829
Food FPMC 0.359 1 0.438 1 0.279 6 0.305 1
ComiRec 0.366 3 0.474 4 0.259 6 0.294 7
GRU4Rec 0.362 6 0.472 4 0.257 8 02933
CSFTRec 0.4017 04799 0.309 1 0.3351
POP 0.338 5 0.408 3 0.276 6 0.299 1
BPRMF 0.376 0 0.460 1 0.2819 0.309 2
Toys FPMC 0.405 1 0.4910 03151 0.3429
ComiRec 04376 0.5277 0.3380 0.3672
GRU4Rec 0.395 8 0.5133 0.284 9 03230
CSFTRec 0.4459 0.5751 0.3252 0.367 0
POP 0.6353 0.757 1 0.500 7 0.540 2
BPRMF 0.456 0 0.563 1 0.3739 04523
Movies FPMC 0.630 0 0.746 1 0.498 3 0.536 0
ComiRec 0.6613 0.770 4 0.524 1 0.559 5
GRU4Rec 0.601 3 0.734 5 04515 0.494 7
CSFTRec 0.704 8 0.793 1 0.595 5 0.620 3

%+ 5 CSFTRec 5UABFENINFIAZ OB Transformer RFFIHEEE R REELEL

DataSets Methods Metric
HR@>5 HR@10 NDCG@>5 NDCG@10
SASRec 0.290 8 0.409 9 02029 02413
FMLP-Rec 02828 0393 1 0.196 6 02321
Baby CSFTRec+ 02971 04179 02053 02477
CSFTRec 0.300 8 0.4222 0.208 7 0.244 3
SASRec 03673 0.460 1 02776 03075
FMLP-Rec 03711 0.464 4 02810 03110
Beauty

CSFTRect 0.368 3 0.459 2 0280 1 03098
CSFTRec 0.376 2 0.469 7 0.290 1 03204
SASRec 03855 0.4742 02876 03164
Food FMLP-Rec 03902 0.4820 02936 03225
CSFTRec+ 03892 04774 0293 8 03223
CSFTRec 0.4017 04799 03091 03351
SASRec 0.368 3 0.450 5 02904 03169
FMLP-Rec 0.406 2 0.488 8 03206 03473
Toys CSFTRec+t 04193 05102 03233 03528
CSFTRec 0.4459 0.575 1 03252 0.3670
SASRec 0.6949 0.781 6 05729 0.601 2
Movics FMLP-Rec 0.708 4 0.785 6 05806 0.609 4
CSFTRect 0.701 1 0.790 8 0578 1 0.607 2
CSFTRec 0.704 8 0.793 1 0.595 5 06203

A, 2 5 CSFTRec 5 InfoNCE f)ill % 45 R E, B8 A W InfoNCE I3 B A mGI N T



616 R N

%52 %

Context-Context i & FIBE &I Z71E5%, H CSFTRec
HEBERMK SRR, XERDTFHEAN
Encoder Z | f M R 98, 845 A = IHLE Ge g
SEPR) ) B FANRHIE, A2 2 IR TG
BT

070 —@— InfoNCE
—#— CSFTRec
0.56
v
S
= 0.46
0.36
0.26
Baby Beauty Food Toys Movies
Datasets
a. HR@5
0.79 —@— InfoNCE
—A— CSFTRec
0.67
=
®
~ 057
jan)
0.47
0.37
Baby Beauty Food Toys Movies
Datasets
b. HR@10
0.60
—@— InfoNCE
—A— CSFTRec
0.48
vy
g
o 0.38
a
Z
0.28
0.18
Baby Beauty Food Toys Movies
Datasets
c. NDCG@5
0.62 | —@— InfoNCE
—A— CSFTRec
0.52

NDCG@10
(=]
N
[\S]

0.32
0.22
Baby Beauty Food Toys Movies
Datasets
d. NDCG@10

2 InfoNCE 5 CSFTRec 7E A [FI R IR

4.5 BRI

N T {# CSFTRec KM RERE— BT, AT
AR B S Ht CSFTRec 77 4R S o« 76 T0 I B
HOMES R, HE R T R A S B
BRI ) 2R, DR MoK AR ST 21 1 7 o £
W57 SN 3] CSFTRec Y, B HAE 5 AN
£5 1 1SR 5 A8 FH AL ECHE 3 558 1) CSFTRec #H47
P Wi 3 froR, AT LB A H R 5 U7 SRR A
By LRIV E R T B, XEHTHEa
H A = AL 2 8 A0 T A0 B 2 b A B
ST FIREE, ZIRMIBENE S, 20675 —
AN F P HVRHE T D 8 022 21 B, A — MR
UFIVERER I, B A—NTTHRE, H TIREE
P55 7 ) CSFTRec HIME A T-H#E T,
SV B I ECE HAK CSFTRec [IVERE, e mifdi HAe
KEHHHEE LRI E LA S o, X HiE
B 7 e FH P A 4 i 7 QTR A A BB R w47

07 1 Reorder N
=3 Mask »
XXX Random
vy
® 04
[
jant
i {%
O . n S ~ h .
Baby  Beauty  Food Toys  Movies
Datasets
a. HR@5
0.8 —
Reorder B
E=X Mask v
S5 Random
2
g) 04 1
=
02 |
0 i :
Baby  Beauty  Food Toys  Movies
Datasets
b. HR@10
06 r 1 Reorder N
=X Mask
ESZA Random
v
® 04
Q
&)
a
4
02
0 : MW ) ) )
Baby  Beauty  Food Toys  Movies
Datasets
c. NDCG@5



54 SRR, S RTINS A ST RV B AR 0 PR R SR 617

0.6 1 = Reorder fi
E==J Mask :
o XX Random
= 04 |
®
]
O
a
“ 02t
0 ) ) ) )
Baby  Beauty  Food Toys  Movies
Datasets
d. NDCG@10

B3 AN[FEHE 77 26 CSFTRes HIFEMA

4N, 7E Food Al Toys P N E 48 EWEFC T
BatchSize U FE AR EO B AL P52 . & 4 AN
[F] 1) BatchSize X CSFTRec ff) 5% Wi, W] LA A& |
CSFTRec B %2 28 T8 K ) BatchSize, X2 H T 1£
Context-Context #1 2 H1, BRI 25 Batch 232 1
ZATFHIILE—AHFRE, M1 CSFTRec
HREIFHRI . RS H, BEE AR
s A EEE BRI . 78N B R 4E
b, REOREE — AR ] DU KA Y 1 R, HLE
REARLE F, SN ZH THEZHNEAR, X2
BT K U R AT 55 12 B B/ B BE AR T Context-
Context 115, TEEARKZ 0, A 2B DT EE A
PR IRIF IR 35

0.40 r ./._‘\/

“ —e—HR
® 34 L —4—NDCG
029 L k/’f_f\/f
256 512 1024 2048 4096
Batch size
a. Food@5
048 | /
o— ® R
o 042 HR
® —A—NDCG
037
0.32 ¢ k"M
256 512 1024 2048 4096
Batch size
b. Food@10

045 F
—e—HR
—4&—NDCG
w037
®
032 ‘—_—‘—”‘—_—/A
027 b : " . .
256 512 1024 2048 4096
Batch size
c. Toys@5
0.58
—e—HR
049 | —4&—NDCG
(=1
= 044 |
®
039
034 | /
029 b4 A s e .
256 512 1024 2048 4096
Batch size
d. Toys@10

Kl 4 Food il Toys I BatchSize % CSFTRec 152

0.38 F
.\‘ o o ®

® 033 ¢ —e—HR
—4&—NDCG
) e S —
1 16 32 64 128
Neg num
a. Food@5
046 @
0.40 r
=)
@ —e—HR
—&—NDCG
0.35
0.30 ‘\ﬂ——*———‘
1 16 32 64 128
Neg_num
b. Food@10
0.42
0.38 —®—HR
n —&—NDCG
®
033 r
1 16 32 64 128
Neg_num

c. Toys@5



618 R N

52 3%

052
045 —e—HR
= NDCG
® o040
035
030 b4 . . . .
1 16 32 64 128
Neg num
d. Toys@10

Kl 5 AREAAEEARSEN CSFTRec (KI5

SRS, FERTE 2 SRS, AN 2
50 77 L & BatchSize Fl AR A AN B dh) & 5 A AL
WUTRR R, R TSNS HE, el
DALRUF AR AL 12 TS SRR G — AN e i A A R B

5 LHRIE

PR SRR FE A B T2 B R S SRS
Rt o XTI PP 91 HER SRR AE R P 51 B a3k AT
TIEERAR N 25 57 52 21| 5 B4R 52, HAL St L
PURIEMEFEAT S5 RIMA M 0, AR T HiE
BAWLHI R g s, 5 P AR B AR 4] e 27 H i ik
ATWR R I DE, e KA G 58 ] e 51 B8040 R AR Ak A 3R
fety, B3| N Context-Context #i2K5H BPR
eI AR R B AN S, e e SR R RE
BJETE S NS Tl BdE4E i Tt 541
AT P EFRE R AT X LG, B0AE T A SO I P
FIHER FEANA B FIPERE, XX b ST fEHERE
SRR AU R N A A L

2 £ X M

[1] ZHANG S, YAO L, SUN A, et al. Deep learning based
recommender system: A survey and new perspectives[J].
ACM Computing Surveys (CSUR), 2019, 52(1): 1-38.

[2] FAN H, WU K, PARVIN H, et al. A hybrid recommender
system using knn and clustering[J]. International Journal of
Information Technology & Decision Making, 2021, 20(2):
553-596.

[3] RENDLE S, FREUDENTHALER C, GANTNER Z, et al.
BPR: Bayesian personalized ranking from implicit
feedback[EB/OL]. [2022-5-29]. https://arxiv.org/abs/1205.
2618.

[4] SINGH A, THAKUR N, SHARMA A. A review of
supervised machine learning algorithms[C]//2016 3rd
International Conference on Computing for Sustainable
Global Development (INDIACom). [S.l.]: IEEE, 2016:
1310-1315.

[5] SHANI G, HECKERMAN D, BRAFMAN R [, et al. An
MDP-based recommender system[J]. Journal of Machine

Learning Research, 2005, 6(9): 1265-1295.

[6] POLYZOU A, NIKOLAKOPOULOS A N, KARYPIS G.
Scholars walk: A Markov chain framework for course
recommendation[J]. International Educational Data Mining
Society, 2019: 396-401.

[71 TANG J, WANG K. Personalized top-n sequential recom-
mendation via convolutional sequence embedding[C]//
Proceedings of the 11th ACM International Conferenceon
Web Search and Data Mining. [S.1.]: ACM, 2018: 565-573.

[8] DONKERS T, LOEPP B, ZIEGLER J. Sequential user-
based recurrent neural network recommendations
[C]//Proceedings of the 11th ACM Conference on
Recommender Systems. [S.1.]: ACM, 2017: 152-160.

[91 BHARADHWAIJ H, JOSHI S. Explanations for temporal
recommendations[J]. KI-Kiinstliche Intelligenz, 2018,
32(4): 267-272.

[10] CHEN X, XU H, ZHANG Y, et al. Sequential
recommendation with user memory networks [C]//
Proceedings of the 11th ACM International Conference
On Web Search and Data Mining. [S.1.]: ACM, 2018: 108-
116.

[11] WU S, TANG Y, ZHU Y, et al. Session-Based
recommendation with graph neural networks [C]/
Proceedings of the AAAI Conference on Artificial
Intelligence. [S.1.]: AAAIL 2019: 346-353.

[12] WANG Z, WEI W, CONG G, et al. Global context
enhanced graph neural networks for session-based
recommendation|C]//Proceedings of the 43rd International
ACM SIGIR Conference on Research and Development in
Information Retrieval. [S.1.]: ACM, 2020: 169-178.

[13] QIU R, LI J, HUANG Z, et al. Rethinking the item order
in session-based recommendation with graph neural
networks[C]//Proceedings of the 28th ACM International
Conference on Information and Knowledge Management.
[S.L]: ACM, 2019: 579-588.

[14] CHEN T, WONG R C W. Handling information loss of
graph neural networks for session-based recommendation
[C]//Proceedings of the 26th ACM SIGKDD International
Conference on Knowledge Discovery & Data Mining.
[S.L]: ACM, 2020: 1172-1180.

[15] VASWANI A, SHAZEER N, PARMAR N, et al
Attention is all you need[J]. Advances in Neural
Information Processing Systems, 2017, 30.

[16] LI J, REN P, CHEN Z, et al. Neural attentive session-
based recommendation[C]//Proceedings of the 2017 ACM
on Conference on Information and Knowledge
Management. [S.1.]: ACM, 2017: 1419-1428.

[17] VAN DEN O A, LI Y, VINYALS O. Representation
learning with contrastive predictive coding[EB/OL].
[2022-7-10]. https://arxiv.org/abs/1807.03748.

[18] CHEN X, FAN H, GIRSHICK R, et al. Improved
baselines with momentum contrastive learning[EB/OL].
[2022-7-28]. https://arxiv.org/abs/2003.04297.

[19] HE K, FAN H, WU Y, et al. Momentum contrast for
unsupervised  visual
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. [S.1.]: IEEE, 2020: 9729-

representation  learning  [C]//


https://arxiv.org/abs/1205.2618
https://arxiv.org/abs/1205.2618
https://arxiv.org/abs/1807.03748
https://arxiv.org/abs/2003.04297

B4 1

TRADAR, A TR A SRR B (Y PR A HER R

619

(20]

(21]

[22]

(23]

[24]

(23]

[26]

(27]

(28]

[29]

9738.
MIKOLOV T, CHEN K, CORRADO G, et al. Efficient
estimation of word representations in vector space
[EB/OL]. [2022-8-10]. https://arxiv.org/abs/1301.3781.
KANG W C, MCAULEY J. Self-Attentive sequential
recommendation[C]//2018 IEEE International Conference
on Data Mining (ICDM). [S.L.]: IEEE, 2018: 197-206.
WANG C, MA W, CHEN C. Sequential recommendation
with multiple contrast signals[J]. ACM Transactions on
Information Systems (TOIS), 2022, 41(1): 1-27.

CHEN T, KORNBLITH S, NOROUZI M, et al. A simple
fra-mework  for learning  of
representations[C]//International Conference on Machine
Learning. [S.1.]: PMLR, 2020: 1597-1607.

JAIN P, JAIN A, ZHANG T, et al. Contrastive code
representation learning[EB/OL]. [2022-8-28]. https://arxiv.
org/abs/2007.04973.

WU Z, WANG S, GU J, et al. Clear: Contrastive learning
for sentence representation|EB/OL]. [2022-6-19]. https:/
arxiv.org/abs/2012.15466.

SANG Y F, WANG D, WU J C, et al. The relation
between periods’ identification and noises in hydrologic
series data[J]. Journal of Hydrology, 2009, 368(1-4): 165-
177.

STAMMLER K. SeismicHandler-programmable multi-
channel data handler for

contrastive visual

interactive and automatic
processing of seismological analyses[J]. Computers &
Geosciences, 1993, 19(2): 135-140.

UNUMA M, ANJYO K, TAKEUCHI R. Fourier
principles for emotion-based human figure animation
[C)//Proceedings of the 22nd Annual Conference on
Computer Graphics and Interactive Techniques. [S.L]:
ACM, 1995: 91-96.

ZHOU K, YU H, ZHAO W X, et al. Filter-Enhanced MLP
is all you need for sequential recommendation [C]/
Proceedings of the ACM Web Conference 2022. [S.1.]:
ACM, 2022: 2388-2399.

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

BA J L, KIROS J R, HINTON G E. Layer
normalization[EB/OL]. [2022-6-29]. https://arxiv.org/abs/
1607.06450.

SRIVASTAVA N, HINTON G, KRIZHEVSKY A, et al.
Dropout: A simple way to prevent neural networks from
overfitting[J]. The Journal of Machine Learning Research,
2014, 15(1): 1929-1958.

ZHAO W X, CHEN J, WANG P, et al. Revisiting
alternative experimental settings for evaluating top-N item
recommendation algorithms[C]//Proceedings of the 29th
ACM International Conference on Information &
Knowledge Management. [S.1.]: ACM, 2020: 2329-2332.
CEN Y, ZHANG J, ZOU X, et al. Controllable multi-
interest framework for recommendation[C]//Proceedings
of the 26th ACM SIGKDD International Conference on
Knowledge Discovery & Data Mining. [S.1.]: ACM, 2020:
2942-2951.

RENDLE S, FREUDENTHALER C, SCHMIDT-
THIEME L. Factorizing personalized markov chains for
next-basket recom-mendation[C]//Proceedings of the 19th
International Conference on World Wide Web. [S.L]:
ACM, 2010: 811-820.

HIDASI B, KARATZOGLOU A, BALTRUNAS L, et al.
Session-Based recommendations with recurrent neural
networks[EB/OL].  [2022-9-11].  https://arxiv.org/abs/
1511.06939.

SUN F, LIU J, WU J, et al. BERT4Rec: Sequential
recommendation with bidirectional encoder
representations from transformer[C]//Proceedings of the
28th ACM International Conference on Information and
Knowledge Management. [S.1.]: ACM, 2019: 1441-1450.
LI J, WANG Y, MCAULEY J. Time interval aware self-
attention for sequential recommendation[C]//Proceedings
of the 13th International Conference on Web Search and
Data mining. [S.1.]: ACM, 2020: 322-330.

" B M F


https://arxiv.org/abs/1301.3781
https://arxiv.org/abs/2007.04973
https://arxiv.org/abs/2007.04973
https://arxiv.org/abs/2012.15466
https://arxiv.org/abs/2012.15466
https://doi.org/10.1016/j.jhydrol.2009.01.042
https://arxiv.org/abs/1607.06450
https://arxiv.org/abs/1607.06450
https://arxiv.org/abs/1511.06939
https://arxiv.org/abs/1511.06939

	1 序列推荐研究现状
	2 相关工作
	2.1 对比学习
	2.2 自注意力机制

	3 基于对比学习与傅里叶变换的自注意力推荐算法
	3.1 针对序列推荐任务的数据增强
	3.2 基于傅里叶变换的用户交互序列噪声过滤
	3.3 基于InfoNCE与Context-Context损失的联合对比学习

	4 实验分析
	4.1 实验数据
	4.2 评价指标及基准模型
	4.3 实验方法
	4.4 实验结果与分析
	4.5 参数影响分析

	5 结 束 语
	参考文献

