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Abstract  Traffic prediction is of great significance for intelligent capacity planning and task scheduling.
However, large-scale e-commerce cluster traffics have various uncertain emergencies, such as online promotion
activities and user aggregation requests. These uncertain events may cause many bursts in the time series,
which poses a huge challenge to traffic prediction. At the same time, capacity prediction should be robust

to uncertainty. That is, it should cope well with possible future situations and ensure cluster stability, rather
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than shrink the capacity strictly based on the prediction. For the traffic scenarios of large-scale distributed

e-commerce clusters and the requirements of dynamic capacity planning, this paper proposes a real-time load

forecasting framework with uncertainty estimates. The framework is based on multivariate long short-term

memory auto-encoder and Bayesian theory, which can provide accurate uncertainty interval estimation while

performing flow deterministic prediction.

Keywords e-commerce traffic; time-series prediction; long-term memory neural network; uncertainty

estimation
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Fig. 3 Quantitative assessment of precise prediction



64 £

BEoOR 2019 4

(3)R* Ehr i A 30 (8) iR, Zfabr Bz il
1, BB L, MRS R 154
WAt BB 3 ArfR, AR RIRLE R
9 B AR, 8 kR BAL
1 FC i 1%, 5 =J8mT Seq2Seq 82.6%. FC
15.1%. A4k, R4 Prophet £ SMAPE Fl MAE
W EMRIAE, B R BHREHESNSK
1, UtBH Prophet fES B H TN FEUS T —%
MR MR Z S, R fatras i
E RIS AUREREREEE, W SVR A —0.73.
> R
> =)

R*=1— (8)

AR T i ) R RIS R R U R A
TR T 22, 25 AT DA IR I 47 5 2 B T 5
AT 1 DX TR TF B3 B T X s 1 A . S5 IR R
B, TEMHE SR, W] 3 51 P AR i AN i e
PRI ke ARG LT, 2B REX H H R
SN E M REAT AR F T, e Hh AR ) A
T PR DX T, [R) I A A SR 0] S 6 4 SR AR 4 10
EHEIE . ARSI H AN E 1 X TR 7 AT BA
RIGH S AR M 58, KIea] CLgk—
RE IR PP eh 22 I 2% . ARSR¥ 2200
Seq2Seq WL R INVE R I, K I o b 22 )
P 5 24 0UF 54 il (STt o3 dr . /NS EE)
AT, M DR SRR SR RE T . R
X EEARARA ) S I AL LA BOR SR, B
SRAGUETINE A REAR AER, (H AN € VX TR] A] LA
TRBE R B2 e . AR BRI KA
BE T 0 A8 A S A o ARk — ARk, PR
R ST AT TR RAAIE B ) 28 BT Y 2%

RSP B R R TR AR A T — P 5
MR A 2 G, AN RS A SRR IO A Y, S
B Kubernetes &5 H YR H R S L AR EY

6. Jioh, ANE Ik DXTA] RN 7 Bk Ik Y A5
J3E DX 18] £ 7 e

2 % X ok

[1T Reiss C, Tumanov A, Ganger GR, et al. Towards
understanding heterogeneous clouds at scale: google
trace analysis [J]. Intel Science and Technology
Center for Cloud Computing, 2012: 84.

[2] Shan Y, Huang Y, Chen Y, et al. LegoOS: a
disseminated, distributed {OS} for hardware
resource disaggregation [C] // 13th Symposium on
Operating Systems Design and Implementation,
2018: 69-87.

[3] LuC, YeK, Xu G, et al. Imbalance in the cloud: an
analysis on alibaba cluster trace [C] // 2017 IEEE
International Conference on Big Data, 2017: 2884-
2892.

[4] Zhu X, Young D, Watson BJ, et al. Integrated
capacity and workload management for the next
generation data center [C] // Proceedings of the Sth
International Conference on Autonomic Computing,
2008.

[5] Makridakis S, Hibon M. ARMA models and
the Box-Jenkins methodology [J]. Journal of
Forecasting, 1997, 16(3): 147-163.

[6] Taylor SJ, Letham B. Forecasting at scale [J]. The
American Statistician, 2018, 72(1): 37-45.

[71 Zhao Z, Chen W, Wu X, et al. LSTM network:
a deep learning approach for short-term traffic
forecast [J]. IET Intelligent Transport Systems,
2017, 11(2): 68-75.

[81 Shi XJ, Chen ZR, Wang H, et al. Convolutional
LSTM network: a machine learning approach for
precipitation nowcasting [C] // Advances in Neural
Information Processing Systems, 2015: 802-810.

[9] Zhu L, Laptev N. Deep and confident prediction for
time series at uber [C] // 2017 IEEE International
Conference on Data Mining Workshops (ICDMW),
2017: 103-110.

[10] Kendall A, Gal Y. What uncertainties do we need
in bayesian deep learning for computer vision?
[C] // Advances in Neural Information Processing



Ll AMEC, A R LR TN S AN E PRI A A T 65

[11]

[12]

[13]

[14]

[15]

Systems, 2017: 5574-5584.

Urgaonkar B, Pacifici G, Shenoy P, et al. An
analytical model for multi-tier internet services
and its applications [J]. ACM SIGMETRICS
Performance Evaluation Review, 2005, 33(1): 291-
302.

Bennani MN, Menasce DA. Resource allocation for
autonomic data centers using analytic performance
models [C] // Second International Conference on
Autonomic Computing, 2005: 229-240.

Meng X, Isci C, Kephart J, et al. Efficient
resource provisioning in compute clouds via VM
multiplexing [C] // International Conference on
Autonomic Computing, 2010.

Shen Z, Subbiah S, Gu X, et al. Cloudscale: elastic
resource scaling for multi-tenant cloud systems
[C] // Proceedings of the 2nd ACM Symposium on
Cloud Computing, 2011: 5.

Baughman AK, Bogdany RJ, McAvoy C, et

[16]

[17]

(18]

[19]

al. Predictive cloud computing with big data:
professional golf and tennis forecasting [J]. IEEE
Computational Intelligence Magazine, 2015, 10(3):
62-76.

The Kubernetes Authors. Horizontal pod autoscaler
[EB/OL]. [2019-04-16]. https://kubernetes.io/docs/
tasks/run-application/horizontal-pod-autoscale/.
Cho K, Van Merriénboer B, Gulcehre C, et al.
Learning phrase representations using RNN
encoder-decoder for statistical machine translation
[J]. arXiv: 1406.1078, 2014.

Sutskever I, Vinyals O, Le QV. Sequence to
sequence learning with neural networks [C] //
Advances in Neural Information Processing
Systems, 2014: 3104-3112.

Laptev N, Yosinski J, Li LE, et al. Time-series
extreme event forecasting with neural networks at
uber [C] // International Conference on Machine
Learning, 2017: 1-5.



