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Background

-2 Web Service WSDL (xmL) Interface _

» A Web service is a self-describing programmable
application used to achieve interoperability and
accessibility over a network ~ ‘Services Computing’, Zhang, L. e

_ WS=WSDL+Interface+SOAP
B Popularity
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» Amazon Simple Storage Service ™ """
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Background
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Background

B Formalization of the Problem
» Personalized QoS prediction I
» User-Service Invocation Matrix

Sufficient
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Context-aware recommendation

B Contextual Features Selection
» Basis: factors dominating QoS: physical configuration

Service CPU, Memory,
) Provider Bandwidth etc.
Network

Bandwidth etc. Connection etc.

B Feature Quantification
» User-User: Geographical Distance
» Service-Service: Service Provider




Context-aware recommendation

B Feature Quantification (Con.)

» Observation Just the same with
. browsing in
— For the exactly same service or user: Internet

ity, town, community

v Users in different locations usually experience different QoS
v Users in the same location usually experience similar QoS

v’ Services operated by different providers usually offer different QoS
v’ Services operated by the same providers usually offer similar QoS

B Assumption: B Reasonable?

» Users located nearly with each other have similar IT
infrastructure

» Services provided by the same company have similar p

- Confiiuration N/ A




Context-aware recommendation
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B Algorithm: the basic model
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Context-aware recommendation

B Related Work = Collabor@&ShEsEics R M M
o Invocation L Ll T PR S
> Explore similar users and serfiSiEC it —~~_1— -
invocation records > much like recomme — S~3C
~

B \Whose invocation is similar with ming21="1==1-=1*

» Pearson Correlation Coefficient = Similarity Computation
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Context-aware recommendation

Statistical Machine

Generative Model )
Learning
B Probabilistic Matrix Factorization(PMF)
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Context-aware recommendation

B Probabilistic Matrix Factorization

» MF can factorize the high-rank user-service invocation
feature space into the joint low-rank feature space

» Q={q;}: mXn user-service invocation matrix

» UeRMM SR user and service feature matrices

-
0 = UiTSj Inner product of two d-rank feature vectors
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Context-aware recommendation

B Matrix Decomposition | ®m Matrix Factorization

> Tri-angle > Basic MF
> LU » Non-negative
i gR o > PMF
pettra > BPMF
> SVD
> pLSA, LDA

Machine
Learning




Context-aware features learning

----User Side

B User Neighborhood Identification
Euclidean Distance_ , Top-K Selection

» Latitude and Longtitude =— Distance =—— K
Nearest Neighbors (KNN)
B Similarity Computation
» Distinguish each neighbor’s significance

» The similarity of user | and user j can be defined as
Simij :exp(—dij) Multiple choice | Not exclusive

v'Sim; = 1:iand | live in the exactly same place
v'Sim;=> 0:iand j live extremely far
Sim,

K »
- W = _ T TN P2
) ZSimig - Qunnej = IZ:l:WiIUI Sj (U, EKNN of user i) & * :

geKNN




Context-aware features learning

----User Side

B Reasonable Combination

Regulating Factor

qu ~qu|_sz S + (]_ a)ZW"U S Learned from his/her neighbors’

invocation expe rience

B Final Objective Function
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Context-aware features learning

---=-Service Side

m Service Neighborhood Identific
» Operated by the same service provi

B Reasonable Combination

Regulating Factor

q--~q,J—aU S;+(1- a)

ZU S Learned from its neighbors’
)‘ ceC(j) invocated experience

B Final Objective Function
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(Stochastic) Gradient Descent -2 Local Minimum
the same with the computation process of user-side




Context-aware features learning

----Combination

B Model Unification ==
» Model Fusion: too parameters, too complicated
» Result Aggregation: simple and effective

B Result Aggregation

> Strategy 1: Fixed Proportioyf—l * too simple, too naive

qij ~ qij = Ax puser—side+(1_ ﬂ“) X Pservice—side A: a fixed decimal

» Strategy 2: Dynamic Proportion _ Zibin Zheng etc.
A con = Y Sim(i, g)°
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Context-aware features learning

----Combination

B A Unified Framework
» Offline and Online
» Preparation for System Building
» It needs further improvement
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Experiment

B Preparation

» Dataset: real world dataset
» Matrix Density: 5%~20%

» Evaluation Metrics: RMSE and MAE
» Result: average of multiple testing

Matrix Density (MD)

Memory- Approach MD=5% MD=10% MD=15% MD=20%
based RMSE| MAE |RMSE[ MAE [RMSE| MAE |RMSE| MAE
UPCC  [1.6940[ 0.7229 [1.6101 | 0.6473 [ 1.4959 | 0.5674 [1.3993] 0.5087

[PCC | 1.6346 | 0.7347 | 1.5430| 0.6610 | 1.4104 | 0.5813 | 1.3109] 0.5130

UIPCC | 1.5837 | 0.7043 | 1.4744| 0.6208 | 1.3458 | 0.5436 | 1.2504| 0.4819

Basic ML- RegionKNN| 1.5681 | 0.6958 | 1.4554 | 0.6092 | 1.3335| 0.5343 |1.2532 0.4752
based BasiccME | 14052 | 0.7251 | 1.3127 | 0.5002 | 1.2671 | 0.5431 | 1.2261 | 0.5078
EMF_F [1.4790| 0.7162 [ 1.2955 | 0.5737 [ 1.2451 | 0.5316 [1.2156| 0.5040

I'\ NIMF | 1.4023] 0.6316 | 1.2702| 0.5384 [1.2215| 0.5164 [ 1.1908] 0.4903
Service-side SN-EMF [1.3935]0.6273 |1.2689] 0.5363 [1.2276[ 0.5022 [1.2065| 0.4872
UN-EMF [1.3850]0.6139 [1.2666] 0.5359 [1.2207| 0.5077 |1.1898| 0.4900
I-\ U-EME  |1.3503] 0.5840 |1.2548] 0.5171 |1.2117] 0.4900 [1.1701] 0.4681

Offline >
Online(linear)




Experiment

B Impact of « N A N
> The parameter o controls the '™ | 1 1=l aeho o S
individual contributions of the =\ -ioi
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bors to the predicted value
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Experiment

B I[mpact of TopK

» The parameters TopK(S) and TopK(U) determine the
number of neighbors involved in the learning process.

» Too few or too much neighbors are both not so proper

1285 T T T T 1.285
: | —le— sM-EMF
e U P | —®— U-EMF Topr_U=40 | 109
: | —— U—EMF, Topk_U=130
1085 e e LTI ETEETEr T
H H H H e
=] TUTRUR e feemeeenn e P -
: E S
R T LTI eeeeeeeesd w
= : e : : =
s 1_2-,!-.-.-..._.._._._1_.,“,:-7....,_ .......... P ] T 407
: : : F 4
S IR=-] EPPPRPRP T LLCTE TP PRI PTPT s PRPP |
: e :
12Tm—+—-—v—dﬂt........: .......... :. ..........
i i i i
2 2

values of Topk_5 values of Topk_U
(a) i)




Furture Work

B Explore more efficient strategies for model
aggregation

B Trying to find conduct the unification method of
model fusion (model fusion)

B Build a practical service recommender system
B Refining the similarity function between users
B Collecting a real world dataset by ourselves

B Others
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