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ABSTRACT

Since the explosive growth of we-medias today, personalized recommendation is playing an
increasinglyimportantroletohelpuserstofindtheirtargetarticlesinvastamountsofdata.Deep
learning,ontheotherhand,hasshowngoodresultsinimageprocessing,computervision,natural
languageprocessing,andotherfields.Butit’sarelativeblankintheapplicationofwe-mediaarticles
recommendation. Combining the new features of we-media articles, this paper puts forward a
recommendationalgorithmofwe-mediaarticlesbasedontopicmodel,LatentDirichletAllocation
(LDA), and deep learning algorithm, Recurrent Neural Networks (RNNs). Experiments on the
real datasets show that the combined method outperforms the traditional collaborative filtering
recommendationandnon-personalizedrecommendationmethod.
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1. INTRoDUCTIoN

TheapplicationScenarioof thispaper isanAPPcalled“Wei-Mi”. It focusesonrecommending
we-mediacontentsofWeChat,WeiBo,ZhiHutousers.Themainlytopicofthispaperiswe-media
articlerecommendation.

Along with the development of Internet, we-medias such as WeChat official accounts have
beendevelopedverywell.We-mediaisbecomingoneofthemaininformationsourcesofthepublic.
AccordingtotheinterimresultsreportofTencentreleasedin2016,WeChat’smonthlyactiveusers
(MAU)hasreached806million.NumberofWeChatofficialaccountshasreachedmorethan12
million.TherearetensofmillionsofWeChatofficialaccounts(Penguinintelligence,2015),and
theyproducealotofarticleseveryday.It’shardforuserstofindtheirtargetarticlesinvastamounts
ofconsultationsjustrelyonthemselves.Arecommendationsystemisneededtosolvethisproblem.

TraditionalarticlerecommendationalgorithmslikeCollaborativefilteringrecommendation(Rush
AM,2015),Contentbasedrecommendation(WerbosPJ.,1990)andMostpopularrecommendation.
The Collaborative filtering recommendation is combined with user-based collaborative filtering
and item-basedcollaborative filtering.Generally,article recommendation isbasedonuser-based
collaborativefiltering,whichistogetausersetSthatissimilartothetargetuseruandrecommend
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whatdousersinthesetSlikebutuserudon’tknowyet.TheContent-basedrecommendationisto
recommendsnewarticlesthataresimilartoarticlestheuserlikedbefore.

TheMost-popularrecommendationsaretypicallybasedonthepopularityofarticles(readnumber,
likenumber).Thisalgorithmrecommendspopulararticlestousers.

There are many kinds of article recommendations system, such as a news recommendation
system,scientificliteraturerecommendationsystemandE-mailrecommendationsystem(RushA
M,2015).ButWe-mediausersshowsomenewcharacteristicswhentheyread.Firstly,userstendto
readmorepersonalizedarticlescomparedwiththenewsrecommendationwhichpaymoreattention
toholdingpopularityandtimelinessofnews.Secondly,we-mediareadingshowsnewcharacteristics
offragmentationreadingandspeedreading.Thirdly,accordingtostatistics,mostoftheWe-media
userstendstoreadthelatestarticles.Buttherearenotenoughhistoricaldataonnewarticles.

Inthispaper,tocoverthesenewcharacteristics,weputforwardarecommendationalgorithm
ofwe-mediaarticlesbasedontopicmodel,LatentDirichletAllocation(LDA),anddeeplearning
algorithm,RecurrentNeuralNetworks(RNNs).

Thispaperstartingfromthesimpleintuitivenotionofpreservinginformation.Section3introduce
thebasicsknowledgeofthispaper.ToanalyzethereadingcharacteristicsofWe-mediausers,wealso
usedactualdatatomeasuretheuser’sreadingbehaviorinsection2.Section3showstheLDAmodel
(BleiDM,2003)andthetraditionalLDAarticlerecommendationalgorithm(XiangLiang.,2016),
theRNNsalgorith(MedskerLR,2001)anditsimprovedversionLSTMalgorithm(Sundermeyer
M,2012).AllofthoseleadtoSection5tomotivatetheLDA-LSTMrecommendationalgorithm.
Section4describeshowtheLDA–LSTMrecommendationalgorithmisimplementedintheWe-media
articlerecommendationsystem.ThissectionexpoundsthestructureoftheLDA-LSTMalgorithm
anddescribesthetrainingmethod.Itpresentsexperimentsthatshowconsiderablyoutperformsof
LDA-LSTMalgorithm.WealsoshowexperimentalresultsofRandomrecommendation,Most-popular
recommendationandCollaborative-filteringrecommendation(LindenG,2003).Theresultshowsthat
theLDA-LSTMalgorithmhasobviousimprovementontheprecisionandrecallratecomparewith
3otheralgorithms.Anditperformsbetterthantheotherthreealgorithmsonnewarticles.Section6
summarizesourfindingsanddescribetheoutlookofourwork.

2. We-MeDIA USeRS’ CHARACTeRISTICS ANALySIS

2.1. Data Set
TofittheWe-mediausers’readingcharacteristicsbetter,thissectionanalysisusers’readinghabits
accordingtotheactuallogdataanalysis.Thisarticlecollectsthebehaviorlogsof10,000usersfrom
March31,2016toMarch31,2016.

2.2. Personalized Characteristic of We-Media Users
In this section,we firstlyextracted15 topicsdistribution fromarticleswith theLDAalgorithm.
Secondly,basedonusers’historyreadingbehavior,wecountupofthenumberoftopicthatusersare
interestedin.ThepictureinFigure1presentsthestatisticalresults,wherethehorizontalcoordinates
representthenumberoftopicsofinterest,andtheordinateindicatestheproportionofusers.

Themorepersonalizedtheuserprofile,themorelefttheexpectedvaluewillbe,andthemore
fragmentedtheuserwillbe,themorelikelytheexpectedvaluewillbetotheright.Thepicturepresents
theexpectedvalueoftopicsthatthemediausersfocusonismoreleft-leaning,sothepersonalized
featuresoftheWe-mediausersareobvious.Thissuggeststhattheemphasisandtimelinessofthe
traditionalnewsrecommendationsystemaremorethanindividualized,andthattherecommendation
ofmediacontentshouldemphasizepersonalization.
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2.3. Fragmentation Reading and Speed-Reading Characteristic of We-Media Users
Thepicture inFigure2presentshow long the reading timeofWe-mediauser takes.76percent
ofusers’readingtimeislessthan10minutesandfor10minutesto30minutesis13percent.The
pictureinFigure3presentsstatisticsofintervaltimeofusers’reading.75%oftimedifferenceof
tworeadingbehaviorisupto8hours.Proportionof4to8hoursis14%.Fragmentationandspeed-
readingfeaturearequiteobvious.

Byobservingthelog,wefoundthatusersgeneratedaseriesofclicksinashortperiodoftime.
Andthesequencesoftheusers’clickingtoarenotisolated.Thecurrentclickingbehaviorisaffected
bythepre-behaviorofthissequence.Thecurrentreadingarticleswillalsoaffectusers’interestat
thetimeandaffectthedecision-making.ThepictureinFigure4presentstheuser“9106148”read
anarticleabout“Liuhan’sriseandfallsurveyseriesoffour”whichinspiredhisinterestinatthe

Figure 1. Statistical results of users’ interest

Figure 2. Statistics of users’ reading time
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moment,thentheuserreadseveralotherrelatedarticlesofthisseries,in2015March1516:22:03.
Ittakesabout14minutesfromstimulatingintereststofinallyfinishedreading.

We-mediausersalwaysbrowsearticlesinpiecesoftimesuchastakingasubway,havingacup
ofcoffee.Thecharacteristicsoffragmentationreadingandspeedreadingmakeusers’readinghabits
muchaffectedbyenvironmentalfactorsandmood.Traditionalrecommendationmethodbasedonthe
userlong-termhistoricalbehaviorisdifficulttomeetthisfeature.Thus,whatweneedisanalgorithm
thatisbasedontheuser’sshort-termbehavior,tocaptureusercurrentinterestchangesbetterand
mininguserreadingsequencecontainsrules.

2.4. Users Tend to Read New Articles
ThepictureinFigure5presentsthatthisarticlecountedthetimedifferenceofreadingtimeand
deliverytimeoftheWe-mediaarticle.Theabscissaisaunitoftimeishours,ordinateisthenumber
oflogsonthetimedifference.Wecanseethatthemajorityofusers’readingtimeiswithin28hours
ofpublication,accountingfor96.2%ofusers.

Therearenotenoughhistoricaldataonnewarticlestotrainmodelwhichleadstoalgorithms
likecollaborativefilteringhaveapoorperformance.Content-basedrecommendationalgorithmscan
mitigatethisproblem.

3. LDA-LSTM ReCoMMeNDATIoN ALGoRITHM

3.1. Algorithm Architecture

Assume
�
W
i
= ( , ....., )1 0 1 isone-hotcodingofarticleiforeachtopic.Users’visitingsequencescan

betransformedtoaseriesof
�
W
i
vectors.ThepictureinFigure6presentsthosevectorstobinary

numbersandletthembetheinput-dataofLSTMmodel.
Withtheconstantofinput,LSTMmodelforecaststhetopic-distributionofnextmoment.

Itforeseesuser’smoodandinterestnexttime,soweassignittotheinterest-vectorofuseruin
timet+1,

� �
T T
u t u t, ,+ +1 1

.Thenwecangetrecommendingscoreofarticleiforuseruintimet+1
withfollowingformula:

Figure 3. Statistics of time difference of 2 reading
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Figure 4. Visiting log of user “9106148”

Figure 5. Statistics of time difference of reading time and delivery time



International Journal of Digital Crime and Forensics
Volume 12 • Issue 4 • October-December 2020

73

score T w
ui
t

u t i
+

+=1
1

� �
,
*  (1)

Initialrecommendationresultscanbecalculatedwithformula:
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� �
*  (2)

ThepictureinFigure7presentsthearchitectureofLDA-LSTMrecommendationalgorithm.

3.2. Training of Algorithm
TheLDA-LSTMrecommendationalgorithmisdividedintoLDApartandLSTMpart.TheLDA
partistrainedwiththeEMalgorithmtogetthetopicvector �w

i
ofWe-mediaarticles.Then,according

totheformulaofsigmoid:
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wecangettheusers’long-termhistoricalinterestvector
�
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u

.
TheinputdataforthetrainingofLSTMpartisthetopic-codingsequence
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.Thetarget
functionofLSTMpartis:
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3.3. Sequential Alignment and Parallelization Design
Aseparatetrainingeachtimeisrequiredbytraditionalrecurrentneuralnetworks(oritsvariantslike
LSTM)whenthelengthsoftrainingsequencesarenotequal.Itisnotfeasibleforhundredsofmillions
oftrainingdata.Whatweneedtodoisgetthedatasequencesfilled.Takingthelongestsequence
lengthasthenumberofrowsofthematrix,therestofthesampledatatofillwithzeroes.Thenthe
batchsizetrainingthebatchsizeofsamplestogether.

ThechartinFigure8presentsaspecificexampletodescribetheprocess.Fromtheextractof
We-mediaarticletrainingsamples,inordertofacilitateunderstanding,weonlychooseabatchsize
of5.Sample1isthelongestclicksequencewith8items.Sotheothersamplesarefilledwith0to
makeeachlengthofeachsequenceto8.

Withthesamplesabove,thechartinFigure9presentsthecorrespondingmasking-code.
Designof“fill0”operationcansolvetheproblemthatdifferentusers’sequencesarenotthesame

length.Letthemanipulatedataofmultipleusersdomatrixoperationssimultaneously.Butanother
problemis,atthetimeofeachLSTMlayertraining,statetransitionoutputandhiddenlayernodes
outputcalculationisoverallconsiderationandthecurrentzeropaddingtothetrainingsamples,in
theory,shouldnotbeupdated.Withtheideasofdynamicprogramming,wecansolvethisproblem.
Eachtimewhenwegetthecurrentvalueofthecellstateandhiddenlayer,wecancalculatethevalue
ofcurrentstateandthepreviousstateasalinearcombination.Inparticular,ifintimet,clickingstatus
arecurrentlybeingupdatedasbelow.

Figure 7. Architecture of LDA-LSTM recommendation algorithm
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InputGate:

i sigmoid W h U x b i sigmoid W h U x b
t i t i t i t i t i t i
= + +( ) = + +( )− −* * * *

1 1
 (5)

ForgetGate:

f sigmoid W h U x b f sigmoid W h U x b
t f t f t f t f t f t f
= + +( ) = + +( )− −* * * *

1 1
 (6)

OutputGate:

o sigmoid W h U x b o sigmoid W h U x b
t o t o t o t o t o t o
= + +( ) = + +( )− −* * * *

1 1
 (7)

Cellstate:

� �c hW h U x b c hW h U x b
t c t c t c t c t c t c
= + + = + +− −tan ( * * ) tan ( * * )

1 1
 (8)

Traditionallyweupdatethemigrationstatuswiththeformulablow:

c f c i c c f c i c
t t t t t t t t t t
= + = +− −* * * *

1 1
� �  (9)

Wealsoneedtoperformthefollowingcombinationoperationsattheend:

c mask c mask c c mask c mask c
t t t t t t
= + −( ) = + −( )− −* * * *1 1

1 1
 (10)

Figure 8. Sequences are filled with 0

Figure 9. Masking-code
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Theformulaismadeupoftwoparts.Ifthemasking-codehasavalueof1,theleftpartofthe
plussignupdatesthecurrentstate.Ifthemaskis0,thenthestateisreturnedtothelastnon-zerostate.
ThechartinFigure10showsthatwhenrunningtoT7,thenewdataisupdateddirectlyforsample1
andsample3.Butforsample2,sample4,andsample5,thebacktraceisperformed.

Weupdate thevalueofhidden layeralsowith the same idea, except for the following
regularupdates:

h o c
t t t
= * tanh( )  (11)

Intheend,thefollowingadditionalcombinationoperationisrequired:

h mask h mask h h mask h mask h
t t t t t t
= + −( ) = + −( )− −* * * *1 1

1 1
 (12)

3.4. Dropout of LSTM Model
LSTMisdeepneuralnetwithalargenumberofparameters,overfittingisaseriousproblemofLDA-
LSTMalgorithm.Dropout(SrivastavaN,2014)isaregularizationtechniqueforreducingoverfitting
inneuralnetworksbypreventingcomplexco-adaptationsontrainingdata.Whatitsworkingprinciple
is,duringeachiteration,thatdroppingoutsomeofnetunitsrandomly,sothecorrespondingweights
willnotbeupdatedthistime.ThepictureinFigure11presentstheupdated.

AfteraddingDropoutmethod,thepictureinFigure12presentsthetrainingofLDA-LSTM
algorithm.

4. IMPLeMeNTATIoN oF ReCoMMeNDATIoN SySTeM

LDA-LSTMrecommendationalgorithmiscombinedwithLDApartandLSTMpart.TheLDA
partismainlyresponsiblefortheextractionoftopicvectorofWe-mediaarticles.Therequirementof
timelinessofWe-mediacontentprocessingishigh.WeChatofficialaccountsproducealargenumber
ofarticleseverydaywhichisachallengeoftheLDApart.

Tomeettherequirementsabove.WecanmakeimplementationofthispartontheSpark(Karau
H,2015)distributedclusteroffline.TheresultsofLDApartcanbestoredintoHDFSorHBase.The
pictureinFigure13showsthestructureofLDApart.

TheLSTMpartismainlyresponsibleforupdatingrecommendationsbasedontheuser’sshort-
termsessionbehavior.ButthetrainingoftheLSTMmodelistime-consuming.So,wetrainLSTM
modeloffline.ThepictureinFigure14presentsLSTMtrainingprocessofthemodel.Firstly,wewill
collectuserhistoricaltopic-codingsequencesandsentthemtoafixedservernodewithTensorflow

Figure 10. Backtrace of zero state
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(KarauH,2015).Secondly the fixednode trainsLSTMmodelwithTensorflow frameworkand
dumpLSTMmodeltofile.Finally,thedumpfilewillbeuploadedtoSparkfilesystem.Themain
informationthatstoredinthemodelfileistheparametersofeachgateontheLSTMblock.

AfterLSTMmodelwas trainedanddumptofile, theonlinerecommendationpartwill load
the model file. Users generate reading sequences through clients. Spark Streaming will handle

Figure 11. Dropout method

Figure 12. Training of LDA-LSTM algorithm
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thosereadingsequencestothetopic-codingsequences.TheLSTMmodelisusedtopredictinterest
distributionofusers.ThepictureinFigure15presentstheworkingdiagram.

5. eXPeRIMeNTS

Wecollected5866we-mediaarticlesand10000users’visitinglogduringMarch1,2016toMarch
31,2016.Idividedthosedataintotwosets.SetofMarch1toMarch30isusedtotrainmodeland
setofMarch31isusedtotestmodel.

Inordertocomparetheperformanceofdifferentalgorithms,Ialsotestedsomeotheralgorithms
suchasrandomrecommendations,Most-popularrecommendationandCollaborativefiltering(CF).
ThefinalresultisshownintheTable1.

Thus,theLDA-LSTMalgorithmhasbetterperformanceonwe-mediaarticlerecommendation.
Toobservetheperformanceofsolvinga“NewItemProblem”whichisanimportantcharacteristic

ofWe-mediauser,wefilterrecommendingresultsofMarch30frommodelabove.Thetestingresult
isshowninTable2.

Figure 13. The structure of LDA part

Figure 14. Offline training of LSTM model
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According to the resultsofTable2, theLDA-LSTMrecommendationalgorithmhas the
bestperformsonthenewarticles.The“NewItemProblem”issolvedbyusingofinformation
ofarticletopics.

6. CoNCLUSIoN AND FUTURe WoRK

LDA-LSTM algorithm initialize recommendation with user’s interest-vector


tu . That is idea of
content-basedrecommendationwhichmakesresultsofrecommendationmorepersonalizedthanthat
ofMost-popularalgorithm.Consideringwe-mediausers’readinghabitsoffragmentationreading,
speedreadingandserializationreading,LDA-LSTMalgorithmpredictsusers’interestvectorsequences
timely.Experimentsontherealdatasetsshowthatthecombinedmethodoutperformsthetraditional
collaborativefilteringrecommendationandnon-personalizedrecommendationmethod.

The implementationofLDA-LSTMalgorithm isbasedon theSpark framework.Wedivide
implementationofLDA-LSTMalgorithmin2part:LDApartandLSTMpart.LDApartcanhandle
hugnumberofarticleswithahightimetimeliness.LSTMpartsplitthetrainingofLSTMmodelto
offline.ButusingofLSTMmodeltimelyonSparkStreaming.

However,theLDAalgorithmworksonword-bagmethodwithoutconsideringtherelationship
ofwordssequencesandcontextsemantic(SundermeyerM,2014).Thus,theLDA-LSTMalgorithm
haspoorperformanceonshorttextssuchasWeiBo.Inthefuturestudy,wecanuseRNNsmodelto

Figure 15. Online recommendation

Table 1. Testing result

Algorithm Precision Recall F1

LDA-LSTM 20.01% 2.10% 3.8%

User-CF 18.18% 1.81% 3.29%

Most-Popular 9.10% 0.91% 1.65%

Random 1.18% 0.32% 0.5%

Table 2. Testing result of “New Item Problem”

Algorithm Precision Recall F1

LDA-LSTM 3.65%3.65% 1.99% 3.8%

User-CF 3.17% 1.82% 3.29%

Most-Popular 2.22% 0.87% 1.65%

Random 1.17% 0.30% 0.5%
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extracttopicsofshorttextsandgetabettereffect.Atthesametime,LDA-LSTMalgorithmisonly
asimpleapplicationofLSTM,wecanimproveitwithattentionmodel(WerbosPJ.,1990)whichis
moresimilartouser’sreadingbehavior.TheimplementationofLDA-LSTMsystem’sLSTMpartis
trainedonafixednodewhichwillbethebottleneckofthewholesystem.Inthefuture,wecanuse
technicalsolutionslikeGPUclusters.
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