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[ 0001] The present disclosure relates to conputer processes and
systens f ratking personalized itemrecomendatio Lptd on
of the Reﬁgpgﬁ%ﬁﬁﬁﬁé[OOOZ]Véb sites and ot her types ofqﬁﬁwgﬁggﬁ*%ﬁg
systens comonly include recomendati on systens for providing
personal i zed recommendati ons of itens stored or represented in a data
repository. The recommendati ons are typically generated based on
nonitored user activities or behaviors, such as item purchases, item
view ng events, itemrentals, and/or other types of item selection
actions. In sonme syst PROBABIEISHCRACOMMVIENDAEION SESTEMonal | y or
alternatively based on users' explicit ratings of itens.

[ 0003] Tradi tional collaborative r&2d@EAENDons processes operate by

attenptingrtﬁ.gikcglusers to other users having simlar behaviors or

interests | e, once Users A and B have been matched, itens
favorably sanpi@dipy e rpréedUdisdi@tireyRlatGa@Péahulty pelsiessed an@yysdens for
recomrended to User B. In contrast, content-based reconmendation
systens sdSRerpigeingeaRaliesd tenprgoBfAdade ont ent (e.g., text) that is

simlar todhsioRoEaPRRlcaid£Ms sel ected by the target user.
[ 0004] O her recomrendatl on systens use itemto-itemsimlarity

mappi ngs to [0002] Web sites and other types of inleractive sysltems commonly include

recommendation systems for providing personalized recommendations of items stored or
represented in a data repository. The recommendations are typically generated based on
monilored user activities or behaviors, such as item purchases, item viewing events, item
rentals, and/or other types of item selection actions. In some systems, the recommendations
are additionally or alternatively based on users™ explicit ratings of items.

[0003] Traditional collaborative recommendations processes operate by
attempting to match users to other users having similar behaviors or interests. For example,
once Users A and B have been matched, items favorably sampled by User A but not yet
sampled by User B may be recommended to User B. In conirasl, content-based
recommendation systems seek to identify items having content (e.g., text) that is similar to
the content of items selected by the target user.

[0004] Other recommendation systems use item-to-item similarity mappings to
generate the personalized recommendations. The item-to-item mappings may be generated
periodically based on computer-detected correlations between the item purchases, item
viewing events, or other types of item. selection actions of a population of users. Once
generated, a dataset of item-to-ilern mappings may be used to 1dentify and recommend items
similar to those already “known™ to be of interest to the target user.

16005] Of course, these and other recommendations methods can be used i

combination within a given system.



generate the personalized recommendations. The itemto-item mappi ngs
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[0009] One aspect of the disclosure 15 a recommendation system for selecting
items to recommend. ‘The recommendation system comprises a candidate generator operative
to generate a ranked set of candidate items to recommend to a target user; a probabilistic

scorer operative 1o probabilistically vary rankings of at least some of the candidate items in



itens to recommend. The recommendati on system conprises a candi date
generator operative to generate a ranked set of candidate itens to
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| east sonme of the candidate itens, the adjusted scores being

responsi veviedier ipaeepamyng dhosimyledhe target user.

[0012] Another aspect of the disclosure is a computer-implemented method
comprising: assigning initial scores to candidate items gencraled as preliminary
recommendations lo a targel user, the initial scores based on a number of reasons
corresponding to different respective events recorded in an event history of the user; adding
probabilistic noise to at least some of the initial scores; sampling values from a probability
distribution that includes the probabilistic noise; and generating adjusted scores for the at
least some of the candidate items, the adjusted scores bemg responsive to the sampled values.

[0013]  Neither this swomary nor the following detailed description purports to

define the invention. The invention is defined by the claims.

BRIEF DESCRIPTION OF THE DRAWINGS
[0014]  Specific embodiments will now be described with reference to the

drawings, which are intended to illustrate and not limit the various features of the invention.



100131Nei ther this sunmary nor the follow ng detail ed description
purports to define the invention. The invention is defined by the

claims. BRLER MR PTI ON OF THE DRAW NGS 100141Speci fﬁﬁ@%}o%% S
d ich are

wi |l now be described with reference to the draw ngs,

intended to illustrate and not Iimt the various features of the
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i1lustrates an enbodi nent of a probabilistic recomrendation system
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systein;

[0016] FIGURE 2 illustrates an embodiment of a process for generating ilem
recommendations for a user:

[0017] FIGURE 3 illustrates another embodiment of a process for generating
recommendations for a user;

[0018] FIGURE 4 illustrates an embodiment of a process for scoring items;

[0019]  FIGURE 5 illustrates example probability distributions of the type used
with the process of FIGURE 4;

{0020}  FIGURE 6 illustrates a portion of a web page showing an example
recoimmendation iterface; and

[0021] FIGURE 7 illustrates one example of how the various recommendation

{features may be implemented in the context of a web-based efectronic catalog system.

DETAILED DESCRIPTION OF SPECIFIC EMBODIMENTS

[0022] Several different computer-implemented processes will now be described
for using probability models to improve item recommendations provided to users. These
processes may be embodied individually or in any combination in a multi-user computer
system (“system™) that implements a recommendation system. For purposes of illustration,
the processes are described primarily in the context of a recommendation system that uses
item-fo-item simnilarity mappings. As will be recognized. however, the processes may also be
used with other types or recommendation systems, including butl not limited to traditional
collaborative recommendation sysiems, content-based recommendation systems, and hybrid
systems that combine multiple classes of recommendation algorithms.

{0023] For purposes of illustration, the processes are described primarily in the
context of a system that recommends catalog 1tems o users of an e-commerce web sile. As
will be apparent, however, the disclosed processes can also be used 1o recommend other types
of items, such as but not limifed to web sites, news articles, blogs, travel destinations, service
providers, other users, and events. In addition, the disclosed processes need not be

implemented as part of, or in conjunction with, a web site.
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zcmﬂi}%brehfﬁlﬂyﬂﬁﬁms@ﬁmﬁérﬂ@i&ﬁs% aVkdr] TEVeDOf GRSmfieh®tons often
remains vnchanged cach time the user views his or her list of recommendations. Thus, the
user often fails to discover the numerous items identified by the system as merely good, but
not ideal, recommendation candidates. As a result, the probability that the sser will aciually
discover items of interest is less than optimal. Moreover, the stale nature of the
recommendations may lead to infrequent visits to, or even discontinued use of, the
recommendation system.

[0025] One option for attempting to solve these problems is to keep track of the
items that have been recommended to each user during a given time interval, such as one day.
On subsequent visits during this time interval, these items could be filtered out of the
recommendation set, causing lower-ranked items to be displayed. Unflortunately, such a
method can place a very high storage and processing burden on the system, especially if the
user population is large (e.g., tens of millions of users).

[0026] Tuming to FIGURE 1, an embodiment of a probabilistic recommendation
service or system 100 is shown that addresses the foregoing problems, among others. For
example, the various components of the probabilistic recommendation system 100 facilitate
generating varied recommendation lists.

[0027] In one embodiment, the process of generating the recommendations 1s
controlled such that the list of recommendations seen by a given user will remain
substantially static (unchanged) within a certain time interval, such as one day, one browsing
session or one hour, but will otherwise be varied. Thus, for example, if a user accesses or
otherwise initiates the generation of recommendations multiple times within such a time
interval, the recommendaiions may remain unchanged. As discussed below, this may be
accomplished by seeding the recommendations process the same way during different
recommendation generation events, such that the same recommendations can be reproduced
without having fo cache the recommendation lists for extended periods of time.

{0028]  The probabilistic recommendation system 100 of various embodiments
includes a source selector 102, a candidate generator 106, a probabilistic scorer 110, and a

candidate filter 114, each of which may be implemented as a respective software component.

-5.
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[0031] The source selector 102 is responsible for selecting a set of source items to
be used to generale personalized recommendations. In the context of an electronic catalog
system in which the items are products, the source selector may select these items from, for
exaraple, the target user’s purchase history, rental history, item viewing history, item ratings
profile, wish list, rental queue, shopping cart, tagged items, or any other item collection(s)
representing the target users interests or preferences. In the context of a news site in which
the items are news articles, the source selector 102 may, for example, select the source items
from a collection of items (articles) the user has viewed, forwarded, rated, and/or commented

on. Thus, as depicted in FIGURE 1, the source selector 102 uses one or more types of
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one enbodi Qergtgﬁelﬁg?l ?(r?; gﬁ y&gﬁld i éadgﬁa b]?&'asatq?(':lle%hgll gzg] k@% %Chgengeedte&g?’
itens, whi rcjbreqynm!.g ﬂiew qdwhdﬁihﬂblsmda@ﬂltWEMrgaDMf wghbe siterSitadcie that ifem. In

statistical rmd era not ling differently
For dif1 or GRE TORET s opd TRt ol B0t RS T eieme a0 “GHlenl fEEEest ul
reconmendat i on I(mzssr mWEdrd)El% stufcketiemsByanpie@sd Gbns amiplaBeeblagdRs ake
described in pore detail below with respect to FI GURE 3. Although

pr obabi | i AFELehARVENGE rdifiERePFISH A BADBRfigRalht wse differpny rprgmmendation
essenti al . yd it efor diffifond CHERBeSE! RHIOTATEE BEmPR] Ik @ehdidhS @M Brator ma
enbodi nents. I n such a case, for exanple, the candi date genérator 106
may sel ectusg herckrserbiésaditers- i dee dnalanamaspings © seleed repudiddteitamsobat feg sgnilar
purchase hisg f l. ient, .
Cour co sel SarSE 48 ki EphPAREbsHPE b Y B 1B BRI IRE BEth gl
sanpl es f roappimngk ta gdlaet chntlidetedreins catig or itess e u'bdrefmnﬂ]ﬂvﬁeh&l t Biregiedm-to-
user's overall. collecti.on or, venE hi st or For instance, the source
sel ector P ¥ ﬁf}?té “?aPBIH%SaHV it ashale Gy H4TEY FSFSSoRfRGE %%EF%@b?‘Fé’é:
(a) itens ,ﬁmcda.agsed or rented by the user, (b) itens recently vi ewed

by the user, @ltems ratedPsmlveué y the user, (d) itens rated
poor |y by the W81 ( dye pardifialecasnerper [9aiassss palistot thesidentified candidais Tiems
the user’ s,Hend BhabAEY Soordr 9 0, Wi sﬁ?l?ssagglsfeﬁ%E@csatg(#ﬁ;dcahﬁdﬁtpﬂmﬂ§efn ohe
shopping cart or wsh list, and (h) tagged by the target user.

The f or egointigdiareat, kg etopate&amﬂc@gr | Hhtherebyroe-vanks dteheandidaie otponsi sigceathe
possi bl e. c-gpc? {jﬁ% 'grg}%% glsrcgaléi?gltg?er f%g%atgas&rgé S& rTEIIOlD l Vet lfgt}%Q Uogde

clustering ne € source’i &36T 'be
Pat ent Appiaicatbabiiistioandlibh@8ebatilistic (E.p), éderbinistiv) R(Quste’mﬁé’r,es titled

"Cl ust er - Based nt o | nt er s,.," the di sclosure of whi ch
i s hereby incoﬂ@gﬁgte By PI% i’f‘lgﬁ%'ﬁcécqrﬁ |1th dit PPt Gbodfggnt  scores  items
2008/ 1477 13 5abliskaA00 By AR8AB0 alPOBAITLY Qlishiatie® SEALOISAD somb® Bf MeOMndiaste
the sel ected sources to the candi dateogener ator 106. As descr.i bed

above, t hdt@ndiddasanplane wivsirompech aropahikty dishdwtipe nthig sdye is fhen used to
dat abase Ogen§rht@13h %?fuétttx? | e LAG5dR i66F Qﬁe%?aﬁvél?r}ﬁ@@dl?@]% d&fe nned to
candi date itens. e candi dat e gener at or may al'so out put

each candilddheadjosed scaredamltmm'e bwm@n@ememait by addapg e@éﬁnhsng sqoh@ the
Ip,: :gq' C} ﬁd Splv !)bﬁ% h‘sp(i s%grf% :l]ﬂ{ algo a%dé ?rﬁgz%ﬂasﬂé end)as\t@e L)S%“() St OFLdHEI@glE elhm:l, nLl}«l;' &%s
the sim.l qrrbliayllsmﬁcese dcscrlbed al{o@é)%ﬂ. rédhet & irbiebiistic mphhgl}ﬂsobabmshc noise

selected fr multiple itemcategories as descri bed bove
Sonds ot e HarL i arbige HEE SRTERL o e RSP Rt Al GRe

al gori t hmserdtainttnd, 1186 81tc GaLce ARILRBIA jtdn@Bhe rdRnRAIE . L% AP LRed h8s are
candi dat e generator may use purchase-based itemto- itemsimlarity

mappi ngs tosigedctiferenbidheiatoe cprdidre toRes. ar effedtrifie agiugles! toRes enay petrpde
user's puriﬁ@ﬁ‘éﬁaﬂy SLQLY & (}i Ry tfﬂ%?e dlyzllfgr b@& Q%?(ﬁ&iatti &k 0- ' f’ﬁ'gaoxH:al}y,

simlarity mappings to se ect can itenms simlar to itens



to the probabilistic scorer 110, which assigns adjusted scores to the
candidate itens. In one enbodinent, the probabilistic scorer 110

t hereby re; , candi dat e |tenB since the candid '

al ready hgvégggﬁéf gte scores. The probablllstlc scoreﬁkﬁgg&ﬁ§®a”%
provi de both probabilistic and non-probabilistic (e.g.,

determni stic) adjusted scores. 100371The probabilistic scorer 110 in
one enbodi nent scores itens probabilistically by defining a
probability distribution f of the c i.d

and by sarfpfHF4ANPEE Pasr W&a% ﬁgJBF‘S‘béB‘F?% 124 d%es‘E’Pﬁebtﬁ'Y%F? ‘OrH?‘%S fvho
val ue i s t{@endyeBeckOhGeRemahadarnd ks 186 redsiRmendabnstahevapiad sdcdi to
item or alternatlvelgﬁ the value is determned to be the adjuste
score for PaeebabilEpdisiiutime enbodlnent by addi ng probabilistic
scores, the pr || bt BrobEBH std: 7 RDaRkkd Shldfuaid1RhRG
to the set of @gﬁglda 3 Pr “ike E gqﬁﬁﬁ?st?@ noi se gesg??bgd
above wi t hhe esplekte fﬂ@erplrlébaﬁld ccmﬂldaies!‘dwpllllﬁgt;letps @mbuel K)ﬁtthecbtnm@ﬂlsted
added to candi.date scares phore 6o

model . 1 n GREEEHERT GEREERR L R RN SR RES ABGRITF I el v e
re-ranked, tha&aﬁch&madjmstled Iﬁ@orsasmame Iasmhg ngghldi &6ed efaﬁsymt Ratmmbel.
candi date scores. E@effect t he ag%usted scores may

heor et | oot iGnaFahs FbRCtopAY terelsried PRRTPAO GRS o aehonE problisi
Par adoxi alilifputfSC HTBRAES LeRsiRas et BRrbles ipdinsh 8 HRREEScHRY sls

nore val uable to users who frequently check their recomendati ons
list, as tthat ilessorihelneber adinged paoragard waredikebriaibageleaed ten prrapabh lowey
distributl ?1 290381 The probabilistic scorer 110 passes the
scor e- adj us e& candidate itens to the candidate filter 114. The
candi dat e flltem%£l4 Rallect thaa swiwsky 6iterirge mnon&maduhmheducamdmdaﬂe
itenms to reconme based on_the .itens' sted sqg

msg; in

For " exanpl €M HEREIRA FHlare ST B PEATRY CUrderrrRa DSt i

scored it el® ré-AnkRICEAEFE NBhcadk ik rsat:ls\fﬁ:hoéuyué}%e s seberaByiolian® abmg| m
probabilistically as above, based on a probabilistic distribution.

one such eWHEdISTBYE m‘?ﬁ?-,cedméft’ rABYt the nusele o r@ee 6h FRE HiEgughc b §c‘6‘i‘]@§
such that ot @MRenthitdds t;at;mﬁ{ m@ﬁésu&txeﬁless?&mg L BN Rrs dokBhohnyt & RE take
selected than itens with I ower adjusted scores. 100391Rat her than
actual |y fthetiwe itwgmblwtr pegedhwough Garenthe satef mmamwdp@nv@;ﬁmmatcakﬁfwseﬂw
the syste in
the o anis bR s BBk LA ok SRR A0 Bfine 80 AH SPhic
sever al thousaﬂmMﬂlenﬁdGUREa1Hmﬂh&nhmem5mﬂmhmbéapmmemBﬁyﬁmghmmnmgﬂmn
user to page orrﬁcrolg.throu hythis re: 6€nked]repqyn3n atI% ? set .

f rom hi gheStO BB IORIEE (o7 4 AR g  PeBRLS 800 S PP ORISR SIS T Rk BY 2
the tine tgos®nBli¢ re@d&mﬂaaan&lm}@ugzh sich&s et frslbiietic @torhaeEn®Ngstnhomns,
t he practlcal effect is the sanme as filtering, i.e., the user is only
present ed WHHURRdse itens falling near the top of the [ 0040]
FIGURE 2 i1l ustp@hps afe SRR S0Nbedits 4 RHOSLREILRY Mﬁarwn@&ast FeGant
|ten1reconnendat|ons for ‘a User. The process 200 1S 1 npleémented in
one enbodi setinity dapa ar pﬁrrombwhpst iThisr steepomre hel ptrfcomed; st enampiubh tapssoutee
probablllst n Syshe f I

process Zdﬁ g@lnsgpfﬁgggig %I@éi%%e ﬁ@fﬁggﬁgg%mnég%?£$E%§ﬁnqjhe
activity datisityodata.t €his (s&blrmytalsmrbe ]ﬂnﬁoﬁnaitb}_,pthﬁayur&emﬂmmf obheds niemnoned

exanpl e, by the source selector 102 of FI e roc
202 sel ect %% %W‘é%‘ﬁm%ﬁ & SQIES BV éa‘gﬁ{FqE WP%PATEEPQIY ?ﬁ‘?}} a@

al so be pesdRréirele Byurtdicurs QMFANQ] &bRGI00 ol BRbatitsy rmsr&‘ameﬁqseatm@eahas
| east a portion of the sources may be sanpled probabilistically.

Pr ef er abl ydiscassefl Belew)- slyeme pmporimens tacesovese ecleciorg 0 nay alsp peisagre gt

probabi I t egi'é%dr&uﬁén%“to(c%% Iﬁ&%ﬁggh? 1o Bt SEUS REGmREI AL - il (R Bhers;
enbodi nent the source selector 10Z may also assign weights to
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t hese wei ghts may, for exanple, depend on the type of user action
performed on the item the user's rating (if any) of the item and/or
t he amount_aof ti ince the user selected the item 10042) The
process ZOWStzﬂéﬁHg%rliceeds to identify simlar (candi datP&T/qS?'éOﬁ@G;mﬁ
corresponding to the sanpled sources at 206. This step may be
perfornmed, e.g., by the candi date generator 106 of FIGURE 1. In one
enbodi nent, the process 200 obtains candidate itens by accessing a
simlar itens tahle or dataset, which identifies simlarity scaores
bet veen | t BRI STSNORE S SKAaRlD SAPEAD e e P8 @stionpgyomed|op Sgstem. the
simlaritiggef %H%jif dhy' brand Abh &nd/er HENRLAP oLRROLARNE: SEORSIl Ok ifthe
candi date itens. ternatively, the process 200 identifies the

candi dat e it end9943) oughhet praefiss ;280 atherc ordcedss riat idoily jsimidarj {gepdidate) items

cont ent - ba i Li.er n t . T i | gorj
0045y 1 1 oREalapbhyE b M s AORUREL of YRS Bhis SREAMIPCBLKRNA EL bt BT
further i ncntdes ghsoar A0 @i FISKREhAViI hgosamtdbaiihents der gocdse200v abtains
t hreshol d. By..di scardi ng candi date itens | ow,a particul ar. Coa
i el o ciidite G i fe e e L Rnduetiohn bR eluo PR o gy simitarit
t hr eshol dssdofes bBtiweeNAEIE I Tn iofie HRE CbB@hehNHEDFR 0B izhal PRE SWHMAER found
respect to FI GURE 4. 100441Thereafter, the process 200 conputes
initial reloRfiabkedeidsreigteandidate sporesier ﬂemapgﬁq‘%&ﬁﬂﬁ—délt@'n?‘t"éhs‘hﬁtpf‘?%.

This st epgﬁ@fd@,ﬁ-fﬁenﬁe%%ﬁme Tl | adith¥ialt &ﬂamﬁan@mgéehﬁg,icsm%ﬁ%&rd

114 of FlI The initial recommendation scores according to one

model r epr Bkamg, arhectherdypetol moramendatiosggrrdmnf or a gi ven candi date
item 100451The,jphtial reco adat i gn scores. .of .. vari ou mhodi S
are based on t HeMimbar GF PRACHAG Y B PEE Tmickuittfl sBPodih tieakong
i n one enbidiudentistandihgl demamavitgeqindidyle t a6resi IRTow( @. Greshdithe Purdiftasitg
of a particular ite or set.o vents (e.qg., . .the purchase of
miltiple i ?"’é‘ﬂ’_@?‘_‘:t“ﬁ%\‘m’ﬂ8‘t"rﬁ%"’ﬂf"&i£}f ﬁwﬁﬂéﬂ‘a‘faﬂi&%ﬁhé%‘ﬁs@m VRS gitv e example
sim | arityoPaingithgshofs #MPiSfabr ¥ ALREbIIGARRASID) KRRV Rith respect 1o FIGURE
recommendati ons are di scussed below with respect to FIGURE 3. In sone

i npl enent ati ons, the initial recomendation scores al so depend on the

"strengt hs" of as i d i LR Elr : .
o AL e
initial retemmidatmddisdones 2D dites elbodiynen perfdmmegyr oc essn@@0by the

generat es al%bz'ri)%‘isgg LG B S prtq. b¥hg‘dﬁt!iam ec%kgi%%gétiohssy s ARoR mgtct% e
initial retonmendation scofes and Saﬁﬁl . I'ng propapritisti

noi se in omeddl mpresam Miedichtalicoraticl yckees for DMiveh dagdidatpitababi | ity

di stribution ba%&d at J.east in part on the injitial .

[0045] The 1nitial recommendalion scores of varous embodiments are based on
the number of reasons for recommending an item. Reasons in one embodiment include any
event by the user (e.g., the purchase of a particular item) or set of events (e.g., the purchase of
multiple items} that points to recommending an item in a given similarity painng. Examples
of using reasons to score recommendations are discussed below with respect to FIGURE 3.
In some implementations, the initial recommendation scores also depend on the “strengths™
of the associated reasons, which in turn depend on the associated similarity scores.

[0046] After generating the initial recommendation scores, in one embodiment the
process 200 generates adjusted scores at 210 by adding probabilistic noise to the iitial
recotnmendation scores and sampling. Adding probabilistic noise in one implementation

includes providing a probability distribution based at least in part on the initial

-10-



recommendati on scores. Adjusted scores are generated in one

enbodi ment by sanpling values fromthe probability distribution. An
exanpl e of ! probability distribution and rel at %%Tm&lg
operati onswgggoszjigg@%ssed bel ow with respect to FI GURES 4 an 1_055980
Advant ageously, addi ng probabilistic noise to the initial

recommendati on scores enables at | east sone different recommendati ons
to be made by successive reconmendati on generation events.

10047]Final|¥, at 212, the process 200 selects a subset of the itens
based on tFROTTRBARINPIGEt APitstegrearet reppwsialit RONF SESATERHARY Splpg
the user. vhhie$fr&ih SR JredabRRy ARKHAIAEARYahfIE of sRAL &AL BvdbiI T &5tribditbn and
descri bed above, inthe nanner described above. 100481 FI GURE
3 i || ust r delesd asamplieg wpaaions care bwdisad eelopn wilhi kpepula FYPERESt 2 god i s
of source j : i s i '

erbodi mont b as Ry Rl ol RERGEAS (TN il HBHEHERAR, e ibles
pr obabi | i de¢dstsarecbiftrent deimmendyehem EGOadefby BhdckiRie Irecomhenution gasrddion
may be inplenented in the context of a web-based el ectronic catal og
system (s€€“F'GURE 7), and may be inplenented in other contexts, such
as in the contgot43) of BineBl LONDCHE PHBeRN0D Ml 2 $H8EcY bL1BS itehHOALLI N
process 300 may be invoked in real-tine in response to an online
action of HteRE adried pepreseleapisred! of Hecompeandanpps dpdeq Pigal Ths seguisy be
" ecomendae}Biited vhlulRRRRIA Fhot 114 AERIAGEST, HO HEMeORsdBYOkRAC! N
response to an onfine action of the user that does not 5|rectly
request the red®@d8kendHiGIIRE.3 Hbwstrites t angre, spedific pmbedmsnt3@0whisly rnetiple
i nvoked when the user requests a b pa hat jis configure 0

i opl 2y perRatie of S LB BN AR Nt IR BoRB33e) e keS8t o R o
ot her contpestabiliftiyyreedmmendalioncdyyemf sush Ae therRiHabitisiicCratbnifendsiegh dy@em 100

initiate th dati on eneration process and to displ or
ot herwi se *@%h‘@@@gmg? E&B%ﬁé??gdaw wpicget lq}ﬁ%?o.m%?f_ BXRisre clectgnic
r ecomrendahia@pSygan (REIEBRECA! oY B genpldief@d REbmadoaRkisYs@Rds SEMRE
to the user by e-mail, in which case the email listing may contain
hyper | i nk<opeXs REclestionia 8ews prrgHAaeVsas-pages of the recomended itens.
Further, the p al t] . € t i

of any equost Tohe, (e SRTEENR hane ERUkd BAHR A 8ok D B AR
100501At 30t9n phéhqpmeesBor3d@mplkt hiceves e spcafigdly wgers! scoomimeudatipns.
activity data or .itemcollgction. .This.ste as wel l.. as the.follow ng
fwo ot eps  Sisraie-sBEb S Al Siheonitido PufPond o fone® Bufodor R S
FI GURE 1. does antediestiipdequest the tre@ninse@datidnac toy iiisyanCg tthe FBdtessi 300 mae be
any of the q%tg‘ﬁeSCQibeq above with respect to the process 200 .

( FI GURE _2)“.“’ f ’FB&_ %é‘s?sdﬁq‘ﬁfts %?fe‘f HaEe 8t 9 f?"t{‘r&’rgrefl He ey %ﬁfﬂ@‘??%
data or i tedBnfidnlRhs, QPosdibly On BBhbihRlR CAt emer td%en0l ARQWE GeSarietlNifother
step also may be perforned, for exanple, by the source selector 102
of FI GURE Methqdy caim be ssedripiwtigpithrdicapnmendadtns scrdigtive reepcssginditaglisplay or
i nclude r . VAR AV i nt St j :

negat i ve osbaae e e S ERR O ot B B o R Mol ffen
appl i cat i cmtomatically be generated periodically and sent to the user by e-mail, in which case the e-

mail listing may contain hyperlinks to the product information pages of the recommended
ilems. Further, the personal recommendations could be generated in advance of any request
or action by the user, and cached until requested.

f0050] At 302, the process 300 retrieves the target user’s relevant activity data or
item collection. This step, as well as the following two steps 304 and 306, may be performed

by the source selector 102 of FIGURE 1. In one embodiment, the user’s aclivity data may
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1005111 n the enbodi ment, the recent activity category includes or
consists of itens recently viewed and/or rated by the user, the
unbought i&b%@s?ﬁ%lﬁat egory consists of itens in the u%f1®2m8%&756 st
or shopping cart, the purchase history category consists of itens
purchased by the user, and the negative feedback category consists of
itens the user has explicitly rated poorly: such as by designating as
"not interested" or by rating two stars or |less on a scale of 1-5

stars (see FI GURE Q). her types of .negative feedbac i ing
ol vt BT B o Mie o) B el g gotns SR YIELHE B e
f eedback GabRg0500 at18PSALT RaiBsRNRE &Gk BED! HRS of NOWoBERioHSRY hltiple
categorize source itens from which recomendati ons may be generat ed.
Mor e gener@icEsiiesiof sgeese bis dlcpslie mayhe perlemedgor regpls By theppwreristpr
as recomefgesr SBRRENENS he LEASHIERIGH S shoWE Sede® QAdBLEde recent
i ncl ude a purchase history recomender, an unbought 1 nterests

r ecommendeactivity, netlpapht ialeteste. muychpeedusorenadmegaiivd feedbasgatOtie chiegmtisaviey
recormendebr e D ?ﬁe\%g.hegst Th S8;Separate recommenders may be

i mpl ement €0 4% S PROLBSSEMYL or appl i cations whi ch each
separatel y sanmpboss] SOlk ¢S embRIQEAL B8 8defi hotility t&8goe anthdeabecdnkiel )y
for those sources, and scores the candidate itens. |In one enbodi nent,

t hese s_edeeéPcsé?‘%eé%Wﬁ@éF‘gordPEd 2y dbe P%?’pl”é‘?r‘é’m"é%}“\H“F'ﬁﬂﬁ ﬁ%‘e%"éﬁfr%?mis‘s of
under | yi nGtehRGh BreQisert NQisk Ay RpBind LRENBL AréHSCRTIBNGRLLRoRNH HSiems
106. 100531intuitively, the categories of recent activity, unbought

i nt er est s, pusghéseg yctha sieerhimsh Ge yegatisle depdlack tcategortsonsisty plelteethe | usgdys

negati ve 1 eRRRERERRoaRY 18 0P BRI (R AT o bl Y o voss

l'i ke. |t enm sicalelofid-Statarg sesEGURENS. iOthdr penerpitive féedbabaotiudiag mgdicy

may al so be disl.iked by the user,. ative feedback may be used to

i nprove th%?g%{?(gIfﬁebsﬂcg’flx?ye[%%‘ﬁ@ﬁgﬂ'%ﬁ%nqgat“feﬁ%e%g%%rc?w% is described
in further detasdszpel ahe exdp)20A&otidy dib3RGH Lked A0 3403128 Gouk DRI rom
306, the process 300 sanples Nitens fromeach category, where Nis

TP !

an i nt eger™¥iglt fecgamgndatiphy way thegepgpiehe Meaver %ﬁ“ﬁ‘ﬁ@},@ i gire gsmhpgieent giese
the sour ce geh&st 2k %ﬁﬁ%erﬁéntéﬁ' GURE dmmd O REmBRRART PBRbmmcird),. Mg hese
recent itenms fromthe Tecent activity category are selected. The nost
recent it eneemmendesiinsiided parshase histousreconipenden an uehiobehiintenits reperaensier.
they may b . al | . t

nt or oot s R B Guf FAULAL Rl SR S3PNEE IOMaDN pRRUREL oflRRER, Thee
may be genspatiedccomercadarommy Boimmplendnsgl ayenfsarc aompsents loe appdieatiops pagh
history in aldditi%? to zr in lacegﬁ% t he recent . hi sttorgs, sj,nce the
user may sEFt FPBBIPHAPLIS SR O Sieale SPRilaties [fandifiele tme) Jgfhose sources,
[ 0055] Rat had stdragtht akalidafeitdhsT0m tont emBdimkiteiBse deparhtt P& omaiEaddd £€ also

categori es, , . . . .
implemented with the same underlying logic of the candidate generator/recommendation

engine 106.

[0053] Intuitively, the categories of recent activity, unbought interests, and
purchase history indicate items which the user likes; hence, similar ilems may be good
recommendations. Items in the negative feedback category reflect items which the user does
not like. ltems similar to those items in the negative feedback category may also be disliked
by the user. Negative feedback may be used to improve the gualily of recomimendations to

the user, as is described in further detail below.
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the process 300, in one enbodi nent, takes a probabilistic sanple of
itens in these categories. Using a probabilistic sanple beneficially
adds "pro i noise' to the reconmmendati on proce

1005611 n gﬁ§2&5 nent t he process 300 sanples the hﬁ??ﬁ%gmﬁp§ﬂ%ht
repl acenent, e.g., by not sanpling any nenber of the item popul ation
nore than once. In addition, the process 300 of various enbodi nents
sanples the itens according to a probability distribution. Wile the

probability di uti,o t ake for i n_one enbodi nment, )
e Torm ai Stri SEbn. 1 30Edt pore Ve vt aen Gireegoryae R
ot her wor dg, in@a&Budt 84l Mhisheepnegalel pefiofhR@dPRekanGA, B9 HVsolRS s@ttor 102
equal ly li kelg chance to be sarrpl ed. This exarrpl e distribution
assunes t HAFIPHBE s dp opg aphodiseenp sharN moglresent itams foy Bieirsrentiasidtyzetecory
category eﬂé@él(l:c)'eda?lﬁ%sg rcé@‘ﬂl Sory ck cc?édtagrs{)@%és i 8%99515@1%% because
different levels of negative fee may be taken 1Nto account i

t he di st ritbhet manbe Fopreexampt e:prqstlmrwngaf tensa’ sangeytiatereftyias bider mwmg
may be nore .lik her

100571 For i dsigort v B on b e adrSiha Uabiint Sl G eniitan

category, ish ﬁlep.fsél‘twiﬁbﬂ histyryh Sdditidnubioih pliceQiTehd BRInEAERHA @I UhE Sser may
dependent (as determ ned fromevent timestanps in the user's

activity o%‘ﬂé’f IntereRtee ip pas FRerqlek B thsRS of an item bei ng sel ect ed
decreases W th g8} SuGhheAuidh G RULTRRY flbht %m!s'%%% thk Q&naﬁﬁﬂﬁg%tggones
when it is believed that nore recent 1tens In e purchase history,
unbought ithe piogsss 800, mielﬁweﬁmeaﬂak%atwolmhldletgmalllek ofeiymemribese categories.
accur at el . he. n Howeye ol der
oy st 1 BE L Pl bl AD ol TR (ARl Oflepih6H®
gener at e noo@ssH0I ed reconmendations. In one enbodi nent, the
age- dependent bilLit ribution Slt s function) is
equal or pr opoﬁéq%gﬁ lhfd}:‘il ?@W?'&F@'E)g B‘reé*’ gﬁ&t%’yl { ﬁeN Sty Wt f‘%t
of a nunbeeplackhRnge., WahobSanplie Bny MeABd 08 thcditdS popBRBKS mod! thiP Bhe. In
other unit of tine. 10058] At 308, the process 300 identifies
simlar itadgsiopotiecriornieidng ¢fovaises sabefiawnsociimpls ta lsashacsadpgotoy 2
such as by, &c68%s bRGbLESTT Wikt r%béﬂﬂ'x rdlﬁ%mpmug%kelﬁ%ﬁny f5ms, in one
nentloned above different types of sinilarity mappi ngs or

"simlari tq@@ﬂmrmy apenilese dlistibugion éy wscd foi thcllagauvtc doglbfodr cattigbrye rlarther
categorie r | e, afities
pur chase- E‘g%"gg eg?%ﬂﬁﬂrlﬁttpg%@g?g‘?%tdgg Xt% C@'e’P{eragltaél S ugl?}i grrﬂ:l}1 Cham? 5 be
itens in tsamplodr Jhasearhpls tbributat asgones, hatic wesditiks tadhiiem in the negative
S|n1Iar|t|F

to generat Sedé’%% %E‘?ﬁ?’?’ TCEE%L\F’/'B?E%“%}&@I‘%’{Q{ ﬁ’eal?‘ggﬁg‘fes%‘ﬁol St gﬁgleﬁﬁg"eg £

Conpl enentagitiveifeddbak mhdyeaBakah titd bRBBnt Whihe Rise L m%fexﬁﬁ;g@ iRmB8lven a
such as a digital nmedia player and an accessory for the player.

Subst i t ut i ¥ S mqr%}fav%@ﬁgv '&rl&orr-'ﬂlEﬁrhétqmsefﬁct?ﬁh@mbéene%tﬁll@dwlwaynaar

obj ectivel y) S'fmb] t utrgd ﬂce% ﬁa@eg%ﬁ&e'bthelsm fhe gbgn cﬁ{;ﬁ @Hgfolrf @k
a digital nedia player. In sonme i|Instances, a user for e

i nt er est edprpyrbdingybtahwironan ynssimpidngniatioreis dépsndant me\wﬂ ttsh:ntﬁmed fremrevéras
al ready p [ rltles e
ur chase HYSCRRP i AR A el ST BaCTE DhEbad Fen Moty el
i Nt er est eddecreaset ofith aghi Shchas dissibaidnadan be ubdi0 @ eixhiepis, Winatit ishigliere nhat
has vi ewed but not. urch}fsed an]d SO S stl tution SI mlarities are
used. As WP THRENY! éegﬁdﬂl SRYTCRGSE BRI HoRBEh )iTENS, GRd ESopRtjag Yiy pategories
nMeppi Ngs, mhAChtR DeirKO0 reMict B3 QG st ahtbledts. THBRENE SOIRA SR s iy a1 be
automat ed anal ysis of itemcontent, nay additionally or alternatively
be used. [BESSLAtenbms tthe prowmsadagonnarsessndgit ilve Leresibasiers corisd
or val ues £Qbnh&@ifnk inh%n@%%ga';]xl@mf Qﬁedggec%g?n{eﬁlﬁ?{o%alﬁﬂg &%&g%y@

scores for each category in which itens
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feedback on an item. The nore reasons there are to reconmmend an
item the higher (or greater in magnitude, when negative scores are
used) the | " ative feedback and/or category scor | g&j
to be, andwbi%g@”\"/@?ga. The negative feedback and cat egopﬁcé‘/ﬂggé)dr&gé 0
not have to depend on reasons, however. These scores nmay instead (or
addi tional |l y) depend on conel ati ons between itens or on sone ot her
mechani sm 100611Exanpl es of reasons for reconmmending itens foll ow.

The i PodTM di.gi tal .nedi a.pl b i dered substitut ]
SimiLar 1 GPHE A FETRAbrRA oo By o’ GeSa SR cbiiah Shmesetn

to his W ST alnufiber. Tt Searh@ibel diveh §@behrd, 8ay@NGeck & @8 Wd Ahe Mo thee. ZUNe TM
to the user as a recommendation. Siml arl if the user also clicks

on an i PodTM ad®8kor P11t thesProeiss 8@ rides 5J§F5rrfimé]ﬁf_ flgmgy corresponding to the
conpl ement @r.¥ed Mkl ede? c&t%rﬁ—%}%%%%&}a%ng Iit'eﬁ&@'it%m%ﬂ)‘?ﬁa?@{ m%@ﬁ%ﬁ’ Rod ©

recommend the ZuneTMto the ‘user. not her exanp SCrs
who di sl i kis mbasionRbaboNerbffercrataes vesiniilanty diappin feeort bigilaRoet™ Srayfok luesiNb

digital nedia plaver (e. g i ndi cat ed asimlari t abl e .

o Ui g o TR P s Rl AR GRS Wy Beihil, Bhblish @R fhilariione
i f Shuf f | g€y, iporchize-based ainiilagitits) @acthaed (CghegrrsynildMany folikie etk pliyches
of reasons .may be considered for each category,.such _as adding itens
to a shopé]’ﬂ EalpgorgWhile spbsfifugipn sipyilaificsde-g1 B VieMRE Mo haind spikglEg

itenms, desgé @&l iBGehdREBINALGA RIAELES R oBldr BXERIENICLAFRAERAY At HhRRS
|ist, deselecting itens in a shopping cart or wish list, itenms that
t he cust orfshag Jicarsuvhiell complgmeniecdch kasher, such as1pdgdp! mgdial plesenand ve

enbodi me nteﬁcesg{)}g g{ﬁ%ﬁ%lh}?éﬁs tglg%gplgg% siﬁigﬁgll PdmsGd ﬁ&?s!f \%61)1/1%%: glrag E? &%bj@&ﬁf&ly or

depend on reas e on simlari
corr el at i ommjecgedy)esbybitudad e ckch ythar, sualn ds ailfardne medela bl @digifd enedagddyi én

f eedback and/or_ category scores nm | so depend on th imlarity..
scores i n SHGIEERC B PRART BSranerasd BT PR S b R
a parti culé usee as0direBBRYpudchatcdk Bnct MHeQs@bLantiptlemdntly €xanMice in the purchase
simlarity score for a_] pa}}rcti cular sjmlari t){) pai ring ma%_ be used as a
wei ght rrulli‘?“&"lyi"éﬁth 1 Hhep SUBTIED U@“ei‘r‘&f 2@ Py ey éj’rﬁré%e I@g&mswéhmh are

feedback afimpat @oMbE &R Gat HAOBLL THE vRGRE B86 ndOPurathds, RhORBLbdiskios
noi se to the category scores at 312. This step nmay al so be perforned

by the prowabaities grecisséorer wilh e sognizedREripys PHhestypeep similemy mappings,
enbodi m?ntinm&ahuQ&ﬁenﬂﬁ&k@biﬂﬁnaﬁ@%%g%ﬂa&e&é ARt Rl d2br AGPEALON

the category scores. I'n one s iment, for each category scoré,
a probabi Ihawadditetallymoektomtivelydefiseded i n which a paraneter of the

or ababi 1ty di SUFPbut (A Faye HE UGS "euts BT PORO oh P ST
mean (if) iandle stguidafsdback category and category scores for each category in which items
appear. This step may be performed by the probabilistic scorer 114 of FIGURE 1. An jtem
in the depicled embodiment that appears in all four categories, for example, would have a
negative feedback score and three separate category scores. Certain items may have fewer
than four scores. For instance, an item may not have a negative feedback score, or may have
fewer than three category scores. In addition, certain ilems may have only a ncgative
feedback score in some embodiments.
[0060] The negative feedback and category scores of certain embodiments can
depend on the number of reasons for recommending an item (or for providing negative

feedback on an item). The more reasons there are to recommend an ilem, the higher (or
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deviation (o-). Oher distributions my be chosen, such as the

bi nom al distribution, Poisson distribution, or the like. In

addi tion, ot her than the nean and standard all

be used. 1@§ég@'ﬁnﬁ(’)ie enbodi ment, because a particul ar %%ﬁ’{@é@)@ﬁ@g%@’ore
depends on the nunber of reasons for reconrending an item the
paranmeters of a probability distribution depend on the nunber of
reasons. Thus, for exarrpl e, the nean or standard deviation could
equal the number of s or could be a f ti.on .of the fnud”rbe[\(r %f
Ceasons. GREEX A pT BRETEAR ot OB AT Ry B S5BI Togeye fecdback andior
distributi I@ﬂ:l@o &dﬁesrms@mo b8 aflesics 1hed The n&gaﬁmeédb@i@& ik lcatB@drp Woredidb h

respect to F RE 4. 100661The process 300 sanpl es adj usted category
scores fr ol bae lpAensadpr Feons hesicse. doesdcres rtl%métaade%ba@ﬂﬂwaiﬂ%wd

314. In an, P ﬁg&twcmsud?gngmeag&?&gﬁmg@t egory scores includes

probabi | i stl call'y sanpling values according to a probability
di stribution. EBi{hiéb t Ezaapleusf mesooa foe gaoynnsoding eras fllow. The iPod™ digital

Phan the DRt BEi<E 00 B etk st MRDERPIRL B 47y DR r 18

sanpl i ng fiRed ddid ai iesd"Prie Wisistdise ithif @fsanist 4de iaeRs@ t GRSy The ZuheE™ o the
whi ch are good, but perhaps not the_ best, recom"rendatlonﬁ 100671The
process 3085 %TEGOI%‘B?Pé‘a‘EWe Simlrdy, dithe 3pes glse glidks onea Bel™ Reesiony et iy e

feedback sgQy @erécpsrlmﬁﬁgg g ', E(ﬁﬁﬂl&rﬁ’mﬁ&? LifN1En) @J‘lh@!ﬁﬁea{’ thRdiiSik GebiSs Maon§ 107
each item In an enbodi rent, the sum of ‘the adjusted category scores

i s indi catieseegmdtheZmmeRetheatser easons for a partl cul ar product,

adj usted with K(S(RE bi |y} %ﬁqtﬁerg&%éﬁc }h%c ﬁl%tdléﬁ e ﬂ%ﬁﬁ}‘? ang 0o kdhaqpe

enbodi ment i s negative-val ue 'S Subfrac rom sum
of the adj dJsiﬂ(edxeoBsbcE@mfﬂ/eTHdrguteJSnedTm}ﬂam@eg,iaamdﬁ@&dlbacalsmsmmyaable) giving
therefore reduces the.streng of the overal| cal t akin
nto. accoutibvre SUEPHHSHER pReres e funruddBh Fon SRR sty
an item taibeck@yeebf. AASONHelct ty?&toﬂreﬁ@lmb’}db@gor@ﬂeﬂeﬂ g6 eaki category,
vari ous enbodi nents,  the neglatlve edback reasons (and hence the .

negat i ve fWelBhadding: ey tonnoppingesryer tid Yishadenas Asms. TaliRgnitewh 1388108 n

item (and lmﬁcgesabamgmgfor I:;h oﬁQsJ M%eeqlsﬁﬁ% %ﬁlxe;ﬁﬁt%mp d@s@réctmg%ams
versa. /0068] Finally, at rocess 300 selects a subset of

i tens based aghepphg cart emlsh bstelrteaws ﬂladl}qmlemmsl@@re@mmdoarpirtb@blm as
ecomenda | onipddy "5, Y85, UnBaBER, TR IS ATLBUERNY (o
WO 2008/ 1436418 RpEAGR BASME GATBOIcad depend on 51mllar1ty (e.g., correlation) scores prov1ded
by a similar items table. The negative feedback and/or category scores may also depend on
the similarity scores in addition to depending on reasons, such that the strength of a particular
reason may be laken into account. For example, a similarity score for a particular similarity
pairing may be used as a weight multiplied with a reason to generate a weighted negative
feedback or category score.
[0064]  The process 300 adds probabilistic noise lo the category scores at 312.
This step may also be performed by the probabilistic scorer 114 of FIGURE 1. This step in
one embodiment includes defining probability distributions that depend on the category
scores. In one such embodiment, for each category score, a probability distribution is defined

in which a parameter of the distnbution depends on the category score. For example, the

probability distribution may be a normal distribution with parameters mean (z/) and standard

-15-



100691FI GURE 4 illustrates an enbodi ment of a process 400 for scoring
recommendati ons. The process 400 is inplenented in one enbodi ment by

one or ts of a probabilistic recommendati uch
as the pr‘ﬁgéﬂﬁfgﬂﬁg reconmendati on system 100 of FIGU%%Tﬁﬁg&Eﬁ%VE

t he process 400 may be inplenented as using one or nore categories or
recommenders, such as the recommenders described above, to generate

scores. These categories (or recomenders) include purchase history,

unbought interests, recent activi and ne ative feedback. As
descri bed 95l (chd@iher Siahbutsns fwéﬁ cmﬁrwa 711 2 gherkiyomiplsdisthutipg eBpisson

100701At @s%ﬂbuftlgﬁ & 52‘15:“ 1&atf Q(@JHY 011b g!ﬂ%ﬁ%&%%ﬁ&? hh%]q gmcﬁ‘ﬁ af Ghe sﬁﬁd}agd La‘ﬁon

itens having a candi date score ve a thres I's step may
|nplenented%ﬂkommbxanple by the candidate generator 106, or

alternatlvely, robabilistic scorer . L.n _one
Srbodi aent ¢ ¢ nd0Wsf D RDbE GRtstel. SRSk Satiel bpcroRlscpis APeRRn Phe
t hreshol d Imaxhér a%tareasbﬁs: ﬁmtreo%eineumhy aR Emy HRQiagRictarNbed pobsbility Niidiligion
wor ds, nore candldate itens will be discarded in such epmbodi nents in

the cat egdleped ogrihe Rl OLRSESODS-t YMEnter GFARAIG e e F glapdard qeyiation could

exanpl e enhediEAinyRs stRSnd dabuRRH HAkRn bf 8RS uBerl JFPeRMsC MR &xample
history are nore relevant to a user than unbought itenms or itens
recent |y Jinglgegntaaendoft ysing Ia@@hxhpt dignbwtiops pethdiedsprsrie descitbeddin fwghos getail
enbodi ment,s may al so be applied to candidate itens
in the negacwégai%%é% gk ca gg%ry This threshold in one enbodi nent

i s hi gher than[a(86] thﬂhshmkdsSD@mmhﬁe;mﬁh&ﬁ:m&gagamnesﬁomubmpmmamhmm

fewer negative ack itenms ar sed th items | _
ot egor odiosaddeiis BEkerET Soadput oot ComPRLrayPbE ey DTy

i ncrease OkordeGHcRASE pidbEbIRIRMAL smplsaﬁ%tmyaccfoﬁmﬁgb&pk poRvilEe disirivoigane
enbodi nent, the threshold is set hi rovide a | ess- aggre55|ve

level of nawsthsalysisd §pisRaRy S@m?mmpbabdwm%éarml%é@sﬂdm@ GUELONNICAES

whet her t b fYo Lrh8, N
R R e

exanpl e, bycilitatgs progidaigi diﬁ’f@tntcecgmmﬁedahmnﬂtooiserslw@ch lare gojod t e pﬁégatnmﬂée

f eedback e be eval uated, the process proceeds to 512,
wher e theq%%bggéénégﬁﬁﬁgnputes a negative feedback score for an item
as (1) where RG63]t hmlapﬂms 30 atrseasmmhamdjusaedamdzg,dayacrceemﬂ$1iaa1agaﬁwc
Thi s expre 0 | 1 trates t.hat the f eedback score for
o o SealbRtnnt br g B e ac e e ooV S-S oOn s G add
for that |Jnﬂ:l?6k1m§@ﬂe nlenuhﬁomn@a;;@ﬁemda&@oﬂy stdresis ladicatiieofBt HemBdr of tdasons

i ncreases exponentlall as R increases. The expression (1) nodels the

assunpt i onfOF ARETLEHY RrBTUSt dRsish VG araabiistic Botses o Fher reseljvel sdbacknsepicdtn
the nore ldnléeelrﬂbobﬂnehtsi t&asnv%%me& & fnby ;sdguﬁllrdckea ﬁnﬂuﬂeagmﬂ Bleﬁﬁ ad}ted

one enbodinent, a is les§ than zero, so that when ad] ust
cat egory sw@isgery sagres- aahmbgﬂWesﬂe@bamztomethmorq Néuqqegutsnvr@th eédiganfkrall

score is_€f Eu% & s%o% Yarty m{o?%%o%gt t515t e@er% ﬁ'] Hmrg %%g re%gdnlsjsf gCOQI e%gméy

_f ﬁgr gfs f e-cr[] aenofenn@l@m meebé eadihe 6 nbﬂretdilﬁma’uiﬁ’f@dnl itead jr lig.taﬁdumﬂfoﬁmiears, tha
'tem negative feedback reasons (and hence the negative feedback score) may ontweigh the reasons
for recommending an item (and hence the sum of the adjusted category scores), and vice

versa.
[0068] Finally, at 318, the process 300 selects a subsel of the items based on the
items’ overall adjusted scores to present as recommendations to the user. This step may be

performed by the candidate filter 114 described above, in the manner described above.
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10073] For each other category in which the item appears, the process
400 at 406 conputes a category score where Ris the nunber of

reasons ar\q, 0%o d S gonstant. Li ke the expression (1), ﬁg@&@@&ﬁhﬁon
e

(2) generates category scores that are exponentially r

nunber of reasons for recommending an item In an enbodinent, c is

al so greater than 1. In one specific exanple, ¢ is 2. 100741The
negati ve feedback and category scores conputed by the expressions (I)

and (2) in one odi xanpl es of initial reconendation
scores. These ¢ @g? Fﬁ%/%ﬁ ‘gdﬁ Séfﬂ‘ﬁﬁ)cff’n’éﬂtfqé‘“}‘%r%s%d’tmcffﬁe g%sf?r scoring
theoreti C%co%ﬁm%nﬁﬁm%é” Tha pelicdat &0l & ‘%‘ﬁ’iﬁlein@nt@d RRbhd EHbREMERURNEYor more
Thus, if the best theoretical overall score of a candidate itemis

desired, i%womparenise o ofpprobebilisienresommendstion heysicmi t sush  pse chembiebrbilisn

Scores. Orggomn%%dﬁfbn%gygg liigehs FIGUP& Peﬂ“ﬁ&\%;‘é? tﬁe pﬁ 9%@%&10%&& 3 &%SFEH%EQ

by expression erm nisti
resul t, nasprsoigadiel orsmore qamgcsreasms radxdﬂnbntie]stshieh e giat ree@nheekisaddscribed

score. Since negative feedb n certain odi nent s.

ooty i o 26 i aete e - Pt PasfeOTR B at e an e Rl Bistop:
be equal | yunBeghht invePestsNRcdl bRy, 408 abaEd fcsdiack. NBOIREHIRE 2BdVe] £1d9RAA. o
However, in alternative enbodinents, this score nay al so be conputed

pr obabi | i siEVeplegories pyay 215989 897 18PCT/ US2008/ 063780 [ 0076] I n
contrast, the Ggi78POr Yut 3685 0PIRELS InbYrob ) 480 &IRURLH AL RCh st HhPET

to
candidate score above a threshold, This step may be implemented, for example, by the

candidate generator 106, or alternatively, by the probabilistic scorer 114 of FIG. 1. In one
embodiment, the threshold used for purchase history is lower than the threshold used for
recent activity and unboupht interests. In other words, more candidate items will be
discarded in such embodiments in the categories of recent activily and vnbouglht interests.
This cxample cmbodiment assumes that candidate items in the purchase history are more
relevant to a user than unbought items or items recently viewed, and this assumption may be
different in different embodiments.

[0071] A threshold may also be applied to candidate items in the negative
feedback category. This threshold in one embodiment is higher than the thresholds for the
olher categories, such that fewer negative feedback items are used than iiems in the other
categories. The threshold for negative feedback may be adjusted to increase or decrease the
amount of negative feedback provided. In one embodiment, the threshold is set high to
provide a less-aggressive level of negative feedback.

[0072] At 404, the process 400 determines whether the negative feedback
category is to be evaluated. Steps 404 and the remaining steps 406 through 414 may be
implemented, for example, by the probabilistic scorer 114 of FIG. . I the negative feedback
calegory is to be evaluated, the process proceeds to 512, where the process 400 computes a

negative feedback score for an item as

a*R® )
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produce adjusted category scores, as follows. The process 400 adds
noi se at 408 by generating a normal distribution for each category

score base‘goggosglg% Qunber of reasons, where the normal P(y r%bo%k:‘f’fgdq

has nean ard deviation where Nis the maxi mum

reasons and d is a constant. The mean and the standard devi ation are
paranmeters of the normal distribution. In an enbodi nent, these
paraneters characterize the normal distribution. The characteristics
of the normal distribution can therefore depend on the nunber of
reasons R 100771l n the depicted enbodi nent, the nmean is set to equal

the cat egaihersSR o @chaibé diatakinsuhab aﬁmyagmomtaﬁaums @ﬁpr&sioﬂ@lc’}aﬁﬁsﬁﬁtes
t he nean i ncreases, The standard devi ati on, on the other han

function dkatfncggie Kerdbasts TeRsr f5m fem domreonmhilhusiacAde thepaber of reasons

reasons R GRmeertyamdt!iem. aSviRnl PG GRIRS 1thz|}1h!3 (§t>a'§‘}j6m VRIGY | 'of’-t(l)oﬂlcreases
decreases. In one enbodinment, Nis set to be the theoretical ‘maxi mum

nunber of gEpehidlly rseRSomeses offhexxprgisien (6Dmoddscﬂmasstrmemmomslt hamae
may be adjysted exﬁs?fm%&e??osc%s}% agg%‘%ﬁé%oreﬁﬁ’{f:ﬁaﬁ?m% th\é\’n & By r£§ ike similar

standard deviation 1 nAcrea
the val ue iefnsd eme()erﬁaodfn&ﬁﬁ &)1E}eamqhhmzm rsoelat dhat the bugmtm@a@ sccﬁad)are
er eof nstructed cor

(e.q. 0 I|t nsity funct.ions ) in
Lo The Bxprtebnlsd 45 Palme apeai SRemank i baTRaveh copecisd agy e S
conveni encg, thecamustea WRdSornedor®! THE Séistabldlal B8 1AdyELeS HRINo HeARRESH defeRP
X axi s versus P(X) axis, where X is a randomvariable having rea

val ues andhwffeft ofgeggiwe fedhsslopr tbepvesl) adivstad seare frem et i ve

Crmoo et 2 TS S BTl A NGY PR kel

char act er icsmputes a Fhegogi 0w buti on 510 has a nean value of R c, and
the distribution 520 has a

R (2)

where R is the number of reasons and ¢ is a constant. Like the expression (1), the expression
(2) generates category scores that are exponentially related 10 the number of reasons for
recommending an item. In an embodiment, ¢ is also greaier than 1. In one specific example,
cis 2,

[0074]  The negative feedback and category scores computed by the expressions
(1) and (2) in one embodiment are examples of initial recommendation scores. These scores
in various embodiments represent the best theoretical scores for candidale items in a
particular category. Thus, if the best theoretical overall score of a candidate item is desired, it
can be computed from a sum of the initial recommendation scores.

[0075])  In an embodiment, the negative feedback score computed by expression
{1} is deterministic, e.g., not probabilistic. As a result, no probabilistic noise is added to the
negative feedback score. Since negative feedback is sampled in certain embodiments
according to a umform distribution, where all items are assumed to be equally negative, no
further probabilistic manipulation 1s done. However, in alternative embodiments, this score

~ may also be computed probabilistically.
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WO 2008/ 147718PCT/ US2008/ 063780 mean val ue of RJ. The illustrated
enbodi nent shows thatis greater than Ric. In general, as the nean of
a nor mal n increases, the distribution (or

density fﬁﬁ??@% H%ﬁg shifted to the right, and vice veﬁkﬁ%ﬁ$k80&*

di stribution 520 has a higher nmean and is therefore farther to the
right of the distribution 510. In addition, as the standard devi ation
increases, a nornal distribution generally spreads out. The

distribution 5 her standard:-devi ati o dis th r ef

nore spread ouﬁ&pﬁgn ?ﬁ 2 (e HiEgoptsoRrsH compuled Femarpy ﬁﬁdgﬁﬁﬁﬂPo
FI GURE 4, f{rbduchUidpeee @feg@d] 46iks,ng fol6ws harachBedss Une &N aume lal 408 by
FIGURE 5 will be described in the context of sanpling. At 410, the
process 40FNaiKE &gompa) disbuben fartae prineam scaieshagdoes thermumber elaspsons.
category exgsphe hiSNggablhyd hegdhack category. This value is

determ ned to be the adjusted category score for the item or in

ot her enbodinents, the adjusted category score is derived fromthis
value. This value in one enbodinment js a value fromthe X-axis shown
in FIGURE 5. 100811The narrower PheRpartlculé} normal distribution
the nore likely it is that the sanpled value will be closer to the
mean. As the nunber of reasons increases, the standard deviation

decr eases addtahdamedevidtiennor mal di stribution narrows. In addition, as
t he nunber of reasons increase, the nean increases and hence the
distribution is shifted farther to the right. Since the nmean is
dependent on the nunber of reasops-egrgd., tha)best theoretical score
for a particular category), the higher this score, the nore likely
that the sanpl ed val ue mﬁll be the best theoretical score for the
particul ary ere)%q fid niad ammum er 0 £l Et Og an ﬂ.\ﬁg;o:?elm?{bu{)e lgtﬁar}\?arnﬁllh ganﬂ%rije

f ewer reasons £OF T eCONEh an'

spread outdevikien mestakdmengs samelrednmdmﬁbmonadp s te@bodiicfQ dicye pOON&ers
will be nnre likely to va &EHEHSUCh nst ances. 100821In one
f

embodi ment ShaRHEE, st b Ghareripristcsaolnibg igraal ofistipion can

spread Outth&]%réheﬁéﬁdlcﬂuﬁdﬁﬂlﬂesefrzﬂgnsemt ropy for a nonnal distribution
is In (crtsvrt Since the entropy of a distribution

depends on the(l%(t'fghdarl@theéwenﬂi erRbqdiment.tthmprnghaat 1o ¢qual the category score for

a particular category. Thus, as R increascs, the mean increascs. The standard deviation, on
the other hand, is 2 function of the maximum number of reasons N minus the number of
reasons K. Consequently, as R increases, the standard deviation decreases. ln one
embodiment, N is set to be the theoretical maximum number of possible reasons, for
example, 60 reasons. The constant 4 may be adjusted to increase or decrease the rate at
which the standard deviation increases or decreases. In an example embodiment, the valuc of
dis 0.5.

[0078]  Example normal distributions 510, 520 (e.g., probability density functions
thereof) constructed according to the expressions (3) and (4) are illustrated in FIGURE 5.
For convenience, continuous normal distributions are shown graphed on an X axis versus a
P(X) axis, where X is a random variable having real values and P(X) is the probability of X.
In an alternative embodiment, a discrete normal distribution may be used instead.

[0078] The itwo example distributions 510, 520 shown have different

characteristics. The distribution 510 has a mean value of R,°, and the distribution 520 has a
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standard devi ation, the greater the entropy of the distribution. Said
anot her way, the fewer reasons there are to recommend an item the
greater t of the distribution wll be, and t

greater |h§’el |(I[!1 that the adj usted category score w :}Te‘r@égﬁ“é@?”é"
for that item 100831 In one inplenentation, the sanpling
operation at step 412 is performed by using a pseudo-random nunber
generator (PRNG . The PRNG generates uniformy-distributed

pseudo-random ntilﬁnt)?r . .Thereafter, the output of .the PRNG nmgy
passed t hrBtRyHa ﬁx/ng%ﬂ‘eafﬁﬂdmb\?@"&P%%hP%@ﬂf&nl&%&@(%ﬁﬁ’vorln swexaf

normal di str Ny 9.,
Generat e hoSany ool B Ao R RO A HERE, BT JRLANARE Sl FhRhLY Ak
PRNG may bkngdms};mdhmhd tulh right Bow-videokiser Thus, the ggmbatlort izﬁ)rlﬁﬁ o highéronean
generate the n r|bt|o i.nc e.PR a determnistic
Punct ton, #41 HheHerssipiieran e Saiar B Sk iontibi I R ses PO
is not tr Ude)haﬁb:@bﬁfbhieb sdmmamwﬂmron geRtraliyn@reBtly RRS Thie @fstribliich 510 has a
di scl osure,. this sa | ing operation is considered probabilistic.

100841 The 'BrestErdardieviahen aldbeivint worrspreal o e theckisripuon 84er at e
recomendat i ongoggoft elra%?e%lnyo back 8 EIREE: hUAC E)hlggﬁl dftaxju tt?@clﬁfel&&eﬁ&?c@

in one enbodi nent seedi ng the PRNG Wi t h sane eac

the |ist |$lmgermeFKi1§tE 59rlﬂ(be dedegbegiuin plagt cqnfexaofmw@mgs ﬁeﬂ@r thepraisci00
e.g., isp i S robabi li.stic sanplin
done usi ngsra?‘%leegé&%ég\gﬁgﬁ Ly Uma{)@etae'fqleo? nf1°rn‘"f"s 7L LeROp SE A B Redbald

sanpl i ng tdmmga@oﬂaxsmmahs@mmxﬂe&m ]&ﬂﬁéadﬁﬁflﬁﬂ @dgm—@lsuﬁs fogalghitdm, e int diler
list is ge ]gjoated wi.th the sane seed. B addition, a PRNG may be used

sinilarly ¥ W‘belnbsnﬂ}ﬁadﬂ‘ﬁ@dp‘iaﬁﬁ%%lslc?r§t‘f REITh D P lihe 58S m one

sel ect or dessedinkedisakame rohNHSX-kRERFWIBAGAGURAS. My not be changed
until the seed of the PRNG is changed. 100851Vari ous enbodi nents of

the process 4000®dht erfbr aewovssithrypartiuinr pormad [disguliern e mpredikelylibisPIRNG
to adj ust §0e,A040LL0% fllY%E' &PB 1'119 nealfSeAs e nﬁ&%wg%hmmua&% e

give a certain anount of over bet ween new reconmendat |
gener at i orstangdendtdsyiaal) desteasey anmh@lco’/melnannai wlisyémedn namMsy In ediimxas as the

i al h
Change rag iy SiAadR PHepsF b et Aotest G o't ab ST Bt e P

pagi nat i Onthfz)lhglill es'm;e tbndnmehn ﬁaiy:p@dauronwhd Hurhbes b rea o (d. gl,gthmulssu ithdogetiva b
pages. For these Ilstuim brok ina {on caB oc%g] when a user sees
r econmendat* PGl § PUHTH calsqry e]'he B S50TE/BS Helyagdhe swledyaluge

list r egemenladeltlwbe@ﬂh@caanap@g@ [BCHE éncu?ﬁ c@@?&f t&?%fbs@bl@féﬁ)) YaheRlelyOft
overl ap ma}; be i npl emented such that a set of recommendati ons does

not changeP$isrreleyer £aPps 196 Facommending eilqme . the distdhution il e mogapritad 93t
of the nunh%neaﬁm{ges%&glxg@ Rk o0 Qgihdiat (éit@%ﬁﬁresﬁ&%shaﬁg;ctnt&c ﬁgagﬁé&%g{ such

this period of ferent seed I's provided to t
gener at e nestercegommendat i ons. 1008611 n one enbodi nent, the anount of

variation int Wﬁus&?co'i"%ﬁ‘éj 91;1 ocﬂnent tthe entropy of the distribution is a measure of how

spread out the distribution is. The entropy for a normal distribution is
In (o¥sgri(2*pi*e)). (3)
Since the entropy of a distribution depends on the standard deviation (o), the higher the

standard deviation, the greater the entropy of the disiribution. Said another way, the fewer

-20-



bet ween new reconmendati on events is tuned by adjusting the variance
of the normal distribution, which is the standard devi ati on squared
(c2). For I .f the variance equals 0, there may 0

overl ap be\%@g@”\?ﬁg%ts. The constants ¢ and d may be a#&é(fsg@gzogﬂso
increase the variance to create the desired overlap. One approach is
to auto-paraneterize the variance according to a specific user's
frequency of return. Using the variance, a balance may be achieved
bet ween the nunber of identicgl recomqmendations over a 1%er_i od of.LLme
and the qUETPEYIEE FelJRENYRLIBAE™ 1iF BT SoBierent e fspibalamyilkbe:
these par aBtRISis alfaRelikEhesd ha 1RF RfuBled Bltygosy RoteSviR bOvirRd 2QYbAVen! ap
bet ween new recommendati on generation events. Mre preferably, the
paramet ers ar e [##3List dgonegmpleawniation, g sewplimogreisten A step df hsmereamiyd by
maybe cho i Lf i€ i 1Fi T : 0 D0
434 sunsipnd BHdIEAh ROR0S ERELEy ARRE IR TG WE-RLOEERy
score for dsdbuied prudoraaddn eveban dhersld, Gdjouptied’ the PRNG oraydmglassed
item The pverall .adjusted scor.es. e used to rank.the. ife and
choose 1 ¢ SHETFD P RSt URRART S ARG ReliS oraf poGe WBF Rl Fait's
enbodi ment &sigdd hbd HA LRSS 46Qatioh he gédepitBthe Wadel ABSIHAGS. Alternatively, the
probabi | i sti cal I%Fvari ed accordi nlgpt Q the nunber of reasons for

r ecommrendi P Rethe £8MC ey ke pssrdtBiPrgh 2 BraMyplh esgcun tepsipgt togeperate

enbodi ment . REARRRIstAbRlibL abinYe {h%g{)lzgg&j(% Lha%iﬁ&fcffu%m hOthisMEnbodiment,

category scores for the itens. FIGURE 6 illustrates a portion

of a web paygelishbwicrpabihtyheviplien sawb iy padbabibsici dlavekercor UPhparposes of
exanple r - i - di: _ ations for a user.
The T econmimat Pu (8 S BHgopthol SR Sed BERRIRICT, T out ¢ he

listed product {0@ED (fTher PRINGdOR et embpdinend magldidebe histd anszehatie

addi ng each product to an elegtronic shopping cart.or wish ljst. In
this exanpFEmpRdaess e Gaant s M B i e gubSdipent by
control s 6skddindid PRNG fath tHGamt BEHIGALH fde HonBT ShbRradd. Ind thositpatorag
a lack of interest in, each |isted product 610. The recomendati ons
servi ce mebRNSds ORPIIPIFicorAatt BIRICEOEHaIgv® hhseed cbimpinbbilistn saprling
makes. In @dae%emgmem@ willhiRo BE AGE&TnikiR. %aﬁasilﬁtaésanﬁuﬁgmm?&-e RQults in

i nformati on about which itens have been recommended to which users

needs be ribt aimeshmpled vabics each tops tho listos gengratalsitathgsemne sepds dee addition, a
dated i f ' i . he
S usts 1 nS b S IRISARAR Sl RS PR e TR B, 1 or

vari ous f eddstrited adesc Thine tcabmuelations rhay rionfd dnegtl edtil the tdeé of o PENG of
a web- base&@sg/e?t emthat provides functionality for users to browse
and purcha%®’%fens froman electronic catalog. As will be recognized,
the various feghesses OfarblhiCelcdthOtest (RAPREUsEBOG SonteiplA¢ SndBis stateless
i npl enented in other }%ﬁges of sxstems, including, e.g., music
downl oad sKePEEttthiaPRINE dp At dhsrarapwnt of variion Hs useh i repemmendatigs fist to
downl oad hj; i j i i Vi ating
1t s basky on” aorbhiian e Reiibd oy kMt R AL R Rausting
recomend wéwsaration depsficllly adduses polentia! uysewsorivsows i wigchhirdghor gogwr, if the
browser togl e ha ¢ nd.web sites and other

net wor k re%g‘gr?%%@%lﬁ%ge%é’% %@3{9’5 k{/%gtm%p%g\sﬂaﬁ@wﬁi “zi"orﬁ es pﬁ/egjgg‘ﬁ broken
servi ces f gasirptiay p@blegs, elticnmean dadur onith, listhgekond mukiplcelects paped. CEs thésat

enabl e usels to,pay for goods from various particjpating nerchants,
2nd 1 nt or it KERAE Ve O LR T BOUD PR EC QTR ST PrF<HIeCORE o7
i ncl udes Oﬂguwéqumr;ﬂgw&iﬂc?@méq{st PRGBS 0AQhcH Ba%% HDERET AL FeRABeS/YE
pages of a host web site in response to gage requests from user

conput i ng Wipligteeverign may fig ipRipmendsd, aiek trpa S¢ o weammyadapiorscdoss gotyhange

cat al og of 4] . LN has I i S
dat abases. fo‘l{'rﬁgg?qtﬂfa &rogr%g:‘a %anr%g%%i/zf?]%gé’ orestz: gﬁ%‘?é}t}rﬁ%‘r Oﬁf%tr)rrgﬁl? ﬁéﬂlowsj/t
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100911The system al so includes a data repository 704 (e.g., one or
nore dat abases) that stores various types of user data, including
identifi erﬁogf]os;,g% gtens in each user's collection. ForPﬁ%Msfﬁwiwe
data repository Oi may store users' purchase histories, itemview ng
histories, itemratings, and itemtags. The purchase histories and
itemview ng histories may be stored as lists of itemidentifiers
together with associated event tinmestanps. The various types of user

dat b ible t th nent s..of th t i
Corvi co ( FETSSR R i S WS oSk Bt 5 REh T b PR
2008/ 1477]@5’@&5&2&@8&&6&%&&14 0092] The system al so includes a

recomendati on service 710 that generates recomendations in real
tinme in respond®8fh r &y orsesbaliaraLUSR FROUNfIRE VARRUSHTIR it TR YERYATC !
710 i ncl udgg, &, R{eezbﬁcé@hmgﬁdaﬁm{ SRATRNARL B adiSirg hd QQrideatof the normal
i npl enents sone or all of the probabilistit scoring features

descri bed disrimition, Shphristle wadendt devlator sqpodeiel)s Feryexampleo ifathk wabiance
provi ded for rform ng, ., source sel.ection andi dat.e .
gener at i orﬁq“?fg @b‘gffF I“?aé'?’F&g@’g(??’?‘ﬁB, e E‘é‘ﬁsdi]l tcgm‘? “{]Stcearngr(ild?ayt%eag%‘swd
conponent S, FRYcadd the Vifan@d toPcr&id Gk GeGi@ABWrRp. The @PproRPAY LR oCME:ETZS -
100931The grobabi listic recormendatign system 700 operates, as

desc r i .bed th BAFIaDGH CRoTiag ﬁb@:ﬁpf’figc me@ﬁEQJefcx ﬁrrgta% Using)ipg yariance, a balance
speci fi cal |y, pd AGiel RGRIMENHRLLADS of He¥iG Eredornt RS Bv@0Boifld ST and

"simlar itenms- tables/datasets /08 to look up itens that are simlar
or rel at edh¢ gualive of srowenchdatines, trogest drebodinant fas sxapirde, gbiesd aprmetersuars
i ndicating th trenat.hs of. s t1onshi |..m ] 1

bl es) | POy BERGAIZ B3 O Py A Bh BLER SR, adl e en Bigh bilERaion
conponent ektfs.t Midre airferaphe theymemsterpart atijasied fol gtaxr & 6 o 1 %6 varlapwiQniger
hi stories, or so ot her, type of user activity data, and detects and

quant i fi esPBAEY BF S1p5eEl IHEEHLFIR9IR et ween specific items. For

instance, if pysggrRse Fafl and Hocat doMaed 4 shihneMeAdfiBYd BRcJTAPRELs bY the
itemB in a purchase-based simlar itens table 708 if a relativel

_ . . . vely
| ar ge nunbregathe feadbackseore fopmerhplgmdn adueyeian axsral adiusted seare Fa sadh itepenhbe,

Qther 't ype{;‘\,e{%@ gﬁﬁ:%&ﬁm%dg% oS8 RER thé AGALARE0JsE RARTBP ARk RABrdation.

engi nes t hat ot use itémto-item mappi ngs, may al so be used.

100941The Eiwects anicsulcal atiogn spbodmentapf dhe pracas| 4tfe tyenehe egmifiogs are
handl i ng Var%a%ﬂ%tigat]]he\rarigé/ R&3r 1r]; ¥oaﬁ1lés11unﬁ)%rc p)f Ahs N3 %?r %"t!&gx%%dh?gq}feqpmn.
¥ gq processing, storing

transacti o processyng, ~searc uery

user - assi gilett tagRlianie madcegd0 i aseBiStmigpddfientss gobakintdlyed-radks egms
| istings, etc._lOO?SlThe web server.s 701 use a data repository of web
page t enpl ¥f¥ ing dethe gategory scores for the items.

[0088] FIGURE 6 illustrates a portion of a web page showing an example
recommendation interface. The example recommendalions page 600 displays
recommendations for a user. The recommendations page 600 comprises various details about
the listed products 610 (four products shown), and inciudes buttons for adding each product to
an electronic shopping cart or wish list. In this example, the recommendation page 600 also
includes a sei of controls 612, 614 for rating, mdicating ownership of, and indicating a lack of
interest in, each listed product 610. The recommendations service may use this information to
improve the recommendations it makes. In an embodiment, this process is stateless, such that

no information about which items have been recommended to which users needs be retained. A

29



dynam cal ly generate web pages in response to browser requests. The
tenpl ates directly or indirectly specify the service calls that are
made to thgoSesYiusgs t0, €.9., request data needed to %W[E)s%o%mkﬁﬁo
request ed page. For instance, "an appropriate tenplate nay be provi ded
for generating reconmmendati on pages of the type shown in FI GURE 6,
along with various other pages of the site. WO

2008/ 147718PCT/ US2008/ 063780 100961When a user clicks on a link for
Vi ewi ng reg nda gerver sts re ons
Tor "the usehorafitt BEPlons ket 76 vl B F RSnip R VAL B be
r ecomendaipdaaswhartid wer adhets et 2adll. or a portion of the user's
act|V|ty data or collection (t%plcally dependi % upon the context of

the user's reqd®®P) t S1GERE T ustratss hopcBiavariens Fewss desnbed sboys may bg
process, tiheLRGRITE maéohemsoisaetvxﬁ 6Red g%te%amauﬁ.%vﬁ%naronaah % fH skl 8o
candi dat e géneration, probabilistic scoring, and candidate filtering
oper at i onsbrd@mandb@d:hmdws freyan dedsmicofatalgg. chs vill bh essesniiasdt the esrious
Is/are “Seﬂam}epﬁf 5 Sl élﬂedﬂ!:o% b %L {a§% ?Mﬁgﬁi%n{e L%H‘?n Qi% r BpR%UtshQn o
this i I's 1ncor ora 0 Phef équest e ForP

transm ss i mﬂucﬂxmg,tekga m@ﬁ‘dc&rnﬂn’adb\amﬁsammtﬁoﬂﬁneﬁﬁ’ &us&@ﬂggﬁa'ﬁémomﬁemf oasic

and ot her i tion components 700, 706, 71 718 shown in
FI GURE 7 rfﬁg?*P ﬁ?é‘g%rﬁﬂ”é?ré% aﬂSl&cafltwwws%"@@éﬁ?@&ﬂs&%m@wssv vigdso
nunber of GRREKiRbrie WBOS §itcs AN ULRICAH nBWO GRRRES Mased ¥l Mhefdt h&Y Bdlvsing
servi ces optlonally but not necessarily inplenmented on different

nmachi nes ilHeeiEohraEtelpolgr hassdtsxppnrs thehdecopmenfiouth stesmag dslker eyl
in any typRsdfcct YPRS oan CRURY! Bk, SLALAAE: nd g.tes asehaklyidisS kfmdrﬁ]g\q&mg
and solid state nenory devices. The varfous dat'a repositories 704,
705, 708 rmgonsnemdatmnb,ychb@(oumllshmwﬁ thmen@kawrsuymey 6dr goodsplining various
storage, aq c;pa¥m m rcmlenem%mcyd vu%mg 3 b ases flat files, or any
ot her typé) of Hb Fer orage archrtec G’ 5100981Each of the
processes and qotguorl t I‘ITIﬁE gasarihoed ;abﬂmlmw heivdebonk @€ ndre vadbdserver

fully automa , ,code nDduIes execut ed by one or nore conputers or
Fvaes L g0 v

conputer pf thatgracralGdad sHe PSS SHE P 1GPOBIRI0 PygFregests
conput er - I gaH AR oMPeling MePitesCROPYHE fveh Ts&{/@geoﬁ ovie useTQ@cePsrtQ(éec‘ééﬁ)é of
and algorithns may al so be inplenmented partially or ly in

appl i cat i dfmsgeRiEFenied & ¢ davabape, /08 R éOIFCéBQﬂ pldappaseh eﬂeﬁ rscmso%@”@rably include
processes mq?s% QERSHs ﬁa&ﬁﬂ@ H%&(lréﬂ?fseﬁ tvfértﬁgwekpﬁ{es(ﬁgt BN, Gt mgcrv @8&%&@

inany ty nputer stora such as those ntro
100991The marm'sc@ ofre?@)mb@@ab@ﬂmpr owewsgscldwsoics paduetbovesdmlyl dppliasey

PNt L RGBT FRTBAER RSBt By B4

di scl osur €eitems are arranged within a hierarchical browse structure. Data regardmg the catalog items
and the browse structure is accessible via a catalog service 706, which may be implemented
as a web service.

10091} The system also includes a data repository 704 {e.g.. one or more
databases) that stores various types of user data, including identifiers of the items in each
user’s collection. For example, the data repository 704 may store users’ purchase histories,
item viewing histories, item ratings, and item tags. The purchase histories and item viewing
histories may be stored as lists of item identifiers together with associated event timestamps.
The various types of user data may be accessible to other components of the sysiem via a data

service (not shown), which may be implemented as a web service.
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| 01001Al t hough this invention has been described in terns of certain
preferred enbodi nents and applications, other enbodi ments and

appl i cati oRg hAy;Ae apparent to those of ordinary skijd Iﬂlﬁﬁﬁ%&}ﬁl{t

i ncl udi ng enbodi ments and applications that do not prOV|

t he benefits descrlbed herein, are also within the scope of this

I nvention. The scope of the invention I's defined only by the clains,
which are intended to be construed w thout reference to any

definitions th y licitl licitl |nclude
t he i ncor por at géoﬁr e?@re en ?{‘f!}ﬁ% a dé‘ 19 SWED ]dsﬂm gé/nel"ﬂes

1. A recommﬂaénd@uibnsyﬁtredmfnw mSﬁb}Qfﬁm fmgreqﬁd's‘ﬁgtrdé@ vE@S. O NMiE ebontnit@dation
reconmendat i gn system conpri sj.ng a candi dat e gener at or
operative ¥ ‘ifeﬂﬁr"%ﬁ‘éie&a ProhRikistS stcopmepdation sisicw {404k ipplemptdams allo

a target Us§ehe probabilistid st Wﬂréﬁe&&b@@ R&Eh. GRE-AL 'e;‘(&uttaﬂ}e components may
probablllstlcar |y vary ranki ngs of | east some of the candidate

itens in témiopalykbe Ele‘t’ld@‘ib fre n@rfmlena @g obrabict | sldcter. | genddaicegenertied
set of ca }g"oga% Reid ts@‘d?@ Qr[hd ndidate FhefsiL %%tc%n{yo dén?sr n%f’e at WS 4 Ungle
sel ect, msal d Boi | SUrCar -va ran £ ‘ubset? gfs

i temnms to peoag@it of @ sepegate s@nputers.

[0093] The probabilistic recommmendation system 700 opcerates as described above
with respect to FIGURES 1 through 5. More specifically, the recommendations service 710
may use one or more “similar items™ tables/datasets 708 to look up items that are similar or
related to the source items, together with associated data values indicating the strengths of
such relationships. The similar items table(s) 708 may be generated off-line by an item
association mining component 718 that analyzes users’ purchase histories, llem viewing
histories, or some other type of user activity data, and detects and quantifies behavior-based
associattons between specific items. For instance, if purchase histories are used, item A may
be mapped to item B in a purchase-based similar items table 708 if a relatively large number
of the users who purchased item A also purchased item B. Other types of recommendation
engines, including recommendation engines that do not use item-io-item mappings, may also
be used.

[0094]  The electronic catalog system: may also include services for handling
various other types of tasks, such as user authentication, transaction processing, search query
processing, storing user-assigned tags and ratings, processing of user-submitted sales listings,
etc.

[0095]  The web servers 701 use a data repository of web page templates 705 to
dynamically generate web pages in response to browser requests. The templates directly or
indirectly specify the service calls that are made to the services to, e.g., request data needed to
generate the requested page. For instance, an appropriate template may be provided for
generating recommendation pages of the type shown in FIGURE 6, along with various other

pages of ihe site.
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2. The recommendati on systemof Cairn 1, wherein the degree to which
the probabilistic scorer probabilistically varies the ranking of a

candi dat e “&, igﬁpﬁgds on a nunber of identified reaso f
%ﬁ?} 4o ll%fzoufsﬁjgmo

reconmendi ng the candidate itemto the target user.

recommendati on systemof Claim2, wherein probabilistic scorer causes
candi date itens having relatively | ow nunbers of reasons to be
probabilistically varied to a greater degree than candi date itens

havi ng re! atl V EI gRV lﬁnbl se hci: ??mp%r viewing ref:'nmr'g‘endalmn a Wﬁb server
conputer-lnple od Sf “ 56T 8¢ tens ' 0 recommend; 2 t'Ré

met hod conmni quagts rg@mamﬂam)gs dorranked fei ﬂﬁfleﬁﬁhﬂﬂﬂﬂﬁi(ﬁslséﬁﬂfﬁ 0. The

recomend to a t et user robabi listically var ranklngs
of at | eas‘tec%‘ﬁﬂl%é ong 1§V M Oa des s L!O H‘z % # PPHOR QARG Y B‘”&éﬁ@? #e

a probabi | isgkdia! {picsay idptntiRmBk&Rn SRS c@mcﬁaadmelais& J }e%l{r@st) l%ngenerate the
sel ecting, fromsaid probabilistically-varied ranked set, a Subset of

items to pnee@@n@nd@t@r@hé\smgérof this process theTigeoneraendatians s¢rist aHemeplse some
met hOd. OT g aF[PI ﬂie cmé en% %P ?r&ﬁbjllgﬁco I?LL g]nd cimdldale filterin gera‘u ns

probabi | istic y- varle a su ens to pr
t he user cdasiticd abo*saelPegarding. of wbish -dfii s ;feauamséhns utfﬁethecrfcsulmmst of

6. The conp uter-i ted ne f Claim n at |least so
of the camdrIBTEME BHES G & Padendl BisdO PRovBsac i Bl dehi P e fr
reasons f ofanRistign (EHOTRENBRU sérRompRet ARYEt user. - 7. The
conput er -i npl enent ed net hod_of C aim 6, wherein the degree to whic

the ranking of 189%Fhndilhstserviceeand sthpr epkisation spmpencnty APHr 704 7&%@%@8
on the nunfgt,¢f FIcARDE ¥ fHafde fn%ﬂéﬂ&ﬁcdfx%of{v%@é%%ﬁﬁlgs LB &AR N ?ﬂlﬁlgber

itcmto the target user. . The conput er-inpl ement ed “ne
Claim7, whlegeirl muubabpdnn]sﬂttr@airlwomaﬁoyss mgtht Aidferean kérmiges opsiopaliys bet not

di.d I
gg“; 'r rifige Lo 'Sats.at anly i nl/afe”%mﬂ | ”cﬂfrérgﬁtaﬁ ﬁc;ﬁﬁ]eX d;t?n%élﬂ%ggae%?cgﬁeé&ggfgﬁﬁ tlic

havi ng r el mbinel Iya)h:legl'bm’d,mhﬁj' Sfp@f)r tmwsﬁftﬁnpuler storage, such as hard disk drives and
solid state memory devices. The various data repositories 704, 705, 708 may similarly be
implemented using any type of computer storage, and may be implemented using databases,
flat files, or any other type of computer storage architecture.

(0098} Each of the processes and algonithms described above may be embodied
in, and folly automated by, codc modules exccuted by one or more computers or computer
processors. The code modules may be stored on any type of computer-readable medium or
compuler storage device. The processes and algorithms may also be implemented partially or
wholly in application-specific circuitry. The results of the disclosed processes and process
steps may be stored, persisiently or otherwise, in any type of computer storage, such as those
mentioned above.

[0099]  The various features and processes described above may be used
independently of one another, or may be combined in various ways. All possible
combinations are intended 1o fall within the scope of this disclosure.

{0100]  Although this invention has been described in terms of certain preferred
embodiments and applications, other embodiments and applications that are apparent to those

of ordinary skill in the art, including embodiments and applications that do not provide all of
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9. The computer-inplenented nmethod of C aim4, wherein
probabilistically varying the rankings conprises causing candi date
i tens havi ely | ow category scores to be prob

varied to ‘gg&rb?é??rlydegr ee than candi date itens havi nga@e(ﬁﬁap({;@ﬁiﬁy
hi gh category scores. 10. The conputer-inpl ement ed net hod of
Claim4, wherein probabilistically varying the rankings conprises
generating val ues for at | east a portion of the candidate itens and

addi ng pr e to the val ues, .11. The

Computer - PRt e Roahare ERamiPROn: d3ves &f HisaBlg pPBbEPT PP
noi se to tih@nMan Heﬁ%ﬁ&@mryl BAke AERL Whitinge angidebatbelcbiymed \Sﬂlﬁdublﬂ'ér@i&e
correspondlng to each val ue, wherein the characteristics

t he
pr obabi | i tig aeu definiusms thehmasebrealichy PHEPEsHY SSBYR?) }nr@y\?éfhﬁémorporaied~b>'-
12. The c &gmlgnented met hod of Claim 11, further conprising
sanpling va ues ron1each probability distribution to generate a
score for said at least a portion of the candidate itens, wherein the
score is responsive to the sanpl ed val ue. 13. The
conput er -i npl ement ed nmet hod of Claim4, wherein probabilistically
varyi ng rankings of at |east sone of the candidate itens in the
ranked set further conprises probabilistically varying the rankings
to achieve an overlap of 5 to 20 percent of recomrended itens between
recommendat i on generation events. 14. A conmputer-inpl enent ed
met hod of selecting itens to reconmend, the nethod conpri sing:
identifying, for a candidate item a plurality of reasons for
recommendi ng the candidate itemto a target user, each reason
corresponding to a different respective event or set of events
recorded in an event history of the user, assigning a score to
the candidate itemresponsive to a value probabilistically selected
according to a probability distribution, the probability distribution
havi ng at | east one characteristic that depends on the nunmber of said
reasons; and using the score to determ ne whether to recommend the
itemto the target user. 15. The conputer-inpl enented net hod
of Claim 14, wherein the at | east one characteristic of the
probability distribution conprises entropy.



16. The conputer-inpl enented nethod of C aim15, wherein the entropy
of the probability distribution decreases as the nunber of reasons

i ncr eases. 17. The conputer-inplenmented nethod of C aim 14,
wherein the probability distribution is a normal distribution.

18. The conputer-inpl emented nmet hod of Claim 17, wherein the at |east
one characteristic of the probability distribution conprises a nean
configured to depend on the nunber of reasons, and wherein the score

is respons! ¥le ig E ﬁ ﬁa{% 19. The conputer-inpl enented net hod
of Caimk 2at | east one characteristic of the

probabi | i ty di stribution conprises a standard deviation configured to

depend on the nunbep QfcohR@slRRn @ n\("h?dre'séleétﬂg $ieRs etd Srcb SRRARS| HE
to the standard devi ati on. 0. The conputer-inpl emented net hod

of O ai m Iaconvieadesion sytiem seaprisintepends upon strength val ues
associated wth spegi e t t.ed
& indfcﬁt{e g%ﬁ&&%r operatléue 10 é&nerat@%a&%ﬁ@& dFlcar onc% A Clg

met hod of C ai m 14, nprisin ning a negatl ve
score to the caemdnﬂ&hétdzttengptuaherel n the negati ve feedback score is
dependent on the nunber Qhﬁsald reasaon

conput er - i npl enent el PRPHGIICAFOE BP?WQ’T to RiRbef ﬁ‘cébs?“ﬁﬁ iaings of 8y lengt o

the candi dat e ighgenof wet ARAIdHO NBHE ﬁﬁﬂw&ﬁiﬁb«ﬂlgeltlb%uﬁﬁﬁc Qfprovabifisiall L gt
scores and the negative feedback score. The

conput er - i npl eAEkEHFt perenddatpftents: ahdn 14, wher ei n aSSI gning a score to
the candidate item 5@8'{3%&' Mfer Bllgal&v\é% k&ﬁ’ecprﬁ% id PrebabiR 1&a¥lg§r§1{1¢%%rﬂgd

according to a probability distribution furt conpri ses assigni ng
the score such ScthmubamOﬁmﬂlapr@mntﬁ)th@u@ﬂ percent of recomended

i tems between recomyen ner %IOI’I nts i 9 d
24. A conputer-Ti rrplrrg%e '%ﬁ ! %dlsc“ohfc?f)er"? g"en %ee fo which the

assi gni ng pram:ﬂﬁhc smre;ﬁoﬁabdﬁmﬂy dati@ the eaiirgestes afinﬂdla&SItqﬁ’f ekpemlsnaf ¥
recomrendat i ser, the.injitial. scores &gsed

nunber of ¥ ’6 F'F%@g‘%’ﬁﬁ °h &C?'B’na?qﬂ% e pAndidate e e (s 1aLget erg
recorded in anseventhdishofm¥ndiiod fR8teSATClaim 2, wherein probabilistic scorer causes

candidate items having relatively low numbers of reasons (o be probabilistically varied to a
greater degree than candidate items having relatively high numbers of reasons.

4, A computer-implemenied method of selecting items to recommend, the
method comprising:

generating a ranked set of candidate items to recommend to a target user;

probabilistically varying rankings of at least some of the candidate items in the
ranked set to generate a probabilistically-varied ranked set of candidate items; and

selecting, from said probabilistically-varied ranked sel, a subset of items to
present to the user.

5. The computer-implemented method of Claim 4, wherein selecting, from said
probabilistically-varied ranked set, a subset of items to present to the user compnses selecling
a most-highly ranked subset of items.

6. The computer-implemented method of Claim 4, wherein at least some of the
candidate items are associated with one or more identified reasons for being recommended to

the target user.
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addi ng probabilistic noise to at |east sone of the initial scores;
sanpling values froma probability distribution that includes the

probabilistic noise; and generating adjusted scores for the at
| east sonme of the candidate itens, the adjusted scores being
responsive to the sanpl ed val ues. 25. The conputer-inpl enent ed

met hod of C aim 24, wherein sanpling values froma probability
distribution that includes the probabilistic noise conprises

probabilistically se|ecting values accordin 0 ohabi | t .
Gl Str 1 but o ndv! g i e YOHETSHar Beve) Pocen Brlbeeia de trsres o b
nunber of gatflkihedsPmdidate item is EobabilRBcaPO FRHIQIepdndPhLIRE BlS6kr BRidBR T O f
Claim 24, wherein the probability distribution is a nornal

di st ri but i igpsons for recompendingibe eapfigaie 8emithibr EWMEEE et hod of O ai m 26,
wherein a mean gof thg, %8&@@54%%&@&“&8&@8?%@9& 9,”wh$a}§nnﬂgﬂh%ﬁisﬁézagy

reasons, and whérein the Score'Is responsive to the ne
The conputeryingrfieenentesdeomptibsdasingGlaadidatg Giemehenieg relaively dowd amchbers of

deviation of th ornmal . distribution depends,on the nu r of .
onsons " aREotnds OFpr Rtk R, S B SoRENG o oRBeet [n 2hRs §ms having
devi at i on. relatively hipR Qumiid€ofaed¥past er - i npl enent ed net hod of C ai m 24,
wherei n generating adjusted scores for at | east .sone of the candidate
items further JonprildesoupuierimpHisgied Mehed Pl & 3B tbhRReE RypRabilistically

dependent \Oa[i}'iﬁﬁﬁle RAIREE cRHhpris@ASARNT: candidate iterOnaviH3@clatively low category scores
conput er -i npl enent ed et hod of C alm 24, wherein generating adjusted

scor es f ortotisgrabuebilisiieglly soivd 1of srchisr deanedi than eanfidaimitens havivee relaowgly highs
generat i ng, @e%%)ussgoergs scores such that an overlap of 5 to 20 percent of
recomended It eng bet ween reconmendat i on generation events is

achi eved. 10.  The computer-implemented method of Claim 4, wheren probabilistically

varying the rankings comprises generating values for at Jeast a portion of the candidate items
and adding probabilistic noise to the values.

11.  The computer-implemented method of Claim 10, wheremn adding probabslistic
noise to the values comprises generating a probability distribution corresponding to each
value, wherein the characteristics of the probability distribution depend on the corresponding
value.

[2.  The computer-implemented method of Claim 11, further comprising sampling
values from each probability distribution to generate a score for said at least a portion of the
candidate itemns, wherein the score is responsive to the sampled value.

13.  The computer-implemented method of Claim 4, wherein probabilistically
varying rankings of at least some of the candidate items in the ranked set further comprises
probabilisticatly varying the rankings to achieve an overlap of 5 to 20 percent of
reconunended items between recommendation generalion events.

14. A computer-implemented method of selecting ilems lo recommend, the
method compnsing:

identifying, for a candidate item, a plurality of reasons for recommending the
candidate item to a target user, cach reason corresponding to a different respective

event or set of events recorded in an event history of the user;
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assigning a score to the candidate item responsive to a value probabilistically
selected according to a probability distribution, the probability distnbution having at
least one characteristic that depends on the number of said reasons; and

using the score to determine whether to recommend the item to the target user.

15.  The computer-implemented method of Claim 14, wherein the at least one
characteristic of the probability distribution comprises entropy.

16.  The computer-implemented method of Claim 13, wherein the entropy of the
probability distribution decreases as the number of reasons increases.

17.  The computer-implemented method of Claim 14, wherein the probability
distribution is a normal distribution.

18.  The computer-implemented method of Claim 17, wherein the at least one
characteristic of the probability distribution comprises a mean configured to depend on the
number of reasons, and wherein the score is responsive to the mean.

19.  The computer-implemented method of Claim 17, wherein the at least one
characteristic of the probability distribution comprises a standard deviation configured to
depend on the number of reasons, and wherein the score is responsive lo the standard
deviation.

20.  The computer-implemented method of Claim 14, wherein the score depends
upon strength values associated with specific reasons.

21.  The compuler-implemented method of Claim 14, further comprising assigning
a negative feedback score to the candidate item, wherein the negative feedback score is
dependent on the number of said reasons.

22, The computer-implemented method of Claim 21, wherein assigning a score to
the candidate item further comprises adding the one or more category scores and the negative
feedback score.

23.  The computer-implemented method of Claim 14, wherein assigning a score to
the candidate item responsive to a value probabilistically selected according to a probability
distribution further comprises assigning the score such that an overlap of 5 to 20 percent of

recommended items between recommendation generation events is achieved,
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24, A computer-implemented method, the method comprising:

assigning initial scores to candidate items generated as preliminary
recommendations to a target user, the initial scores based on a number of reasons
corresponding to different respective events recorded in an event history of the user;

adding probabilistic noise to at least some of the initial scores;

sampling values from a probability distribution that includes the probabilistic
noise; and

generating adjusted scores for the at least some of the candidate items, the
adjusted scores being responsive to the sampled values.

25.  The computer-implemented method of Claim 24, wherein sampling values
from a probability distribution that includes the probabilistic noise comprises
probabilistically setecting values according to a probabilily distribution having at least one
charactenistic that depends on the number of said reasons.

26.  The computer-implemented method of Claim 24, wherein the probability
distribution is a normal disiribution.

27.  The computer-implemented method of Clarm 26, wherein a mean of the
normal distribution depends on the number of reasons, and wherein the score is responsive to
the mean.

28.  The computer-implemented method of Claim 26, wherein a standard deviation
of the normal distribution depends on the number of reasons, and wherein the score is
responsive to the standard deviation.

29.  The computer-implemenied method of Claim 24, wherein generaling adjusted
scores for at least some of the candidate items further comprises determining a negative
feedback score dependent on the number of reasons.

30.  The computer-implemented method of Claim 24, wherein generating adjusted
scores for the at least some of the candidate items further comprises gencrating adjusted
scores such that an overlap of 5 to 20 percent of recommended items between

- recommendation generation events is achieved.
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