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BACKGROUND Description of the Related Technol ogy 100011Web sites and
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[0602] Traditional collaborative recommendations processes operate by

attempting to match vsers to other users having similar behaviors or interests. For example,
once Users A and B have been maiched, items favorably sampled by User A but not yet
sampled by User B may be recommended to User B. In contrast, content-based
recommendation systems seek to identify items having content (e.g., text) that is similar to
the content of items selected by the user.

[0003] Other recommendation systems use item-to-item similarity mappings to
generate the personalized recommendations. The item-to-item mappings may be generated
penodically 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-item mappings may be used to identify and recommend items
similar to those already “known” to be of interest {o the user.

SUMMARY

10004] A recommendations system is disclosed for selecting items to recommend
to users. The systerﬁ comprises a recommendation engine comprising a plurality of
recommenders. Each recommender corresponds to a different type of reason for
recommending items, and is operative to: retrieve item preference data reflective of actions
performed by a user; generate candidate recommendations responsive to a subset of the item

preference data, identify one or more reasons for recommending the candidate
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to users. The system conprises a recomendati on engi ne conprising a
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[0014] FIGURE | illustrates an enbodi mnent of a recommendati on system
[0015] FIGURE 2 illustrates an enbodi ment of a process for generati ng

I tem reconmendations for a user; [0016] FIGURE 3A illustrates
embodi mentY®I9Y0458cess for generating tag- based |terﬁ’CT’US2°08"°674°4
recommendations for a user; [0017]FI GURE 3B illustrates another

enbodi mrent of a process for generating tag-based itemrecomendati ons
for a user; WD 2009/006029PCT/ US2008/ 067404 [0018] FI GURE 4

il lustrates an enbodi nent of a process for normalizing item
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[0011] Another system for normalizing item recommendation scores is disclosed
that comprises: a plurality of recommenders operative to assign scores to candidate
recommendations using different scoring scales; and a normalization engine operative to
normalize scores assigned by the plurality of recommenders. The normalization engine is
operative to combine the scores for at least some of the candidate recommendations to
generate a combined score, and to calculate normalized scores as a function of the combined
score and of the scores for at least some of the candidate recommendations. The system also
comprises a candidate selector operative to use the normalized scores to select at least a
portion of the candidate recommendations to recommend to a target user.

[0012]  Another system for normalizing item recommendation scores comprises: a
plurality of recommenders operative to assign scores to candidate recommendations using
different scoring scales; and a normalization engine operative to normalize scores assigned by
the plurality of recommenders. The normalization engine is configured to aséign percentile
rankings to the scores and to use the percentile rankings as normalized scores. The system
also comprises a candidate selector operative to use the normalized scores to select at least a

portion of the candidate recommendations to recommend to a target user.

BRIEF DESCRIPTION OF THE DRAWINGS

[0013] Specific embodiments will now be described with reference to the
drawings, which are intended to illustrate and not limit the various features of the inventions.

[0014] FIGURE 1 illustrates an embodiment of a recommendation system;

[0015]  FIGURE 2 illustrates an embodiment of a process for generating item
recommendations for a user;

[0016] FIGURE 3A illustrates an embodiment of a process for generating tag-
hased item recommendations for a user;

[0017]  FIGURE 3B illustrates another embodiment of a process for generating

tag-based item recommendations for a user;



I tem recomendation scores; 100201FIGURE 6 illustrates yet another
enbodi nent of a process for normalizing itemreconmendati on scores;
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portion of a web page showi ng an exanpl e recomrendati on interface;

and [0023]FIGURE 9 il lustrates one exanple of how the various

recomendati on features nay be inplenented in the context of a
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m recommendation scores;
[0020]  FIGURE 6 illustrates yet another embodiment of a process for normalizing
item recommendation scores;
[6021) FIGURE 7 illustrates yet another embodiment of a process for normalizing
item recommendation scores;
[0022] FIGURE 8 illustrates a portion of a web page showing an example
recommendation interface; and
[0023] FIGURE 9 illustrates one example of how the various recommendation

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

DETAILED DESCRIPTION OF SOME EMBODIMENTS

[0024] Several different computer-implemented processes will now be described
for using recommendation algorithms to improve item recommendations provided to users.
These processes may be embodied individuvally or in any combination in a multi-user
computer system (“system”) that implements a recommendation system.

[0025] For purposes of illustration, the processes are described primarily in the
context of a system that recommends catalog items to users of an e-commerce web site that
provides functionality for users to browse and make purchases from an electronic catalog of
items. As will be apparent, however, the disclosed processes can also be used in other types
of systems, and can be used to recommend other types of items, such as but not limited to
web sites, news articles, blogs, podcasts, travel destinations, service providers, other users,
events, discussion boards, photos and other images, videos, tagged items, and user-generated
lists of items. In addition, the disclosed processes need not be implemented as part of, or in
conjunction with, a web site.

[0026] A significant deficiency in existing recommendation systems, including
but not limited to recommendation systems of the types described above, is that they typically

use a single, monolithic algorithm for generating recommendations. These algorithms are
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such as servers. While the various components are illustrated separately, they may share
some or all of the same underlying logic or code.

[0030] The recommendation system 100 receives item preference data 102 and
uses the item preference data 102 to produce personalized item recommendations for a target
user. In an embodiment, the item preference data 102 is reflective of actions performed by
the user. These actions might include, for example, purchasing items, rating items, adding
items to the user’s wish list, providing data on the user’s friends, tagging items, searching for
items, and the like. The item preference data 102 may include browse history data, purchase
history data, friends data, tags data, and many other types of data. Some forms of item
preference data 102 and their uses will be described more fully below.

0031} The item preference data 102 is provided to a recommendation engine 110.

The recommendation engine 110 includes multiple recommenders 112. In an embodiment,
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recommendi ng itens. °[ 33] For exanple, a particular recommender 112
m ght ret iRy & theeserise thes regemppadse 1h7 smgirt;,set@att the reaingg titeing ag seridatehe
reCOm“d?écm%ﬂn%n&%n{]éﬂ?sd%ﬂofﬁ% 2 E%u&y sthﬁns“ﬁcgq'i i&%&m%@fc{eg%ﬁau&f yéh
series. A series m ude, r FAsfance

novi es anducheed lt@mqﬂahs B, emd thlsl itead Wwoutd clyplate yowi seiient. Ndizarttatgeouss;emls
has purchased fe

135 bt one RETael BF et i U4 StE o B s Recrli o QUi HEES B AL
provi de aamceﬂnmmnsig@hm&a” Udehi 1fayl th@BfoteShel 60 MatH Akl ubﬁqws@sombmv;ded
purchased itens A anéi and this itemwould conplete your series.
Advant ageByHEyecomeaderg Y%on can be nore conpel ling than a reason such

as "because yowowrch%@.@bme&%%p% anekoBimeand ltlf”nﬁg}lttoglmn'cﬁtasdbgﬁtlae\fsers
Users may therefore be more inclined to trust the reasons provided b

t he reconfigider Jhipifendsolaganiadt axbyde aformatinppe theafrieadso birthdeabsr theit vish
m ght obt t

i ncl ude i ﬁ%tgr%gtt?eéﬁg%ﬁ;a?%m%géseﬁ%%ﬁé @lfbd1 dg%& g?ér}qa\nz gﬂ&]ﬁl s %@[

t hei r pur dhasmlhbstaoghtdsr, a idendigupdomsngdatitaday and woddeereden sich2s r‘hhgshtem

andpr ovi tigeBoBus Bt Yur BUAT o pLfpe v ERE HieBe AL BT Sy a

friend Johuishsisb Prdvided with sagh dﬂdh%n&h@useﬁﬂht@htIililiﬁoﬂelir&ﬂhédsto@ﬁly e fetdd Sh
list." Provided with such a reason, the user mg be nore inclined

to buy the iteH035]  Many glhenpxamplfs otifray préiséwﬁ? é%tadm.ﬂeaé'nqepv%@ & dhfce

data 102 pR¥mBRn&SeMDY deh@att SERIIRNASISnchlidn® 2SR IRdiaARALARL Eor
recommendati ons and correspondi ng reasons. For instance, browse

hi story déstenee brpwse bistosy ditp (geterdalgonretiesarches.icifs, andribe likep may Reysedrioy
be used t rch cf%VA %oﬁme&a%ﬂmathé QM. B LG F8ARANs iREGAYSE it You

itemis si 0 an




searched for." Purchase history data and/or wish [ist data m ght be
used to provide a recommendation with the reason, "because this item
m ght be interesting to an early adopter such as you." % %Eory
data on aY¥ HHAYWBde of interest to the user (e.qg., %@@4
browsed by the user) mght be used to provide a recomTendatl on with
the reason, "because this itemis a top seller in one of your
favorite interest areas." Various other forns of item preference data
102 may be used to provide recomendati ons with reasons such as

"because yporshededuit | Rprehpseebistory' date audfer yish o giat might be emch iwaprovdy 2

need 1 eP! AR Aeri BPARHER R REARLSHYRBH BRI DNDPLAKEE (AbkE

two years, t|p e reas ns may be~provid
singl e r eashenpde? Brd¥se lostonytdatalqnl@rowmmdemﬂ%eswiﬁﬂhmger Gacin tpitﬁgwyde

Lt T ocolERAT] BheEOM AT e SRl Pegyep feopaBafin HuF err5ohagesit

used tO I @ROINGHERCh @p REllek hi bileadT YoBY falidditt BrtdIe arde” NaridudiGiRdr foremsetidein
rated several war novies, 2) this is the best selling novie in the

war novi ePERI@gpiYe [0 aaiYe tsai © Rrpvideregrramensiaiions it FasPns sHeh %c Rershsp

Avar ds.  Ushingcdil hicRte “&@é@@fod%ﬁ RrAVieRahii4hdyNREd RPlabiM@t FQRalse moke
user to view or buy an item [0037 vvever in certaln enbodi ments,

f ewer reaB@ﬂ?kﬁ ipendehein® opleyrs afierévo peaess” auetibeul ti pl e reasons are
avai | abl e, ce Si.b i pnf I

mout e exanpl o, IR b RIBleclefscnf oty é%'ﬂ%efé’eg Wield BobiGeRBE T8
this is theltipsteconhtidag hidvingy gavh tplrmndvanhe rsmme earmiala@gmqmﬂien?fmcm along

reason i s fpcu and I tar to t s inter

buyi g wa M oV SRR L R L RPHRER) AT SR RE T T Bs B bidns
provi ded ahagwe usdd0dI&binent SGfartitar azblsmoﬁeee@n@at)arusén MednSl tated sevirhie
reasons that are grow ded. For exanple, the user (é ?]

r ecommend#e5 BAvighat thisds @aé%swgdnmﬂ% wrihe v '“ﬂ&yéercaf?ﬁ?ré’*?é} SYthIsRBihEEs

based on Qngined "BF GwdCALLRMIURLHLRS. SURRL! ltnﬁﬁﬁpQYEeta%s USES priR further
anot her based on an itemlisted on a friend' s wish |list. ‘F

di ver si t ymofivaiionénihe Heratd GRS obbiY anéiéBons provided to the user may
hei ght en user [nﬂﬁﬁ r esﬁmk,%\, f NG L&4R @%Qﬁ%ﬁtfs)nféwer[ Q038 Qi@"s‘ﬁ%g@g?rgsds&

in one inplenmentation ’east sone O € recommender s
nmodul ar. Remowmenderiple Td:Rosame tvrélaldé,oneediee pedsibit mloehyticadoedeado lprthe

oY T SR e ST sy i B Y
r econmendeéss sdilink @avie ethaddeshotibaliedoay. g ethishiedsbe isefbéused and highly targeted to
the user’s interest of buying war movies and may be more effective than the multiple reasons
provided above.
[0038] The user may also see greater diversity in the reasons that are provided.
For example, the user may see one recommendation that is based on an item the user
purchased, another based on one or more search queries submitted by the user, and another
based on an item listed on a friend’s wish list. The diversity of recommendations and reasons
provided to the user may heighten user interest in the recommendations.
[0039]  Advantageously, in one implementation, at least some of the
recommenders 112 are modular. Recommenders 112 can therefore be selectively added to or

removed from the recommendation engine 110. As more diverse items or services are added

to an online catalog, for instance, new recommenders 112 can be added that target different



WO 2009/ 006029PCT/ US2008/ 067404 user interests. Conversely, sone
recomenders 112 nmay be renoved fromthe recommendati on engine 110 if
t hey becorre | ess useful. [0040] Sone of the recommenders e
parti cul ar ?fﬂ?@g%{ﬁ behavi or- based associations to sergﬁgjg@gﬁ%f'@gte
itens to recommend. As one exanple, one reconmender nay use

pur chase- based i tem associ ati ons, as generated by m ning the purchase
hi stories of |arge nunbers of users, to select candidate itens
simlar to those purchased or owned by the target user. As another
exanpl e, asPaini¢resiy ar Goavwithentare wepprinsadyrs ebhlvimai bey tomgead from the
associ ati e m vi ewi ng histories of

| ar ge nungéé@?n%?dﬂgg%ﬁetgoge ct'%yc@gen%&?a%%ﬁl tens simlar to those
recently viewedodd] t héomaro@ehe msenmed&mt hlérma;eompmdﬂm thEey df&iﬁhawor—
behavi or - hased assaﬁ i Cﬁln particul ar search queries

1
e O R e S RATE b el GG RR, BANE ' BB R  th 9BE ramPe one

hi story ofredognchadrael ubsirchald hiedd itnCABIBRINIRY, 85 %mb’raﬁ@ bﬁﬁﬁnuﬁ‘g&ﬁgbﬂa{a@e
itens that are unusually popular in the partic eogr aphi ¢ regi on

of the tar‘*g%éqﬂea%#a*gwum%&tofa&sﬁsJﬁ&%ia%magd P liems SEipNg these Pyrchipes er
enai | addro%s,&%qua@gee utsé?eA§aﬂ&haoe%mplenﬁlr’ﬁ%m(:ﬁalgrecom&ﬂaegm@ BS itk
target user. Exanples of reconmmendationh nethods that use these

appr oachediciyies hessd raspeigtions. ahaetesat¢doly myning She pern enewide distrzies of larke

entirory: (oo BN, BB SRRl B0 AL e Ry ot g e

No. 10/ 96&\mgifr reborhmehdEcthaiiese b&iﬁv:o?—@@aéd adsncighds bét@een pbl&l@@lms&eaﬂ:h’l Queries

e OTEohS A8 R TRIR B S SEBTRRIEIR, e ey e oo

r ecomrendaith@nscopin®vtl €l ehah ¥eltd @arliditetitoms 104 4dd Urusualle gopuE@ Nl afespaﬂtibala} n
certain inplenentatjions _score the candi date recomrendati ons.

scores cafCPHRRAUIESTPR AT e dareH ¥sof orthat areginysyalje perylaE dEenRe bqerst‘ﬁléose email
candi dat e JH&eQBTEREA HRNSme FRMBIn RERERNG8L JOES t‘H@?aréHt ug@r %ﬁgk%p
to generate the scores. As one exanple, a recomender

provi des recoBYRfEARlIED | Bfikodsghatoirp|these appiopchss efc (eseripgd om@fq&pwm@ 8.
user m gh S;
namber of TR P FERESLe WekfBRt b el HREherll, b EHEL of rBEhEp hF
itenms not eotimetyd Wby Ratemt Dioera, 85[3@@&21]1®6e9664850mné 108, Appd. Necbvﬁﬁérﬁdérﬁ;led
112 may f er ta nt Q_acgount .ne atlve f eedba I vi ded

user Menldigctéornfgrrasf %O%éndqgc%d(ré?r?a @5?1 P lilee r?cé)cor?ﬂéﬁ?jgt ofi§, ™ 3@'}&” the
descri bed reddmmednddred 1.cih bPadést toAmpktishigi xtadfbnhbendéﬂdn7§'3£¢ﬁ5tb, infprdv@the
May

quality of recommendations provided by the system.

[0041] The recommenders 112 in certain implementations score the candidate
recommendations. The scores can provide indications of the relative strength of the
candidate recommendations. Each recommender uses one or more factors to generate the
scores. As one example, a recommender 112 that provides recommendations to complete
series of items owned by the user might base scores on the total number of items in a series,
the number of those items owned by the user, and the sales rank of the items not owned by
the user.

[0042] One or more of the recommenders 112 may further take into account
negative feedback provided by a user when generating and scoring candidate

recommendations, as described in related U.S. Patent Application No. 11/752,251, filed May



22, 2007, and titled "Probabilistic Reconmendati on System "™ the
di scl osure of which is hereby incorporated by reference in its

entirety. ative feedback may be used for itens the -
explicitl ﬁ%ﬁ’%ﬂﬁg’@on y, such as by designating as " noféffh%%@"é?*@a"
or by rating two stars or less on a scale of 1-5 stars (see FlI GURE
7). Other types of negative feedback, including inplicit negative

f eedback, may be used to score candi date recomendations. In an
enbodi nent, negative feedback can cause a candi date recomendati on to

recei ve aZheffiti wd Gitedr robrbidistitd Reeprmenendeiimmtigan’| 8w disglosuk o Washeisan

overall s : i f. - L1 i
cvor o5, 1348, hBhorkS bRIANER BigRRyD ARELLY AL SRy OB Ao e
based on fischarsplitidy ragdgporipesuple pt bindestgnitingoas énotaicoresedidarbyridngomio

her. For i dat i N |
br ovee. nofts F PR bor s o IREATSBr: HIGMEE Jborh Pl of SEEHVS Koehekr

rel ative wmalésgiapkdinggatievieaddick, may Bé used 16 3t@6 candilikie Reofin@hdationd. e
rel evant to fr?gc nmendati.ons for itens an ear]y adopter m ght buy

si nce t hef's SRRy BE Pegatiue depeack (4P sparr @ CARAES feepRmerdgdom fosrateide he
candi dat endgeGRRBRAR tABRIaE FQEMERAMILE FRIIRD U shifedRY¥cdEmbas ad o
different criteria, the resulting scores fromeach recommender 112
can have @ftothepasiitve sessiand negetiyessoretne reconmender 112 mi ght out put,
for exanpl e, S i 00a, %/gﬂgr n r
recommender lilggﬁj:ghtﬂgﬁstcglg?glgg@ff%g}?%&grg?ogﬁré%nggf }qun 0 l%gesd ﬁﬁétg)%
be diffi cthbet nhightc beppeartenest do esief recominheee Ui2f ber eot aselare rFangesance,

Mor eover, even if .the. score, ranges of different recommenders 112
over | ap. R BsHE LBOPE R EIGE Dot B e drPer ot GBRHBIL 4 e
di f f er ent baxedion theB rddeRaysies rafiéngl MHtevelv it RItSE QildsRghkIRINSHAbOG reiSvaxB
be different. F%%,i nst ance, z%e%(’:o e of "2" from one recomender that
has a scofFHRmEwatensdpr ipmsgn %F&ytehw@t Buainee diesnpanediiiniglies fan for
score of {heseifel@m a recommender that has a scoring scale of | to 5.
[ 0045] Accor di g[%l , in_certain enbodinents a normalization engine 120
normal i zes th r esSiR¢edhs eandidgia riconmendagionmieame eack recammersiep | Boneyebe
nor mal i Zeg,.S€ ok eSifferbiie ML i et '
Fecomendary s e Rgfh TRUAE YRS APy RERRRERE e e
conpar ed. difareyt gtpofifesceles. Bhgerenhersienbi? ightusigoit,tfor axempie) scares tnheerange
scores. A | e embodi nents of these orith are .describ
ol o, i T 19SS BT g RGBT rlorlries 1 bl SR s&& i FRRL &
2009/ 006 0R9PCT/ WGR0RSBi (a4 Qe corididddicheky dnmpeaudiffstenttsb@e rmeeml Maabiepn
engine 120 fagilitates addi or renovi dul ar recommenders 112 to
The. 1 econtendLbE SRR SEBr T RESTBFHAT DSOVSIIPeHG e £28 ovipuled by
facilitat ggfeteli TeddmARAR! thdi RGeS BRFeRSt @RI AN Beda8&0 MEERERF i %%ca%ed
to the recommendati on enﬁgl ne 110. Consequently, recomenders 112 may
be added PR&pdtiegesyparerdiierenic bpringanse.l ssarefof o ftameonstrpremmender that has
r ecomMendgrssohk2scaleoras1dh to@ hayt NGe NOiTBIhZ ALl BR9ENGE3G <2~ 5
facilitat ess rrél#Ds\fiang recormendagrs ?L12 lF@Sm t hen%r‘gecom%%gat%on errlogmf1 fe
110 becaureorswmenrdss that e tséneing esnii ofiligSr ecormenders 112 are nornal i zed
and can theref still be conpared.. [0047]1n addition.to normalizing
t he scores, th@ﬁﬁ%rm‘%‘?cfﬁcﬁ?%n‘grhgﬁeﬁgn15’6})%&6‘1'33% 2" normalization" engine ' 20
normalizes the scores from the various recommenders 112 to produce normalized scores.

The normalized scores enable the candidate recommendations generated by each
recommender 112 to be more easily compared. Many different algorithms may be used to
normalize the scores. A few example embodiments of these algorithms are described below,

with respect to FIGURES 4 through 6.
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al so apply weights to the output fromeach reconmender 112. The

wei ghts in one enbodiment are nmultipliers that effectively increase
or decrea i date recommendati ons' normalized scor I may
be appli ey?g&@%ﬁ size the output of certain recom’reng(gpg%@&g@ér
ot hers. Because sonme reconmenders 112 may produce stronger
recommendati ons than others, applying weights enphasi zes the stronger
recomendati ons and deenphasi zes t he weaker reconmendati ons.

Mor eover, in sone enbodi nents, the weights may be adjusted for each
user to refl ecttOdfle uéévangagpm@h‘yertbmc@sna Zafoni peginend@) fatilimteparddingubar
user deno articul ar .
recommndg‘?%&ﬁ#e'ﬁm%gaégén%gr%’ngwqrs 52et Eahg'?g CO%ﬂeg&at“%gg%%eﬁdﬁt ghé o aizaton
heavi | y f engitdil®) fraifitatsuharbyusenalizifpes eresvoghdng radynnadnéer e aadﬁdustﬂw

over time to reflect the r's chan |9 i nteres

St casedtSRITTITRE PEBS NS R EIon P MEHET S 12 P beaBo0 (ha us
candi dat e difeeemBRBatscA8 6N RO PhbORcdrimédabS 198ENALHAtLE theOnAaaliAalieh
scores for the candi date provided by each recomender 112, Addi ng t he
scores calagie 3¢ fsHitaien wmoying pprerymestsry i e from; thelirecammegdatina engine 110
candi dat e%e@dﬁgevgcgl%gi i tﬂwar{amu?g EEHTRAIG 5 awm%ngcpm cgﬁm&eﬂﬂé &5
A potential problemwth this approach 1s that when two recomrenders
112 generé??éompqm‘br candi date the addition of the scores nakes the
candi dat e Iook ong d., The normal iz I| on en |

in one enbodi n{s* theirane c%)d:}gmato "IO;?‘néagHé ABRERIT {he acay lzfmont‘ﬁ'é &c g §%n
such t hat asooapel mrghtshe ﬂﬂmtpdteﬁnrar@c}glre\cemn&mnwnﬂah aht ywdigh®S in one

wei ght as reconme reco mrend the sanme item Qher decay
Fanoti ons RRYTE S OBRRES HELAH-REN PHESE OUGyoe capia ecomimendatons
2009/ 00602:9fal7z445206184. 06 Tlaghid GRAObEhgppned el bapakion O ddudst 1810 certain
passes the candi date recommendations to the candi date sel ector 130.
The candi dEOBMEBIETH b OYI(Pticst e SESUEE SSsieEorRendiie 10 Tadeipduce stronger

r ecomrendatdofitndf E@%mﬁs bSpI{iRE we

nor mal i zed Scor es. IO_For exa ﬂj%lh% czgﬁg’ @gﬁegm%:?g)ﬁ?gg&%ﬁ%&og%t
t he N nostanthidgtmghasiessr ég %ﬁ veereendatione.c oMeavks, Al s ambaddhgnts, tthe
candi dat e C C or n
sone casedycns LA ulBY B s Piahi e B enc ST SRR
det er m neghattioul bleusbhentrmsurates*ancnfmaty fooitpnoseieded by egianrcelelommnﬂatdmoﬂﬁt
to the user n reaso her than selegting
a subset 5?(50%“%%‘? Eﬁ%@sr%@’oﬁ‘%ﬁ’ﬁ@!ﬁeﬁ 6‘h°§£ g’?ar’(gl’c@ E‘fsdmcu I”é?ft otei%
nay provi deighemSnildorte aﬂﬁ&te@éveeaﬁﬂlta@ﬂastﬂeqlsérfse;hmgﬂrg mtaagtause this
set is typical I{%/) | ar ge several thousand itens)

interface used %8l sBl é?m? r@ﬁ%@&ﬂﬁﬂ%d%ﬂomd%y“a Wﬂ\lvgﬁrf?@%é@r Sppe

page or SQEIQiiJatéIQE&MQQ)dEmnS G&%HHE?JEQ% 5&%;08@&0 &qune Db e thd Qndidate

| owest ranking. Because users conmon do not take the tine to scroll
or page tWW®idsd heackntepqremengier ¢i2.r dacpiensausehe qandidaté dalappear
effect is S t t

1500 AR SRS S Sl PR s

[ 0051] | n cambdatdsonA pbtmta:dmmhldmtvethsthisee@pmachla&hmyheout:vputqommauﬁbri he2

recommendat i ons, asso ons or reco di n

ocor bod aisatEs pi SRS el BRORay Dieolss BOREIR Bt ok SEer i
recommendahéuddl, ThE ndtthdlizplich ERABOIS Wevhe RenbREREh(8@refdr® ARk kiddrEntAl
illustrates an enbodi ment of a process 200 for generating item

r ecommend&FFRie Mesrores: §aclrihat prpscsdpioihie sameitRm 116 SiVRp PEIBTIANY leps veright as
enbodi menty, gy r@oﬁ%ﬁmwﬁ}éc&nu@y@m%mé%ﬁ a@mfehsecrag%mm% y 8% be
system 100 of FI GURE [ 0053] The process 200 begins at 202
by retri e\ﬂﬁ?ﬁgsucbéifﬁnﬁﬂaéﬁ@ﬁEnce data associated with a user. This step
may be perfornmed by a recommendati on engi ne, such as the
recomendati on engine 110 of FIGURE 1. At 204, the process 200
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may al so be perfornmed by the reconmmenders. The scores can provide

i ndications of the relative strength of the candi date

recomrendat i e process 200 in one enbodi nent
reconnendg%#%ﬁgmﬁignldifferent reconmenders usi ng scorﬁﬁgﬁgﬁgﬂgzg?hat
may be based on factors pertinent to one recommender but not another.
In an enbodi ment, the process 200 al so provides negative feedback

scores. [0055] At 208, the process 200 normalizes scores from each

reconmender . @é stgf may be perforned by a normalization qulne
such as the ndPiflliz hied’ﬁ’”%ﬂljﬁtl‘f’é‘ epgipe Jf0 prespiRibe candifpie FGpRERTdREEPS to
scores engblgndidife ARdrdahe TRCANMBAEILILANS] F00:cREis LB & BFitheY candidate
conpared. In agﬂfnbodlnent g;glﬁgfteq@é;{thgr |Q§Iud;;@%ge(§;ep O%E
assi gni ngreogeiginagliang tg ree0smenaes teruser dmythe ¢padidaied egdsscergs. t Iat
o ocess. 200 Ny i SR SERETIE SRy MR, BTk AR PR a0
function, retmnmaﬁliucmterh:mvelfyf éxetcamdlda:theeiwrel?;otrmyl shmcng diféecameiete dFdoy
mul tiple reco process, 200 sel ects .
Candi dat cQRBRER Be et RaPHs ea gL sy Ko B RE ol fesPiited
:)y ;at_hcandnod;atﬂ& kge%gﬁi@id@ﬂ’to pwcd‘etl ! fResh kg@n?amfdh(ﬁﬂttctethﬁ eéeﬁlcah;bhg &ﬁ&d@zfsoﬂfsl GURE
: e process sel ect a subset of nos i y score
candi dates tol P‘&%mﬂ%@er dhangselestiph @i Spbscl OfﬁF‘bWrth@ grempepsationsybget
of the entdiamdelledr 198 A} RN RE 1REnfiRGIBTBAIRIO Bthe Mer. 2 aust kfl‘ff'rs; set is
process 200 outputs reconihendations with reasons for recommendi ng the
candi dat etypicaliys largthi(s.gst wperamyhoarand hempenaf oseneigtebpoen ussdn g dipéay the
o ocess. SSEAPEHiRdnA] aloHE S okl B b S A R R g llog® s
user. Thefrpndighssg t@0H¥%si snking| Br@nteadeis romnenkydoaoht matheb:ymato scroll or
[o058] 1 eise Pk Bl SR et e @%63?%%?@3%@%&%%%5%Felecﬁﬂga
i nt er f acesubkate.sl thmr 14 96K rdséntdd @i tabss irpRlRlinsSRA-tHEfoh Rethe lidgs to
individual itens_in an electronic catal og. The tags may, for exanP

be in the for P&t expuafditienothst i Grddass ~ pelastar s 18hamany éatt’?/tpe‘dlﬂil

users, al fRaHEhRLEAR! akRidiE QESOQQ?GrerQ&nﬁ‘i'ie%dﬂgstl% s, AbGed A0S AP, o
tag-item assignments created by each user aré stored persistently in

associ at i %mglw reason ieayuse provigad famypadberckapnensiptinatos mytiplhaeasges mgy be
exposed t@: rs. By tagging multiple itens with the same tag, a

user can IeX|'Iy define personal item categories or groupings. For
exanpl e, a usepiif] ghtFIG’(BE& 2 iltusgatesoy embodikient dia pravggi 200 fdrtgematmg ltem

rel evant to the rofes or m.ght create the tag ".Tonf

{2001 ng. pstanRrT R B e ot he Roa g8 S mRERENS:, i She FiposiLpy ¥
named Toecdii@ertaebibsysme, s’iﬂcﬁ@s thaiueeofhﬁiencﬁﬁ&ﬂ Hbteind 00BREIGURE 1. t ags
"public,” neaning that these t%%s are Bosed to other users.

Furt her detai 11895 noliet Bgsesar CP%%‘ESeat 4Pe Yo stHIvIEd PR pyefrenge datat

Appl i cat i £8odNRed Wil £8kr 8865 sibp h8 fbé‘%\‘ﬁm?&r by%ﬁ‘eco%%datf%ﬂ@nélhé |s% 28 the

"Recommendat i ons Based on Item Activities of Users,
di scl osur Ecegnmepdation prgingelldpsf Elﬁ&%%pbr a“tté’@“bsbeméqce%e?rﬂ@@mwaw sandrdate

entirety. recommendations using multiple recommenders. In an embodiment, this step is performed
by analyzing item preference data to identify one or more reasons for recommending
candidate recornmendations to a user.
[0054] At 206, the process 200 scores the candidate recommendations. This step
may also be performed by the recommenders. The scores can provide indications of the

relative strength of the candidate recommendations. The process 200 in one embodiment
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[ 0059] The process 300A begins at 302 by identifying a tagged item
associated wth, although not necessarily tagged by, a target user.
This stepj med in one enbodi nent by searching | ence
dat a of tﬁg§?@%@£9user to find tagged itens that the h‘é@ﬂgﬁg@ﬁ%ﬁ
purchased, added to a wish |ist or shopping cart, rated, searched
for, or the like. The tags associated with the tagged itens need not
have been created by the user, although they nay have been in sone

i nstances. In one enbodinment, only public tags are used.

[0060] At St capdidatpresemaendtion: Sm cbifyens feconymangire uging sensing geaes that
associ at eghait Badel6n FRASESriteRMo oAS rdchSBndeRBul1RY Snotidh t irphehBifinerkne
process 300A nmay sel ect the nost popular tag, which nay be a tag nost
f requent | thegracassi€8 alsopromides negative Metlbachatdresel y, the process 300A nmay
sel ect other t su S.th hree .npst_popul ar .t ags. .

[ 0061] Ther eat t 851 he<b B Bk dfostSR0h AoGGUTR e B M el B imepdsr e
or nore oftep hry delpediredd thagorndlzatt@agngine) @shibd Sie abenaliedtah edgiho 12thel

i nformati ained in the tags., Since the tags describe a product
associ at egﬂ%ﬁf?ﬁt't h'gle ﬂ%’é}a,‘m‘gtsc‘?ré*g@lab@ 6‘%?9"36%‘5'%‘?1 ge ‘&F‘Eﬁ“?“é‘é‘b [ %‘O’f‘?é&?s’ﬁ’

i ncl ude i tengarddIah ah RebUGERENESY Sopf fuRkkr iR Rl Bl isid ofé\gs;gaﬂﬁ,wetgn&, to the
process 300A uses at |east sone ofp the itens in the search result
list as c&HSPETadeddydhtrisnerapusiss. soThas SHRY EESEMIBIBIR MIYgfterybarieedioner
items, fOpLRSE : : of d
AR o e e g
reasons f éunctiae otvmestdinghe heéfettt efrsthe [ BOE2]tAs  beine xegopinendal by emultipight
have purcgf%%feid adepsovi e in the past starring the fictional character
Janmes Bon e process 300A can select this novie fromthe item

preference dat@08d] t hat 2iethe prided @@ seldchiccandiddiestbaghd onitlie riyalizad scores.
associated with the item S possj bl e, tags nmight be "Janes Bongd'
And ~ aqvelbBEP M BEREEE o BRI FHERT guTT G W ATRMFRor oo
of an el e¢tGORE Ci. dahahasessorooCahy k@t USkubset tdTanest hamsy SredendEslss to
The scope of this search may optionally be |imted to a particular
type of i {ERNBENGJI| ErEEhe Provident diffeipah subset of the gptie gett of capdidatey ps

novi es. " 'Il'gggm%@({(a@ignsr_ esyl 418, Eﬂeg}ljljbceis@@g@%tpﬂgr;%co%ﬁﬂ&%atﬁ%‘%{hviea %’E&S

Janes BondTm books, other action or adventure novies, and so forth.

Si nce at ricemuendingribe odndidatediemist Eivis stap map plobbdipeyforedddtyadanddaihssientovi e
purchased by t ser r. f t ife d as ..
reconmendat i on@.65 ddi Fll ona I?’%, IH? %;ﬂleategra Bgﬁggﬁ%%&%né)g&%srsggpggﬁagep grgté%gn
f or recommerdsdigiténnecdonammditivat forne usdesTla petas 60GL it dmplaeedt@lin one

searched on uch,as "recompended becapse you puyrc e vj e
starring SanREREY S Sre OO e B0 FF roPaRbe el B b rrent
of a process 3[088)f or ngeN ALY ih %n&ﬁ%&@oam@%rt%g%mnﬂ@ft infiEcd Bat a
user. The process 300B is al so mgl enented in one enbodi nent by a

r ecomrend@fOWsHER tadleyhly applyruse-defeshinenigdrdividys igms m aupectionic catalog.

[ 0064] The 1RE REERSy, IN0RRAERI sin A% hAletdfid AhRatBHRGbeN 1R 2R ¢h by

itens

users, although other forms of content are possible. The tags and tag-item assignments
created by each user are stored persistently in association with the user, and may be kept
private to the user or exposed to others. By tagging multiple items with the same tag, a user
can flexibly define personal item categories or groupings. For example, a user might create
the tag “work™ for tagging items relevant to the user’s profession, or might create the tag
“Tom™ for tagging potential items to purchase for a friend or family member named Tom.

The users may also have the option to make their tags “public,” meaning that these tags are
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associated with a target user at 320. As descri bed above, the itens
may be associated with the user through the user's purchases, itens
added to a wish list or shopping cart, itens the user I[r)(ﬁted, i

t
the user YFEHUEO®or, or the Iike. In an enbodi ment, F'EU?}P%S&%%E’E

300B identifies all of the itens associated with a user.
Alternatively, the process 300B identifies a subset of these itens,
such as itens that were nore recently associated with the user. By
identifying a subset of the itens associated with the user in certain
i npl ement atposisto otlee upro cosbe 3RS cahowatisces dréptedmro desstieddn L. detanton

b otess. 3008 HEhtpr A b AEERGARR N 200 p IR eahr Pk M,

item may bavemnlidgingl Rctivaeks of tUrersg thaylisblesiae loafgechnivmbeby @fcotpagsed by
anong the itens, Fromthis group of tags, the process 300B sel ects
tags at 3FACTEHED LSATERY, specified criteria. For instance, the

process 300B njoghd} setiRChrosess Boes bt AvTRey i@hifyilg IMgdedARRUASBICIated
tags, such as the ten nost popular tags. O the]ﬁrocess 300B mi ght
t

sel ect al Withagbhougimoivbeecsssaply| teggd thy, arfaieetewicn  (lhiseseoisdpanigrnt mopne
times, su tyl .

oo o e R AR L 00 1 TS U R e
process 308Bhaumschaitdsaddad mrevielbo dr steppind yars eand, sgrchérkfot, ag thetlie.aThe

search engi ne, whi ch.perfor .a _search.for .each t.ag, separ at . ,The
soareh enfhendusplfte? RREAd SRS (Rrd GELLD: bile BAT PekiBfor FRUS fluen 10
sear ched afay hdilachesCarsese Munte. hame dmbodimbnl ordyaubiit egs frb@segear ch
result scores for each item In an_alternative enbodi ment,

th .
process 300B pBOFYr nsh3 ¥k leatoqesy 304pY Se5FLs oA OF RYE %ﬁh%ﬁ%séss%gafeﬁd” i

l'ogi cal OmheORgdeatitedD: As items chDRREInTdI8IRHREEHS pRROB 8bA 3% RREOMS nfdie
|ists of scored itenms while adding scores of alike itens. Merging the
|ists of PepHadagtdieh mag badeaas most fprierly ataened deotleaditeng.e fgternabedt diieng

to their t ingl d list of
e TnETRESBOBRTY toiect BBETes ALRROALES dheohB Bl BMST, 121 Dt )
are added to i i¥pHaseThdrenftsg dreggpceanillhest 366 penfiking gseardf usirpese of s .

0068] At 3 300 f . d | f
e mor ged HIOGTEY [Ebv e den cath faraar b BohmuntiBRrSher Bt TR ol

can i ncl udgnce kigrtagsniztibe @ praiattesdociagd vithihesdsn ladienss sy ofahe tdarABesults
such as 10 ite

.or selecting it _having a score abov t hreshol d
score. 10089 iﬁ%ﬁ@“& thet thg gt B‘é%ﬁ “Eﬁfﬁri‘j‘&g-néh?sogoihe af“ﬁ?ségg@s usFpef Ieast
nor nal i zi REmk befke (GO MBE daldhABuR R R andiiee REDHBSRathE. The process 300A
i npl enented in one enbodi nent by a normalization engine, such as the

nor mal i zatVight seprgithfeitenysp fasfinganctyigsed on search result relevance scores returned by the

search engine. In addition, the process 300A may also provide reasons for recommending the
items.

{0062]  As an example, a user might have purchased a movie in the past starring
the fictional character James Bond™. The process 300A can select this movie from the item
preference data of the user and determine what tags, if any, are associated with the item.
Some possible tags might be “James Bond” and “adventure.” The process 300A may then
perform a keyword search of an electronic database or catalog using these tags as keywords.
The scope of this search may optionally be limited to a particular type of item or collection of
items, such as “all products” or “all movies.” The search results might include more James

Bond™ movies, James Bond™ books, other action or adventure movies, and so forth. Since
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[ 00701The process 400 begins at 402 by receiving candi date
recommendati on scores froma recommender. As descri bed above, the
scores received fromone recomender nmay differ in scale fromscores
recei ved PYOMYOPHEY recommenders. At 404, the process ﬁéﬁU%’aQP%%F‘Qf‘es
the range of the scores by subtracting the m ninmum score fromthe
maxi mum score. Thus, for exanple, if the mninmmscore assigned to a
candi date recommendation is 10, and the maxi num score is 120, then
the range is 120 - 10, or 110. [0071] Thereafter, the process 400 at
406 subt r eideast same ofithaseriipmssaso prebably tetaiedrip thearaytie Birehaged By G uers sie erhe
r ecomnd%f of‘ egler ﬁi&gs +19)£ ggﬂ?&%aats%ec% deﬁ){ong ralg: 191;3%? tﬁggg el 36?)\ %aly
step causes t nor ma scores to ess t an o after
step 408. pﬂomdsam@scm'rrﬁoochcmmersimgtht gensd thig 1i1c§udapa rabererice toﬁahe 4’@8ear¢me on,
process 400, di yides transl at ed ,scares the produce
Por ol + 2t d b eerngcs Rl A L e TR TS EE B Th one
enbodi ment ranges3)f r omdURD 3B il€Q42d Ehahdr asesisndd brcaprdiess 3008 for
illustrated by an exa Two sets of scores fromdifferent
r ecomrend&r§r %Hﬁg"Bﬁngs't%lr?WmémPp% dor getsepf [The Pproogss 300 ds lso
second s e¥mﬂém§1@ed 1ﬂgne a‘Qbodﬁﬁ@lt 805 rel BYRmERRE Sudhfas SROSRR: edbnthGdls § B2 of
set is 5- = and the range of scores in the second set is 60-

= 50. EacﬁKBé%Eé-ln the sets can be translated by the nlnlnun1score

(o senera e 12t B BALES q0dy e o v T g oyl

30, 20 - ﬂ:@oc:raté@wlthradargﬁ-usélfht 320 é\'s Hescribnd abete, itrecieudinmngy lﬁ&,ssoBiﬁted 16th

and 0). e score s are then di.vide e

Feapent i vy S bOURNER 485 R RiP 2 dtdtts s e BF ShoraR e lsmy e
the firstusetaed)dtehs the Bser Geatohed #idolthk Qikel NE a6 REBEEMER] the Pritess 3008
scores fro ch s? l.ie in the sanme rangﬁ, tQ%§,na be conpar ed,
Thus, for dg;@c%ﬁ 78 © Hedispgirepatiaicd Bith epst AREMALHHL SR 3088 identivss
items fr OEHbEé’EQﬁQhéQ Qs SBES adVBLHh Hih &GS %&@?ecéﬁt@rﬂséoﬁla{e@%lm e s SBy

having score 1 and the items in the second set having scores 1 and
0.6, assuifiehifyingax SUch% of dby ey psgpriaet itk dhe nger invesTghy seblesepntakips, the

[0073] As gl%ﬁéég f?_ﬁ(%jca%t?&}{ﬁe thggg)%ésf‘ﬁg bﬁr@l@l{ &ra %ﬁ%mqughxgﬁn%%{e %’flze\s/seBOOB.

r econmend € process can~al so nor Ize ese“ne
scor es. Homeve[rﬂpﬁsg,henAbaih tho pidcess S08Rddeneidias kage assoointed vathethe N items,

normal i ze her accordin th [ 0CEessS

nooari va Sieet SRl BE7PREAEhEsE TP BB o Tp iy B LT
t td1§_r ef or e;téraye}?mtlﬁs yreum of gY, ifesto GLOBEB se(&ictsrt‘hg%a&t I3BgtH§h§at;b@rb@édnﬂri]ed0f
addi ng negative_scores to positjve scores. In sone enbodjnments, the
process AR SR T SRR e 15%%?0@% BRI TRy 8 B BOPRePYIR
scores sepgtahé % thd B8 AL PSHulaZ 8s NBY Blel YELeSCRDB MR tAAN AR that were
subtract ed fron1the positive scores. [0074]1In sonme enbodi nents, the
process 4@wpligdol ifepeatheskalésurtken aifiraes suph a9 htigee such _ _

| mpl enent at i ongoydyi ch &%clpﬁg,ﬁé’gro‘é&‘é@oéé‘%g‘bg{f&%s%rs%ar@m whif 6t B
real tinme or near rea rocess normali zes the scores
using a wisqmd&dviﬁemm arp. rﬂ“at;p theess 3003 tdogprthits reorei cknbodiTrient hmsnrdhwg the gt to a

i ncl ude, for st of odi.nen he
o of SR FiEroRhe e B B ki O SR '
scores ar enkentifted), scored tes 30 e4¥0Qad 6QFRSd 0k Chhet S06redTRM Bd MBabddN&IE rforof
scores are reached, the w ndow set (e. g by . r{gg%lng the old

scores), SHTRHAGIABBRFYESFHE %@&?‘ eg- rlécf’él EINBENR eToafigent, fhg process

anot her empms a QLS &8 d@‘ﬁ-?é'tzfgd@i &H@%ﬁg@ﬁog%%ﬁ%pér&ﬁneac hed,
each new score added to the w ndow causes an old score to be reaned
[0067] The process 300B at 328 merges the lists of scored items while adding

scores of alike items. Merging the lists of scored items includes re-ranking the scored items
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[0075] I n sone enbodi nents, the wi ndow may not include all of the
scores generated by a particular recomender. The m ni num and maxi num
scores prOV|ded by the recomrender nmay therefore not be in th

Wi ndow. ?3?%5%? in certain enbodi nents, the nlnlnﬂﬁVQﬁ@mﬁﬁ%wﬁun1
scores are generated dynamically as the scores are received into the
wi ndow. [0076] I n one enbodi ment, the m ni mum and maxi num scores are
generated dynam cally by determning if a new score inserted into the
w ndow is | ess than a previous mninumscore or greater than a

previ ous AwRIdRLIP gebsearch feswisienses 1o produeegesingbanked distofigmel, Thetsaeres efhe

new score Qns, i re I
guess of tLe n1nlﬁgﬁ$gﬁﬁﬁﬁégﬁﬁhH@gggggghﬁégH%Lgb?ové%eg ﬁﬁég &ﬂl£h%
mnndOM/|sr$$ng$0©mﬁgnabmd or reset. To conserve processing resources
in one enbodi e i um and m ar e .not evaluated for ea
now scor e r ecol08 oy (D B oS s8R aRb iy h srired e Bom B m 8"
sanpl ed p@ktitegicorlk by caadidpte 9hdRinch&dtiosal Ths §te£p RN alcUt Sof @tare BMEting a

m ni mum or, maxi num score. Thus, for exanple, every 100t h score may be

eval uat ed ESIABRIFREL (P U5tk a%, | digmirali SISFI T I9PaHITe @ A0S AROVE 2
nunber of gg&Rk8S-£cei ved in the wi ndow i ncrease over tinme, in sonme
enbodi nents the m ni num and nmaxi num scores stabilize or converge. In
certain enbodi H8efls, FEGWRE 4nillnsitaiesiay embodiment plea proicess|480 ifomnaphalizing

lTe n :1 glrJ ?H?Iﬂgrg g@%v . aﬁ)ﬁrs%ﬁreg eslth@r %c?céss[ 7L Eﬁ%rerﬁgcp %Bﬁeocgn&%l?me%? by

fters "Serve roce
processi ngosdiesion emgmdﬁazd-uakexe@mmidhwton\mg:m120@6!?1&1111%@@ deV| ces") to

bal ance proces | oads when ndowi.ng techpi ques ar
naearCai DT or e R, | OB prabRs BHF brens o ChiDg oh el e ap Bfpation
conput i Ng sehessifeaBa reEEhmexRAPA &destribell Blﬁbv@ ARRschRE ERaTBsm ot @idnimdnant
conputlng devi ces prOV|des different scores to a nornmlization

engi ne, t A&Y iR Huirale Ao $rases FRFR b on REeRresApERGeHy Add0TdbsPraseshtflhe

cal cul at edydififetne V}EA% othhg séd?e?s%} Subea iR TR lr%rﬁ&llm%cﬁfn%sfréﬂl gllilet mQﬁmum
i nconsi stent across t different’ conputing devices. [0078

i nconsi st &¢fesy Eaw, onexayipiaif the ganisemdicort @psegned tce@mm’éﬁfda@qomn@@omes
d' spl ayed, 53’61?9‘% n§a§‘<fF§hrh‘§§‘o”re §t12éjltﬁefrlefl§eerg{1:g§t1§ oS- 1&3@ {gshing a web page

r ecomren I ons anc ferent conputing
d evi ce to genefa’g t hEharaftonihe rpda:bss@iﬁe af 496 suhmcze izoslinimemt scorel vfalub fiem
nornalizatign scor es gée dlfferenéF ach co ut| devj

T eshag e oS e B 0 ol pES 8 e o e Tl sodnll This

previ ousl| yteflicapbaethorasiorieaat ioomsiessThes er dqu‘af af eratﬁe;r ﬁe;pmndmdnws
may Cr eat e{ngser conf.usi on and cause user mstru

r econmend &PPEHECI: 007 SFT S Frigule A HES-dhs Rigtess 6@0 f{iwrﬂgs tb? ESWE‘FFF SFRGRERY
digits of 4Rf RRESIOPoIRY MRBmalized scores. The resulting set of normalized scores in one

embodiment ranges from 0 to 1.

[0072] The process 400 can be illustrated by an example. Two sets of scores from
different recommenders might be as follows: a first set of 1, 3, 5, 2 and a second set of 60,
40, 20, and 10. The range of scores in the first set is 5 — 1 = 4, and the range of scores in the
second set is 60 — 10 = 50. Each score in the sets can be translated by the minimum score to
generate translated scores: 1 - 1=0,3-1=2,5—1=4, and 2~ 1 =1 (the new set including
0, 2, 4, and 1); 60 — 10 = 50, 40 — 10 = 30, 20 - 10 = 10, and 10 — 10 = 0 (the new set
including 50, 30, 10, and 0). The score sets are then divided by the ranges 4 and 50,

respectively, to generate normalized scores 0, 0.5, 1, and 0.25 for the first set and 1, 0.6, 0.2,
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used to generate the scores, or alternatively, the process 400 may
reduce the nunmber of digits of precision in each score. In effect,

t he proce 40 ects a subset of digits used in the_scores. Thus,
a score oﬁ%?g’g@&%gght be nodified to beconme sinply O. gET/U82008/067404
Advant ageously, with fewer digits of precision in the scores, the
faster the m ninuns and maxi nuns can stabilize or converge. In
effect, variability anong the normalized scores on the different
conmputing devices is reduced because common ranges are found nore
qui ckl y oanéader Bepsgerd sef.09i80] Be seresHesn sashiseidiesn ithe sams sangef theycoeeks
can skew t, LSt kAl ' nor {.Z.€ | i ncl.

cor o5 that Br e minpy drtppiess oIS VP ks P GREUAE gom
scores. Fdresexanpbas would ahest thefitest or ths filst s@&, habing acde 1004 thet ikegnssio olice
1,001 mght b outlier. Qutliers can ew the normalize .

i str but P byt PR { At P aRuiie s s AR prre i
is 1000. Biwligi ng the various scores by this nunber (after

transl ation by the mninum.yval ue) yields normalized scores 0, 0.001,
0.004 and 1. THE7Hut | AereTHOIRDS o XA8AINE SEVEr I NITAYASH BofFHaneslethe
ot her nor MRk bAReks 300ERNso NBRSHLOMEL RESivEBHrdsNAIGALE:, WREVbodt fRAe and
recormendations and therefore may be desirable to keep. However, when
outliers oo%afiyoKerres B varmelized cloprivsmtarriivasto (Beadhogss #90, tthe natwmjiged
exanpl e), it e i r i s
Goi ng. b SABLeopE BT RCTAR H A N Whel 5P oG WL sRlinve
exanpl e, aomedieshentereclinoudtidg siet beacfithefedtiol degtide senp\te psdiiveesombolte
the threshol d r .bel ow the thr old, in the se. of | ow-val ued

out 1 or o) "ORASTRRIMERS s reseit, N0 SierionieE (iR Srr ol i e REbareES % posh

i s used i poiifiveiseret bepamitehd OThd ReRbli3d @eghase€ sdohe daphoy Be spebitediralthy
resetting the wi ndow. For exanple, instead of using every score or
even a saﬁB?‘%veoﬁcf’ré‘\‘/ery score to generate nininunms and naxinuns, the
m ni muns_and ”g?@ﬁﬂunslncéé%@nﬁgdiﬁﬁﬁﬁtth@f)%@é’ss ORI akA3s %F@%%namigaﬁﬁo[nes
(e.g., after 1000 scores) have been normalized. That way, the inpact
of outl i erse push|isplsmpretiohewhigh &13y e uicd érn dusswes ot dormializedimeeabiige or
maxi muns tQ. .hei.gno f -cal i OF -he

roduci ng {ha EuaRehE bt iDhARIAR By Mg Rl ARl g o
smal | est) tlecbke dbhet edpexinihimifcdrderifori emamples @olis . of FOl,0(0n stoeenc efn bie
second-to-| argest score.may,.be chosen as the nmaxi scor.e i nstead of
Uhe | ar geSTPRERFE: TROUSFEPESRESAR 1T PPN Bt RRoPTL BRUBHT BIPe5P o
process 5Qbrésire reachad| suah 430 0100€ BRor&C OEEhd &iak DIUNS MOKIRS of sTHRs Pt GREIRS,
500 is inplenented in one enbodi nent by a normal ization engine, such
as the noffalfegyi dncsEntitre™1 BaosPErPEORESPres), and the 1oeH]"Ceink aeth i
process 4@Qeivk Aéw BERGE FSater BRBIdNSerRlonddBe MxihREL M bROGRNEE dadathed,
reconmmendati on scores_from a recommender. At 504, the process 500

det er m ne$adimenrgF Added iuthg ingowdaeses abpld scoreriibg remgved-nal  range may
be determ ned, 9% eXHMRS eANoSUBKE A6 WAL Al i{nﬂﬁ e

maxi num scor e. [Thlgls range mgy be caf’cu% ated di?r%g'a%oca @g%é’i %f;{h?ﬁl:e&es
wi ndow t eghirirajertlyy alisicuiab esgomimender. The minimum and maximum scores provided by the

recommender may therefore not be in the window. Accordingly, in certain embodiments, the
minimum and maximum scores are generated dynamically as the scores are received into the
window.

[0076] In one embodiment, the minimum and maximum scores are generated
dynamically by determining if a new score inserted into the window is less than a previous

minimum score or greater than a previous maximum score. If either of these conditions hold,
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[ 0084] At 506, the process 500 determ nes a new range. This new range
i ncl udes a new m ni num val ue and a new nmaxi nrum val ue. In one exanple

enbodi nmen range is 0 to 1. Another exanple rang .be
-10 to 10R”Q%ﬂ§@&§£%ges may be chosen without Iinitatlgﬁ ﬁ?ﬁﬂ%%?ﬂ?

508, the process 500 nmaps the scores fromthe original range to the
new range using a mathematical transformation. The transformation in
one enbodinent is a nonlinear transformation. The transfornation I n

certain enbodi ments takes the form Normalized Score (Item Score -
A d M n)* theeheresigera id cousitge) to-baghg ikvrpinimum ghepdmume Ar ftiabeeseef

ar e candi &ﬁtlﬁmfn’%ﬁﬁ %@HQQHU%&Q&%&?@? be ﬁgﬁfd%i ghgltx NAfdaw igf?ﬁ Ig@l(eratedq)r

and where New Range = pressi on
i I I ust r at essett Hatcofissrve pamhssingespoSeesr i, ona embvdisentie msingenardahedmas as

function qf m Scores, the nge, a he New Range.
L0086] 1t s At B RRR AR Reort ey R e G e TR B e sl
to 1, exppessiicaly (dorokRélienay lhdoarvmghthmd n%%lﬁlmdértlﬁﬂxﬁﬁ?gc%re 18l for
Mn)/dd Ran The normalized scores in expression are
corri)ut ed F’f?“ﬁgpiﬂ’e é’ﬁ‘%&emg% 8O Ry P SYalH#et I detemung &y indd 2 260 DREPER of
FIG 4. ThEnifiubi MEMBEhiboel Bt SOPRIs G8RHRN i Ae md&ubﬁ&@agé @@rfnmnlne?o%
item score to produce translated scores, whi are divided by t

range. [008PedimRES tthe MinEewEs sandomammh@ m%@estsblwo o¢ eneerEo dsecetrﬂael
techni queg;,88qihBRs PF AL had0s e ahe Wil fionedabinifums %ﬁ(! ?%Fuéﬁu?n scares

i ncrease consi st ericy anong nor mal 'zed scores across nu
conput i ngregeews.ces, and to mnimze the inpact of outliers.

[0077] Recommendation scores may be normalized over multiple computers,
servers, processors, processing cores, or the like (collectively, “computing devices™) to
balance processing loads. However, when windowing techniques are used, differences in
normalization can occur among the different computing devices. For example, if the same
recommender on different computing devices provides different scores to a normalization
engine, the minimums and maximums on these computing devices might be calculated
differently. The resuiting normalized scores might be inconsistent across the different
computing devices.

[0078] This inconsistency can undesirably cause different recommendations to be
displayed to the same user at different times. Refreshing a web page of recommendations,
for instance, can cause a different computing device to generate the recommendations in
some embodiments. If the normalization scores are different on each computing device, the
refreshed recommendations might be different from the previously-displayed
recommendations. These different recommendations may create user confusion and cause
user mistrust in the recommendations.

[0079]  To reduce the effects of this problem, fewer digits of precision may be
used to generate the scores, or alternatively, the process 400 may reduce the number of digits
of precision in each score. In effect, the process 400 selects a subset of digits used in the
scores. Thus, a score of 0.529 might be modified to become simply 0.5. Advantageously,

with fewer digits of precision in the scores, the faster the minimums and maximums can
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[0088] FIGURE 6 illustrates anot her enbodi ment of a process 600 for
normal i zing itemreconmendati on scores. The process 600 is

i npl enment i enbodi nent by a nornalization engi ne t
nor mal i zaW%a“&ﬁQfg%?e 120 of FIGURE I. WD B RSl ok
2009/ 006029PCT/ US2008/ 067404 [ 0089] The process 600 begins at 602 by
recei ving candi date recommendati on scores froma reconmender. At 604,
the process 600 determ nes whether a m ninum score fromthe set of
recei ved candi date recommendati on scores is different froma desired
nor mal i zedtapilig AueAnsergs-e In Piect.dusipbiby amomgdhd z@‘maﬁiqcii 0003 9T dreedifferenne
enbodi nen e b m ni_mum. seor e

the nor marr B ERstBER Rk Hebdus ErfAE Bl s B R AHPOF ebch
candi dat essregommendat i on score differs fromthe desired mni num

normal i zed sco the ocess 600 at 606 transl ates each score jn the
set of candi da{'}@smeco %‘Bﬁl%’ﬁ‘eéscdﬂé’ss%yo fascares r @peske® Be: HeEhutoneof

M ni mum cagehidiaddacses COMBAE akiuedsdRA kR A8 thubhenslRs b BENNAESRhNZSH: of
m ni nrum score. As one exanple, a set of candi date recommendati on

scores ni §Ktotheaeoras. HonFrATINes dbg it of scorss dn2. - gt W1 ghe gore L0OIoDight e
the desi rQﬁiorﬂlﬂému'ti?e?sdcams@mgh&%QEf‘ed'd?stlgoutlglgﬁy el J%«'mbme

desired normalized m ninum score differ ccor ng , each
candi dat e exasemtiEarraigei io h0®e drieiding|the Yreioty samlsk bj thib 1(uenbgr (afteubinslatiingd)

by 90, resul ) ores rom ni_ mym of . 0
to a naxi ﬁrrtém%‘cgﬂgliljﬁ Vaffe gﬁ%\ﬂﬁ %?"H‘ga“? 751 ¢ Iéeﬁé]; gat & Y Er’ﬂ’refrjlld 6’HnH1§r05’r s
advant ageexmiple eralilctsinglgtiomokites doodsr fdroaiad Eéwerse nt r ecomrender s

having differe i ni scores,.to be nore easily conpared. After
translating th@ro%ﬁ]o @Utw?"ﬁénaﬁr'?)dd“é'%esveéb?fmﬁﬁd%“@@ﬂ?”?aé‘og%%’19 thyefore pay be

however, t&frable & Koep) HoReNed 3iHRn bRGORTRHIRdr AR &l%@?&ohﬁleﬂﬁh&{s%dﬁﬁ% in0
be the same as the desired normalized M ni num score at

process 688 FPecEansleyiit Bax bsdasigably loflised. thy euthery; QP?)Wa}’ Pﬁd@!ﬁblsds ive

not ed t hafjeNeah LEL mhadi S y
onitted. [0091 A:r gg@jieh?(ﬁel%pr ch;g';dﬁé%;s, ?ﬁp%(gr ?ﬁﬁ %qg%%?n% oot set 2

conbi nes tihiesheld gné temyive gtdrestaheve thethseshgd (ordalow the thorsheihaa tl&c:aseenf ldw
one enbOdbgiﬁéﬁ)%uéﬁeggﬁ 'A[Hogﬁl(-) ECVEBe%)Or%%E\?e ou.lt% 9 \Q/E'en amllé normzﬁ;zat go% a{g ﬁ%@esg

I n anot her e Forme

aver age ofiseahsulsliety tm‘lmtqbedes;c:d:feésbmdpmﬂmw Iyseng:gttllmamﬂ@ﬂ aper aymplee
nunber of . SE i.n the noving avera The novi ng. average may be

[ rpl errent B G Uil SYTS o5 OUEIHG SHE P! RETESB (e AR dBpumS and
t echni quematigaets] bRMniAOES anfl ABNINEYs aMed BEGesEiadel 8 AbERn hiBber of scores

processi ng burden on a conputing system by reduci ng the nunber of
cal cul ati g"‘n% g E)%OOpséPﬁeﬁ?r}}%ﬁbe%“ﬁE’éﬂhﬁ% Hirb vayy dheoimpagt| of ppdiers dpleesgngds

not conpub&duRasdirebd: TRsds 61@‘6611%91%1@ ah$ b BERIN &S be #gﬂor@eﬂ R TR AR NbtHont he
nmovi ng aver age is an exponential novin avera e.

2009/ 0060 Xgra@rptesras] vdriashq 0wast]of leefies fis tekmg thhé\lﬂp taogeeidsr BhGmallest)
cal cul at e§copé)£srmé héﬁgluﬁﬁc(gf ﬁﬁmmfmys%bgg Frop%stance, the second-to-largest score may be

chosen as the maximum score instead of the largest score.

[0082] FIGURE 5 illustrates another embodiment of a process 500 for
normalizing item recommendation scores. The process 500 is implemented in one
embodiment by a normalization engine, such as the normalization engine 120 of FIGURE 1.

[0083] Like the process 400, the process 500 begins at 502 by receiving candidate
recommendation scores from a recommender. At 504, the process 500 determines an original

range of the scores. This original range may be determined, for example, by subtracting a
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conbi ned score and the candi date recommendati on scores. This step is
perfornmed, for exanple, by dividing each candi date reconmendati on
score by the c i ned score. In enbodi nents where the i mum
nor mal i ze&”‘%é"&?&"ﬁf’%" 0, the nornalized scores m ght ranggﬁjp ﬁ)ﬁqﬁgl"{b

[ 0093] The process 600 nay use a w ndow t echni que, such as descrlbed
above with respect to FIG 4, to calculate the m ni nrum candi date
recomrendati on score. Advantageously, the process 600 of certain
enbodi nents can al so use the techni ques of the process 400 to

cal cul at e Mg sparediost eaxipym Sﬁ@:rleegé’é regh a1y bepriglaitdolygamise! ralsing dh
Scores ackLss devices, and to mnimze the inpact
of outliers. wﬁ&%hh%%ﬁﬁcQﬂQ?%kgﬁe enbodlnent the process 600 al so
reduces the |n@a&ﬂ ofAbﬂklﬂ@msmbySpédﬁgdumahhywnesﬁiﬁhmgmanwgmdmhﬁeﬁ
scores mhen wi nd v1 qres are used. Res ttin H@ gDM/{ noves
the i npacf "6f" rB%Vx‘f“&u% “8&‘8 f 8P BRI Y EEFy n ?rﬁ’e TR ST 5§ Lo r €™
the wi ndomngeud gtde anbteeekainplel ragdeanight §ee-10.to 10.NOthek Roh@wy MBI belcHagen
reset at er intervals), spreading out the affect of outliers on

t he nornaﬁmggﬂ ligisHs . [ 0094] FIGURE 7 illustrates yet another

enbodi ment of @ePs10CeRSs0ROMe p%ceﬁ%b@ﬁx'abszthél&o}ek %ﬁﬁ&&l{ﬁ?ﬁn%éé 8Bthe new
scores. The process 700 is inplenmented in one enbodi nent by a

nor mal i zaf4ngn ueingian@athemetisalagansisenationnal ez gnsbrmaiogi ineong 20bedimErGIRE
L Lrgglgg']tralé}gr 97.ChR t?angQ%bﬁ'ﬁ"l (,%Pt ﬁgt%bg) mgrﬁgﬁk Stﬁegfoﬁgndl dat e
recommendat | on scores froma reconmender. T erea ter, process 700
assi gns percentlle rankings to the scores. In an enbodlnent a

? ccommendar TOR-L-A e BRn re SPam ooy BNl RR KRR S atimg ¢

particul ar candi date's score. Thus, for instance, a candidate
reconnenda%lon i tge 95t h pgrcentlle hgs a score tha@ils hlﬁyer t han
95% of t hé& B‘Ee%f‘r B RERTERATR Sandidats rergmmepdagiop seoggs, Whde P Rwe

that in oigkeMih, RN VHBRINGW RiNpe theewPBlat €Ndvl Bl aEblﬂré%%n m@mmﬁat&&ﬁg ftno
deterni ne the weakness of a candi date's score. For exanpie

candi dat e ¢f@dEFmBrita s ScAretingengBHed gs@rfaration oé therteph$agres, the O1d Range,
|nplenentg&5& bghqﬂ&gpave a score that is |ower than 95% of the other
candi dat es' scores. [ 0096] The percentile rankings nmay be
assigned i n a {f8Bélet yltofillkaysted Ome whary New Nin is 8laod NatveR anbe isnfisgun O amd,

vari ance val ues 3{ the set of candi date recommendati on scores and use
r

Xpression (1) becomes
these val Geg Yo Ve the percentile rankings froma normal

di stribution having the calculated nean and vari ance. The percentile
ranki ngs gener at ed on11h nor be o ained from
a | ookup table or tR~aaliees ‘*th§P86%§ '7€@S4W98E§¥@ﬁ%od nt may use
a w ndow t echni que, such as described above with respect to FIG 4,

to calculate the _nean and variance val ues. cqu097 Alternatively, the
per cent i | d&¢ fainaligedsgpretinpxpgssipgi Ghare Rempwtd isWierrgme oF frtimalar paingeasthe e

= Rank/ NunBer.1:9dq 6% 88 FI@ M. The minimum value in expression (2) is subtracted from each
item score to produce translated scores, which are divided by the range.

[0087] Like the process 400, the process 500 can also use the techniques of the
process 400 to calculate negative scores, to increase consistency among normalized scores
across multiple computing devices, and to minimize the impact of outliers.

[0088] FIGURE ¢ illustrates another embodiment of a process 600 for
normalizing item recommendation scores. The process 600 is implemented in one

embodiment by a normalization engine, such as the normalization engine 120 of FIGURE 1.
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The term "Rank™ in expression (2) refers to the nunerical position of
a candi date score in the set of candidate scores. If, for exanple,

there are date recomendati on scores and a pa

is the 50'[‘%8%10%%%8 score, its percentile is 501100 = gé'lgﬁgjﬁ%%g@gl on
(2) generates percentile rankings ranging fromO to 1 but the
percentiles may alternatively be expressed as percentages (e.dg.,
"50% or "50th percentile"). [0098]In an enbodi ment, the percentile

ranki ngs are g{enerat ed dynamical ly using a w ndow of scores, using
sinilar technil@R9 t olherbecesyed pasinscht H62\hy Tageiving eandidete reqommendatipn

I'n one sugh..emRadi f@&ﬁmeﬁd@? i MOYHB &I&o@ av%e@ne Q%lﬁglu#n' 2beeOf

scores, where an old score is rem)v rom ?%g&ﬁges eac tinme a new
score is frpmetht edt phteseivhe chididate &cnmmemdaamwmr%isadtﬁeww frod, aaies1red
percent|I n an be degiv ach score's positio

P e | | St Mo fiith BGecofile" Bl BMAREN S HRLE PR I ibofimsh P
first posihtivalpe that Waﬂi&:elch@bn.tgé]tmrbnﬁumaéﬂfeﬁl tAstiormbli#ed mg@nﬁd;cml tion
m ght be ranke EQQ%E: d S0. on. ngan enbodi nent , the} is sorted

automatically FREImpm, candidate recgmmpendation soqre dif ers'IfFPén P detivedn

inthe | |§ﬁn1Mﬁ\rﬁrﬁ>rﬁnE'l%eﬂ'es\56r§C%eprb&sd BEELE 86k %Ebza% 5&%& QEdIL r?Fr‘Qhé))!et of
searching the list to find the correct ngSItI on for the new score. In

one enbodfagidete feRRMmeRdatieioreoee pivadedifirenes d)e@@em eth: nmtrmurs apfmdidate
posi tion f'e@or%rg&(faﬁ&} scordah& faklivg! (111}51?1} AiD& rﬁingﬁusrﬁ T £ ér{% lé 13k of

regardl ess osition, Is renove omt en t W SCOr €
is i nsert@ddidﬁiﬁmglp?lﬁaedappme@w nYigi§ hate a7@Bimnge scorhied %ﬂ@m@@n&lc bié90 to 100.
ores. Advantageous, sin r.cen

r anki ngs i Z S u e

Fanki ngs DRnohEa-2E B iR SRE RS FR S Tl 6 PRk PEHETRL horftied
nor mal i zedtirsomesort aliffrtdyi F SAC(Aﬁdlﬂglf,&ﬁtH tandidae rafoaﬁmaan?ﬁ@cmwm%
need to account for nusu %} ¥ éb’g?h sc@g Perce{ltl | e .ranki ngs
are generg?nlstj;‘tefilﬁ%%n ) P Q)G‘ESP t’ég? SCQUR PP IR Mpimum o
successi vgky a makRth $€ 0. riRAtnd MeRendiNHCRENAIBEId0n iR s GHaRtt ALK Ve
di fference between those scores. For exanple, a first set of scores

1, 2, ande™ '\%Eﬂtﬂo%‘is(’freaﬁf@@dd'ffﬁré"tsfa‘??@weraéa‘a“%@éférrﬁ‘»ﬂt PEimyh severiede],
2, and 10%&&&9%&?%\3@ﬂﬁ&%&n&%gqﬁe G8Feb ahd @5@99@@&5&@«%5&@%@@ se

the techniques 0 e process 400 to |ncrease consi stency a
nor mal i zebbvswers the maininos candidete ptcompsnintion ngpralisdetcasined o badid sinens the

negative &e%ﬁéc?r?or zeg %{ ﬁi?flu u%?g{ aﬂtﬁéﬁ %I’ agcegsy 60f0rp9(§]3eg£ dllr%nlztlgﬁo ?t(ﬁ:g%&? In

descri bed above. ave o negatl vé scoreé

percenti | midrtwnkitnqysufdam medr mutemsﬂdmaamhnbdiﬁhem stebe 0AViatich 686 WK e
negative scgt & wi Il have a very |ow percentile ranking. [0101] FI GURE
8 illustr4t¥&ea portion of a web page show ng an exanpl e

[0091] At 608, the process 600, in certain embodiments, combines the scores of
all the items to create a combined score. In one embodiment, combining the scores is done
by summing the scores. In another embodiment, block 608 is performed by computing a
moving average of a subset of the scores and multiplying the average by the number of scores
in the moving average. The moving average may be implemented, for example, by using one
or more of the window techniques described above. A moving averagé can reduce the
processing burden on a computing system by reducing the number of calculations to be
performed, since the average of all the scores is not computed each time a new score is

recetved. In an embodiment, the moving average is an exponential moving average.
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recommendation interface. The exanpl e reconmendati ons page 800

di spl ays reconmendati ons for a user. The recomendati ons page 800

i ncl udes i tails about the listed products 810 cts
shown) , aﬁgé?ﬁgﬁﬂﬂgg buttons for addi ng each product tgé@ﬁg%wg@ﬁﬂ%nic
shopping cart or wish list. In this exanple, the recommendati on page
800 al so includes a set of controls 812 for rating, indicating
ownership of, and indicating a |l ack of interest in, each listed

product 810. The recommendations system may use this information and
ot her informat {82k o Theseadipe thheracess otiferrdratates morhalizadleeases bn uaing the
enbodi nen ' ' - : | t
whi ch 1t eramRacE RO RRE T Sendl Geimertil DAL i BT PhiSReE I
ref resh opkample,848daldigisach casdidatd cecommendatioip dadre dby | thes torobined score. In
recomrendat i ons, which may .be updated when.the user adjusts the .
control s FEpodiments shée ibpredruhign fynabisd sis By e Bowlrd s aeger
r ecommendiritge a0 fotlem For exanple, the item"The Arctic Incident”

i ncl udes the reason 8l4a "Recomended because you said you owned The
Eternity Code (Wffleni $heeipress BBbRag)use apandoni §Chnias wich s desepbesabove
your seri &g’ rdgedagcricie abey&iart e HABARS Bldad Qofither RS ! dbRRY
reasons for recommending i'tens. A user that owns one or nore books in
t he ArtemfgivEgegeoasdy, itesprodesy 640naftcamae emhdihentd eani aitoaise dedechnigquénsfitg

t he remainj b ' ries. [0l I : N [ e
of - compondrresscRAS chlubdSeRENl Sed ik tlinuchel wliL hEhEA Sk
986 t o i npkmrEmtitipheomeaonrienidat nehtofminititcoths iriescsf dnddrsa ioddétiondlhe in

system may al sp j.nclude functj.onali for.users to rform.vari ous
AR i B e S S S e S L
items, addiwigddw efbcoted wiRh SatRly tethskubd &b Sisean ReSHORPING QiR Bmol@tthd1g

itenms, reviewing itens, etc. The arrows in FIGJRE 9 show the general
flow of i nPBRHRL iPETYINEONEES cEAPSHEkt e nanber pligtorestia dhdp yindpwUeidgbe
the systemygRyd REnGeHEISE b MBS wEQIBL t&QESat Q%exq\ﬁﬁf\{atsrl%plle%i% B&lthe
Al t hough shown as personal computers for purposes of illustration,
the user @8ggef evtlcrygBthgmgrmatisgdsderes ari ous ot her types of conputing
devi ces, incl ugj Pepsenak Pifl i t i

phones, set-t ogdo?gl ev?5| on b?)égl!'ss?rgﬂg ?,;{3 %i&%ﬁee%eb&gﬁlﬁgn%y ér‘é%e\%ﬂ%sliog for
FI GURE 9, mbimealzingt gem 986nooemdatiche sconsb  skhevposes® FO0whi miplpuaacds s e P

f P | ! ived th
From ¢ he SURPRRRIEaP e SR D T S sb g Grelka) 0 O ORE 1

response to UsS@UIFEqUERE ProcésBFONRgIEE BNV RIS bPY Rcidinpamhdidid Yecamendtien
cont ent - dependent web pages according to user-specific inforpation,

The web s&F&Y 0@@6@%@%@@% Thepalsr: Beprosesswidl apsigys PESRiI e apksingrglp the
t hat spems&yrest.hqnlﬁygﬂﬁod@sﬁ&t,fQrSGare’so{,er&mQUﬁakiggt(@a bqRR@fy, a_candidate
recommendat i ons pages, and various other types of vve% ages. The web
servers 9gecopwisnfaiion’stigeentile emjsing) eedeqiy the strerfetr efea Pagiicudan gendidate’s score.

typical | y,ﬂﬁ?%?ﬁﬁ&n&??%ﬁgﬂ&é ARBhENaalbn e RALL ﬁ&%% ﬁéi?g}pg??ﬂ{iﬁ%’

be determined, for exanp usi ng browser cooKi es.

i 11 ustrat édghenthfs GBOREL B¢ othhiecandibate® seoegss HOGI0 be et deareacd, hateatbpthacionthent
for particular products froma Catalog Service 9 whi ¢ch incl udes. or
nccenaes dMPRISRREEY HE S GIIE R ATRnbe WHHC FRRTLBHTEntoHaTS ot

exanpl e, icacdidukes pdoed, OBar dx@NpIEVS canfiduie @eddthcB¥atioh abiHel A5th stadeRtilea this

ot her types of descriptive informtion about gparti cul ar G%)roducts t hat
\%

are avai | dBPEMEBRERRIEAEYE 3 SRte thafduRpehan $o&u pidls OBy sendidsies spis-
etc. via the 98] t e TRSBercdnBitARlch: REMEL B 2P . ' e
with a taggi n\é\@?efyvi ce 9€Eéct_hat na%tmg?%g %%gr{_abag\g‘ee 83%8%0@11&%9%
user - specit$ paiculafg thganean amheariagy vahesosthoseb df apdideta edsommendagiany scofes pnd

exanpl e, iuﬁg Itﬁ'é?fge/ ngésgt%; ogafriwt: - | &;@fegaﬂaﬁ%ssﬁong) %Ej:llot%gll (lligjtrigﬁ%%t lgéﬁné\r’]ﬂqé h

various other ata su ermssS| on data an cre
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and 900. As nentioned above, the search engine nay be used to
generate recomendati ons by searching using tags of various itens as

keywords. [ O The web servers 990 al so access a reco Welsloy
service 93&)éﬁﬁgﬁgéenerates itemreconmendations. The r ?ﬂ%%%%%Z@fon
service 901 may include nultiple recomenders and a normalization
engi ne as shown in FIGURE 1 and descri bed above. To request
recomendati ons for a particular user, the a web server 990 sends a
request to the recomendations service 901, which responds with a

| ist of rekykedntean jandnwerigecor ditagpraresntilse raplioge ragnaspier] gropr dkss agrmal
descri bed%%ﬁ%ﬁm%%?hbé SBRRES fofh Bl Satte Br e fikcd. CSRTBRER1I08Nn one
service 9 may gerierate the recomrendations 1n real time In response
t o a par ténthodamentsey ugct window feOlird@ieFoich exdaspibed abave ovith resprixo i FEng., to
when a useL E#L@ks on g | i.nk tﬁat i nvokes the presentation of

per sonal | Y8 FCCOMTERTAL FONES YAHE system generates and returns item
recommendat i ongega7n r eQterdatindy, athe f ShrdefiNBs mhdyl bé ahlcMaed 4B Ser foBEwWRP0
sends a request to the recommendati on service 901. The recomrendati on
servi ce tRERYResponds by invoking sonme or all of its reconmenders
112. The recommenders 112 may, but need not, be invoked in parallel.
Each i nvoked recommender 112 responds by retrieving item preference
data 902, which may be 8prsentildstRad/Movelrer gbsgeteal ser{Zers. Each
recommender 112 then generates a list of candidate itens for the
user, together with associ ated scores and reasons. The normalization
engi ne 120hetemm@anke & dxpessoolpsfastodiEsiamicoied pattamegf aaadliddrescore in the

candi date_se) ectqgr. 130 t uses .t nor i zed, scores to sel ect

o't | cul o BLATON GHE SR TP RRGrHRA (DG Gl L REn P HER SSch e e
itens foragisipllayscorthie theeSBHRACGAEIoRS) iS Qecb@ie R030/100eA 0/5Et ENpRSsibi €2)
ranked list of itens_and the associated reasons to the web server

990. Fi nafPFacs RECHSHe sukipat o908 (Fows? thi Pyt fcoraeptilghmay liseatrly et h
i tem dat ae%)?ésge'd%‘s’ﬁgcérﬁéégé {ehe 6@ abC90m e ERR994 (and possibly ot her
services 906), to generate ‘and return a recomrendati ons page of the
type shown in [FYR8URE I8 an pohoidpebdbopascentls rgkigs araanggiedsfysamically using

i npl enent at i Vi di r i .

dent i Ty Gp RS et A (B Ay A6 AEBLE AR Wi BB B30, 4
may be priwvindedsh dndrodescanpheeyinddvats imapsentedsonsdrigpdst df scareawhare treadtd.

For instance,. a reasen type "A' .mght map ta the, r on_ text "because
you pur cnags st RE o R o s Moy TR i pERE e S P SERS,
text "becausertdd &mertentide ARkiy®tdn Her detinell BorMeadh debrdts. positith GM@nk in the list
enbodi nent, the recommenders 112 pass reasaon types along with

candi dat e"¥% SHTEHERIE I BHEHY Fhdohermas %ﬁ%@e@nww&fﬂwt gt be ranked
nor mal i zeggt J:az@s&&ﬁsﬁﬁitfbh%ﬁ%m& PRkdRRSarANE of ARARR MRG0 IIFBROB kRS
to the candi date sel ector 130, which passes certain reconmendations
al ong wi t PHtemREicplly esaanscoippars nsgried intodhe lisiy dhe aesdticadrpPerishvhqade new
shown) . The Jisehseldf SRR AR IE WardfREGHE fst 16 BRP el YRES pilitidh f£ARON
t ext accor fng tsg t he Iogc[%hep 1tach}g anegﬁlgi spﬁsé;s the r ecor‘r#erlldatfoons
W th the sesevratBdneeanbolimegxthe new acars eplatsee,olesagre, in FieGamg position in

candi dat e 0B e eag WS e b R el Eler bRl il Y

has not ehgagentHemea spat isiigwhal type of user activity on which the
recommender is 5?39 ed, _or where th&oéecom*render, otherw se reljies on
d

sone type of U@ at BhegATatess WOmb7 0%Nsss g mpereetids rapkiespsmemealiess sogser |

Advantageously, using percentile rankings as normalized scores reduces the sensitivity of the

normalized scores to ouiliers. As a result, the process 700 may not need to account for

unusually low or high scores. Percentile rankings are generally insensitive to outliers because
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[0111] The reconmendati ons service 901 al so conmuni cates with the
taggi ng service in certain enbodinents to obtain taggi ng data usef ul

for produgj ndations, according to the proces i bed
W th respg%?%p@&%ﬁﬁfﬁs above. The recomendati ons serv?g@%gﬁﬁﬁgﬁé%
optionally comunicates with one or nore other services 906, such as
a friends service that allows the user to save birthday and interest
data about friends. [0112] The web servers 990 al so access one
or nore additional repositories of user data, |ogically represented
in Fl GURE!® zskingepf predeasiehicianlpdt scome AendBix g siedeperfleniupf dfe quantitative

i ndi vi duald?ffe?&@e SN &psea&ﬁ%g.”% @xa%p\fﬁ% ﬁr‘s’ﬁ?e'i of W¥es! 1161 Hﬁxﬁ Tiuid B €
individuals (e.g., two fam |y nenbers tRat share a conpufer). As

i || ust r at ezhkbdthEkBuREAYYs atshend adtaf soos éd?, hot 16ach user may i ncl ude

one or nore of fol] ow n f information {anp ot her

Chings) that Ccltie o SuCPpER IXRTZedin bRATIRTIAEN oS TRlie Bt Rhm arane
Wi th the iprcestioono ia@past RendiGeky SmphE ab@slizdll GORE herobNGhligicn@nthatigs
of purchase, (b) a history of itens recently viewed by the user, (c)
the user' Seyieem!p addifiop nsgasive seoresi mayhpycalcylgipd sgyargiely fiom BRsivg serjes: Ae

user. Varigusibaf fhe.t ¥BEReR] theSRHve loRfyQledRivk QboresS WehpeR®n itk $4hkings can be
| addresSes, shlpplng addresses, shoppi ng

list/registry contents, enmai ¢ )
cart cont éeessed.gheh thatendem véthg versgiepative seosar)l Have e very &y pangeptile ranking.

addi t ' onal ly b mlggor eQIGURE 8 iil&s@rgn%s?’]a érg}ﬁon\/%f iaowaa §9%ég%%€wﬂ$§san0‘éxa e
web site syste 6 may run, for exanple, on one o re servers (not
shown) . | necommepddiiodi etatfzcevar iThgs exanpeneafosimiendpione opaganiddat idglays

with the recommendati pns service 901 a repli ed across t.iple
g e ROty g e e RS Sl L o
[ 0114] Eac hhetistddiRoddte &S §Bs padtilctd kigen) L ah encll @sLhutb@oidiame ebh Yrddect to
enbodi ed in, and_fggh% aut omat ed by, code nodul es executed by aone or

nore conp@f &FeEtRpic 8 &4t Yriee io dg thistryamplsdiée msamimeddation rase 889 gpxd

on any typgh@fes GOBPY &b 3W2hEraRd intita8fg GRRRYEES, SAPIRASCY 1261 of
The processes and al gorithns may al'so be inplenented partially or

whol |y i n Teipisstiin gedhdinted produdt 810 Ciihe sagpmmpndatiprs systasumeys use fhiy information and
di scl osed ota{epﬁ]mgémq@ﬂn@s&%@éﬁﬁm&m{yﬁyn REkat &f %@g@ﬁh@ﬁ%&%&g

otherwi se, 1 nh any type of conputer storage. e ‘vari ous
f eat ur es atutblgss, cudstb@ siodedonatibe docabetrieh ireys lree bsamdedonuiepdetde mthich uedrs
one anot her, .0 . be cqnmbi.ned in vari ous ways. | possi bl .
conbi nat | GSEaRt B Eonti RAETof8 8y 811 IENHEU 15 Paft o thficd et of
scope of triiomnttn8tions whigh nlap baeldiated ahen hetserddjustBlicdvontrad 3121 ocess

steps may be onjtted in sone inplenentations. 0116] Al t hough
thi 5 i sol osur ARBS o8k SRS FHEE T Ferimmsd f‘?fé’?"togi"{?néﬂr‘é#ﬁf‘ for. For
enbodi mentegafe BPRINM eBlel Q8K InQIHET in@THRO fhe TRBINSS 138 SR APRMELRY baAsse tybat
are apparent to those of ordlnaré\sklll in the art, including

enbodi mentsgidaied oxpes ThedttPoitg CodralAra®isoml.pRasl i3t end fis igm wHbcampless yous
descri bed el Rigigl] { LSCl

scope of (Ra oS P EhE! AR A R RRRR, QinreMhf rbdiE Kl el
i nt ended timse Acwasthatiaas wig droudre bedke frethe drtemisdiow! steifs, Mertinstanse, trhght be

mtor por at B! R MR g g WG S0 veD 1
[0103] FIGURE 9 illustrates a set of components that may be included in an
electronic catalog website 986 to implement the recommendation functions described above.
The system may alse include functionality for users to perform various types of item-related
actions such as purchasing items, tagging items, adding items to personal wish lists and

shopping carts, rating items, reviewing items, etc. The arrows in FIGURE 9 show the general
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1. A reconmendations systemfor selecting itenms to reconmend to a
user, the system conpri sing: a recomrendati on engi ne
conprisin ity of recommenders, each of the regaonny :
cozPiguregw?%B%ﬁ%ﬁ%nent a different reconmendati on a|g§%’.ﬁ%&§%ZW4
that each recommender is configured to generate reconmendati ons based
on different recomrendation criteria, each reconmender operative to:
retrieve itempreference data reflective of actions perfornmed by a
user; g n%rate c%ndidate recommendat i ons resBonsive to a subset
8o ¥ &1

of the itl BrmEHER DefyEe, components; (ehlugipied iy FEVRbre heeuseRsnadie
r ecomendpdgsstd by &nEinfiated 9538 COSMRNGALL N&EithARHsHGA @ﬁpér%al%&?htéétf@r
recomrendations to provide relative indications of the stren? h of
the candi Bpeses elcilnsvigtienatheases;computers 98&man inakifl¢ yasiopsorihas igpenef computing
operative 0 A di r
o ovt ded By SRoR bR T B A RS DR TR A on
operati veb@;@s, etc. In the embédinent stovinemSIGUER HRrthd spsienn H3E dvoenpeisas dvet] atreers 990
: gggmgggv %Cg %xﬁoc?s%fﬁﬂ'@?ﬂgp%ﬂ?xtjﬁ%%} }gr%%goljsr((:eg&egtg récgvgﬂro%\cllj tgee ln%e%net from the
user computers 988 that run web browser software. In response to user requests, the web

servers 990 dynamically generate content-dependent web pages according to user-specific
information. The web servers 990 access a repository of web page templates 992 that specify
the layout and format of product detail pages, recommendations pages, and various other types
of web pages. The web servers 990 populate these templates with information that is typically
dependent upon the identity of the particular user, as may be determined, for example, using
browser cookies.

[0104] As further illustrated in FIGURE 9, the web servers 990 retrieve catalog
content for particular products from a Catalog Service 994, which includes or accesses a
repository 996 of item content. The item content may, for example, include photos, reviews,
price and availability data, and other types of descriptive information about particular
products that are available to purchase, rent, download, review, post for sale, etc. via the web
site 986.

[0105] The web servers 990 also communicate with a tagging service 998 that
maintains a database 900 of user-specific tag data. The tag data stored for each user may, for
example, include a set of tag-item 1D pairs, optionally together with various other types of
data such as permission data and a creation timestamp. The tagging service 998 may receive
both read requests from the web servers (e.g., when a user requests a page that displays
personal tag data), and update requests (e.g., when a user tags an item). In one embodiment,
cach tag is stored in association with the corresponding user, meaning that if two or more
users create identical tags, these tags are treated as separate and distinct from each other. The
tags may also be stored in association with one or more items in the electronic catalog.

[0106] The web servers 990 also communicate with a search engine 904 that

allows users to search for information stored in the item content and tag data repositories 996
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out put the recomendati ons with associ ated reasons for recomendi ng
the itens. 2. The systemof Claim1l, wherein at |east sonme of
the recomenders are nodul ar, such that the recomrende e
selectivewvyﬁya@%ﬁwh or renoved fromthe reconnendatiohagﬁggwgwﬁm4

3. The method of Cdaim1l, wherein the different type of reason for
reconmending itens is that a recommendati on could conplete a series
of itens owned by the user. 4. The nmethod of Caiml

wherein the different type of reason for recormending itens is that a
r ecomendatd Y- chumentisacd zhore, dke sgargh prgiegnaysbef yspd ipdzenergip cesanmgndations
bi rt hday. : . 2 d nethod of selecting itens
to reconng g?“$ﬁ§Lﬁ%ﬁﬁﬁggﬂﬁﬁ%§$§#ﬁg§ﬁ etpﬁéving I tem preference data
reflective of HWad0TlonsTipentiorareds BY0 alsais@ess a recommepiatarisdervipetdde witidm

preference data to a reconmendatjon engi he conpri.si a plurality, of
P ecomend&FE I FERBRSRIHEE. ¢ D e GUTBE R Fpienar 18 BErremulipl
r ecomrend adcbMead egOardtdiBrS Wit drgin A€ Bhov@CGAIFIBDREN an8 deefibddgibbrsd T

generate recommendati ons based on different recomendation criteria,
each recoffiREfAy é‘“rcoﬁ'ﬁ@f‘%ﬁ“i“%fof g:particular us§e hles HI¥ED SYNYi Y tsends a request to the

r ecomendalchARRndLBRORRIED0 OvifcelRRls Yih 4 18 of LEMREREEIGRCRHahE 10
and I dentify one or nore reasons for recomrendi ng the candi date
recommenddtei gystems and processes described above with respect to FIGURES 1-8.  The

recommendation service 90] may generate the recommendations in real time in response to a
particular user action.

[0108] For example, in one embodiment, when a user clicks on a link that invokes
the presentation of personalized recommendations, the system generates and returns item
recommendations in real time as follows. Initially, a web server 990 sends a request to the
recommendation service 901. The recommendation service then responds by invoking some
or all of its recommenders 112. The recommenders 112 may, but need not, be invoked in
parallel. Each invoked recommender 112 responds by retrieving item preference data 902,
which may be distributed over several servers. Each recommender 112 then generates a list
of candidate items for the user, together with associated scores and reasons. The
normalization engine 120 normalizes the scores as described above, and the candidate
selector 130 then uses the normalized scores to select particular candidate items to
recomnmend, and/or to rank the candidate items for display. The recommendation service 901
then returns the ranked list of items and the associated reasons to the web server 990.
Finally, the web server 990 uses this information, together with item data retrieved from the
catalog service 994 (and possibly other services 906), to generate and return a
recommendations page of the type shown in FIGURE 8.

[0109] Reasons are generated in one implementation by providing several
predefined reason types that identify different kinds of reason text. A lookup table or the like
may be provided, for example, that maps reason types to reason text. For instance, a reason
type “A” might map to the reason text “because you purchased item X,” and a reason type

“B” might map to the reason text “because item X is on your friend’s wish list.” In one
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selecting at |east a portion of the candi date reconmendations to
provi de as recommendations to the user; and out putting the

recomrendat | ith associ ated reasons for recomendi ' .
6. The neﬁf})gd@?o\g@’ai m 5, wherein each recomrender is P%‘I:/i"%g'r)é/&ﬁm

configured to generate scores for the candi date recommendati ons.

7. The nethod of Caim6, further conprising normalizing the scores
from each recommender. 8. The nmethod of Caimb5, wherein at

| east some of the recommenders are nodul ar, such that the )
r ecomendemngodizgnth ethg e|recemmpafisfs adbedPss @raserendvesd Flpngm with candidate

recomend ?Jcbﬂﬂleﬁc%}g Brﬂ:eto the r}ormaliz%r 1 2-61 8n g@h lﬁ%qmo?&aigexai Pl ssea %rrgels&'n fyB&

different type of reason for recommending itens Is that
recommendatd gandidud decoonphédtionsa tg ethe esndiflatg tselestonided whicht hassassemtain
10. The rr?etchr(r)ldegéa'd ai1m5 ” erein the dtiffe[aen%gt%éoce of re sg foﬂp
r ecommend! g T E RS EaY L PR LR A% P S Sl e e &, rsllbol"\‘ :
IM?I’ a fri ﬁ‘hdg&; ?mﬁm' ﬂgn;ibhéﬁtfhdﬁjﬁes reason typedith Tdﬂﬁ)n{j’téith@@rdiﬁg ©l thd ﬁ?}lﬁzp
ereint ifferent type of reason for recommending itens is that a
r ecommnd&’?’?eo??di“ésp frihed COETB““&HMIOP%WL(%%%ﬁ%&f‘qddreasﬁ?gﬁ‘txﬁ@ us¥t .?Sef% €8
12. The meidray of Caim5, wherein the different type of reason for
recommending itens is that a recommendation is an itemthat m ght be
purchased by alf18lHr| yingawupcases, agadgicelpaeepsunendeyr Id3 may npire@gogsy épndidate
13. The ' ej di; £ £ :
recomend i Ty B i ese WRGlcEloPolofc Il B nck ¥Ag R i a pATENY e
browse nod€ugf atthfity roesthittothe recousmender is based, ot 4vheikhibe mebihoendef oGkaiisa
CO. a . selected fromthe

S ooher ol DB S SRR S SRR AR SRl s et o

purchase hi st ofiy11jat aThd fec@nfienddfid, seBi@VEI Ngso BdnBfi@fidasesdaitiathet ta@sng

data, and Séref[c):e ]SneJeLth %m g&i%énts to obtain tagging data useful for producing recommendations,
according to the process 300 described with respect to FIG. 3 above. The recommendations
service 901 also optionally communicates with one or more other services 906, such as a
friends service that allows the user to save birthday and interest data about friends.

[0112] The web servers 990 also access one or more additional repositories of user
data, logically represented in FIGURE 9 as item preference data 902. Because a group of
individuals can share an account, a given “user” may include multiple individuals (e.g., two
family members that share a computer). As illustrated by FIGURE 9, the data stored for each
user may include one or more of the following types of information (among other things) that
can be used to generate recommendations in accordance with the invention: (a) the user’s
purchase history, including dates of purchase, (b) a history of items recently viewed by the user,
(c) the user’s item ratings profile, if any, and (d) items tagged by the user. Various other types
of user information, such as wish list/registry contents, email addresses, shipping addresses,
shopping cart contents, and browse (e.g., clickstream) histories, may additionally be stored.

[0113] The various components of the web site system 986 may run, for example,
on one or more servers (not shown). In one embodiment, various components in or

communicating with the recommendations service 901 are replicated across multiple

machines to accommodate heavy loads.
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15. The method of Claim5, wherein each recomender is further
configured to provide one or nore reason types that map to reason
text. conput er -r eadabl e nedi um having ins | ,
stored th&%%‘#g’r\{/{%? h, rralhen execut ed, cause a conputer E%’ﬁ%’r%@@”“
performthe method of C aimb5. 17. A computer system operative
to performthe nethod of C aimb5. 18. An apparatus for
selecting itens to recommend to a user, the apparatus conpri sing:
means for retrf Sﬁlng fsécﬁm pr ef erence at a }r_‘eflecti ve of actions

r

perfornmed by a of thenRrgtrsses Grd Beonihete HESCtibRY abpwningy BF embeied

data to aid, QRO MBNMAaMR WBHNEBMERPeLRLRE b3 ot BY AbletdbnBhters or computer
recomrenders, each recomender configured to inplenent a different

r ecommendatocesoral dbe Federmasiyie maize S@a@wnr@aémmﬂ&@nput@-reaﬂab Eaquedah oo
f
generate E&ﬁ;ﬂg%;’squ%g NS bag g%c%esddnﬁ a%'égtrﬂhis Ejrgatl DIk &l

each recome rative cand
r ecomendahplins mhmnsﬁpﬁelfmmramsyxb@he r«sﬁ!tst dsfetm t!emiad @fceeseenc-mdqadmss
and ent.i asons

candi dat eStF%bc%%n%égdqe?{%’Ste’gﬁc?r O{hem‘serrg'a"ﬁ% %DSIQ %OQTPEE‘“‘[ PR g%t | east a

portion of the{{lcw&]dl daliee vaeeNTERMERT AN DrdcOssty AdcEBed@Sbove may be used
recomrendat i on t he user 19. The apparatus of Caim 18

further CBWBP‘?“ 8RS 2pefhero 9F phwt bR geondnere Blo NRHSNE At 3Y8ns Al pessible

associ at e@orﬁﬁﬁﬁﬁﬂ% aﬁd%ubk@ﬁagﬁ%hg'a&gm%eh@ed' tb &8P within the scop ng thfR disclosure.
conput er-i npl enented net hod of normalizing item recormen dat1 on

scores, t Headdiionguriain msitiod iopprocess steps may be omitted in some implementations.
(0116}  Although this disclosure has been described in terms of certain example

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
the benefits described herein, are also within the scope of this disclosure. The scope of the
inventions is defined only by the claims, which are intended to be construed without
reference to any definitions that may be explicitly or implicitly included in any of the

incorporated-by-reference materials.
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receiving scores for candi date recommendati-ons fromfirst and second
recommenders configured to provide recommendations to a target user,
the first reconmmender operative to assign the scores to the candidate
reconmendati ons using a different scoring scale fromthe second
recommender ; for each recomrender, normalizing the scores
assigned by the recommender by: cal cul ating a range of the
scores, the range conprising a difference between a m ni num score and
a maxi NAHACE LAMEME:scores, and cal cul ating normalized scores as a
function of the range; and using the normalized scores to select at

| east a porti.on @f rdchmneaddiiclat eystas domexiengdtesnd @ reecimeaddotusdre
target user 21. The nmethod of C aim 20, further conprising
transl a ﬁgSEeﬁ‘éC%Eﬂ%%g prior to calculating the scores as a function
of the range. a recomendBRorBhdIgg coinpfkiag @ Zlralinhel @comarhndalsathcy

normal i zed scores as a function_of the ra onprj.ses dividin
scores by tHE Hgngreommenders pnfigyrgd n@tl‘ﬂi&g brg sppt W?@P]é"‘%dapon

nor mal i zi ng K& itRGOT SifcrAS &a@nashchY felSmiRpeBNERdeLoffigltder t@Ofﬂéhb}‘:‘a@@
determ ning a new range for the normalized scores. 24. The

met hod of Clrgremmgndafitiiee; Rawad c @nat AGraRG FEPPREENdatione s C%’?“% each

function of fRemrRAGE GRIMVeIES Mapping the scores fromthe range to
the new range by applying a transformation to the scores. 25.
The nethod of O ai m 2iriewseitan prefarengeaiaia gefeckyn gt agionscrsyrfesmed by a
conpri ses using gg.u.ndow to calculate a new mninmmscore if a score
recei ved froma recémender is | ess than the nini num score and

cal cul ati ng a new maxgemgretceandidate epcsmorendetions igapprisiwsipa subset of the

recommender is grit%%ﬁefé@%&ﬁ& maxi mum scor e.

identify one or more reasons for recommending the candidate

recommendations, and
score the candidate recommendations to provide relative
indications of the strength of the candidate recommendations;
a normalization engine operative to normalize the scores of the candidate
recommendations provided by each recommender; and
a candidate selector compenent operative to:
select at least a portion of the candidate recommendations based
on the normalized scores to provide as recommendations to the user, and
output the recommendations with associated reasons for
recommending the items.

2, The system of Claim 1, wherein at least some of the recommenders are
modular, such that the recommenders can be selectively added to or removed from the
recommendation engine.

3. The method of Claim 1, wherein the different type of reason for
recommending items is that a recommendation could complete a series of items owned

by the user.
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26. The nmethod of Caim?25, further conprising resetting the w ndow.
27. The nethod of C aim 20, wherein normalizing the scores assigned
by the recomrender further conprises: normal i zi ng the scores using
a plurality of conputing devices; and reducing a nunber of digits of
precision in the scores, such that variability in the nornalized
scores anong the conputing devices is reduced. 28. The net hod
of Claim 20, further conprising: partitioning the scores into
a set of posdtiveheceiedisod afr Sandi nghdreinpdiss tdiferentrybiedatf ereason for
recom*rendations,ancg a set. of negative scores ct?rres ondi n fto ond’
negat i vECCORWIRNE% 191a8 & FatqC H’E‘E’e%ﬁiﬁ‘ﬁ"‘?\&?‘rﬂﬁl %Py #R& %'%SPE f/gend's
scores §gfhiag Sithdkyom t he negative scores. 29. The net hod of

Claim 28, further conprising conbinin orjral i zed positive score
wi th nornal i%ed rf‘e@ﬁ'ﬂ"PW@r'ﬁ'ﬁg%‘?”?@ ‘@Sg@;}n‘) otRpEing | f%?&"g%'?ffége
for thepgan dahgidcomendat i ons. 30. The nethod of C ai m 20,

further conprising applying exponential decay to _scores for

equi val ent | t ens Tpirigving damugrefesencerdata raflestivepf ClROPRITOTBEE e Hishs .

31. The nethod of, Cligj itdth t BREPT hsthNGo 28 S FeitEeRIERt Bndifle
candi dat e recomTé)r_Edaltt hg]nsg}%r éﬁ:éélﬁvgﬁﬁ?romthe first and se?:ond[ é
r econmender scomprising 3 plurgiite dferersmraendarai ARG reeQRNBBACTC 6AMIUERt do

adj usting t hﬁﬁf&%@&tédi@%ﬁg\r&ewﬁﬁ%&%&o%u ioﬂﬁlwirﬁ S5dn thaedhackcsRfRhY&ds
fromthe user. : conput er - r eadabl e nedi um havi ng
i nstructi onscatiigued tchgereatenrdoommettialions beaek@n differsat secopmpendation

(S:gfri)ﬁ':neﬁ E)i %#@%ﬂ%@ﬁﬁ%@hﬂﬁ%@&ﬁ%ﬁdg% go?ng item ?Lel&:o/rar\nendati on
generate candidate recommendations responsive to a subset of the
itemn preference data, and
identify one or more reasons for recommending the candidaie
recommendations;
selecting at least a portion of the candidate recommendations to provide
as recommendations to the user; and
outpuiting the recommendations with associated reasons for
recommending the ifems.

6. The method of Claim 5, wherein each recommender is further configured
to generate scores for the candidate recommendations.

7. The method of Claim 6, further comprising normalizing the scores from
each recommender.

8. The method of Claim 5, wherein at least some of the recommenders are
modular, such that the recommenders can be selectively added to or removed from a
recommendation engine.

9. The method of Claim 5, wherein the different type of reason for
recommending items is that a recommendation could complete a series of items owned

by the user.
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-scores, the nethod conprising: receiving scores for candi date
reconmendations fromfirst and second recommenders configured to
provi de recommendations to a target user, the first recomender
configured to assign the scores to the candi date recommendati ons
using a different scoring scale fromthe second recomender;
for each recomrender, normalizing the scores assigned by the
recomrender by: conbi ning the scores for at |east sone of the
candi dat e r eghmméhdahietingl tad Ghuivar &t evigereianttien eliffesemir dypesajfdreason for

mbi
Cal oul af¥eREVHBIIE (956 FRG ot sem SRt SAGIOa oot B FOLRdTE e

t he scou@@)rﬁ;ﬂg ba{hdbgaast sone of the candi date recomTendatlons and
usi ng the normali_zed scores t& sel ect at | egst Cgf,f ortlon of. the
cHicert

candi dat e r ebbnméh@afieird 1 éaé’Brréen"Hhsf"Smt (s of reason for

35. Therd@hishdig itdndd [ B4t a FabohIRENdRABWTY SoRgr foraanfér@hemhédlﬁarwm@s
by a difference betvveen a mninmmscore and a desired normalized

m ni nunt&¥ere in response to determning that the m ni mum score

differs fromghe -[qi‘%s ﬁ’% D URiRCE, rﬂ/ﬁ\ér%mt&ﬁ%ﬁerent type of 3Reasdhefor
met hod of Cl aim 34, er conpri sing adj usting the nunber of scores

conbi necaqommwlrm)mmjtr@éarr@c@mmead@itct@ st iterpdleat reighiobe prhaseshby
t he nor gﬁle?ﬁggdéﬁg %ﬁ? the u%er is ar:ﬁZarlyTﬁ'@optﬂ%t hod of C aim 34, wherein

conbi ni ng scor é ' east sone t he candi date
r ecomrendat i 6hs chnepmaibfsd safniilaiy tShewkereinedhe different type of reason for

recommending items is that a recommendation is a top seller in a browse node of
interest to the user.

14.  The method of Claim 5, wherein the item preference data comprises data
selected from the group consisting of browse history data, series data, search data,
purchase history data, friends data, browsing interests data, tags data, and top sellers
data.

15.  The method of Claim 5, wherein each recommender is further configured
to provide one or more reason types that map to reason text.

18. A computer-readable medium having instructions stored thereon which,
when executed, cause a computer system to perform the method of Claim 5.

17. A computer sysiem operative to perform the method of Claim 5.

18.  An apparatus for selecting items to recommend to a user, the apparatus
comprising:

means for retrieving item preference data reflective of actions performed
by a user;

means for providing the item preference data to a recommendation engine
comprising a plurality of recommenders, each recommender configured to
implement a different recommendation algorithm such that each recommender is
configured to generate recommendations based on different recommendation

criteria, each recommender operative to:

-3 -



38. The nethod of C aim 34, further conprising assigning weights to
candi date recommendati ons received fromthe first and second
recomrenders. 39. A conputer-readabl e nmedi um havi ng -
instructions stored thereon which, when executed, cause a conputer
systemto performthe nmethod of C aim 34. 40. A
conput er-i npl enented net hod of normalizing itemrecomrendation
scores, the nethod conprising: recei ving scores for candi date

recommendat i ons from hefiebtearithdriatordomeconnindarespasive tguer sdstoof the
provi de recomrendations to a tar%et user, the first reconmmender
operative to assigh PREENSEAE Y he candi date reconmendations using

a different scoring sqmheiyf 6N drh@checeasbnEeeeeRdeknding the cérafidate
each recommender, nornmalizjing the scores assigned by the recomrender

by assigni ng per ¢8RN RE to the scores and using the

percentil e ranki ngssmstoP kEBirZ 88O BSitioAMH the candidkth Recdri@endations
normal i zed scores to select at |least a portion of the candi date

r econmendat i @rigoYide ps cenprBRendaiorntd thauset user. 41. The
met hod of O a§m i LankAg hh ‘
74 @fﬂé%%? AL B! fd?t%é?%@hﬁlfné ABEnaGer thphFﬁg the

scores conprises | _ y assigning percentile rankings to
scores &econmaerdaiipes with @ssaniaied rpsPRoFAr reremaedting hediems. 42.

The met hod ob, d ?Aor’gpﬁgmtér%fﬁwbréﬁ{en?métﬁ&d‘% normalizingﬁ)"i‘lrefﬂ b QM Renddisn

scores into a 'se oSItive scores corresponding to positive
candi datseoreecthemezided camgrisimgl a set of negative scores correspondi ng

{0 egati ve cand Aokt SGAMIERI L G0Bie PA-IALARbAL J0rd e R Lk
C ai m 42, furdchemaraes caifiggredetearsyideg redoenmenmiations tood tarpet wsegathe igst
scores. recommender operative to assign the scores to the candidate recommendations
using a different scoring scale from the second recommender;
for each recommender, nommalizing the scores assigned by the
recommender by:
calculating a range of the scores, the range comprising a difference
between a minimum score and a maximum score of the scores, and
calculating normalized scores as a function of the range; and
using the normalized scores to select at least a portion of the candidate
recommendations to recommend to the target user.
21, The method of Claim 20, further comprising translating the scores prior to
calculating the scores as a function of the range.
22.  The method of Claim 20, wherein calculating normalized scores as a
function of the range comprises dividing the scores by the range.
23,  The method of Claim 20, wherein normalizing the scores assigned by the
recommender further comprises determining a new range for the normalized scores.
24. The method of Claim 23, wherein calculating normalized scores as a
function of the range comprises mapping the scores from the range to the new range by

applying a transformation to the scores.
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44. A conput er-readabl e nedi um having instructions stored thereon
whi ch, when executed, cause a conputer systemto performthe nmethod

of C ai m 40. 45. A system for nornmalizing itemreconmendation -
scores, the system conprising: a plurality of reconmenders
operative to assign scores to candi date recommendati ons using

di fferent scoring scales; a normalization engine operative to

normal i ze scores assigned by the plurality of recommenders, the
normal i zat i akb.engi I'ueemeihed af Clabmtad, wherein calalleiithgb eartgerafragerersfcommises
scores, t.he rang‘a?vc\:! a difference betwe

o mexi NG B CoRUPE E SR BIRRGL Rt e sl Bevas Y 28

functi opecomnidrRier m@es teimctha nﬁjaiﬁdjrﬁl&tt&esaﬁdeéé]@ﬂatmg% AdW ieaxirflum ot
normal i zed score.s%:g& sel ect at Iea,st n of the candi date

a . po
r ecomeAFaPICIRECYRF MRRGhRERIMERdsr ‘F&F‘b’%@”&@% e MaxiMUMBCOr syst em f or

nor mal i zi ng 24 eMTMRGASHBALALIAMA 25CRAAET cdrheishiPle8aHiAg A Winlog:
a plurality of recommenders operatlve to assign scores to candi date

reconmendat i hs US¥ergeape b (gl 2h orhergn %’ﬁ'ﬂé@mg the scgresAssianed Rvithe

engi ne QpenahiiRr FRHAPESRbligR: Scores assigned by the plurality of
recommenders, the nornalization engine operative to:
normalizing the scores using a plurality of computing devices; and

reducing a number of digits of precision in the scores, such that variability
in the normalized scores among the computing devices is reduced.

28. The method of Claim 20, further comprising:

partitioning the scores into a set of positive scores corresponding to
positive candidate recommendations and a set of negative scores corresponding
to negative candidate recommendations; and

normalizing the positive scores separately from the negative scores.

29. The method of Claim 28, further comprising combining normalized positive
scores with normalized negative scores fo obtain overall normalized scores for the
candidate recommendations.

30. The method of Claim 20, further comprising applying exponential decay to
scores for equivalent items provided by both the first and second recommenders.

31. The method of Claim 20, further comprising assigning weights to
candidate recommendations received from the first and second recommenders.

32. The method of Claim 31, further comprising adjusting the weights based
on direct or indirect feedback received from the user.

33. A computer-readable medium having instructions stored therean which,
when executed, cause a computer system to perform the method of Claim 20.

34. A computer-implemented method of normalizing item recommendation
scores, the method comprising:

receiving scores for candidate recommendations from first and second
recommenders configured to provide recommendations to a target user, the first
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conbi ne the scores for at |east sone of the candi date reconmendati ons
to generate a conbi ned score, said conbining conprising conmputing a

novi ng average of the scores, and cal cul ate nornalized scores
as a function of the conbi ned score and of the scores for at | east
sone of the candi date recommendati ons; and a candi date sel ector

operative to use the normalized scores to select at |east a portion
of the candidate recomendations to reconmmend to a target user. 47. A
system f or neesmhiend@gcdrifiginietiac assign tad scoressiodhe sandidizte sysinamendations

conprising: lurality o ecommender,s_operative to assign
scores to ca‘q'ﬁifi‘gj%f@f_ep%'gé I%flrﬁ@“ fmﬁcoaf’ff?féﬁ@ﬁ?n oring scal es;
a nornalization engiRhORBERNNERISD AGHIEREINGE USE Os@BenSassiyTRd [y tthe

plurality of recommenders, the nornalization engine configured to
assi gn per cefEPMESNEAkPYigs to the scores and use the percentile

rankings as normal i zedoSBRErRE: th8Ndcores ford o€ aRAED S €HRAROT candidate
operative to use the nornmalized scores to select at |east a portion

of the candi dat e 'PexDRRBAINBOMG genaraieofedfinRived $eargetSalss efombining
comprising computing a moving average of the scores, and

calculating normalized scores as a function of the combined score
and the scores for at least some of the candidate recommendations; and
using the narmalized scores to select at least a portion of the candidate
recommendations to recommend fo the target user.

35. The method of Claim 34, further comprising translating the scores by a
difference between a minimum score and a desired normalized minimum score in
response to determining that the minimum score differs from the desired normalized
minimum score.

36. The method of Claim 34, further comprising adjusting the number of
scores combined in the combined score to reduce the impact of cutliers on the
normalized scores.

37. The method of Claim 34, wherein combining the scores for at least some
of the candidate recommendations comprises summing the scores.

38. The method of Claim 34, further comprising assigning weights to
candidate recommendations received from the first and second recommenders.

39. A computer-readable medium having instructions stored thereon which,
when executed, cause a computer system to perform the method of Claim 34.

40. A computer-implemented method of nomalizing item recommendation
scores, the method comprising:

receiving scores for candidate recommendations from first and second
recommenders configured {o provide recommendations to a target user, the first
recommender operative to assign the scores to the candidate recommendations

using a different scoring scale from the second recommender,
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for each recommender, normalizing the scores assigned by the
recommender by assigning percentile rankings to the scores and using the
percentile rankings as normalized scores; and

using the normalized scores to select at least a portion of the candidate

recommendations to recommend io the target user. .

41. The method of Claim 40, wherein assigning percentile rankings to the
scores comprises dynamically assigning percentile rankings to the scores as the scores
are received from the recommenders.

42.  The method of Claim 40, further comprising:

partitioning the scores into a set of positive scores corresponding to
positive candidate recommendations and a set of negative scores corresponding
to negative candidate recommendations; and

normalizing the positive scores separately from the negative scores.

43. The method of Claim 42, further comprising reversing the rankings of the
negative scores.

44. A computer-readable medium having instructions stored thereon which,
when executed, cause a computer system to perform the method of Claim 40,

45. A system for normalizing item recommendation scores, the system
comprising:

a plurality of recommenders operative to assign scores to candidate
recommendations using different scoring scales;
a normalization engine operative fo normalize scores assigned by the
plurality of recommenders, the normalization engine operative to:
calculate a range of the scores, the range comprising a difference
between a minimum score and a maximum score of the scores, and
calculate normalized scores as a function of the range; and
a candidate selector operative to use the normalized scores to select at
least a portion of the candidate recommendations to recommend to a target user.

48. A system for normalizing item recommendation scores, the system
comprising:
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a plurality of recommenders operative to assign scores to candidate
recommendations using different scoring scales;

a normalization engine operative to normalize scores assigned by the
plurality of recommenders, the normalization engine operative to:

combine the scores for at least some of the candidate
recommendations to generate a combined score, said combining
comprising computing a moving average of the scores, and

calculate normalized scores as a function of the combined score
and of the scores for at least some of the candidate recommendations;
and

a candidate selector operative to use the normalized scores to select at
least a portion of the candidate recommendations to recommend to a target user.
47. A system for normalizing item recommendation scores, the system

comprising:

a plurality of recommenders operative fo assign scores to candidate
recommendations using different scoring scales;

a normalization engine operative to normalize scores assigned by the
plurality of recommenders, the normalization engine configured to assign
percentile rankings to the scores and use the percentile rankings as normalized
scores; and

a candidate selector operative to use the normalized scores to select at

least a portion of the candidate recommendations to recommend to a target user.
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