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Abstract—We propose a distributed mechanism for finding S Stumblet| 3 Ilike this ¥ Share it

websurfing strategies that is inspired by the StumbleUpon re- ® .
4

ommendation engine. Each day, a websurfer visits a sequenoé
Achluophobia Fear of darkness.

websites recommended by our mechanism, and selects one that A list of phoblas. Fin

matches her daily interests. We formally show that even with
this minimal feedback from the surfer—the selected website-
our mechanism finds a websurfing strategy that matches the
surfer’s interests optimally. The surfer does not need to kow—or
declare—what her daily interests are before she is preserdevith  Fig. 1. The StumbleUpon toolbar. The websurfer is presemtitld a new
content she likes. Moreover, our mechanism is content-agstic: =~ website whenever she clicks the “Stumble!” button. If sheldithe website
it is oblivious to the nature of the content the surfer seled. shown interesting, she can register her approval by cligkiriike this”.

In addition, we study how the performance of this mechanism ) . .
can be improved if surfers with similar interests share thei feason, we would like to address the above question without

feedback. Such surfers can be found indirectly,e.g., if they requiring a-priori knowledge of the websurfer’s interestsa
are all regi_stered as fr_iends in a social netvv_orking applica'_on. given day.
Our analysis characterizes the improvement in the mechania’s To address this challenge, we adopt the approach employed

accuracy, based on the size of the group and the degree of - .
similarity between the surfers’ interests. In particular, we show by the recommendation engine StumbleU‘boEBitumbleUpon

that sharing feedback can significantly accelerate the comy- Implements a toolbar, giving websurfers the option between
gence of our mechanism. Our results are derived analyticali two buttons (see Fig. 1). The first, labeled “Stumble!”, gene

using stochastic approximation techniques, but are also Vislated  ates a randomly selected website. The second, labelede'l lik
through & numerical study. this” allows surfers to indicate they like the website theg.s
Websurfers are thus presented with a sequence of different
) ) websites until one that matches their interests is found.

An increasing nur_n_ber of people use the Internet, as OP"The exact algorithm used by Stumbleupon to recommend
posed to more traditional mass media, _to Igarn about d%bsites to its users is proprietary. In broad terms [1]nStu
events. However, the sheer volume, diversity and varyinge\;,on's server learns through a registered user's faddba
quality of content on the web—ranging from personal bloggyich websites she likes; recommendations are then made by
to professional news-sites—makes searching for current, Showing the user websites that have been recommended by

teresting infor_mation_a challenging tasl_<._As a r_esult, Al iher registered users with similar preferences. StumeU
reco”,‘me'f“?'a“o” engines (SQCh ag, Delicious, Digg?, and also leveragesocial-networking informatiotio make recom-
Reddif) giving daily suggestions to websurfers have recentfongations. In particular, registered users can declae th
proliferated. . . friends. Assuming that friends should have common interest
_The fundamental question the above recommendation &y mpleupon exploits this information to recommend wesssit
gines are trying to answer, which also motivates the WO ,sers when selected by their friends. Through both of
presented in this paper, is the following a given day, which oqe techniques, StumbleUpon personalizes the search for
websites should a websurfer visit in order to find content tha,ant to a particular user. Moreover, it does so with maiim
she is interested A challenge posed by the above problem igeghack: users need only declare which sites they like and,
that both the interests of websurfers and the content fhedis optionally, provide social networking information
bY \_N_ebsites may change from one day to the ne>_<t. Moreover,ln this paper, we propose a distributed mechanism for de-
eliciting a websurfers interests is not always straighiard: termining which websites a surfer should visit that is inegi
the websurfer may not be able to declare what type of contgn StumbleUpon. In particular, our mechanism presents a

she is interested in before viewing such content. For thé quence of websites to the surfer, and all a surfer needs
to declare is whether she approves the websites shown to
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her. Like StumbleUpon, the websurfer need not know—néeedback scheme as ours is employed, based on the approval
explicitly declare—what her interests are before actuadling and disapproval of suggested sites. However, the mechanism
presented with a website she likes. Our mechaniscoigent- in [3] is not content-agnostic. It requires prior knowledgfe
agnostic it is oblivious to the actual nature of the contenthe probability that a topic is covered by a proposed website
shown to the websurfer by the websites she visits. Finalkyhich, as in Google and Blogscope [2], is obtained by peri-
contrary to StumbleUpon, our mechanism is distributed: ramically crawling the web and processing the collected data
centralized data collection or processing is required. in a centralized manner. Our work also differs by considgrin

Our first contribution is to show that, in spite of its simplic aggregation of feedback over communities.
ity, our mechanism computessarfing strategyi.e., a strategy =~ Our mechanism was strong ties to collaborative filtering
for visiting websites, that matches the websurfer’s irgey¢o (see,e.g, [4], [5]), which typically involves clustering users
the content presented by websites in an optimal way. Moaad making recommendations based on the suggestions of
specifically, the surfing strategy produced by our mechanissther cluster members. Our work is orthogonal: we are not
maximizes a (non-increasing) function the number of websitconcerned with whether communities are obtained through
the websurfer views before finding interesting content. clustering or,e.g, a social networking application. Irrespec-

Our second contribution is to show that the performance tifely of how the community was formed, we formally char-
this mechanism can be significantly improved if feedback &cterize the performance gains of aggregating feedback ove
aggregated among surfer communities. In particular, ifesar the community, in terms of its size and the degree of sintylari
with similar interests share their feedback, the accurddig® between its members.
mechanism and the rate of its convergence can be signifycantl
improved. To the best of our knowledge, this is the first
time that the performance of such a mechanism is formaffy Website Content and Topic Coverage
shown to improve through the use of community aggregatedWe model the web as a set 8f websites. These websites
feedback. maintain content that coverd different topics, such a®.g,

The remainder of this paper is organized as follows. Isports, politics, movies, healtletc. Periodically, the content
Section Il we present related work in this area. In Section Itlisplayed at each website changes: we denotepy the
we describe our proposed mechanism in detail. In Section probability that the content presented in sitecovers topic
we state, without proofs, our main results regarding thg& wherew =1,...,N andf =1,..., M. For each website
performance of our mechanism; the full analysis can be found we call the vectop,, = [puw.1, - - -, Pw,m) @S thepublishing
In Section V. Section VI provides a method for reducing thstrategyof the website. In general, more than one toga(
dimension of our problem. Finally, we validate our resultsportsand health) can be covered by a certain website at a
through a numerical study in Section VII, and conclude igiven point in time; the expected number of topics covered by
Section VIII. w will be 37 ¢ pu, s

We assume that for every topi¢ there exists a web-
site w such thatp, ; > 0, i.e, w covers f with posi-

An altogether different approach to searching for contenttive probability. We also make the assumption that websites
adopted by search engines likeg, Google or Blogscope [2]. have high churn and their content changes frequently (as,
Contrary to our scheme, search engines are centralized ang, in news-sites likenyti mes. com or popular blogs
content-aware: they require considerable storage and womjke huf f i ngt onpost . com. As a result, we will assume
tational resources to store and process the web’s conteritat each time a website is visited its current content is
In addition, they respond to query submissions and, as suitflependent from content viewed during previous visits.
gﬁgﬂoévs;?glgfvﬁgrggﬁggﬁ it:qcigfe\;vgeﬁe? websurfer is noth Surfer Interests and a Minimal Feedback Mechanism

Surfers using the Delicious recommendation engine tag\We assume that each day a given websurfer is interested
blogs with keywords; tagged content then appears on tiietopic f with some probabilityd;, where} . d; = 1. We
Delicious website as an aid to daily websurfing. This agall d = [d1,...,dy] the interest profileof the surfer. The
proach relies on the participation of websurfers through taurfer visits websites daily by using a mechanism that works
submission, which they may not always be able or willings follows: the mechanism recommends a sequence of websites
to perform; Digg and Reddit avoid this by letting surferso the surfer, and the surfer keeps viewing these sites shmil
vote for websites they visit and displaying recent conteitit w finds a website covering the topic that interests her.
high voting scores. Such approaches are centralized bait alsLike StumbleUpon, this mechanism can be implemented as
lack personalizationin contrast, our scheme matches surfersi toolbar on the surfer's web-browser: the surfer would be
interests individually. presented with two different buttons, one called “next” and

El-Arini et al. [3] propose a mechanism for recommendinthe other called “approve”. Clicking the first would generat
a list of websites to surfers that maximizes a personalizadnew website, while clicking the second would indicate
coverage function, indicating whether the suggested websithat a topic the surfer is interested in is found. However,
cover topics of interest to the surfer. A similar minimalnlike Stumbleupon, our mechanism is fully decentralized:

Ill. SYSTEM DESCRIPTION

II. RELATED WORK



the toolbar relies only on the surfer’s feedback and thereifse > 0 is small, an optimal strategy iP. will not be much
no need for centralized data collection. worse than the optimal strategy D, (see also Lemma 3).
At each click of the “next” button, the website recom-
mended is chosen by the mechanism according to a probabiPty
distribution over all sites: we denote by, the probability that  The surfing strategy’ can change from one day to the next
the mechanism recommends websitewhereY" ., = 1. based only on the minimal feedback given by the surfer; we

Updating the Surfing Strategy

We refer to the vectoF = [z1,...,zy] as thesurfing strategy denote byZ(k), k = 1,2, ..., the strategy on day. Let
of the mechanism. As we will see, the mechanism will use the lp, (%) = argmin||§ — 72, 7R, 3)
surfer's feedback to update this strategy from one day to the 7eD.

next, in a manner we discuss in detail below. be the orthogonal projection afto the domainD.. SinceD.

C. Surfer Optimization is closed and conveX]p, is well defined. Moreover, there are

i{mown algorithms €.g, [7]) computingIlp, in O(N) time.
Based on the feedback of the surfer on #éh day, the

%ttrategyf(k) is updated according to the following scheme:

Let Y be the number of sites the surfer visits until
locates a topic it is interested in. Moreover, IB(Y) be
a function rating the performance of the system, given th
the topic is found withinY” steps. We treaf? as a system  Z(k+ 1) = Ip, (Z(k) +~v(k)-gk)), k=1,2,... (4)
parameter internal to the mechanism, and make the followi

n . . s .
assumption: T%e term~ (k) € R is a gain factor; if it decreases with,

_ _ _ _ feedback given later has smaller impact on the surfing siyate
Assumption 1. The rating function? : N — R is (a) non- The termg(k) € R" is a vector forcing the change on the
increasing and (b) summablee., >~ [R(k)| < occ. surfing strategy based the surfer's feedback. In particgilaj

Considering non-increasing rating functions is naturad t N2s the following coordinates:

longer a surfer has to wait, the lower the system'’s ratingikho _Y®RARNV W+ if the surfer selects

be. The assumption on the summability is technical; note thagw (k) = 0 @ (k) therwi )

it holds if R has a finite support ane.g, visiting more than ’ olherwise

30 websites gives a zero rating to the system. whereY (k), k = 1,2, ... is the number of sites a surfer visits
Denote byEz[R(Y')] the expected system rating when then thek-th day until it locates a topic she is interested in, and

surfing strategy ig. Ideally, assuming that the surfer’s interest _

profile d and the website publishing strategigs are fixed, AR(k) = R(1), ff k=1,

the mechanism recommending sites to the surfer should use a R(k) = R(k—1), if k> 1.

surfing strategyr that is a solution to the following problem: Note that, to computg, all the mechanism needs to knowtis
SURFEROPTIMIZATION R andZ. The rating functionR is a system parameter, while
Maximize: F(Z) = Ez[R(Y)], (1a) € is maintained by the mechanism and used to recommend
websites. To comput®, the mechanism needs to keep track
of how many websites it has shown to the surfer; the only
feedback given by the surfer is the indication that her gty
for some0 < e < % Intuitively, given that the rating of have been met. In particular, the mechanism does not need to
the system decreases with the number of visits the surf@row—and the surfer does not need to declare—which is the
makes, the mechanism should choose a surfing strategy thagresting topic covered by website In fact, the mechanism
maximizes the expected rating by making the number of visits oblivious to even what the topics=1,..., M are.
sufficiently small. . "
The optimization problem described by (1) is restricted tI(:J Exploiting Surfer Communities
surfing strategies in whickvery site is visited with probability ~ In our analysis, apart from considering the mechanism (4)

(6)

subjectto: > x, =1, and z, >e€ Yw.  (1b)

at leaste, i.e., the feasible domain is restricted to when the surfer is isolated, we will also consider the casenwh
. the surfer is part of a surfer community = {1,...,|C|}.
De = {7 wa =landz, > e}. (2)  Each surfes € C has its own interest profilé,. Each day the
w

topic it is interested in is chosen independently of the dspi

Note thatD. # 0 iff ¢ < +;. Moreover, ife < ¢/, thenD.. C that interest other surfers. Furthermore, each surferuggec
D. C Dy, where Dy includes all possible surfing strategies. the minimal feedback mechanism outlined in the previous

The main reason to restrict the domain iy, wheree > section. The difference from the single-surfer case will be
0, has to do with website discovery—we want to ensure thieat these mechanisms will exploit the existence of theesurf
websurfer has a chance to visit a website she likes. It is alsommunity in the manner we describe below.
useful for “tracking” [6] changes inl or Dw: If @ website is  To begin with, all mechanisms implement a common surfing
never visited, the mechanism will never have the opporunistrategy © everywhere in the community. Moreover, at the
to adapt to the fact thaé.qg, it has started covering sports, ancgend of each day, the feedback collected from each surfer
thereby may now meet the interests of the surfer. We note thiat communicated among the mechanisms and is aggregated;



the aggregated feedback is then used to update the comrorConvergence to an Optimal Surfing Strategy

strategy. Our first main result is to show that the minimal feedback
“More specifically, letV;(k), k = 1,2,... be trle number of mechanism we propose indeed computes an optimal surfing
sites surfers € C visits on thek-th day andg.(k) be the girateqy. This is established for two different cases: oherev

change vector induced by the feedback of susfem dayk, the gain factorsy(k) converge to zero, and one where they
given by (5). The latter quantities are computed indivithuay  remain constant.

each mechanism and, at the end of each day, are communicateg, begin with, by appropriately choosing(k), we can
among all surfers irC. guarantee that the mechanism converges to an optimalgtrate
As in (1a), we denote by (7) = Ez[R(Y;)] the expected \yith probability one.

rating of the mechanism at surfer Moreover, we denote by
Theorem 1 (Convergence w.p.1)Let #(k) be updated by the

IC] | : ;
. 1 . . 1 . mechanisn(4), wheree > 0, v(k) = 1/k and Assumption 1
Jo =1 Z;gs and - Fo(#) = Z;Fs(“’) (") holds. Thertimy_... F(Z(k)) = supsep. F(Z), w.pl.
the average change vector and the average system ratintf' other words, if the surfing strategy is updated according

among all surfers in the community. to ‘our minimal feedback mechanism withk) = 1, the
The common surfing strategy is then updated as followsSurfing strategy will eventually become optimag., it will
. . B be a solution to the SRFER OPTIMIZATION problem.
Z(k+1) = p, (Z(k) +~(k)-go(k)), k=1,2,...  (8)  Using decreasing gains can make our mechanism non-
In other words, the common surfing strategy is updated asrgpust: if either the interest profiléd of the surfer or the

(4), the only difference being that, instead of the indiitiu PUPlishing strategieg,, change, andy(k) has effectively
vectorsg,, the community averagg: is used. become zero, our mechanism will not be able to adapt. To

We will denote bydc the maximumi, distance between be able to “track” [6] such changes, it is interesting to keep

the interest profiles of surfers in the comminitg., 7(k) bounded away from zero. i
In such a case, convergence to an optimal strategy cannot

= max Z |ds.w —ds | (9) be guaranteed. However, one expects thati# small enough
L ss'ee s (4) does not deviate too far such a strategy. The following

We will call 3 the diameterof the community. Intuitively, we theorem implies that this intuition is indeed corfect

will be interested in the case where the diameter is small, f§eorem 2(Convergence in probability)et #(k) be updated
surfers in the same community should have similar intereslig,y the mechanisn4), wheree > 0, (k) = v > 0 and

F. Discussion on our Assumptions Assumption 1 holds. Consider the continuous-time intetgoll

The case where a surfer is interested in any: different processt (t) = #([t/7]), ¢ € Ry. Then,
topics each day can easily be reduced to the single—topilc . 1 [T
case, by redefining the set of topics to be the set of t&pic 070 T J,

tuples. Interestingly, even if our model is extended thiy,wa In other words, by takingy sufficiently small, we can

mechanism (4) would remain unaltered: this is because, fake the time-average rating to be arbitrarily close to the o
noted, it is entirely oblivious to the nature of the topits 9 g y

The assumption that websites display independent contgﬁpleved by an optimal surfing strategy.

across visits would not apply to websites that are updatBd Exploiting Surfer Communities

infrequently. In practice, our mechanism should avoidtvigi  aying established that our minimal feedback mechanism
such sites more than once during a searely, through ingeed computes an optimal surfing strategy, we look at

blacklisting them if the surfer does not approve them. its behavior if surfers form a community and implement a
Our mechanism maintains a vectowhose dimension &/,  ~gmmon strategy, updated according to (8).

the number of websites. Given the number of websites on theg; first result is to show that, if the surfers have similar

Internet, this is clearly impractical. Restrictingto a subset jhterest profiles, the mechanism (8) converges to a strategy

of all websites is not satisfactory, as it would limit thefeuls ¢ is not too far from each surfer’s optimal surfing strgteg
choices. In Section VI, we provide a more appealing solution

to this problem by defining surfing strategies ogeoupsof Theorem 3. Let(k) be updated by the mechani¢8). Then,

d, — d

dc = max ‘
s,8'€C

F(£(t))dt = sup F(Z), in probability.
=0 ZeD.

websites. Theorems 1 and 2 hold i is replaced by the average rating
F¢, given by(7). Moreover, under Assumption 1,4f is the
IV. MAIN RESULTS diameter of the community, then, for alic C,
In this section we state our main results regarding the
convergence of mechanism (4) to an optimal surfing strategy sup Fo(Z) — sup Fi(%)| = O(d¢c). (10)

and the effect of aggregating community feedback through geD. geD.

meChanism (8). We first St_ate Ou'j results without proofs; thesRecalI that a sequence of random variabl¥s, converges toX in
full analysis can be found in Section V. probability whenn — oo, for all § > 0, limp—oo P(|Xn — X| > §) = 0.



The theorem states that mechanism (8) maximizes tbbtaining feedback from many users will reduce the “noise” i
average rating among all surfers in the community, as ogbos®ir mechanism. On the other hand, increasing the community
to each F, individually. Most importantly, if surfers have can also increase the community diameier thus increasing
similar interestsi(e., the community diameter is small), thethe second term in (12). In this sense, depending on frow
rating of the optimal strategy of an individual surfer wibin relates to/C|, a maximal community size might exist, beyond
be too far from the one achieved by algorithm (8). which adding more surfers will not improve performance. We

On the other hand, receiving feedback from the entifarther investigate this in our numerical study in Sectioth. V
community can give (8) a significantly improved performance
over (4), as illustrated by the following theorem. Due tocspa
constraints, we omit its derivation—the full proof can barid A. Convexity, Differentiability, and Near-Optimality

in our technical report [8]. Our analysis will exploit the fact thatU&RFER OPTIMIZA-
Theorem 4. Assume that the objective, of somes € ¢’ and  T'ON, described by (1), is a convex optimization prgblem. In
the community averagéc have unique maxima at*, 7, part_|cular, the expepteq rating is a concave function of the
respectively, and that both are located in the relativeriote  SUfing strategy, as indicated by the following lemma.

of D.. Moreover, assume thaf'|R(k)| is summable, and that | emma 1. Under Assumption 1, for alt > 0, the objective

the Hessian of; at &7 is invertible. function F : D. — R, given by(la), is concave.
If surfer s runs mechanisng4) with e > 0 and v(k) = ~,

and £(¢) is the continuous-time interpolated proces§) =

V. ANALYSIS

Proof: Recall thatY” is the number of sites a surfer visits

Z([t/y]), t € Ry, then until it locates a topic it is interested in. Moreover, ¥t the
’ ’ number of websites a surfer visits conditioned on the event
lim lim E[(||E(T) — Z%2)? /4] = ¢, (11) that the topic it is interested in is. Then,Y; is a geometric

y—oo T—oo

random variableij.e.,
wherec some positive constant. If, on the other handuns

N — . -1

mechanisn(8) with the same > 0 and (k) = ~, then, for PYy=0=pL=pp)—, 21, (13)
small enoughic, where,

lim_tim E[(IE(T) - 75 ]2)°/) = o + 0(/3c), (12) o1 = Pusz 14)

y—00 T—o00 |C| f - w, fw
where |C| the size of the community ard: the community s the probability that topig is found in one step. As a result,
diameter. F can be written as

Recall from Theorem 2 that, ify(k) = v, (4) does not M
converge to a maximizer of,; Eq. (11) then states that, in F(#) =Y dEz[R(Yy)] (15)
steady state, its expected distance from the maxiniizewill f=1

be of the ordc_er of,/c7, wh_erec a constant. I_f, on the Otherwhere]Ei[R(}q)] _ 220—1 R(k)ps(1 — pf)kq. Observe that
hand, the sgrfmg strategy_|s updated acc_ordlng to (8), EA). (JAssumption 1 immediaj[ely impiies that

states that its expected distance fragh will be of the order

of /13 +O(\/5c). Hence, iféc is small enoughsharing R is non-negative, bounded, antdm R(k) =0.  (16)

feedback with the community decreases the expected dist
from the maximizer by a factor QI/W Keeping in mind that,

from Theorem 3, the (i) s not too far fromF'(z) (see a linear function. The lemma then follows, &%) would be

also Corollary 1) Theorem 4 establishes that, for small ghou .
Lo . concave as the sum of concave functions, by (151t 0,
community diameters, exchanging feedback among surfers’in

al?‘]‘Ef[R(Yf)] is a concave function gf; € [0, 1] then itis also
a concave function of!, as a composition of a concave and

the community can have a significant improvement on the oo G k )

accuracy of the mechanism. Ez[R(Y))]=> R(k)ps(1—p)* =D N AR@E)pr(1—pp*™
An alternative interpretation of Theorem 4 can be given in k=1 k=16=1

terms of speed of convergence. As the distance of (4) fron > — ' el = N1

#* is of the order of,/cy, an obvious method for increasing_r:z;;AR(@pf(1_pf) - ;AR(@(I_W) (17)

the accuracy is by decreasing the gain factoHowever, the

smallery is, the smaller the “jumps” (4) makes and the longé¥ote that, by Assumption LAR(¢) < 0 for ¢ > 1, while

it will take to get close to the maximizer. Theorem 4 thereforAR(1) = R(1) > 0. As (1—ps)*~* is a convex, decreasing

implies that, ifé¢c is small, (8) can achieve the same accuradynction of p; € [0,1] for all £>1 and constant fo¥ = 1,

as (4) but much faster, by using a greater Ez[R(Yy)] is concave forps € (0,1], as the sum of concave
Finally, Theorem 4 suggests an inherent trade-off appgarifnctions and the constai(1); it is also continuous irt0, 1],

when the size of the community increases: the latgéris, by the monotone convergence theorem. By the same theorem,

the smaller the first term of eq. (12) will be, indicating thatim,, o 35 | Ex[R(Y})] = Y0 | AR(k) =lim, o R(¢) &



0. Hence,Ez[R(Y7)] is continuous in all of{0,1]. As it is Proof: Let E be the the site at which the topic is found,
concave in(0, 1], continuity implies concavity of0,1]. B given that the topic sought for ig. Then, P(E; = w) =
We can also compute the gradient Bf TwpPw,t/pf, Wherepy is given by (14). MoreoverfZ; and Yy

Lemma 2. Under Assumption 1, for at > 0, the objective are independent as

function £ : D. — R, is continuously differentiable and P(Y;=(NEf=w) (ls)i(u)(l—pf)é_l-:vaw ;
—LE[Y;AR(Y;+1)], if pr>0 =pi(1=pp) " 2wpu.s/pr =P(Y;=0) - P(E;=w) (21
g_F:depwj,{ o AR +DL i pr>0 1o pr(L=pg)" " wpu,s/py = P(Yy=0) - P(Ey=w) (21)
Tw > i1 B(K), if py=0, By (5), we have that
R Elgu) = — 3 d 2L By, AR(Y; +1)| Bp=u] @200 O0
Proof: By (14), aEfa[ffuyf)] = BE[gp(;/f)] “Pw,f- FOr pgin ! Ps v
0,1 h by (17) that 2
(0, 1] we have by (17) tha By (1), Elgu (7] = — ¥, 22202 where
PO S (-1 ARE)(1—pp) E [V AR(Y) + 1)) /oy < C = T52 (RAR(K))? < oo, as
Ps =1 > EAR(k+1) = 32 R(k)<o00. ASpy s < 1,5 ds =1
k=1 w1 E[Y;AR(Y;+1)] and z, > e for all # € D,, we haveE[|g,(%)*] < <.
= _ZkAR(k+1)(1_pf) = (19)  The lemma thus follows a&|[||V (#)[2] = E[g. (7)?] —
Pr 2 w
= 2w Elgw(@)]? < 32, Elgu (7)), =

This is continuous ir0, 1] by the monotone convergence theo-
rem. Continuity at zero follows by considering the appraei C- Proof of Theorem 1
limits and using again the monotone convergence theomm. Having established that RFEROPTIMIZATION is a convex
An immediate implication is thak' is Lipschitz continuous: optimization problem, and that the change in the surfing
strategy is an unbiased estimator of the gradi@at, we now
prove Theorem 1. We essentially follow an “ODE method” [6],
whereby the random evolution of the surfing strategy, captur
|F(Z) — F()| < L|Z — ¥, for all Z, ¢ € Do, by (4), is expressed in terms of the evolution of a deterrtimis
solution to an ODE.
Recall that the feasible domain of (1) %, where0 < ¢ <
%, and let¥ € D.. Given a vectorj, we define a mapping
The Lipschitz continuity of the objective functioR can Z: D. x RY — RY as follows:
be used to understapd the Fiep_endence of the optimal surfing o _ Ip.(Z+67) — (Z + 67)
strategy one. In particular, if ¢ is small enough, one does Z(Z,y) = 5hm+ s
not lose too much by requiring that all sites are visited with - .
probability at least. This is stated formally in the following Intuitively, for smalld, the quantitys - Z(Z, ) can be seen as

lemma, whose proof can be found in our technical report [éﬂe minimal force required to keep+ 4y in De. The limit in
. the r.h.s. exists and, moreover, it can be expressed in tefms
Lemma 3. Under Assumption 1, for an§ < ¢ < 1/N. 7 andy in the following manner.

Corollary 1. Under Assumption 1, for al > 0, the objective
function F' : D, — R is Lipschitz continuous. In particular,

where L = >"7 | R(k) < oo. Lipschitz continuity in other
norms follows by norm equivalence V.

(22)

SUpPze p. F(Z) — supzep, F(T)| = O(e).
| E.D . 6[_)0 | Lemma 5. Assume that € D, for some0 < ¢ < +. Let
B. Estimating the Gradient A(#) = {w : =, = €} be the set of active constraints at

Having established the convexity and differentiabilityfof Then, there exists a sé¢ C A(Z), such thatZ(Z,y) = 2
we turn our attention to mechanism (4) and how it relateghere

to the SIRFEROPTIMIZATION problem. The following result —y if we B

states that the vectay, given by (5), capturing the change Zy = { 7“1” , ’c (23)

of the surfing strategy based on the surfer’s feedback, is in T 1B Ywepe Yo, i we B

fact an unbiased estimator of the gradidnf’. Hence, the 1

mechanism (4) is atochastic approximatioalgorithm [6], Moreover, for everyw € B, yu = 55 urepe Yur < 0:

that solves S8RFER OPTIMIZATION through a “randomized” Proof: Our proof will rely on the following property of
gradient descent. the orthogonal projectiodl_. Let [N] = {1,..., N}, and

, ) i assume thab < e < % Then, for everyr € RY, there exists
Lemma 4. Under Assumption 1, given that the surfing strategy et g [N] (that depends om) such that for everyo € A,

- 22N .
of the surfer is¥(k), the vectorg € R", can be written as oy Zw,eAC‘j‘?'/—l-l-Ne <0 andTp, (%) = § where
g(k) = VE(Z(k)) + V(Z(F)) (20) :
] €, if we A,
where E[V (Z(k))] is the zero vector and[||V (Z(k))||3] < Yo = e ae Tar—14Ne i e (24a)
N5 (kAR(k))? < oo, for e > 0. To— =g t6 Twedn



This property follows from the simple geometry éf.. Its By Lemma 1, F is continuous, hence it attains a (finite)
proof (and anD(NV) algorithm by Michelot [7] for computing maximum inD.. Under (28),

the setA through repeated projections) is presented in [8]. F = VF(#) E VF() - (VF(F) + Z(F, VF()))

An immediate implication of the above property df5, is

that there exists a sé® such that, for allv € B, (23) Z OF [ OF 1 Z OF
o ~_ Oz, \ O, | Be(Z)| e 8xa

< 07 (25) a€eB (:6) EB

Zw’eBc(xW’ + 0Yw) — 1+ Ne
(where B(Z) is some subset of the active constraints’pt

Ty + OYw — kg

and, moreoveflp_(Z + ) = , where

. OF \* 1 OF
€, if we B, - S —
uw_{ S urepe (@ H5y,) 14 Ne (26) 2 (3%) |B(Z)] 2 Oz

xw+§yw_ . u‘)Bc‘ . +e€, 0.W. a€Be(Z) o’ €Be ()

2

2

Eqg. (26) implies thatB is a subset ofA(@) = {w : u, = €}, _ Z or 1 Z or o 0

the active constraints af. On the other hand4 (%) is upper , _\ Oz, |B(Z)|  ~—~  Oxa | ~
semi-continuoufs], i.e., there exist$’ > 0 s.t. for anyii € D, 5@ a'€B2(@)

with || — @|| < &', A(@) C A(Z). The projection onD, is ie, F'is a Lyapunov fun_ction of (28), and thi_s proves
Lipschitz continuous (in particular, it is non-expansiva) by that F/(Z(t)) is mcreasmg int. As not all constraints can
makings small enough we can makgto be arbitrarily close be active fore < 1%/ °(¥) # 0. Thus, I' is zero at

. N . . o
to #. Upper semi-continuity therefore implies that, fosmall somez™ if and only 'f L

7

-1 OF
z* T [Be(@)] Za/EBC(i’*)Bza/ T

enough,B C A(Z). This, in turn, implies that for everya € B¢(¥ ) Moreover, by Lemma 5, for every
a € B(T), zp=cand 5| . < ptzey Suepe o) ams |5
r,=¢, forallweB, and Z z,=1—|Ble. (27) Any such vectorz* WI|| satlsfy the KKT condltlons with
c * 1 _ *
w/€B )(;F = B >ow EBC(I*)Bwa/. . and.u(.l = max(\* —
The first statement of the lemma thus follows, as 52 |z 0),Va € [N], and thus is a maximizer af. u
Note that the vectar(¢) in the ODE (28) essentially follows
1, L @87 | —Yuws weB the gradientV F'(Z); the termZ forces the evolution off to
5 (7= (@+09) == L c be contained inD
—sz,echw/, U)GB . €

The following is an immediate implication of Lemma 6.
In fact, we have proved that (23) holds not only in the limit,

but for all small enougli. The second statement follows from-€mma 7. Assume that(t), t € R+, evolves according to the

(25) and (27), m ODE(28) andletLp, =lim; .o Ugep {#(s),s > t: #(0)=
Using the above lemma, can define a deterministic procé’s}sbe theLhmlt;et [6] of (28) T;en under Assumption 1, for

that converges to a solution ofUBFER OPTIMIZATION everyze Lp,, F(&)=supgep, (7).

Proof: Suppose thal”(Z) # F* = supg.p, F(y) for

Lemma 6. Consider the following ODE some® € Lp_. Then, there exists a sequenfg,},>; and

i =VF(Z) + Z(&, VF(Z)) (28) ay € D such that#(0) = ¢ and lim, . Z(t,) = &, under
some norm inRY. As F' is continuouslim,, . F(Z(t,))=
and assume that the initial vector is in the feasible domiagn, F(%) # F*, which contradicts Lemma 6. [
Z(0) € D.. Then, under Assumption F(Z(t)) > F(Z(t')) The reason we are interested in (28) is because it is a good
for all ¢t >, andlim; .. F(#(t)) = supzcp_ F(Z). “approximation” of the stochastic evolution of our meclsami

Proof: To begin with, assuming that(0) € D, #(t) € (4). In particular, the following lemma states that the tiseét

D, for all t > 0, by the definition of the force. Since, by of (4) will be included inLp,:

Lemmas 1 and 2F is convex, increasing and continuousiftemma 8. Let {#(k)}ren be the sequence defined by the
differentiable, a vecto* will be a solution to the S8RFER stochastic approximation algorith(d), wherey;, = % ande >
OPTIMIZATION problem, given by (1), if and only if there exist0. Then, under Assumption 1, w.p.1, the limit sef@f) } ren
Lagrange multipliers\*, ji* that satisfy the KKT conditions: is a subset of the limit set of the ODE8).

le’;gl, /\*(Z 2 —1)=0, and Proof: We have thatsup, ]EOLJ\V(fkﬂ@] <_oo, by
Lemma 4, andimy oo 7k = 0, Yoy Tk = 00, Yopey Vi =

;F . . oco. Moreover, F' is continuously differentiable, by Lemma 2,
oz | A pe=0, wi>e, pg(rg—€)=0, Va€[N] and constant and equalfap;. 5, F(Z) on all limit points of
r the ODE (28), by Lemma 7. Hence, the assumptions (A2.1)-
where[N] = {1,..., N}. The KKT conditions in turn imply (A2.6) of Theorem 2.1 in Chapter 5 of Kushner and Yin [6]

that for an optlmal solut|oﬁ:’* eitherz) = eor 5—| . = \*, are satisfied. As a result, w.p.1, the limit points {afy } xen
where)\* the Lagrange multiplier of the constraﬁ :c* < 1. belong to limit set of the ODE (28). [ |




Theorem 1 follows immediately from Lemmas 8 and 7.m Let 2* be a maximizer o ands* a maximizer ofF. Then
Fo(6*) — Fe(2*) < 0 and Fs (%) — Fs(a*) < 0 while, from

P. Proof of Theorem 2 (31), F(7*) ~ Fe(5") < Ric and Fo(i*) — F(i*) < Ric.
Let Lp, be the limit points of the ODE (28), and, for somexndding the former inequalities to the latter yields (10). m
d>0,letNs ={F¥e D.:3y€ Lp_st|Z—y|1 <0} bethe

-neighborhood ofLp_. By Lemma 4,sup,, E[||V (#})[3] < VI. DIMENSIONALITY REDUCTION

oo and, by Lemma 2F is continuously differentiable. Hence,

assumptions (Al.1) to (A1.4) of Theorem 2.1 in Chapter 8 of |n this section, we outline a method for reducing

Kushner and Yin [6] are satisfied. As a result, the dimension of the surfing strategy. Consider a par-
1 (T tition P = {Bi,Ba,...,Bn/} of the set{l,...,N}
lim 1imP<T/]lg(t)¢N5dt>5’>_O, for all 4,6’>0. (29) into N’ groups, whereN’ < N. Moreover, letjp =
70T e 0 max;_1, . N/ MaXy wep; |[Pw — Pu|, e the maximumi
l.e, the fraction of time the system spends in théistance between the publishing strategies of two websites
s-neighborhood ofp, converges to one, in probability. Onbelonging to the same group. Intuitively, & is small,

the other hand, foF™* = supz.p_ F(Z) andL=>5"7" R(k), websites in the same group publish content in a similar
manner, andB; can be seen as “communities” of websites.

Instead of implementing a surfing strategy over all sites,
the mechanism can be indifferent towards sites from the same
T group. This can take place as follows. Consider stratedies o
< L5+£/ 1= dt the form# € RN definedover the groups3;. To recommend
B T Jo CWENs a website, the mechanism first chooses a gra@jpwith

probability v;; then, it chooses a website uniformly from
within this group and displays it to the surfer; as a resathe
>5,> <P <i/T 6’—L5> website inB; is shown with the same probability,/| B;|. The
0

T
o [ FE®ar

0

* 1 G
<|F _T/o FE®) g gy, dt] + .-

1t
+5 | FEO e

by Corollary 1. Hence, for any’, 6 >0,
P ( Lzgn,dt> strategyv is then updated according to (4), where websites are

_ replaced by the groupB;.
Theorem 2 thus follows from (29) by choosidg< ¢’/L. B The above approach has the obvious advantage that the
E. Proof of Theorem 3 dimension of the vecto? is reduced toN’. Let D. = {v €

. RN . N4 = 1andy; > ¢ be the set of strategiesd
Th.e first part of Theorem s Ean be proved by replacm@efined%iler the partitio®, ;nd}denote by () = Eg[R(gY)]
F with Fc and g with go = 53,9, in the proofs of the expected rating of the system when the strategy is

;I;]heorerr;sb 1| andTZ.bFor brgt\/r:;y, we simply gl(;/e anf outlln? " The following theorem, whose proof is in our technical
€ prootbelow. 10 begin withyc: 1S CONVEX and CONINUOUSIY ¢ ¢ [8], states that, ifp is not too large —+e., the websites

. X . re
differentiable, as the average of convex and contmuousﬂﬁhe same group indeed have similar publishing strategies

differentiable functions. Lemma 2 implies thagt(k) = . :
VFo(#(k)) + V (Z(k)) where V(#(k)) has zero expectation E)hpetir?aelchanlsm (4) will converge to a strategy close to the

and bounded variance —the same as in Lemma (18), gince
are independent. Moreover, as in Lemma 6, the solutions Tfieorem 5. Let (k) be updated by the mechanig4), where
the ODE v is defined as a strategy over the groups in partit®nThen,
Theorems 1 and 2 hold if, F(Z) and D, are replaced by
v, G(¥), and D., respectively. Moreover, under Assumption 1,
where Z is given by (22) converge to maximizers &i. JSUP,{;GD/ G(U) — supzep, F(f)‘ =0(0p).
Finally, Lemma 8 and Theorem 2 can be similarly extended ‘
by relating the evolution of (8) to the ODE (30). VII. NUMERICAL STUDY

We therefore turn our attention to proving (10). To begia. Delicious Dataset
with, observe that for every € D,

Fo() = % S do Bz [R(Yap)] =Y do fEz[R(YF)]
s 7 f

* 1 r =
-z /O FE®)dt

I = VFo (%) + Z(Z,VFo(T)) (30)

We evaluated the performance of our mechanism through
a numerical study using traces from Delicious. The trace we
used was collected and made publicly availéibig Goerlitzet
al. [9]. It documents the tag assignments made by Delicious
wheredc,; = &7 2, ds,g. This is becaus&z[R(Ys,y)] does users between January 2006 and December 2007; for each tag
not depend or: conditioned on the surfing strategy; has the assignment, the dataset contains the posting date, thaunger
same distribution for all surfers € C'. For the same reason,website IDs and the actual tag.
forall ¥ € D, and alls € C, and forR = R(1), We use this trace to obtain website publishing strategids an

|Fo () — Fy ()] | Z(d dy VESR(Y, )H < Rée. (31) surfer (user) interest profiles as follows. First, due to mgm
c\T)—1Ls = C,f—as, )z s foc.
f

Shttp://isweb.uni-koblenz.de/Research/DataSets
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Fig. 2. In figure (a), an execution of mechanism (4) by the re¢rdurfer sq is illustrated fory = 102 and~ = 10~3: within one iteration, the algorithm
gets within %1 and %20 of the optimal value, respectively] #re larger value ofy also implies higher variability. In figure (b), the diametgr, given by

(9), is plotted as a function of the community sigg|. Finally, in (c), we plot the mean distance &, (x(k)) from the optimal valuesup,_ Fs, (), for

~v = 0.001, averaged over 10,000 iterations. Each point correspandsdifferent community siz&C|, and the bars show the standard deviation. We observe
that, initially, increasing the community siz€’| leads to an improvement on the accuracy of the mechanismb@hefit of aggregating feedback among the
community disappears at abdut| = 1500; above|C| = 4000, the trend is reversed and the average distance from theapéalue starts to increase.

constraints, we limit the dataset by focusing on the 20 moBhis indicates the accuracy of the mechanism (8) in maximiz-
popular tags. We then further reduce the dataset by comsidering the rating as perceived by.

only tagging events for the 20 most tagged websites. Thissgiv As predicted by Theorem 4, the accuracy improves drasti-
us a subset of the total trace, containing 20 websites, 19 taglly with |C|—by two orders of magnitude—as long as the
(one was never used on the 20 most tagged websites), 203,684 munity diameter remains small. However, there exists a
users and 386,198 tagging events. We deduce the prbfilecritical value, aroundC| =1,500, around which the benefits
of users by takingd, ; to be proportional to the number ofof increasing the community vanish. Her| larger than 4,000,
times s tagged a website with tag. Similarly, we deduce - becomes so large that the distance from the optimal
the publishing strategy,, of a sitew by takingp,, s to be value starts to increase. The above suggests that the ideal
proportional to the number of times was tagged by a usercommunity size for surfes, is between 1,500 and 4,500;
with tag f. based on the profiles of the other surfers extracted from the
trace, aggregating feedback from larger communities waly o

B. Evaluating the Effect of Community Feedback .
_ ) _ decrease the accuracy of the system, as perceived by sgurfer
To illustrate the behavior of our proposed mechanism, we

selected the surfe, that was positioned in the “center” of our VIII. CONCLUSIONS
dataset,.e., the average interest profité;, = >, d./|Co In this paper, we proposed a model and a mechanism for
over the entire datasét, of 203,084 surfers. personalized randomized web-surfing, that operated with on

Taking e = 107* and R(Y) = Y2, we simulated two minimal feedback from surfers. In addition, we illustratée
different executions of mechanism (4) as run by susfewith  benefit of feedback aggregation over surfer communities: on
~ = 100 andy = 0.001, respectively. These are illustrateddf our key findings is the identification of a trade-off betwee
in Fig. VI(a): in each case, we plot the expected rewaittie size of a community and its diameter, the impact of which
F,,(z(k)) for & = 1,...,500. We see that within only one we are able to quantify both analytically and numerically.
|tehrat|on, the me(zjhsl/n;m Eets within %il of the op;]tlmlal value REFERENCES
wheny = 100, and %20 w en/._ 0'001'. quever,t € larger [1] Stumbleupon’s recommendation technology. [Onlinejaifable: http:
value ofy also translates to higher v_arlab|I|ty. _ Jvww.stumbleupon.com/technology/

To evaluate the effect of aggregating community feedbagk} N. Bansal and N. Koudas, “Searching the blogosphereyVébDB 2007.
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