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ABSTRACT
We investigate information platforms that enable and support user
search. Consider users engaged in a sequential search process (e.g.
for used cars or consumer goods in e-commerce, or partners on a
dating website). Many platforms provide basic information on op-
portunities of interest for free, while also offering, at a price, pre-
mium services that can offer more information to the user on the
potential values of different opportunities. Prior research has fo-
cused on the question of how to price such services. Here we inves-
tigate a novel strategic option: can the platform provide some of the
premium services for free, and increase its profit in doing so? By
analyzing game theoretic equilibria in such a model, we show that
there are cases where the platform can indeed benefit by sometimes
providing information for free. The underlying mechanism is that
sometimes offering free services leads to more extensive usage of
the expert’s paid services. A robustness analysis shows that even
if the population of users is heterogeneous and a large portion of
it a priori does not use the premium services, offering parts of the
service for free can still be beneficial for the platform despite the
potential misuse.

Categories and Subject Descriptors
J.4 [Social and Behavioral Sciences]: Economics

General Terms
Algorithms, Economics

Keywords
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1. INTRODUCTION
One of the great successes of the Internet has been to reduce the

costs inherent in acquiring information of all kinds. Information
platforms of different kinds connect users with the types of oppor-
tunities that they are potentially interested in. These platforms of-
ten, either implicitly or explicitly, guide a process of search carried
out by users. For example, e-commerce platforms like eBay make
it easy to search for consumer goods; AutoTrader makes it easy to
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search for used cars; Match.com makes it easy to search for roman-
tic partners. The ease with which these Internet-based platforms
allow users to locate relevant opportunities has led to a resurgence
of research in the theory and applications of sequential search, with
the understanding that the order-of-magnitude reduction in search
costs (particularly the opportunity cost of time) changes the game
and necessitates new methodologies for analyzing these markets [2,
29, 13].

Another concomitant development has been the emergence of a
new class of information brokers that serve as intermediaries, typ-
ically by helping users to evaluate the relative values of different
opportunities that may be available to them (for example, Carfax
and Autocheck in the used-car space, reputation systems in eBay
and other auction sites, electronic and human “compatibility con-
sultants” in dating sites).

In many cases, the platform itself offers these information ser-
vices as part of a “premium package.”

The typical model of these premium information services is one
where users receive noisy signals of the true values of opportunities,
and can pay for a premium feature (or external service) that provides
more information, helping to disambiguate the uncertainty in the
original signal [5, 26].

The study of the strategic behavior of these information interme-
diaries, whether independent or provided by the platform, has fo-
cused primarily on how they should price their services [15, 30, 20,
24, 35, 4, 12, 8, 33]. When intermediaries are paid on a per-use
basis (rather than, for example, in commission upon the completion
of a transaction), their incentives can become complicated. This is
because, for a given user, when the intermediary reveals to the user
that an opportunity is a good fit, and the user stops searching and
leaves the market, she does not use the intermediary’s services any
further, cutting off the revenue stream. Therefore, it is typically as-
sumed that the intermediary must be honest for reputation reasons.
However, even this, and the literature on this problem thus far, fails
to take into account other ways in which the intermediary can re-
main honest but still increase the probability of extending a user’s
search process: specifically, it is theoretically possible that the inter-
mediary could sometimes offer to provide extra information for free
(say for some range of signals received by the user), and, in doing
so, actually increase the probability that the user does not terminate
her search process and leave the market.

In this paper, we show that this theoretical possibility is realiz-
able. Our contributions are threefold. First, we provide an equilib-
rium analysis for a model of sequential search where the platform
or external information provider, in addition to choosing the single
price it usually charges for its services, can also offer its services for
free whenever approached by the searcher. We prove the existence
of a unique equilibrium structure in this model and provide the set of
equations from which it can be extracted for any given settings. Sec-



ond, we provide a proof-by-example that free information disclosure
can be beneficial. Third, we provide an important robustness-check
of the result that free information disclosure can increase profits.
The first-order concern, when providing free services, is that a mis-
specified model of the population can have disastrous consequences
– for example, if there exists a group that is characterized by a very
low search cost, and members of this group never use the intermedi-
ary’s services (because the intermediary charges a cost which is too
high for them), the intermediary may be unaware of their existence.
However, by offering some services for free, the intermediary may
expose itself to much higher costs from this group it was previously
unaware of. We demonstrate that our example is quite robust to
this concern, by showing the percentage of this hidden population
would have to be very large to make it unprofitable to use the free
information revelation strategy. Taken together, our results suggest
that information intermediaries in search-based electronic market-
places may benefit from disclosing some extra information for free,
and that this should be part of the strategic arsenal in algorithmic
pricing of information services.

2. MODEL
We consider a standard searcher-platform model (e.g., [15]) in

which users, denoted searchers, login to the information platform in
order to gain access to information about opportunities of the type
they seek (e.g., cars, mortgages, consumer products, dates). Due to
the high rate of new opportunities arriving to the platform, in prac-
tice, we can view it as enabling access to an unlimited stream of
opportunities. Each searcher is interested in finding the single best
opportunity for them (for example, a searcher would be looking to
buy just one used car), so, once they decide on one, we model them
as leaving the platform. While unaware of the specific value v of
each opportunity listed in the platform, the searcher does know the
(stationary) probability distribution function from which opportu-
nities values are drawn, denoted fv(x). For a cost cs (monetary,
opportunity cost, etc.), the searcher can acquire a signal s, which
is correlated with the true value v of an opportunity according to
a (known) probability density function fs(s|v). We assume that
higher signals are good news (HSGN), i.e., that if s1 > s2 then
∀y, Fv(y|s1) ≤ Fv(y|s2) [25].

The searcher may query and obtain the true value v of an oppor-
tunity for which signal s was received, by paying an additional fee
ce. This true value could be obtained from either the information
platform that lists the different opportunities or from an external ex-
pert (e.g., Carfax, or a mechanic). We assume that the platform or
expert pays a marginal cost de per query (i.e., a “production cost”).
For exposition purposes we will use “platform” or “expert” inter-
changeably to denote this information provider. The goal of the
searcher is to maximize the total utility received i.e., the expected
value of the opportunity eventually picked minus the expected cost
of search and expert fees paid along the way. Thus far, this model is
quite standard in prior work [5, 34, 26, 21].

The main departure from previous work in terms of our model
is that the expert is allowed to disclose the true value v for free if
she determines that this is beneficial. So, for example, if a potential
buyer comes to a mechanic with a Carfax report indicating a certain
set of flaws, the mechanic may decide to do a free check-up for that
car.

We note that the signals received by the searcher are the only
form of price discrimination allowed in the model, and thus the only
basis on which the free service can be provided in place of the paid
service.

Therefore, the model now is as follows. At the very beginning,
the expert determines the price she is willing to sell her services for
(ce). Then the search process begins. The searcher receives a sig-

nal s; he reveals the signal s to the expert, who must then decide
whether to offer her services either for free, or at cost ce. If she
offers the information for free, the searcher takes advantage of the
offer, finds out the true value v, and then must decide whether to
terminate search and take that opportunity, or to continue search,
receiving a new signal s and repeating the process. If the expert
chooses not to offer the information for free, the searcher must de-
cide whether to purchase the expert’s services at cost ce. If he does
purchase the services, he again finds out the true value v, and then
must decide whether to terminate search and take that opportunity,
or to continue search. If he does not, then he must decide whether
to terminate search and take that opportunity without knowing the
true value v, only the signal s, or whether to decline the opportunity
and continue search. Figure 1 shows the process in the form of a
flowchart.

Figure 1: Flowchart of the sequential model where the expert may
choose to disclose information for free.

3. EQUILIBRIUM ANALYSIS
No Free Information Disclosure. When the true value is offered

by the expert for a fixed fee the game can be solved as a simple
Stackelberg game where the expert is the leader, setting the service
fee and the searchers are the followers, setting their search strategy
accordingly. The searcher in this case, upon evaluating an oppor-
tunity and receiving its noisy signal s, can either: (a) reject it and
continue search by evaluating a new opportunity; (b) accept it and
terminate search; or (c) query the expert to know the true value of the
opportunity, incurring a cost ce, and, based on the value received, ei-
ther accept it (terminating the search) or reject it and continue search
as before. The optimal strategy for a searcher in this case can be
found in prior work (e.g., [21, 5]): it is based on a tuple (tl, tu, V )
(see Figure 2) such that for any signal s: (a) the search should re-
sume if s ≤ tl; (b) the opportunity should be accepted if s ≥ tu;



and (c) the expert should be queried if tl ≤ s ≤ tu and the opportu-
nity accepted (and search terminated) if the value obtained from the
expert is above the expected utility of resuming the search, V , oth-
erwise search should resume. This is where V denotes the expected
utility-to-go of following the optimal search strategy. The values of
tl, tu and V can be extracted by solving a set of equations capturing
two key indifference situations. The first is where the searcher is in-
different between resuming search and querying the expert (for tl)
and the second when he is indifferent between terminating search
and querying the expert (for tu) [21, 5].

Figure 2: Characterization of the optimal strategy for search with
an expert (taken from [5]). The searcher queries the expert if s ∈
[tl, tu] and accepts the offer if its value is greater than the value of
resuming the search V . The searcher rejects and resumes search if
s < tl and accepts and terminates search if s > tu, both without
querying the expert.

With Free Information. When the expert is allowed to offer the
true value for some of the signals for free, the equilibrium dynamics
become more complex—when setting its service price ce the expert
needs to consider the equilibrium of the simultaneous game result-
ing from her decision, in which the searcher decides on its search
strategy and the expert on the signals for which she will provide
the true value for free. The key for solving the problem is there-
fore understanding the structure of the equilibrium of the resulting
simultaneous game given the price ce set by the expert. Theorem 1
provides the structure of the equilibrium for the simultaneous game,
showing that it can be compactly represented in the form of four
thresholds.

Theorem 1. The equilibrium when the expert is able to disclose in-
formation for free, by choice, can be characterized according to the
tuple (tl, tu, V, tk) where (see Figure 3): (a) the information is of-
fered for free for any signal tu ≤ s ≤ tk; (b) the searcher resumes
its search for any signal s such that s ≤ tl; (c) the searcher accepts
any opportunity associated with a signal s ≥ tk and terminate its
search right after; (d) the searcher queries the expert for any signal
tl ≤ s ≤ tk, either for free (if s > tu) or for a cost ce (otherwise)
and accept the opportunity (and terminate search) if the value ob-
tained from the expert is above the expected utility of resuming the
search, V , otherwise search is resumed. The values of tl, tu, V, tk
can be extracted by solving the set of equations:

V =
−cs − ce(Fs(tu)− Fs(tl)) + C

A
(1)

ce =

∫ ∞
y=V

(y − V )fv(y|tl) dy (2)

ce =

∫ V

y=−∞
(V − y)fv(y|tu) dy (3)

de = πe(Fv(V |tk)) (4)

where:

A =1− Fs(tl)−
∫ tk

s=tl

fs(s)Fv(V |s) ds (5)

C =

∫ ∞
s=tk

fs(s)E[v|s] ds

+

∫ tk

s=tl

fs(s)

∫ ∞
y=V

yfv(y|s) dy ds
(6)

πe =
(ce − de)(Fs(tu)− Fs(tl))− de(Fs(tk)− Fs(tu))

A
(7)

Proof. We distinguish between three sets of signals. The first, de-
noted Sresume, is the set of signals for which if information is not re-
ceived for free then the searcher’s best response strategy is to resume
search without querying the expert. The second, denoted Squery, is
the set of signals for which even if the information is not free, the
searcher’s best response strategy is to query the expert, and finally
the set Sterminate denoting the set of signals for which if the informa-
tion is not free, the searcher’s best response is not to query the expert
but rather to accept the opportunity and terminate the search. We
first prove that from the expert’s point of view, if the best response
to the searcher’s strategy is not to offer the information for free for
a signal s ∈ Sterminate then so is the case for any other s′ ∈ Sterminate

as long as s′ > s. By providing the information for free when the
signal is s the expert incurs a cost de, however gains πe if instead
of terminating her search (as is the searcher’s strategy for a signal
s ∈ Sterminate) the searcher, based on the true value received, decides
to resume the search. The searcher will decide to resume search
only if realizing that the true value is less than the expected benefit
of further searching, i.e., if the true value is smaller than V . The
probability of the latter event is given by Fv(v|s), hence if the ex-
pert prefers not to provide the information for free given signal s
then the following must hold:

de ≥ πe(Fv(V |s)) (8)

Notice that Fv(v|s) > Fv(v|s′) for s′ > s (due to the HSGN as-
sumption), hence de ≥ πe(Fv(v|s)) > πe(Fv(v|s′)) and therefore
the expert necessarily finds it beneficial not to offer the information
for free for s′. This is in fact all that needs to be proved for the
expert’s strategy structure. Obviously there is no benefit from the
expert’s point of view to offer the information for free for any signal
s′ ∈ Squery ∪ Sresume as doing so has no immediate benefit and can
only potentially eliminate further search rounds (if the reported true
value is greater than V ) and future profits.

Moving on to the searcher, we prove that given the above strategy
structure of the expert, the searcher’s best response strategy is of
the (tl, tu, V, tk) structure. First, we prove that given a signal s ∈
Sresume, any other signal s′ < s also belongs to Sresume. The proof
is quite straightforward: Let V denote the expected benefit to the
searcher if resuming the search if signal s is obtained. Since the
optimal strategy given signal s is to resume search, we know V >
E[v|s]. Given the HSGN assumption, E[v|s] ≥ E[v|s′] holds for
s′ < s. Therefore, V > E[v|s′], proving that the optimal strategy
in this case is resuming the search.

Next, we prove that given a signal s ∈ Sterminate, any other signal
s′ > s also belongs to Sterminate. This proof is also quite straight-
forward: the searcher decides to terminate the search in case where
E[v|s] > V . According to the HSGN assumption it is clear that for
every s′ > s we get that E[v|s′] ≥ E[v|s] > V .

The structure of the searcher’s strategy, for cases where the in-
formation is not offered for free, is thus based on three continu-



ous intervals, represented by (tl, tu), where all signals s < tl be-
long to Sresume, all signals s > tu belong to Sterminate and all signals
tl < s < tu belong to Squery.

At this point, we have everything we need in order to prove that
the information will be provided for free only for signals belonging
to the continuous interval (tu, tk). We have already established the
fact that the information provider will never offer the information
for free for signals belonging to Squery and Sresume. Now assume
there are signals s and s′, such that s′ > s > tu and the expert’s
best response strategy is to offer the information for free for s′ and
not for free for s. We have already shown that if s′ > s > tu then
both signals belong to Sterminate. However, if both belong to Sterminate

and the best response strategy of the information provider is not to
provide the information for free for s then, as shown at the beginning
of the proof, so is her strategy for s′, which leads to a contradiction.
Therefore, the set of signals for which information is provided for
free is necessarily a continuous interval that starts at tu.

The searcher therefore will receive the information for free for
all signals in the interval interval (tu, tk) and will query the expert
(for a fee) for all signals in the interval (tl, tu). In both cases, if
the information obtained indicates a value greater than her expected
benefit from resuming the search the process will be terminated and
otherwise resumed.

Once establishing the general (tl, tu, V, tk) structure we can now
formally express the expected profit for the searcher, V , and use op-
timization for deriving his best response set (tl, tu). The searcher’s
expected profit is given by (1). Here the numerator captures the
expected profit within a single search round. This is composed by
the cost of receiving the signal, cs, the expected cost of querying
the expert, ce(Fs(tu) − Fs(tl)), and the expected benefit of the
searcher when stopping the search (without taking into considera-
tion the cost of the search or the cost of using the expert), C, as
calculated in (6). The calculation of C in (6) is based on three
cases: (i) in case where the value of the signal s is higher than
tk, the searcher’s expected profit will be the expectancy of V given
the signal (

∫∞
s=tk

fs(s)E[V |s] ds) (ii) in the case where the value
of the signal s is in the range of [tl, tu] the searcher will stop the
search only if the true value of the item is grater than V and in those
cases will gain this value (

∫ tu
s=tl

fs(s)
∫∞
y=V

yfv(y|s) dy ds) (iii) in
the case where the value of the signal s is in the range [tu, tk] the
searcher again will only stop the search if the item’s true value is
grater than V and will then gain this true value (

∫ tk
s=tu

fs(s)∫∞
y=V

yfv(y|s) dy ds). We note that since the choice of tu does not
affect C, cases (ii) and (iii) were merge to one integral in Equetion
3, as will be done in the last two cases of Equation 5 to be de-
scribed. The denominator in (1), A, calculated according to (5), is
the probability that the searcher will terminate the search and pur-
chase the offered item. The searcher will terminate search unless: (i)
the value of the signal s is smaller than the value tl (i.e., with proba-
bility Fs(tl)); (ii) the value of the signal s is in the range [tl, tu] and
the true value of the item is smaller than V (i.e., with probability∫ tu
s=tl

fs(s)Fv(V |s) ds);(iii) the value of the signal is in the range
[tu, tk] and the true value of the item is smaller than V (i.e. with
probability

∫ tk
s=tu

fs(s)Fv(V |s) ds).
Setting the first derivative of V according to tl and tu to zero

obtains Equations 2 and 3. Finally, Equation 4 represents the best
response strategy for the auctioneer as explained above.

To conclude the proof we note that there are ultimately 4 strategy
parameters: tl and tk for the searcher, and tu and ce for the expert.
Equation 2 gives tl, Equation 3 gives tu, Equation 4 gives tk, and
ce is found by optimizing the expert’s profit.

Figure 3: Characterization of the optimal strategy for search with
an expert when the expert has the option of disclosing part of the
information for free. The searcher queries the expert for a fee if
s ∈ [tl, tu] and the expert will disclose the opportunity’s true value
if s ∈ [tu, tk]. In both cases the searcher accepts the offer if its value
is greater than the value of resuming the search V , and otherwise
resumes search. The searcher rejects and resumes search if s < tl
and accepts and terminates search if s > tk, both without querying
the expert.

We note that the above theorem and its proof can be trivially ex-
tended for the case where the expert provides a noisy (yet more ac-
curate) signal rather than the true value of the opportunity, using a
transformation proposed by MacQueen for the case without the free
information disclosure option [21].

Equations 2-4 that characterize the searcher’s and the expert’s op-
timal thresholds, can also be derived from their indifference condi-
tions at signals tl, tu, and tk respectively. For example, tl is the
signal at which a searcher is indifferent between either resuming
the search or querying the expert, i.e., V =

∫∞
y=V

yfv(y|tl) dy +

V Fv(V |tl) − ce, which transforms into Equation 2; alternatively,
tl can also be interpreted as a point where cost of purchasing the
expert’s service is equal to the expected increase in utility from con-
sulting the expert when the searcher would otherwise reject and re-
sume search. Similarly, tu is the signal at which the searcher is
indifferent between querying the expert and terminating the search
without querying the expert (in case the information is offered for a
fee ce). Finally, tk is the signal for which the expert is indifferent
between providing the information for free and having the searcher
terminate its search, i.e., 0 = −de + πe(Fv(v|tk)), which trans-
forms into Equation 4.

Using the set of Equations 1-7 we can now solve for (tl, tu, V, tk),
and in particular Equation 7 provides us with the resulting expected
profit for the platform. Therefore, the expert can solve for the expected-
profit-maximizing ce (e.g., numerically).

3.1 Numerical illustration
We can use the characterization of the equilibrium strategies to

solve for the expert’s optimal service fee and derive implications
for how experts should price their services. Equilibrium in expert-
mediated search derives from a complex set of dynamics. Many pa-
rameters affect the equilibrium, including the distribution of values,
the correlation between signals and values, search frictions and the
cost of querying the expert. Uncovering phenomenological proper-
ties of the model is therefore difficult and restricted using a static
analysis. Instead, we turn to an illustrative model that uses a partic-
ular, plausible distribution of signals and values. For this purpose
we adopt the setting used in Chhabra et al [5]. The setting uses the
signal as an upper bound on the true value. So the signal could be
thought of as the searcher’s optimistic estimate upon observing the
opportunity (e.g., sellers and dealers offering cars for sale usually
make cosmetic improvements to the cars in question, and proceed
to advertise them in the most appealing manner possible, hiding de-
fects using temporary fixes; mortgage lenders may advertise their



most appealing features, such as a low introductory rate, while keep-
ing troublesome terms and conditions hidden). Specifically, the sig-
nals s are uniformly distributed on [0, 1], and the conditional density
of true values is linear on [0, s]. Thus

fs(s) =

{
1 for 0 ≤ s ≤ 1

0 otherwise
fv(y|s) =

{
2y
s2

for 0 ≤ y ≤ s
0 otherwise

Figure 4 depicts the expert’s expected profit with and without free
information disclosure as a function of the service fee it sets, ce. The
setting used for the graph takes the searcher’s search cost to be cs =
0.17 and the expert’s production cost de = 0.00019. Obviously,
when ce = 0 the expert makes no profit regardless of whether or not
she offers some of the information for free. However as ce increases,
and in particular when ce > de the expert makes profit and, as
can be observed from the graph, the option to provide information
for free results in a greater expected profit. For larger ce values
(ce > 0.028) the expert becomes too costly and is not being used
anymore, i.e., the equilibrium is characterized by tl = tu.

To get a better understanding of the equilibrium dynamics in the
resulting simultaneous game once the expert has set its service fee
ce, in particular the effect of free information disclosure on the equi-
librium, we present Figure 5. The figure depicts the searcher’s ex-
pected benefit V , the thresholds tl and tu and the difference be-
tween the two, as a function of the percentage of the interval of
signals (tu, 1) for which information is offered for free, denoted w
(i.e., w = (tk − tu)/(1 − tu)). We show w on the horizontal axis
rather than tkbecause an increase in tk per-se has no actual mean-
ing, as it does not say anything about the higher threshold nor the
range of signals used by the searcher for using the costly service
(tu). These result from the equilibrium dynamics of the simultane-
ous game. The use of w as defined above resolves the problem and
enforces an equilibrium in which tk is constrained in terms of a por-
tion of the resulting (tu, 1) interval. One possible interpretation for
w is therefore the extent to which the expert is willing to provide free
information in cases where the searcher receives a favorable signal
for which the benefit from knowing the true value does not justify
paying ce for it. The setting used for this figure is the same as the
one used for Figure 4 (cs = 0.17, de = 0.00019), except that here
we also fix ce = 0.01, i.e., the expert is not attempting to maximize
profits over ce in that specific market.1 Figure 5 is complemented
by Figure 7, which depicts the expected number of searches (i.e.,
expected number of opportunities for which a signal was received
by the searcher) and the expected number of times the expert was
queried by the searcher in the costly-service mode.

As can be seen from Figure 5, the increase in w results in an
increase in the searcher’s expected profit. This is expected, as the
searcher now receives the true value for free for some of the sig-
nals and therefore, since ce has not changed, it cannot possibly do
worse than in the case where the information is always costly. The
increase in V results in an increase in tl and tu as the searcher will
now become indifferent to querying the expert for greater signals.
While the increase in tu is beneficial, from the expert’s point of
view, as it increases the interval of signals for which the service
is used for a payment, the increase in tl has the exact opposite ef-
fect. Fortunately, since in this example we use a uniform distribu-
tion of signals, we can rely on the measure tu − tl to determine
whether or not the probability the expert will be queried for a fee
increased. From the figure we can see that indeed the increase in w
results, in this example, in an increase in tu − tl and consequently
an increase in the chance the expert is used for a payment ce in
1This is often the case whenever the expert is operating in parallel
markets and needs to set a fixed fee, or cannot distinguish users
coming from this market from others.

each search round. Overall, we can see from Figure 7 that the in-
crease in w results both in an increase in the expected number of
search rounds and in the expected number of queries made for a
fee. The increase in the first measure suggests that the searcher has
become more picky. This is interesting especially since with the
increase in tu − tl and the increase in the portion of 1 − tu for
which free information is received the searcher receives/purchases
more information overall and seemingly can identify favorable op-
portunities more easily. Yet, at the same time the improvement in
the searcher’s ability to distinguish the favorable opportunities from
the non-favorable ones translates to a greater expected benefit from
resuming the search process, resulting in a longer search. This also
explains the increase in the overall number of paid queries made to
the expert. While the increase in this latter measure is beneficial for
the expert, it comes with a price—the expert is also experiencing an
increase in the overall number of queries she is providing for free.
Therefore, supplying information for free for all signals s > tu is
not beneficial and the expert should take into consideration the pro-
duction cost de. Figure 6 shows the expected profit of the expert as a
function ofw (see Equation 7). Indeed, the expected profit increases
as w increases; however using w = 1 is not the best response strat-
egy for the expert. The expert should offer the service for free only
when the signal is such that the expected benefit from providing it
(taking into consideration the chance the true value will indeed turn
out to be poor and an additional search round will be initiated and
the expected profit from having the searcher resume its search) is
greater than the cost of providing the service for free. Formally, this
is expressed as πeFv(V |s) > de and depicted in the right graph of
Figure 6.

We emphasize that this result (both the expert and the searcher
benefitting from the fact that some of the information is offered for
free) is limited to the simultaneous game induced after the price
is set by the expert. This does not mean that the searcher benefits
overall from the expert changing her strategy to provide some in-
formation for free—at the end of the day the expert is setting ce
strategically, and it is possible that the searcher does worse overall
in the world where the expert has the added flexibility to offer its ser-
vices for free sometimes. For example, in the setting analyzed above
(where cs = 0.17 and de = 0.00019, with the expert’s expected-
profit-maximizing ce = 0.01 (when free information disclosure is
allowed) the searcher’s expected benefit is 0.196, whereas when free
information disclosure is not allowed the expert uses ce = 0.05 and
the searcher’s expected benefit is 0.247.

3.2 Model Robustness
One fear for an expert or a platform when considering switching

to offering a service for free is that some parts of the population that
were not using the service up until then because of its price, could
start using it extensively once it is offered for free, causing a sub-
stantial unexpected expense for the expert, who may not previously
have been aware of their existence. In this section we illustrate nu-
merically that even with a relatively large population of such “free
riders” the expert can still benefit from offering the service for free
for some signals. For this purpose we consider two populations of
searchers. The first is of searchers characterized by a relatively small
search cost, hence with a smaller incentive to use the expert services
(as they can potentially repeat their search process until running into
an opportunity associated with a very high signal, and choose to ter-
minate the search without ever querying the expert). This popula-
tion will, however, use the expert’s services whenever offered for
free, since this is a dominant strategy when available. The second



Figure 4: Expert’s expected profit with and without free information disclosure (upper and lower curve, respectively) as a function of ce for a
setting where: cs = 0.17 and de = 1.9 · 10−4.

Figure 5: V ,tl,tu and the size of the interval [tl, tu] as a function of the parameter w (the percentage of the interval of signals (tu, 1) for which
information is provided for free). The setting is cs = 0.17, de = 0.00019 and ce = 0.01.

population is characterized by a higher search cost, and uses the ex-
pert’s services for some signals even when offered for a fee ce � 0.
Both populations receive signals from the same distribution fs(y)
and similarly share the same function fv(v|s) according to (3.1).
The search costs of the two populations are cls = 0.0292 for the
low search cost population and chs = 0.17 for the high search cost
population. The expert’s marginal cost for providing the service is
de = 1.9 · 10−4 for both populations.

Based on the parameters above there is no query fee ce ≥ de =
1.9 · 10−4 that results in the use of the expert’s services by the low
search cost searchers (i.e., tl = tu for this population). Therefore,
the expert maximizes her expected-profit based on the second pop-
ulation only, resulting in the following equilibrium: tl = 0.246,
tu = 0.496, V = 0.0195 and ce = 0.01. When offering informa-
tion for free for some of the signals, the expert, who cannot distin-
guish between searchers of the two populations, needs to take into
consideration the loss due to the use of her services by searchers of
the low search cost population.

Taking α to be the portion of the high search cost searchers in the
general population, the expert’s expected profit is given by

(1− α)(−de)
F (tk)− F (tu)

A
+ α

(
(−de)

F (tk)− F (tu)

A
+

(ce − de)
F (tu)− F (tl)

A

)
,

where A is the probability the search is terminated (calculated ac-
cording to (5)). The first term corresponds to the loss due to the free

usage of the expert’s services by the low search cost searchers. The
second term corresponds to the expected profit from the high search
cost searchers and includes both the loss due to free service and the
gain from the paid service. Both terms are weighted according to
the proportion of the different searchers’ types in the population.

Figure 8 depicts the expert’s expected profit for the setting de-
scribed above as a function of α, when free information disclosure
is allowed and when it is not allowed. The figure demonstrates that,
indeed, even for cases where the population of “free-rider” searchers
is substantial (99% in this case), the expert can still benefit from free
information disclosure.

4. RELATED WORK
Information platforms of the kind we discuss here (often referred

to as middlemen or middle agents, brokers and matchmakers [7, 22,
16, 36]) are ubiquitous, especially in distributed multi-agent system
environments where immediate reliable information about the dif-
ferent opportunities available to the agents is not public. As such,
much recent work has focused on studying the dynamics associated
with information search in such platforms [15, 26, 34, 5] and emer-
gent behavior in two-sided markets [1, 29, 33, 14]. One of the main
questions investigated within this context is that of how platforms
should price their information services, i.e., who pays, and what fees
to charge [4, 12, 8, 33]. This paper is among the first to consider a
richer space of strategic choices for platforms, such as the option
to partially disclose information for free [28]. To date, work that
considers providing information for free has been limited to provid-
ing the information completely free to some users. For example, it



Figure 6: (a) The expert’s expected profit from having the searcher resume search as a function of the parameter w; (b) The expected net
benefit from providing the true value for free when the signal is tk. The setting is identical to the one used for Figure 5. The expected net
benefit in this example becomes zero for w = 0.75.

Figure 7: The expected number of search rounds carried out by the searcher (left) and the expected number of paid queries made by the
searcher to the expert (right), as a function of w. The setting is identical to the one used for Figure 5.

has been suggested that platforms could charge only one side in a
two-sided market while the other group is allowed to use the plat-
form for free [3]. These models are also different from ours in the
motivation for free service provision. Typically, the motivation in
these models is intense competition among the players of one group
(e.g., directories such as “yellow pages” that are supplied to readers
for free) [1] or how platforms can attract elastic consumers and, as
a result, obtain higher prices or more participation on the other side
[29]. Our work analyzes partial free disclosure of information at the
single user level, with the potential benefit that it may induce further
consumption of the paid service.

Much recent work has been dedicated to applying search-theoretic
principles in novel domains, e.g., in comparison shopping [31, 17].
The assumption in this line of work is that the provider’s sole pur-
pose is to serve the user’s needs [23]. This assumption leads to the
design or modeling of information providers which favor the user
(e.g., buyers, in comparison shopping applications) [11, 27]. Exist-
ing work where information providers are modeled as self-interested
autonomous entities [18, 19] focus on the use of the information
provider for obtaining the signal itself in settings where signals are
noiseless (e.g., price quotes) rather than for supplying complemen-
tary information [32]. In contrast, our work deals with an informa-

tion provider that is interested in maximizing its expected revenue
from the process. Finally, there is a rich literature on variations of
the secretary problem [9], a classical optimal-stopping online prob-
lem. Our setting is different in that it involves search costs rather
than a limited list of possibilities, and the goal is to maximize ex-
pected utility rather than the probability of hiring the best candidate
(for more on these differences and models that share some features
of both types of problems, see Gilbert and Mosteller [10] and Das
and Tsitsiklis [6])

To the best of our knowledge, none of the one sided search liter-
ature in either search theory or multi-agent systems has considered
the market dynamics that result in cases where a self-interested ex-
pert can sometimes choose to disclose her information for free.

5. CONCLUSIONS
Our main contribution is to analyze a subtle strategic complexity

(free information disclosure) in a common multi-agent environment
(one-sided search with a self-interested information provider or plat-
form). We find that allowing the information provider to choose
to disclose her information or provide her services for free can be
beneficial. The channel of operation is complex: when the expert
sometimes provides her services for free, she changes the searchers’



Figure 8: The expert’s expected benefit when free information dis-
closure is allowed and when it is not allowed, as a function of the
percentage of the high search cost searchers in the general popula-
tion, for the example described in the text.

optimal strategies, expanding the range at which users choose to use
her non-free services.

One natural fear in using free disclosure strategies would be model
robustness – suppose the expected higher profits were driven by a
misestimation of the population? For example, it could be that only
those with high search costs were using expert services earlier, so
the expert assumes the population in general has high search costs
– however, by offering her services for free, she suddenly draws out
the population with low search costs that she was unaware of pre-
viously since they never used her services. We show that our result
is robust to even a significant proportion of such “free riders” in the
searching population. As such, the idea of free information disclo-
sure could have significant practical value in search-based markets
and systems. We note that the information-provider in our model
is working within a somewhat restricted strategy space and could
have incorporated different prices (including zero, i.e. free) for each
signal. Yet, one of our major results is that, even with the restricted
strategy space, there is a benefit to the information provider of pro-
viding some services for free. We also note that it is important that
the expert will also observe the signal s, as otherwise the searcher
could lie about the signal and always get the service for free. In
various domains the signal can be verified (e.g., in the used car do-
main, the expert (e.g., mechanic) can verify the signal by checking
the Carfax report herself). The non-verifiable signals domain is in-
teresting for future work.

Other important avenues for future work include analysis of infor-
mation provision and the incentives for free reporting in two-sided
search markets (for example, matchmakers in a dating service), and
analysis of searchers’ incentives for truthfulness. Here, we assume
that searchers truthfully disclose their signals, which makes sense
in verifiable settings like presenting a Carfax report to a mechanic;
however, in more subjective settings like dating or travel prefer-
ences, how can the expert guarantee that the user is revealing his
signal truthfully?
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