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REPEATED BIDDING WITH DYNAMIC VALUE

BENJAMIN HEYMANN, ALEXANDRE GILOTTE, REMI CHAN-RENOUS

ABSTRACT. We consider a repeated auction where the buyer’s utility for an
item depends on the time that elapsed since his last purchase. We present
an algorithm to build the optimal bidding policy, and then, because optimal
might be impractical, we discuss the cost for the buyer of limiting himself to
shading policies.

1. INTRODUCTION

1.1. Repeated auctions with dynamic value: a planning problem. This
article analyses a repeated second price auctions where the buyer’s utility for the
item depends on the time elapsed since his last purchase of a similar item: an item
value depends on the age of the previous purchase. Throughout the paper, We use
ad auctions as a motivating application. The rise of online marketplaces and digital
advertising have fuelled the study of repeated auctions along several research axis, in
particular budget/ROI constraints, learning, and strategic interactions. However,
surprisingly, we enter into much less explored territory if the buyer’s utility for
an item depends on the previous auctions outcomes, which is notwithstanding a
reasonable belief for use cases such as digital marketing, where it can be beneficial
to space the marketing interactions over time because of the user’s display fatigue.
Yet, finding an optimal bidding policy in this widespread setting has not been done
yet, even when the auction is second price. This article aims to fill the gap. We
display in Fig. [I] an example of valuation dynamic: after an auction is won, the
value of the next auctions drops and then increases back to its initial value as time
goes by. At this point, it should be intuitive to the reader that bidding the value
(the greedy strategy) is suboptimal, even though the auction is second price. We
illustrate this by showing in Fig. |3| the payoff of several linear scaling strategies.
The greedy strategy corresponds to a scaling factor of 1 and is, in our context,
never optimal.

This is in sharp contrast with the widespread belief that good enough feature
engineering does the job. This intuition is flawed because it overlooks the underlying
planning problem. Indeed, in the minimal model we introduce, the bidder has access
to the exact immediate value of the item, but we still observe that bidding this value
is suboptimal, even in the second price setting. Last, we mention that in the edge
case where the buyer is interested in buying at most one item, we get a setting
close in spirit to [23], who introduce a procurement version of the prophet problem,
where the goal is to minimize the procurement cost.

1.2. Display advertising auctions. We proceed with some contextual elements
on our motivating use case, display advertising auctions. Digital advertising allows
the monetizing of publisher content programmatically. When a user reaches one of
the publisher’s pages, the right to show a display banner to the user is sold. The
mechanism that elicits the deal is often an auction that takes place in real time,
hence the name: Real-Time-Bidding (RTB). Real-Time-Bidding resents several
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FI1GURE 1. Example of dynamical value. When the bidder wins an
auction, his value drops brutally, and then progressively goes back
to a maximum value. An optimal bidding strategy should account
for this phenomenon.

practical challenges that have motivated a growing body of scientific work at the
frontier of mathematics, economics, and computer sciences [I1]. The buyer typically
derives a valuation formula for the display opportunity of the shape [8 [6, [11]

Value_Per_Event x Pr(E|X), where Pr(E|X) is the probability that an event will
take place in the future (such as click, sales. . . it depends) knowing what is available
in the user’s context (here denoted by X) and Value_Per_Event is a multiplier that
is independent of X. This multiplier often integrates business-related constraints
such as budget [6] or ROI or cost per action. Such a valuation then becomes the
input of a bidding module, tasked to find a bid that maximizes the immediate payoff
(i.e. expected value minus cost). For a second-price auction, this bidding module
simply returns the estimated value. For non-incentive compatible auctions such as
first-price auctions, methods to estimate the competition have been proposed [29].
User fatigue and frequency capping. One specificity of display advertising is that
bidders typically receive a sequence of auctions for opportunities to display an ad
to the same user. Those auctions arise as the user browses the web and opens new
pages. However, it is usually not seen as desirable to display too many similar ads
to the same user in a short period of time, and a very common practice consists in
defining a frequency capping [11], which is a maximum number of ads which can
be displayed to the same user for the same campaign on a predefined period of
time (such as “maximum 10 displays per day per user”). The bidder would thus
stop bidding on a user when the maximum number of ads is reached, until the next
period. The main rational for applying such frequency capping is essentially that
ads displayed to the same user usually have diminishing return. Those return could
even become negative, when too many similar ads in a short period of time could
result in a degraded user experience. Several studies also point to the usefulness of
spreading the ads in time [26], [9].

Fatigue as a feature of the predictors. To deal with this decreasing return of the
ads, another frequent method consists in directly modelling how the past displayed
ads affect the value of the current auctioned ad opportunity. This can be done, for
example by measuring the fatigue as the number of ads displayed to the user in a
past period of time, and using this fatigue feature as a predictor of the Pr(E|X)
model. Several works point to a similar idea, such as [2 24, [4]. We would like to
note here that while these features improve the immediate value estimation, they
do not account for the impact of an ad on the future opportunities, that is, they
still miss the planning problem.

Impact of winning one auction on future opportunities. Indeed, one logical conse-
quence of the diminishing return of ads is that winning an auction now impacts the
value of the next opportunities for the same user. But while it is possible that the
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Pr(E|X) term of the valuation recognize the fatigue effect, there is a hole in the
literature on how the bidder component should address the problem. The problem
is recognized in [8] but no solution is proposed. In a related vein, [14] propose a
heuristic factor to decrease the bids after a click, but the method does not fully
address the problem. In this paper, we propose to study how the bidder should
optimally bid in a simplified model inspired by this setting. We note that the fre-
quency capping could be interpreted as setting the value of the items to 0 during
some time after the capping is reached. We simplify this by assuming that the value
of the auctioned item depends solely on the time elapsed since the last won auction.
We also note that today most RTB auctions are first-price. We decided to study
the case of second price auction instead; both for simplicity, and to emphasize that
even in this simpler second price setting the problem is non-trivial.

1.3. Repeated auctions. Several streams of literature related to repeated auc-
tions have flourished around the online marketing use case. Without aiming at
being complete, we mention some of them in this section and discuss how the rep-
etition of the auction structure the problems under scrutiny. First, the existence
of a budget or an ROI constraint over a sequence of auctions couples all the indi-
vidual bidding problems together. In the literature, such constraints are typically
analyzed either by using a constraint relaxation or by solving an associated knap-
sack problem. The typical solution is then a scaling of the value with a well-chosen
factor. See for instance [6 [19] 12, (177, [10]. In this stream of research, this is mostly
the coupling of the bidding problems that is under scrutiny. In this line of research,
repetition is mostly about coupled optimization problems. Second, the level of bid
can be seen as a decision that is repeated over time. The outcome (value and
payment) depends on this decision. This setting can be studied with the bandit
framework. See for instance [28] [I]. In this stream of research, this is mostly the
explore-exploit tradeoff of the learning bidder that is under scrutiny, and repetition
is mostly about learning. Third, there is a line of research that puts under scrutiny
the interactions between the seller and the multiple buyers. In this steam of work,
repetition is mostly about playing a repeated game [5, [16] [I8] [3] 20} 25] [T3].

1.4. Contribution. The applied work [8] recognizes the difficulty to handling the
coupling between present and future bidding decisions. We introduce a realistic
minimal model to study this coupling, and frame the design of a bidding policy as a
continuous time optimal control problem over an infinite horizon. We present struc-
turing properties of this control problem, such as the monotony of the bidding policy
and a useful identity for the expected payoff.
We then introduce an algorithm that iterates
toward the optimal policy. Interestingly, the

proof relies on a dynamical system argument,
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perform very well. We also derive a closed form
expression of the buyer payoff in a specific case.
In what follows, we use the masculine pronoun
he to refer to the buyer, and the feminine pro-
noun she for the seller. Proofs are postponed to the supplementary material.

2. MODEL AND BIDDING PROBLEM

This section introduces a simple environment where the value of an item depends
on the time since the last won auction, that we simply refer to as the system age
thereafter. The section ends with Lemma [ that characterizes the value function
with a differential equation. An auctioneer receives items that she needs to sell
immediately to a set of buyers, and we take the perspective of one of those bidders
facing a stationary competition. The items arrivals follow a Poisson process of
intensity u. We denote by 7 the age, which is the time that has elapsed since the
last won auction. We assume that the value of an item for the bidder depends
solely on the age 7, and note this value k(7). We also suppose that k is a non-
decreasing and bounded function. Fig. [I| shows an example of how the value of
buying a new item may evolve over a timeline. We suppose the auctions to be
second price, with an iid competition with a known CDF, ¢. This competition
may include a reserve price set by the seller. In particular, the story includes the
posted price scenario. Thus, ¢(b) is the probability that the buyer wins with a
bid equal to b. Finally, we assume that the sequence ends at a random time T,
where T, follows an exponential distribution of parameter vy, or equivalently we
say that the buyer has a discount rate . The bidder’s goal is to maximize, in
expectation, the sum of the values of the auctions he wins, minus the cost he pays,
before the end of the sequence. Here, we note that this environment may be viewed
as a continuous Markov process, where the state is fully summarized by the age 7.
We denote by p(b) the average payment of the user when bidding b. Because the
auction is second price, we have the relation p(b) = q(b)b — fobq(t)dt. We denote
by U(v,b) et q(b) - v — p(b) the expected utility when bidding b and valuing v for
winning.

Because the state depends solely on the age 7, the bidder’s policy can be fully
described by a measurable function 7 — b(7) € RT specifying the bid when the
age is 7. We note B the set of these bidding functions. Then, for a bidding function
b € B, we note V4 5, (7) the expectation of the bidder’s future revenue when the
state is 7, or V(1) for simplicity, when the context is clear. Let 171,75 ...T,, ...,
the time of the next auctions, Cy...C),... the competition at these times, and 7 the
current age, then V4 (7) = EY o, e i (k(7(T3)) — Ci) 1{b(7(T3)) > C;}. We are
ready to state Lemma

Lemma 1. For b € B, V, satisfies the differential equation
V(1) = = U (K(7) + V5(0) = Vo(7), b(7)) +~V5(7).
The proof of Lemma [I] relies on the dynamic programming principle applied to V.

3. OPTIMAL BID

This section contains most of the theoretical results. We define the optimal value
function (or Bellman value), V*(7), as the sup, on all possible bidding policies, of

V(7), namely V*(7) = sup,cp V(7). It is practical to introduce the notation 7(v)
for the expected profit of a bidder of value and bid v in a one shot auction, namely



REPEATED BIDDING WITH DYNAMIC VALUE 5
7(v) =4 U(v,v) = q(v)v — p(v). This corresponds to the expected profit of the
incentive compatible bid in the one shot auction. Lemma [2| provides a dynamic
programming characterization of the Bellman value, and provides a relation be-
tween the Bellman value and the bid. The Bellman value is then proved to be the
solution of a parametrized differential equation of unknown parameter (Lemma (3]).
Theorem [1| ensures that when k is concave, the policy is monotone increasing.
Theorem [1| can be thought of as a well posedness sufficient condition: primitives
for which the optimal bid would not be monotone could arguably be considered
pathological from an econometric standpoint. For Section [3.3] that presents the
algorithm for computing an optimal policy, we suppose that ¢ is continuous, and
thus 7 is C*. [0

3.1. Differential Equation. From the proof of Lemma [l we get the following
characterizations of V* and the optimal bid b*

Lemma 2. We have the relation V¥ = f0+°° pe~ ()t (W(kt +Vy -V + V{‘)dt

Moreover, there exists an optimal bid b*, and it satisfies the relation
b*(7) = max (0; k(7) + V*(0) — V*(7)) .

This differential equation is complicated to solve directly because its initial value
Vi also appears as a parameter of the dynamic. To clarify this point, we define
®: RxRy xR — Rsuch that ®(¢,v, A) = yo—pun(ki+A—v). We then reformulate
lemma |2 as a more usual Cauchy problem:

Lemma 3. The value function V* is the solution of the ordinary differential equa-
tion
Y, = ®(t, Yy, y0)
f ) )
i) { Yo =yo
for some yp € R

It should be noted that in Lemma[3] the parameter yo is not given.

3.2. Differential equation for b. In this section, we provide a parametrization of
the differential equation so that the b* appears as solution. Such parametrization
requires additional assumptions on k. The optimal bid also follows a differential
equation:

Lemma 4. If k is C!, then, on every open on which b*(t) > 0, the optimal bid b*
satisfies the differential equation by = ki — y(Vg + ki) + pm(be) + vby.

Since k is increasing with 7, it may seem natural to expect that the optimal bid
would also increase with 7. The following result confirms this intuition under the
additional assumption that k is concave.

Theorem 1. If k is concave, then b* is increasing with T, and strictly increasing
on any interval where k strictly increases.

Hndeed, by definition, 7(v) = q(v)v — p(v) = Jo a(t)dt
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We insist that this is not true without the concavity hypothesis: Fig. |5| proposes a
counter example where k is increasing but not concave.

3.3. Algorithm. Lemmal[3 does not allow us to derive V* from a Cauchy problem
because the initial condition is also a parameter of the dynamics. Still, by the
Cauchy-Lipschitz Theorem, the solution of the ordinary differential equation

Y, = 0(t, i, A)
(Fan) (o

admits a unique maximal solution Z¥0:A : ¢t — Z¥0-A(¢) for any yo > 0 and A > 0.
We also observe that the problem Fy, ,, is the same at the problem of equation
Fyo» and we define ZV(t) el gow (t) for all t > 0. In the following, we assume that ¢
is continuous, and thus 7 is C*. This allows to apply the differentiable dependency
Theorem, which is the key to our approach. Lemma [5(is the most technical result
of the paper, and is leveraged in the proof of Theorem

Lemma 5. Suppose q is continuous. The value Vi is the unique v for which
limy 4o Z¥(t)) is finite.

We then use Lemmal 5] to prove that a simple dichotomy on the parameter allows
us to solve the bidding problem for repeated auctions with dynamic value.

Theorem 2 (Algorithm). Suppose q is continuous. Let y™) the iterations of Al-
gorithm [1], then ||Vg — ™ (0)]| = O(1/2m).

Algorithm 1 Computing Vj

Require: (a,b,N)
1: for n < N do

2: c+ (a+0)/2

3: Compute Z%¢, solution of F,
4: y(n) — Z9¢

5: if t — 4" (t) then

6: a<c

7 else

8: b« c

9: end if

10: end for

3.4. Numerical estimation of the cost of impatience. Algorithm [1] is im-
plemented in Python 3. We use SOLVE_IVP, an ODE solver from Scipy [27] to
numerically solve the ODE. We rely on the default Runge-Kutta method [15, 22].
To test the different bidding policies, we use Lemma [§]in the Appendix to say that,
for v — 0, we can compute the time average performance over a long enough pe-
riod. For the experiments, reported in Table [1} we used v = 0.01 to construct the
optimal policy. We ran simulation on this optimal policy and on the greedy policy.
We tested several values for p, with k(1) =1—e 7 and k(1) =1—-1/(1 + 7).
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1 01 1 5 10 100p 01 1 5 10 50

optimal 0.045 0.22 0.43 0.52 0.7ptimal 0.035 0.16 0.32 0.40 0.69
greedy 0.043 0.20 0.34 0.38 0.46greedy 0.035 0.14 0.26 0.31 0.44
TABLE 1. Estimated value per time unit with the greedy bidder

and with the optimal bidder, for different values of u, and -~y close
to 0 with k(t) =1 — e~ '(left) and k(t) =1 —1/(1 + ¢t) (right)

4. SHADING STRATEGY

A shading strategy consists in bidding a constant factor « (smaller than 1) of the
value, i.e. b(7) = ak(7). This class of strategy is of great practical and theoretical
interest because it is simple to implement and to analyze. It also satisfies some
theoretical properties. For instance, as mentioned in the introduction, shading is
used as a way to implement budget or ROI constraints. We use in this section
the shorthand notation V,, = Vik~,.. We found it notable that on the settings
we tested, the class of shading strategies performs very well. It can be proven
however that it is not optimal in general. Indeed, by Lemma[4] the optimal bidding
policy satisfies b, = ky — y(Vg + ki) + pm(b) + by, which implies that a shading
policy by = ak; that would outperform all other strategies should satisfy ok, =
ke — v (Vg + ky) + pm(oky) + yaky, which in general does not hold.

4.1. Special case. We mention that there is an instance of the problem where
the time average payoff of a shading strategy can be computed explicitly. We use
Theorem [3] to build a visualization of the average expected payoff, that we display
in Fig.[3] We check that shading strategies outperform truthfulness in the presence
of a value dynamic. We also check that the greater the arrival rate u, the stronger
the shading should be (the « multiplier close to zero).

Theorem 3. If the competition is a uniform distribution on [0,1], if ks = 1 —
1/(1+t) then for all a satisfying po > 1

o D(pa — 1, pa)
[(po+ 1, per)’

where T'(, ) is the upper incomplete gamma functionﬂ

. o
Jim 4 V5" = (1 — 1/2a)(par)

4.2. Numerical comparison. Figure [ dis-
plays the proportion Va/v* of the optimal value
retrieved by bidding ak, for several values of - e
a and p, and two distinct concave functions k& - e

(and with v was close to 0). We note that on % /// \\\\\§>>

all these settings, the best value of a gives re- I/ I N
sults very close to the optimal value. (it was & If / / \\\\
higher than 99%) Another observation is that - S

for smaller values of u, the greedy bidder (i.e. = = i
a = 1) performs near optimally. This observa- " N ooa " !
tion is easily explained: a small g means that

there are few auctions per time unit; it is thus FIGURE

likely that the first auction only arrives a long 3. Tlustration

time after 0 , when the function k(¢) is already of Theorem [

close to its sup. This is thus not so different
from the case when k is constant, for which the greedy bidder is optimal. On the

Zdefined as I(s,z) = [ t5~Te~tdt
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FIGURE 5. (left) k£ and optimal bid as a function of 7, for differ-
ent values of p (right). Optimal bids and V,, with the two steps
function k(t) = min(5t¢,0.2) + max(0, min(0.8, 10t — 9.2)

other hand, for larger values of u, the greedy bidder performs poorly; and the best
shading factor decreases with the density of auctions p.

Example with k(7) non concave. We have seen in Lemma [2] that b* is an increasing
function when k is concave. We propose here an example where k is not concave
to observe what can happen in this case. The function k& we used is depicted in
Fig. |5l It is a simple piece-wise linear function, making two steps. The optimal bids
as a function of 7 are plotted for different values of pu: we can observe that they
are not monotonous. The intuition for this behavior is simple: since the function
k increases quickly near 0, it is worth winning early because this generates a high
value per time unit. Thereafter, the function stops increasing until the second step,
where it increases very sharply again. Just before the increase, it is better not to
bid at all : the bidder should indeed avoid resetting the state to 0 just before this
strong increase. Fig. 5| shows the value obtained when submitting a shaded bid
k(t) x o , with the same two steps k function. We note that the best V, here is
quite sensibly smaller than V*. We also note that for large values of u, V,, is not
a concave function of o and may have several local maxima. This example also
contradicts another assumption which could seem intuitive: b* is not an increasing
function of k. Indeed, if we removed the second step on the k£ function above, then
we would get a concave function, and the optimal bid would be positive for all
t>0.

4.3. Asymptotic convergence. Theorem [ provides a complementary perspec-
tive on why shading policies might work well. Basically, as u goes to +00, the best
shading policy performs closer and closer to the optimal policy.
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Theorem 4. Set p(b) = E(C|C < b), where C is the price to beat. Suppose k
concave and such that k € C' and ko = 0. Suppose q € C*, and ¢(0) > 0, then
Viu(0) = Vi u(0) i 40 Jy a(s)ds

li li =p(0)=1
beB 1ot +00 720 Vb,,(0) p(0) = limg q(t)? ’

Moreover,

sup lim lim V; 0) = su lim lim .V, 0
beg#—”roovﬁo banl0) ae[ol?l} p—r+00 70 arkryn(0)

5. CONCLUSION

Auction systems with dynamic values are everywhere. This work is a first step
toward better understanding them. Further research could include studying what
happens when the bidder does not know the dynamics in advance, and needs to
learn, as well as extending the results to more general auctions and more general
value dynamics.
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Appendix

PROOF OF SECTION 2

Expected value when an auction starts in state 7. Let W, (7) be the expected rev-
enue of the bidder when an auction is received in state 7. Then W;(7) can be
written by taking the expectation on the outcome of the immediate auction. On
average, the bidder pays the second price p(b(7)). We then consider two possible
outcomes. Either the auction is lost: then the bidder pays 0, stays in state 7, and
its expected future reward is V(7). Or he wins the auction: the bidder then receives
a reward k(7) and the state is reset to 0, which means that the bidder’s expected
reward after the auction is V;,(0). Wrapping all this together, we get

Wy (1) = q(b(7)) - (k(7) + V4(0))) — p(b(7)) + (1 — q(b(7))) - Vi(7)
= V(1) + a(b(7)) - (k(7) + V3(0) = V4(7)) — p(b(7))
(1) = V(1) + U (k(7) + V5(0) = Vi(7),b(7)).

Bellman equation. We note T' the waiting time until the next auction. For our sta-
tionary Poisson process, 1" always follows an exponential distribution, of parameter
. We can write the evolution of the system as an expectation on 7"

+oo
(2) Vo(r) = Er (e - Wiy(r + 1)) = / e~ Wy (T + t)dt.
0

Lemma Il

Proof. This is obtained directly by writing the evolution of V from 7 to 7 + 4.
Similarly to , let T the time of the next auction, and § a positive time. We
split the expectation of V' in two parts, when T is either less than ¢ or larger than
5. We have V,(7) = foé e~ Tt Wiy (1 + t)dt + e~ O . V(1 + §). From this
we deduce that for all 7,6 > 0 w =—3 f05 e~ Fmt Ly Wy (T + t)dt +

ﬂ%(r + 0). The right-hand side is bounded, from which we first conclude
that V} is continuous (and thus W is continuous too); we may now take the limit
when § — 0 of the right-hand size, which is —p- Wy (7) 4 (v +p) - Vo (7). This proves
both the derivability and the formula. O

PROOF OF SECTION 3
Lemma 2L

Proof. If a bidding function achieves the sup in the definition of V*, then, since
the auction is second price, we can increase the expected return at any point 7
by bidding the true value k(7) + V*(0) — V*(7). This implies that if there is an
optimal bidding function, it can only be b* as defined above. The existence of an
optimal bidding function is a consequence of the classical result that the Bellman
operator is a contraction: For any value function 7 — V(7), we define the bidding
policy B(V) := 7 — max (0; k(1) + V(0) — V(7)). Because the auction is second
price, bidding with B(V') is the optimal action in any state 7 if the value we get
after this auction if defined by V. From this, we deduce that for any b, Vp(v,) > V4,
by recurrence on the number of steps where we use B(V}) instead of b. We also
note that the operator V' — Vp(yy is a contraction for the norm oo (eg: [7]),
from which we deduce that any sequence defined by V;11 = B(V;) will converge
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to the same value. Since this sequence is also increasing, it must converge to V*,
and the associated bids converges to b* := B(V*). We plug b* in Lemma (1)) to
get V= f0+oo e~ (Nt (U(b;,kt + Vg = V) + Vt*)dt. This is maximized for
by = ki + Vg — V¥, in which case, U (b}, ky + Vi — V) = w(ke + Vi — V) (]

Lemma [4l

Proof. From Lemma' 2} bf = k¢ + Vg — V", hence since by Lemma 1] [ V* is differen-
tiable, b = ky— Vi, Replacing in the latter expression V* by YV —pum (ke + Vg —V)r)
from Lemma | we get bf = ky—y V4 pm (ke + Vi =V) = ky—y (ke + Vi —bF)+pum(b?).
Hence b; = k; — (Vg + k) + pm(be) + by O

Theorem [l

Proof. When k is smooth, the proof follows from the fact that b*(¢) is the sum of
ky — v(Vg + k¢), which is (strictly) decreasing with ¢ under the hypotheses, and
um(b*) + vb* which varies in the same direction as b*. We treat the case when k is
strictly increasing, (the case k increasing is similar), and we proceed ad absurdum.
Suppose that b* is non-increasing on an interval |¢1,t2[. Then b’ must be strictly
decreasing on this interval, and thus '(t2) < 0. This ensures that the interval
can be extended, and thus b* would be decreasing up to +o0o, at a rate at least
b (t2) < 0. This implies that the solution of the differential equation [2| would go
to —oo. We remind here that this differential equation [2] is no longer valid when
b* takes negative values (the bid cannot become negative). But this still means
that the bid would become 0 at some point ¢y, and the same argument proves it
cannot become positive again after that: the bid would thus be 0 on J¢o; +00[. But
bidding 0 on ]tg, +0o[ would generate a return of 0; which clearly is not optimal.
We conclude that b* must be strictly increasing. For non-smooth k, the concavity
still implies that k& must be C' with k' decreasing on a dense subset of RT . The
result still holds by slightly adapting the previous proof, noting that o’ is defined
on the same set as k’, and is equal to k' plus a continuous function. This implies
that if &’ decreasing and negative just before ¢, it must still be negative just after
to. O

Lemma [3| does not allow us to derive V* from a Cauchy problem because the
initial condition is also a parameter of the dynamics. Still, by the Cauchy-Lipschitz
Theorem, the solution of the ordinary differential equation

{ Y, = ®(t,Y;, \)

(‘EJO 7>\) YO =g

admits a unique maximal solution Z¥0A : ¢t — Z¥0A(¢) for any yo > 0 and A > 0.
We also observe that the problem Fy, ,, is the same at the problem of equation
Fyo, and we define ZV(t) := Z¥*(t) for all t > 0.

Lemma 6 (Taylor extension). Set uz = u(v) = ke +v — ZV(t), then
0Z"(t)
ov

Proof. By the differentiable dependency Theorem [2I], for any ¢ > 0, (yo,\) —
ZYoA(t) is differentiable, and its differential maps a perturbation (Av,A\) to
AZ;‘O ”/’\N‘, which is the solution of

t
— ttn S a(us(v))ds (1 _ M/O e~V H Iy q(uz(v))dlq(us(v))ds)

Yo, A

AZEUEN0) = Aw.

Yo, A

) { AZLON(E) = Dyd(t, 290 (), A).AZE53N (1) + Dad(t, 290 (1), X).AN
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By definition ZV(t) = Z-(t) om(v) where m(v) = (v,v), so that by derivation of a
composition,

Dy(Z°(#))[Av] = Dy (o) Z7 (£).Dym[Av] = Dypo) 27 (t).(Av, Av) = AZZ02(¢)
therefore, using 7

(4)

D.Z"(1)[Av] = AZ5 5

v,v

(t) = Dy®(t, Z""(t),v).AZS0 A0 (t) + Da®(t, Z°°(t), v).Av.
We now compute the two partial derivatives. First since ®(t,y, \) = vy — pm (ks +
X —1y), Dy®(t,y,\) = v+ pi(ks + X —y). Now since m(v) = g(v)v — p(v) =
Jo a(t)dt we have 7 (v) = q(v), therefore D, ®(t,y, A) = v+ puq(k: + A —y) Similarly,
D\®(t,y,\) = —ur(k: + A —y) = —pq(kt + A — y). Therefore, combining with
D, Z" (t)[Av] = Dy®(t, Z"V (), v).AZEVAY (8) + DA (t, 2V (t),v).Av
— (o gl + v — 20 (0).AZEA(E) — gk + v — 277 (5)Av
= (v + pglke +v—=2°(1)))-Do(Z° (1)) [Av] — pg(ke +v — Z°(t)) Av
We observe that the equation on D, Z"(t)[Av] is of the shape X; = a; X; + by with

Xo = Av. The solution of such ODE is X, = efo %=95(Ay + fg e~ Jo audup gg).
Therefore,

D, Z°(t)[Av] =

t
efot('y—o—,uq(ks+v—ws(v)))ds (AU _ / e—(fos('y‘i‘/iq(kl"rv—“’l(7))))0”) MQ(ks + v — w;s (v))Avds)
0

t
_ (67t+u JL a(us(v))ds (1 . ,U'/ e*stufos Q(uz(v))dlq(us(v))ds)>AU
0

Hence D, Z"(t) = et Jo a(us(v)ds (1—n fot emrsmi s atw@Ddlg(y (v))ds). O

Lemma 7 (Bound on the derivative). For all t > 0, %vv(t) > et

Proof. By Lemma [G]

0Z" (t t ) ¢ s
(%( ) _ et B atwao)as (1 _ /O e~ I3 Ay (5))ds)

t
> et S atus(0)ds (1 _ / e I3 9GO (0))dls)
0

— etti [y alus(v))ds (1 +[e " I Q(m(v))dl]é)
_ et alna()ds (g ff o)Ay _ g,
O

Corollary 1 (Uniqueness of the stable solution). There can be at most one yo € R
such that limy_, 4 o ZY0(t) is finite.

Proof. We deduce from Lemma m that for any t, and any v, < wva, Z2(t) >
Z1(t) + (va — v1)e?t. Now, if ZV1(t) converges to a finite value, then Z2(t) goes
to +o0o. This guarantees that lim;_,, Z*(t) is finite for at most one v. O

Lemma Bl

Proof. The value function satisfies Fy,, and is bounded and positive. By Corol-
lary |1} it is the only bounded solution. U
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Theorem [2.
Proof. By corollary [1] the condition “t — y(™(t) is diverging to +00” is equivalent

to y(™(0) > V¥. Hence, if V is in [a, b] at step (n), it will also be in [a, b] at step
(n+1). O

PROOF OF SECTION 4

Let Ty, the random variable“age at the time of the next won auction”. We set
At) = fot v+ pq(b(s))ds. We also define the random variable N, as the number of
won auctions until the end of the sequence T,. We may now state how to compute
Vi, and its initial value:

Lemma 8. The solution V, is given by:

(5)  W(r) = A (vb<o> - "0 U0) + kD), b(t))dt)
6)  Vh(0) = E(Ny) x E(U(K(T), b(Tw)|T < T5).

Proof. Equation is the integral solution of the linear differential equation of
Lemma (1} Equation @ states that V'(0) is precisely the expected number of won
auctions multiplied by the average return on those won auctions, which seem intu-
itively obvious. We may prove it more formally as follows, by first rewriting as

e~ A Vy(r) = V3(0). (1 - [ q(b(t))dt) - [ et e, b00) )

Since we know that V;(7) is bounded, and A(7) > .71 —— +00, the left-hand
side goes to 0 when 7 — 400 Thus

ST e AW U (k(t),b(t)) dt
L= [T e A0 - q(b(t))dt
JoT e AW U (k(t), b(t)) dt y Pr(T,, < T,)
Pr(Ty, < T) 1-Pr(Ty, <T,)
Here we used the formula [;°e=4® . 1. q(b(t))dt = Pr(T,, < T,). We conclude by
identifying the two factors on the right side of equation as some expectations:
JoT e 2O - U (k(t),b(t)) dt
E (U (k(Ty), b(T))|Tw < T.) =
(U((T),b(T)|T, < T) P < T

is the average return per won auction, and E(N,) = % is the expected
w ¥

Vo (0) =

number of won auctions. (We note that it follows a geometric law of parameter
Pr(T,, < T,), hence the formula.) O

Limit when v goes to 0. Since the process ends after a time T’, following an expo-
nential law, the expected lifetime is /4. Intuitively, increasing the length of the
sequence should increase linearly the expected return, as with the same bidding
strategy we will increase the number of won items without changing their average
price or value. The following lemma confirms this intuition for long sequences, by
proving that the average return per time unit, v - V4 (0) is converging:

Lemma 9.
JoFe0 emm i av)ds g ()t
f0+oo ek [y albs)ds gy

(7) Jim Vo, (0) = o

Proof. We have Pr(T,, < T) = f0+°° et Jo a0)ds o ))dt = 1— f0+oo e Jo alb)ds—yt gy
by integration by parts. We then take the limit in Equation . U
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Theorem [3l

Proof. From Lemma [0] we have:

[ aukZe (e do k) qy

fooo e~ (na 3 keds) gy

Jim Vg* = (1-1/20)

Since k; = 1— 17, we have [ keds = t—In(1+t) and e~ e Jo keds) — gmant(1 4 pyon,

For m > 0, we have
—+oo
/ (14¢)"™e (1 + t)H
0
+oo
= / e (1 ) ™At
0
+o00
:/ e—au(m—l)xau—mdx
1
+oo
= eo"‘/ e T T M Ay
1

we set 0 = (ap) ™, k= (au—m+1),&=au

~ +OO .
= eo‘/ 2P le i dx
1

~ +m
= eo‘Hk/ th=le—tdt
1/6

= e (k,1/0) = e*@™ 17T (& — m +1,1/6).

Therefore
(1-1/20) fooofgoufieu‘:?; Ifd’:j;)dt
—(1—1/20) ar(a+1,1/6) + f}ffﬁf I 1/%0) — 2a°T(&,1/6)
—a- 1/2a)&(r(d +1,1/6) — al'(a, 1F/(9€)y)+—1?zi;1;)(a, 1/0) — al'(a — 1,1/0))

Now, we use the property I'(s +1,1/6) = sI'(s, 1/6) + 8~ %e~ /¢ to get

(1 — 1/20) 8L (@ +1,1/6) - G(& 1/6)) - 6(0(&,1/6) — (& — D@ ~ 1,1/6)) + &°T'(& — 1,1/6))

T(a+1,1/0)
B a0~ 10 — a2(9~(@"De~1/0) 1 42T'(a — 1,1/0))
= (1=1/20) T(a+1,a)
7 a(a%e %) —a?(a e ) +a%l'(a—1,a)
= (1=1/20) T(a+1,a)
= (1- 1/204)04258 1’a)
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Theorem [l

Proof. Let a smooth bid policy b satisfying b; < k;. We have U (k¢, b;) = q(b;)(kt —
p(b)). Set Q¢ = fot q(bs)ds. Then by integration by part, and because 0 = ko = by
by assumption,

400 .
/ pe= S A (e, b dt
0
“+o00
= / pre ™9 q(by) (ky — p(be))dt
0

+OO . .
= / e M9t (ko — byp(by))dt.
0
Now observing that

o Jo e e — bib (b)) dt

= ko — bop(bo) = ko — bop(0),
Lo f0+oo Qi dt 0 0P (bo) 0 op(0)

and combining with Lemma [0} we get

il 1%,(0) = o0
We see that only the derivative of b at 0 matters here, so we can without loss of
generality suppose that b, = ak, for some o < 1. We end up with ko(1 — ap(0)).
Since p(0) > 0, this quantity is minimized for & = 1 and maximized for a = 0,
otherwise said, the left-hand side of the Theorem is equal to p(0). Then we observe

that p = %. The remaining follows after integration by part and taking the

limit at 0. O
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