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SOFT-FLOOR AUCTIONS:

HARNESSING REGRET TO IMPROVE EFFICIENCY AND REVENUE

Dirk Bergemann, Kevin Breuer, Peter Cramton,

Jack Hirsch, Yero S. Ndiaye and Axel Ockenfels*

Abstract. A soft-floor auction asks bidders to accept an opening price to participate in a

second-price auction. If no bidder accepts, lower bids are considered using first-price rules.

Soft floors are common despite being irrelevant with standard assumptions. When bidders

regret losing, soft-floor auctions are more efficient and profitable than standard optimal auctions.

Revenue increases as bidders are inclined to accept the opening price to compete in a regret-free

second-price auction. Efficiency improves because a soft floor allows for a lower hard reserve,

reducing the frequency of no sale. Theory and experiment confirm these motivations from

practice.
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Conventional auction theory advises sellers to set a binding hard reserve price that exceeds
their value of the auctioned item (Myerson 1981, Riley and Samuelson 1981). If the seller can
credibly commit to not reselling the item or accepting bids beneath the reserve, she earns more
expected revenue from an auction. In practice, however, sellers often fail to commit to a binding
reserve price. Instead, they lower the opening price of unsold items or later re-auction them.1

On the other hand, theory predicts that a non-binding reserve price—also known as a soft

floor—does not affect revenue.
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2 SOFT-FLOOR AUCTIONS

Nonetheless, many real-world settings frequently feature a soft floor, as in eBay’s best-offer
program or informal auctions such as house sales (Huang, Chen, and Lee 2013).2 In a soft-floor
auction, the seller asks bidders to accept an opening price to participate in an auction using
second-price rules, but also allows lower bids. If no bidder accepts the opening price, the
alternative bids are considered using first-price auction rules.3

We show that soft-floor auctions are more profitable and efficient than standard auctions if
bidders regret losing an auction at a favorable price. We introduce a standard private-value
auction framework in which bidders maximize a weighted sum of monetary gain and regret,
where regret is based on the observed auction outcome. A losing bidder experiences loser’s regret

if the item sells at a price below her value. A winning bidder experiences winner’s regret if the
price exceeds the observed second highest bid. We focus our analysis on loser’s regret as it is
salient—winning prices are commonly disclosed while losing bids are not—and experimental
evidence consistently shows a dominant role of loser’s regret. To confirm, we use our experimental
data to derive a lower bound on the relationship: salient loser’s regret is weighted at least 1.55
times as heavily as non-salient winner’s regret.4

While regret influences bidding behavior in a first-price auction, it does not affect bidding
behavior in a second-price auction. When an agent bids her value in a second-price auction, she
would not wish to change her bid regardless of the auction’s outcome—truthful bidding is an ex

post strategy. Proposition 3 formally proves that when bidders anticipate regret, a first-price
auction earns strictly more revenue than a second-price auction.5

While a revenue-maximizing seller prefers a first-price auction, bidders prefer a second-price
auction because they do not experience regret. Soft-floor auctions exploit this fact by offering
bidders the opportunity to pay a premium to participate in a second-price auction instead of
a first-price auction. Proposition 7 shows that soft-floor auctions earn strictly more expected
revenue than first-price auctions. Proposition 8 then shows that a soft-floor auction with a
hard reserve strictly outperforms a first-price auction with a hard reserve in terms of revenue

2In the 2010s, several real-time display advertising exchanges adopted soft floors to raise prices in auctions with
weak competition or occasional high-value bidders while avoiding foregone transactions (Sayedi 2018, Zeithammer
2019, Despotakis, Ravi, and Sayedi 2021).
3In practice, accepting bidders often compete in an ascending auction, which is strategically equivalent to a
second-price auction in our independent private value setting.
4In the online appendix, we consider a model in which all bids are disclosed at the end of the auction, show that
our main results hold so long as loser’s regret is weighted more heavily than winner’s regret, and derive the lower
bound on the relative weights.
5Engelbrecht-Wiggans (1989) provided the first proof using a comparative statics result. Proposition 3 explicitly
quantifies how bidders change their behavior in first-price auctions.
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and efficiency.6 Intuitively, the optimal hard reserve in a first-price auction increases with the
support of values. However, adding a soft floor to the auction reduces the range of values at
which bidders submit first-price bids. Adding a soft floor accordingly lowers the optimal hard
reserve and, thus, the inefficiency of the hard reserve.

We test our hypotheses in a controlled laboratory experiment. We find that soft-floor auctions
can significantly increase revenues compared to first-price auctions without the efficiency loss
associated with a hard reserve. Moreover, our experiments show that the soft floor is even more
attractive than our model of regret suggests. We confirm our prediction that a larger weight
on regret increases the likelihood of accepting lower opening prices. However, we also find that
many bidders accept any opening price so long as it does not exceed their value. When we add a
soft floor in settings with a hard reserve, the revenue and efficiency of the best soft-floor auction
exceed that of the best first-price auction.

Our model and experiment also suggest that regret aversion, not risk aversion, drives over-
bidding in first-price auctions. There is a large body of empirical evidence documenting higher
revenue in first-price auctions than predicted by theory under standard assumptions. The two
most common explanations are regret aversion and risk aversion. Proposition 7 shows that
when agents are regret averse, soft-floor auctions generate more revenue than first-price auctions.
However, Proposition 9 demonstrates that modeling risk-averse agents has the opposite effect:
soft-floor auctions yield lower revenue than first-price auctions. Our laboratory experiment finds
that soft-floor auctions generate significantly more revenue than first-price auctions. We thereby
provide evidence that regret aversion drives overbidding in first-price auctions.

Our findings explain the widespread use of soft-floor auctions. Importantly, our experimental
framework intentionally abstracts from several advantages of a soft floor over standard hard
reserve auctions. First, in practice, a seller who wants to use a hard reserve may find it
difficult to commit to not selling the item if the reserve is not met (Coase 1972, Caillaud and
Mezzetti 2004, Skreta 2015, Liu, Mierendorff, Shi, and Zhong 2019). A soft floor, on the other
hand, does not require such a commitment.7 Our laboratory experiments ensure that all hard
reserves are credible commitments, which would otherwise make soft floors comparatively more
appealing. Second, a hard reserve discourages participation (Bajari and Hortaçsu 2003). Indeed,
some auction houses, such as Ritchie Brothers, require no reserve to attract more bidders and
provide certainty of sale. We have exogenous participation across treatments, which removes
6More precisely, if both auctions have optimally-chosen reserves, then a soft-floor auction outperforms a first-price
auction in terms of revenue, and if the first-price auction has a hard reserve exceeding zero, the soft-floor auction
is also more efficient.
7This holds both when a soft floor is used instead of a hard reserve and when a soft floor is added to a hard
reserve since it allows for a lower hard reserve, thus making the hard reserve bind less often.
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the comparative advantage of soft floors. Third, in real-world auctions, bidders often act on
behalf of others and are driven by a desire to avoid blame. Accepting an affordable opening
price avoids the possibility of blame since the final price will be higher than the bidder’s value
for the item. Our experiments did not include such agency problems. Our experiments likely
underestimate the relative appeal of soft floors.

Related Literature. Previous literature has studied the nature of regret as an important
motivation in auction bidding, both theoretically and experimentally. Engelbrecht-Wiggans
(1989) introduced bidder regret into an auction framework, distinguishing loser’s regret from
winner’s regret and showing that they move first-price bids in opposite directions: anticipated
loser’s regret pushes bids up, while anticipated winner’s regret pushes bids down. Subsequent
laboratory work confirms these predictions, especially for loser’s regret made salient through
ex-post feedback about forgone gains.

Most importantly, Filiz-Ozbay and Ozbay (2007) find behavior consistent with anticipated
loser’s regret while reporting no evidence for anticipated winner’s regret (they use a one-shot
experiment designed to avoid learning effects). Ockenfels and Selten (2005), using repeated
experimental first-price auctions, propose a weighted impulse balance model in which the behav-
ioral weight on upward impulses (analogous to loser’s regret) is roughly three times the weight
on downward impulses (analogous to winner’s regret). They also show that providing feedback
on losing bids—which makes winner’s regret salient—significantly reduces bids. Engelbrecht-
Wiggans and Katok (2008) further manipulate the salience of winner’s and loser’s regret by
varying the information feedback and likewise find that bids decrease when winner’s regret is
made salient and increase when loser’s regret is made salient. Consistent with Ockenfels, Sliwka,
and Werner (2015), they report that the effect of salient loser’s regret is about three times as
large as that of salient winner’s regret. Additionally, they estimate that salient loser’s regret is
weighted almost twice as much as non-salient loser’s regret.8

Our research considers the implications of the salience of regret on auction design. Following
Engelbrecht-Wiggans (1989), we incorporate loser’s regret as a linear and additively separable
penalty in the utility function and derive closed-form equilibrium bidding functions. Guided
by the laboratory evidence on the dominant role of loser’s regret and on salience, we focus on
salient loser’s regret (and relegate a discussion on the role of winner’s regret to the appendix).

8Similarly, Fioretti, Vostroknutov, and Coricelli (2022), in a stock market experiment, show that regret about
past or future prices only arises when those prices are actually observed. Notably, the importance of salience
for emotional responses extends beyond regret to other domains such as responses to unfairness (Card, Mas,
Moretti, and Saez 2012, Ockenfels, Sliwka, and Werner 2015, Falk, Fehr, and Fischbacher 2003, Bereby-Meyer
and Niederle 2005).
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Notably, providing feedback on losing bids is a design choice. The regret literature suggests
withholding it to avoid making winner’s regret salient—a practice consistent with both typical
real-world auctions and our laboratory auction. Our model analysis then shows that widely
popular soft floors in auctions can harness loser’s regret to improve both revenue and efficiency
relative to standard optimal mechanisms.

The economics literature has taken many other approaches to regret as well. Notable recent
work includes Battigalli and Dufwenberg (2022), which surveys the wide landscape of belief-
dependent motivations that drive psychological game theory and argues for the incorporation of
emotions into mainstream economic models. Battigalli, Dufwenberg, and Lin (2025) develop
a comprehensive treatment of games with Bayesian agents who maximize a weighted sum of
their monetary payoff and regret, placing particular emphasis on the role of information in the
anticipation of regret. Anunrojwong, Balseiro, and Besbes (2025) also assumes that players
consider a weighted sum of regret and utility, but instead focuses on robust decision making.
They show that by varying the weights between 0 and 1, the underlying decision problem can
represent max-min utility, min-max regret, and competitive ratio. These approaches closely
relate to our analysis. We also allow for weights on utility and regret, and similar to Battigalli,
Dufwenberg, and Lin (2025), we emphasize the significance of available information. However,
we adopt the behavioral auction model of Engelbrecht-Wiggans (1989) and assign weight only to
loser’s regret, rather than having uniform (or neutral) weights as in Anunrojwong, Balseiro, and
Besbes (2025).

Our paper also adds to the literature on the role of risk aversion in auctions.9 Some studies
have suggested that risk aversion can explain overbidding in first-price auctions (Cox, Smith, and
Walker 1988). However, controlled laboratory evidence often contradicts this claim. Studies find
no correlation between risk preferences and overbidding (Isaac and James 2000, Berg, Dickhaut,
and McCabe 2005). Additionally, studies find no difference in overbidding when the risk involved
is changed (Engelbrecht-Wiggans and Katok 2009, Füllbrunn, Janssen, and Weitzel 2019). This
suggests that risk aversion does not explain overbidding in practice. In our setting, risk aversion
predicts lower auction revenues in a soft-floor auction, which is the opposite of what our regret
model predicts and contradicts our experimental findings.

Zeithammer (2019) was the first to analyze soft-floor auctions. He shows that, with symmetric
bidders, the unique equilibrium of a soft-floor auction satisfies revenue equivalence. He then
perturbs revenue equivalence by introducing the occasional participation of high-value bidders,
whereas we maintain symmetric bidders but introduce regret. Hafalir, Kesten, Sherstyuk, and

9See Vasserman and Watt (2021) for a survey.
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Tao (2025) study a similar Dutch-English auction hybrid used to sell fish in Honolulu and
Sydney. The Honolulu-Sydney auction sacrifices revenue in exchange for speed to accommodate
perishability constraints.

Lastly, our paper relates to the literature on optimal reserve prices. Early seminal work suggests
that if sellers commit not to resell, hard reserves can increase revenues for both independent and
interdependent values (Myerson 1981, Engelbrecht-Wiggans 1987, Levin and Smith 1996). Coase
(1972) conjectures that without such commitments, a price-setting monopolist would lose her
monopoly power and set prices close to marginal cost. If hard reserves reset in sequential auctions,
many studies find that revenues above the efficient revenues are difficult to obtain (McAfee
and Vincent 1997, Liu, Mierendorff, Shi, and Zhong 2019, Liu, Mierendorff, and Shi 2025). In
contrast, Burguet and Sakovics (1996) show that when participation requires costly information
acquisition, a hard reserve followed by re-auctioning without a reserve can be revenue-improving,
as a failed first auction signals weak incumbents and attracts new entrants.

Our work demonstrates that if bidders experience regret, a soft-floor auction can improve
revenue beyond the standard optimal auction while simultaneously mitigating efficiency loss and
circumventing commitment problems that arise with hard reserves. By considering a broader
class of preferences, we show that a soft-floor auction performs on par with standard formats if
bidders maximize gain alone, but improves outcomes along multiple criteria in the presence of
concerns such as regret. As a result, a soft-floor auction presents a valuable augmented design
relative to the minimal design of either first- or second-price auction that provides robust revenue
and efficiency improvements.

The paper is structured as follows. Section I develops a model of salient regret. Section II
analyzes the model and derives our main predictions. Section III considers risk aversion and
derives differences from the predictions of the regret model. Section IV describes the experimental
design and our laboratory results. Section V discusses the results and concludes.

I. Model

Section I presents the model and shows how we incorporate regret into an auction setting. We
also explain why we focus our analysis on loser’s regret.

A. Environment. Consider a single seller with one unit of an indivisible good she values at
v0 = 0. There are n risk-neutral bidders indexed i ∈ {1, 2, · · · , n}. Bidders have private values
vi drawn independently and identically from the distribution F with full support on the interval
[0, 1]. We assume F is non-decreasing and differentiable on its support and has density function
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f . The seller implements a soft-floor auction with hard reserve r and soft floor s with:

s ≥ r ≥ 0.

Bidders learn r and s and then submit sealed bids exceeding r or decline to participate.10 The
highest bid wins, and if the winning bid exceeds s, the winner pays the maximum of the second
highest bid and s, as in a second-price auction. Otherwise, the winner pays her bid. Ties are
broken by randomly assigning the object to one of the highest bidders. Observe that if s = 1,
the auction reduces to a first-price auction, and if s = r, it reduces to a second-price auction.

We incorporate regret as a linear and additively separable component of the utility function
so that the utility of a bidder is the weighted average of her gain less her regret. In particular,
let β ∈ (0, 1) be the weight on the gain, and 1 − β be the weight on regret. We next establish a
functional form for the gain, regret, and utility in a general auction, and apply it to first-price,
second-price, and soft-floor auctions. We study first and second-price auctions prior to soft-floor
auctions because a soft-floor auction is a composite of first and second-price auctions.

B. Utility in a Standard Auction. Consider any auction in which agents submit a single
sealed bid, the highest bidder wins, and only the winner makes or receives a transfer.11 We
assume r = 0 to ease complexity and relegate r > 0 to the appendix. Each bidder i has value vi

and places bid bi. Denote the vector of bids b and the winning bid

(1) b(1) := max
i

{bi}.

The winner pays price p(b) determined by the rules of the auction. Consider bidder i. If she
wins, her gain gi is her value minus the price paid; otherwise, it is 0.12

gi(vi, bi, b−i) :=

 vi − p(b) if bi = b(1)

0 else.
(2)

10Our formal model is a simultaneous single-move game, but it is strategically equivalent to various sequential-move
versions, such as that used in the experimental set-up. See the appendix for details.
11We only consider auctions in which the winner makes transfers to rule out cases such as an all-pay auction in
which a loser regrets participating. It also rules out pathological cases in which, for example, each losing bidder
receives a rebate proportional to her bid, and thus regrets not losing with a higher bid.
12For clarity of exposition, we do not explicitly write the zero-probability (in equilibrium) case in which two
bidders have the same highest bid, and bidder i loses the tie-break. However, in that case, she would have 0
profit. A similar point applies for regret.
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If instead agent i loses, she experiences regret ri if her value exceeds the price paid by the
winning bidder.13 Otherwise, she does not experience regret.14

(3) ri (vi, bi, b−i) :=

 vi − p(b) if bi < b(1) and p(b) < vi

0 else.

The utility of agent i is a convex combination of gain and regret.

(4) ui (vi, bi, b−i) :=

 β(vi − p(b)) if agent i wins
−(1 − β) max{vi − p(b), 0} if agent i loses.

Notice that the first term is (2) and the second term is equivalent to (3). We now use (2), (3),
(4), and the payment rules in each of a first-price, second-price, and soft-floor auction to express
the gain, regret, and utility a bidder experiences in each auction format. Then, in Section II, we
analyze the equilibrium behavior in each auction format.

C. Utility in a First-Price Auction. In a first-price auction, the payment rule is p(b) = b(1).
By (2), agent i has gain

gi(vi, bi, b(1)) =

 vi − bi if bi = b(1)

0 else.

Similarly, by (3), agent i has regret

ri

(
vi, bi, b(1)

)
=

 vi − b(1) if bi < b(1) < vi

0 else.

Combining our terms, agent i has utility

ui

(
vi, bi, b(1)

)
=

 β(vi − bi) if agent i wins
−(1 − β) max{vi − b(1), 0} if agent i loses.

D. Utility in a Second-Price Auction. Let b(2) denote the second-highest bid. In a
second-price auction, the winner pays p(b) = b(2). By (2), bidder i has gain

gi(vi, bi, b(1), b(2)) =

 vi − b(2) if bi = b(1)

0 else.

13We use mnemonic notation as much as possible, and therefore choose ri for regret. We also follow standard
notation and use r for the hard reserve. They are clear from context.
14She experiences regret when her value exceeds the final price, irrespective of whether or not she could have won
the auction at that favorable price.
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By (3), she has regret

ri

(
vi, bi, b(1), b(2)

)
=

 vi − b(2) if bi < b(1) and b(2) < vi

0 else.

Once again we write the utility of agent i as a convex combination of gain and regret.

ui

(
vi, bi, b(1), b(2)

)
=

 β(vi − b(2)) if bi = b(1)

−(1 − β) max{vi − b(2), 0} if bi < b(1).

E. Utility in a Soft-Floor Auction. To express an agent’s utility in a soft-floor auction, we
first write out the pricing rule p(b). A soft-floor auction has two components. If the winning bid
exceeds the soft floor s, payment is determined by second-price auction rules. If the winning bid
is less than s, payment is determined by first-price auction rules. Thus p(b) can be written as

(5) p(b) =


b(2) if s ≤ b(2) < b(1)

s if b(2) < s ≤ b(1)

b(1) if b(1) < s.

Using (2), (3), and (5), we express gain and regret in a soft-floor auction. Bidder i has gain

gi

(
vi, bi, b(1), b(2)

)
=



vi − b(2) if s ≤ b(2) < bi = b(1)

vi − s if b(2) ≤ s < bi = b(1)

vi − bi if bi = b(1) < s

0 else.

Bidder i can gain if she has the highest bid and it exceeds the soft floor (the first two lines), or
if she has the highest bid and it is less than the soft floor (the third line). She has regret

ri

(
vi, bi, b(1), b(2)

)
=



vi − b(2) if s ≤ b(2) < vi and bi < b(1)

vi − s if b(2) < s ≤ vi and s, bi < b(1)

vi − b(1) if b(1) < vi and bi < b(1) < s

0 else.

The first two lines capture bidder i’s regret if the winning bidder participates in the second-price
auction, but the final price is lower than bidder i’s value (the winning price is max{b(2), s}). The
third condition is her regret if she loses in the first-price component of the auction, but her value
exceeds the winning bid.
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Finally, the utility of a bidder can be described as a composite of gain gi and regret ri.

ui

(
vi, bi, b(1), b(2)

)
=



β(vi − b(2)) if s < b(2) < bi = b(1)

β(vi − s) if b(2) ≤ s ≤ bi = b(1)

β(vi − bi) if bi = b(1) < s

−(1 − β)(vi − b(2)) if s < b(2) < vi and bi < b(1)

−(1 − β)(vi − s) if b(2) < s ≤ vi and s, bi < b(1)

−(1 − β)(vi − b(1)) if b(1) < vi and bi < b(1) < s

0 else.

F. Equilibrium. Our equilibrium concept is Bayesian Nash Equilibrium. Each agent i chooses
a bidding function that maps values to bids

bi : [0, 1] → R.

Bids that exceed the soft floor b(v) ≥ s are considered using second-price rules, bids that
fall between the hard and soft reserve b(v) ∈ [r, s) are considered using first-price rules, and
bids beneath the hard reserve b(v) < r are discarded. In Section I we model the auction
as a simultaneous-move game. Our experiment adopts a sequential-move game format. In
Section IV, we state Proposition 14, which formally proves that the bidding function derived
in the simultaneous-move game has an equivalent formulation as a sequential-move game. The
sequential-move game breaks the decision-making process into two pieces—whether to bid above
or below the soft floor, and then to choose a bid. As no information is revealed between steps,
the game formulations are essentially equivalent.

G. Remarks on Regret. We incorporate regret as a linear and additively separable compo-
nent of the utility function, and following Engelbrecht-Wiggans (1989), we define regret on the
basis of the observed auction outcome. A losing bidder’s regret equals her value minus the final
price she observes, provided the price is below her value. An alternative formulation defines
regret as the difference in payoffs under complete versus incomplete information. Under this
formulation, bidders account for how the final price would have changed had they bid differently.

In first-price auctions and the truthful-bidding equilibrium of the second-price auction, these
formulations coincide. In a first-price auction, the final price is the highest bid. Thus the losing
bidder could have won by bidding just above the winning bid. In the truthful-bidding equilibrium
of a second-price auction, the final price equals the second-highest value, which weakly exceeds
the value of every losing bidder. Thus, neither formulation generates regret. Because the existing
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literature has focused on these two formats—in particular, first-price auctions—the distinction
in the notions of regret has not been consequential.15

In general, the two formulations of regret diverge. In a soft-floor auction, a bidder who declines
the opening price and loses may observe a final price below her value, generating outcome-based
regret. However, if she accounts for the fact that accepting the opening price triggers second-price
competition, potentially raising the price above her value, she need not prefer to change her bid
ex-post.16

II. Analysis

In Section II, we derive monotonic equilibrium bidding functions for first-price, second-price,
and soft-floor auctions with regret and use them to calculate the seller’s expected revenue. We
prove that so long as the weight on regret 1 − β > 0, optimal soft-floor auctions provide strictly
more expected revenue than first-price or second-price auctions. Further, if a first-price auction
has optimal hard reserve r > 0, soft-floor auctions are also more efficient.

A. Second-Price Auction. When an agent bids her value in a second-price auction, she
does not experience regret. By (3), if agent i bids bi = vi, she has regret

ri

(
vi, b(1), b(2)

)
=

 max{vi − b(2), 0} if vi < b(1)

0 else.

If vi = b(1) and bidder i wins, she does not experience loser’s regret. If vi ≤ b(1) and she does
not win, then vi ≤ b(2), which means that regret is max{vi − b(2), 0} = 0. Intuitively, truthful
bidding is an ex-post strategy in a second-price auction; no truthful bidder prefers to revise her
bid after seeing the results of the auction. Consequently, bidders do not experience regret if
they bid truthfully. The fact that bidders experience no regret if they bid truthfully means that
bidding truthfully is an equilibrium.

Throughout Section II, in equilibrium, any bidder with value less than the hard reserve declines
to participate. We therefore state bidding functions for values v ≥ r.

15This is the standard definition in the auction literature: see, e.g., Engelbrecht-Wiggans (1989), Filiz-Ozbay and
Ozbay (2007), Ockenfels and Selten (2005), or Engelbrecht-Wiggans and Katok (2008).
16Interestingly, in the context of a soft-floor auction, basing regret on observed outcomes also admits the
interpretation of envy. A losing bidder envies the price at which the winner secured the good, even though no
feasible deviation on her part would have allowed her to win at that price. Thus, our formulation captures both
the anticipation of regret based on observable auction outcomes and the anticipation of envy upon observing a
favorable price.
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Proposition 1. Fix any equilibrium of a second-price auction with hard reserve r. Then each

agent i must have a bidding function of the form

bi(vi) =


vi if vi ∈ [r, 1)

ai if vi = 1,

for any ai ≥ 1.

Proposition 1 says that any equilibrium of the second-price auction must have truthful bidding
from all bidders except those with a value of 1. A bidder with value 1 wins with probability one,
and therefore if she bids anything weakly exceeding her value, she wins for sure and pays the
same price (the second highest bid).

The existence claim is easy to prove: bidding truthfully weakly maximizes expected gain
(from standard arguments), and as argued above, weakly minimizes regret. It is therefore a
weakly dominant strategy, and thus all agents bidding truthfully constitutes an equilibrium. The
uniqueness claim is more involved; the proof is in the appendix.

The fact that there is no regret in equilibrium in a second-price auction is the driving intuition
for our later results. High-value bidders are willing to accept a premium on the winning price to
participate in a second-price auction and avoid the exposure to regret in the first-price auction.

B. First-Price Auction. In the presence of loser’s regret, the bidding behavior of agents will
reflect their concern for failing to win at a favorable price. We assume that b(·) is a symmetric,
monotonically increasing, and continuously differentiable equilibrium bidding strategy.17 Define
its inverse ϕ(·). Say bidder i bids bi = b(vi). Let Q(v) = F (v)n−1 denote the distribution of the
highest of the other n − 1 values. Then bidder i has expected utility

U(vi, bi) = β(vi − bi)Q(ϕ(bi)) − (1 − β)
∫ vi

bi

(vi − bj)dQ(ϕ(bj)).(6)

Using (6), we can characterize the unique symmetric equilibrium bidding function.

Proposition 2 (First-Price Auction Bidding Function).
The unique symmetric equilibrium bidding function in a first-price auction with hard reserve r is

given by

b(v) = v −
∫ v

r

(
F (z)
F (v)

)n−1
β

dz.(7)

17Incorporating regret does not affect monotonicity or differentiability. The proof is constructive and the derived
bidding function satisfies both properties.
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All proofs are in the appendix. When β = 1, (7) recovers the standard first-price auction
equilibrium bidding function. As β falls and bidders care more about regret, the integrand
decreases, and agents bid higher. As β approaches 0, agents bid close to their true value.

C. Revenue in First and Second-Price Auctions. To find the seller’s expected revenue
in first and second-price auctions, define the density functions of the largest and second largest
values. By independence, the largest value v(1) has a distribution

F1(x) = Pr[v(1) ≤ x] = F (x)n,

and density function

f1(x) = nF (x)n−1f(x).(8)

To derive the distribution of the second largest value v(2), break it into two mutually exclusive
cases. The probability that all values are less than x is Pr[v(2) ≤ x] = F (x)n, and the probability
that exactly one value exceeds x is (1 − F (x))F (x)n−1. There are n choices for which value
exceeds x. Together,

F2(x) = Pr[v(2) ≤ x] = F (x)n + nF (x)n−1(1 − F (x)).

This yields density function

f2(x) = n(n − 1)F (x)n−2(1 − F (x))f(x).(9)

It is now easy to compute the revenues generated from first and second-price auctions. The
revenue generated from a first-price auction with reserve price r is given by

(10)
∫ 1

r
b(v)f1(v)dv =

∫ 1

r

v −
∫ v

r

(
Q(z)
Q(v)

) 1
β

dz

nF (v)n−1f(v)dv.

The revenue of a second-price auction with reserve r has two components. If only one bidder
participates, she wins at price r. If two or more participate, the winner pays the second highest
value.

(11) n(1 − F (r))F (r)n−1r +
∫ 1

r
vf2(v)dv.

Proposition 3 (First-Price vs. Second-Price Auction).
In the presence of regret, a first-price auction revenue dominates a second-price auction.
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So long as bidders place positive weight on regret, first-price auctions outperform second-price
auctions. Intuitively, because there is no regret in a second-price auction, we can compare
the revenue of a first-price auction with and without regret. Since loser’s regret induces more
aggressive bidding, a first-price auction with regret yields greater revenue.

D. Soft-Floor Auction. We return to our general soft-floor auction model with a soft floor
s ≥ r. We claim that there is a symmetric and strictly monotonic equilibrium bidding strategy
of a soft-floor auction. As a result, there is a threshold value w > s that determines an agent’s
bidding behavior. We first show that agents with values exceeding w bid as they would in a
second-price auction, and agents with values less than w bid as they would in a first-price auction.
We then pin down the relationship between s and w.

If bidder i has value vi > w, she participates in a second-price auction and bids truthfully. If
she has value vi ≤ w, she bids as she would in a first-price auction and, therefore, bids according
to (7).18 Let b(·) denote (7), the first-price auction bidding function. So long as at least some
bidders wish to participate in the second-price auction (w < 1), the soft-floor auction bidding
function is a composite of truthful bidding in the second-price auction component, and bidding
according to b(·) in the first-price auction component (Figure 1 provides an illustration). If no
bidder wishes to participate in the second-price auction (w ≥ 1), then the auction reduces to a
first-price auction and all agents bid according to b(·).

Proposition 4 (Soft-Floor Auction Bidding Function).
A soft-floor auction has a unique symmetric Nash equilibrium

B(v) =


b(v) if v ≤ w

v if v > w,
(12)

Proposition 4 says that bidders with values above the threshold bid as they would in a second-
price auction, and bidders with values below the threshold bid as they would in a first-price
auction.19 As we show in Proposition 5, if the soft floor s ≥ b(1), then the threshold w ≥ 1 and
all bidders enter the first-price auction. The equilibrium is not necessarily unique if we consider
the class of asymmetric strategies. For example, second-price auctions can have asymmetric
equilibria, so if v > w, agents can bid according to any equilibrium of a second-price auction.

The chosen soft floor s and the exogenous level of regret determine the threshold w. When
bidders have no regret, b(w) = s, but introducing regret causes w to rise. To determine the
exact relationship between s and w, consider when bidder i has value vi = w and is therefore
18Formally, if vi = w, she is indifferent between the two auctions.
19The equilibrium is unique up to the bid of agents with value v = 1, as in Proposition 1.
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w=s w w 1

s

1

1− β = 1

1− β = 1/2

1− β = 0

v

B(v)

First-price
rules

Second-price
rules

Figure 1. The structure of the bidding strategies
Notes: Equilibrium bidding strategies B(v) for each value v given different weights on regret 1 − β with n = 2
bidders, values uniformly distributed on [0, 1], and soft floor s = 0.4. Bidders with values v < w place different
bids under first-price rules depending on 1 − β, while those with v ≥ w accept the opening price and always bid
their value.

indifferent between participating in the first or second-price auction. Equating her expected
utility in each portion of the soft-floor auction derives a relationship between s and w.

Proposition 5 (Soft Floor Participation Threshold).
The relationship between s and w is given by

s(w) = w − β(w − b(w))F (w)
βF (w) + (1 − β)(n − 1)(1 − F (w)) .(13)

Further, w ≥ s, with equality if and only if w = s = r or β = 0.
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The structure of Proposition 5 is counter-intuitive in that s is exogenous and w is endogenous.
However, it is generally impossible to solve for w, and isolating s(w) allows for the direct
comparison of revenues between auctions.20

E. Soft-Floor Auction Revenue. To calculate the expected revenue in a soft-floor auction,
consider three cases:

(1) vj ≤ w for all j. Bidders participate in the first-price auction, giving the item to the
highest bidder. ∫ w

r
b(v)f1(v)dv =

∫ w

r
b(v)nF (v)n−1f(v)dv.

(2) Exactly one bidder j has a value higher than w, so j wins at price s. There are n choices
for who wins, the probability the winner has a value greater than w is 1 − F (w), and the
probability all other bidders have a value less than w is F (w)n−1. Expected revenue is

n(1 − F (w))F (w)n−1s(w).

(3) At least two bidders have values greater than w, and the winner pays the second-highest
bid. ∫ 1

w
vf2(v)dv =

∫ 1

w
vn(n − 1)F (v)n−2(1 − F (v))f(v)dv.

Combining these three possible scenarios gives expected revenue as a function of w.

R(w) =
∫ w

r
b(v)f1(v)dv + n(1 − F (w))F (w)n−1s(w) +

∫ 1

w
vf2(v)dv.(14)

We use (14) to prove that a soft-floor auction is revenue-equivalent to a first and second-price
auction when bidders maximize their gain (β = 1).

Proposition 6 (Soft-Floor Auction No Regret).
If bidders only maximize their gain, then a soft-floor auction with hard reserve r and soft floor

s ≥ r is revenue-equivalent to a first-price auction with hard reserve r.

The Revenue Equivalence Theorem proves Proposition 6, but it is also possible to compare
the revenues of the different auction formats using (14) explicitly.

F. Comparing Auction Revenues. Using (14), we can directly compare the revenues of a
soft-floor auction and first and second-price auctions in the presence of regret.

20One way to think about this is to pretend that the seller picks threshold w instead of soft floor s, and then to
back out the necessary s to achieve that w.
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Proposition 7 (Soft-Floor Auction Beats First and Second-Price Auctions).
Consider a first-price, second-price, and soft-floor auction with hard reserve r ∈ [0, 1). Then, in

the presence of regret, there exists soft floor s > r such that the soft-floor auction earns more

expected revenue than the first or second-price auction.

Proposition 7 says that so long as bidders care about monetary gain and regret, if all three
auctions share the same hard reserve, the seller can choose a soft floor such that the soft-
floor auction yields strictly more revenue in expectation. The proof proceeds by showing that
when w = 1—which reduces the soft-floor auction to a first-price auction—lowering w slightly
increases revenue compared to a first-price auction. Proposition 3 shows that a first-price auction
outperforms a second-price auction, which completes the proof. It is not true, however, that any

soft floor suffices. Indeed, setting s = r reduces the soft-floor auction to a second-price auction,
which is worse than a first-price auction. We use Proposition 7 in our proof of Proposition 8.

Proposition 8 (Soft-Floor Auction More Efficient and Profitable).
Consider a first-price auction with optimal hard reserve r and a soft-floor auction with optimal

hard and soft reserves. Then, in the presence of regret, a soft-floor auction earns strictly more

revenue and is weakly more efficient than the first-price auction. Further, if r > 0, the soft-floor

auction is strictly more efficient. The result follows identically for a second-price auction.

Proof. Proposition 7 proves introducing a soft floor increases revenue. To establish efficiency, it
suffices to show that the optimal hard reserve in a soft-floor auction is lower than the optimal
reserve in both first and second-price auctions. Indeed, the optimal reserve price in a first-price
auction increases with the support of the values. Conversely, if the range over which bidders
enter the first-price auction decreases, so does the reserve price. ■

Proposition 8 shows that the optimal soft-floor auction outperforms the optimal first and
second-price auctions concerning revenues and efficiency. Further, so long as the optimal first or
second-price auction is inefficient—if the reserve exceeds zero, the good might not be sold—the
soft-floor auction is more efficient.

Proposition 8 says nothing about the optimal choice of hard reserve r. Figure 2 illustrates
Proposition 8 in the case of two bidders with uniform distributions, which is a standard
experimental setting (which we also use). Even in this simple case, calculating the optimal hard
reserve and soft floor is difficult. In the appendix, we derive parametrizations for all three auction
formats, assuming two bidders with independent values drawn from a uniform distribution.
(Figure 2 illustrates that in our experimental setting, the optimal hard reserves in the first-price
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and soft-floor auctions are very similar, so we do not expect significant efficiency differences in
our laboratory study and therefore focus on revenue comparisons.)

0.2 0.4 0.6 0.8 1.0
β

0.1

0.2

0.3

0.4

0.5

r

First Price Auction

Second Price Auction

Soft Floor Auction

Optimal Hard Reserve r

Figure 2. Optimal r for Two Bidders, Uniform Distribution

We showed that for any level of regret 1 − β ∈ (0, 1), an optimal soft-floor auction increases
revenue and improves efficiency compared to a first-price auction. Nonetheless, there may be a
different auction format that earns more revenue. Incorporating loser’s regret makes analyzing
the optimal auction format difficult and would most likely require a novel approach beyond the
tools used in Riley and Samuelson (1981). It is no longer sufficient to consider only the expected
transfer of each bidder; the realized price matters as well. For example, despite the fact that
bidders are risk-neutral, adding mean-zero noise to the final payment may change bidder regret
and therefore change the expected revenue of the auction.

III. Risk Aversion vs. Regret

Risk aversion is frequently presented as a competing explanation for overbidding in first-
price auctions. Our work contributes to this evidence by showing that soft-floor auctions with
risk-averse bidders should yield lower auction revenues.

Consider the same utility-maximizing model set-up with β = 1, but assume bidders have a
thrice differentiable utility function u with u′ > 0 and u′′ < 0. Normalize u(0) = 0. We slightly
abuse notation and let b(·) denote the unique symmetric Nash equilibrium bidding strategy of a
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first-price auction, and note that it must be increasing.21 In equilibrium, a type-v bidder has
expected utility

Q(v)u(v − b(v)).

We now derive the relationship between the soft floor s and the threshold w for participating in
the second-price auction. Let bidder i have type vi = w. Participating in the first-price auction
yields expected utility

Q(w)u(w − b(w)).

If bidder i instead participates in the second-price auction, she faces two possible scenarios.

(1) Bidder i is alone in the second-price auction. This occurs with probability Q(w); her
gain is w − s.

(2) Bidder i is not alone in the second-price auction. Then, the winning bid is no smaller
than w, so bidder i cannot gain.

Together, this means she has expected utility

Q(w)u(w − s).

Since a type w bidder is indifferent between participating in the first or second-price auction,

Q(w)u(w − s) = Q(w)u(w − b(w)).

Since u is strictly increasing, we conclude

s = b(w)(15)

w = b−1(s).

In other words, the threshold w is determined by the bidder type who would bid exactly s in a
first-price auction. Note that (15) is valid for s ≤ b(1). If s > b(1), then the soft-floor auction
reduces to a first-price auction.

Proposition 9 (Risk Aversion with Soft Floor).
If bidders are strictly risk averse, then a first-price auction revenue dominates a soft-floor auction.

Proposition 9 demonstrates that when facing risk-averse bidders, a soft-floor auction is less

attractive to the seller than a first-price auction.
21The requirements on u are innocuous, and there is in fact a unique (symmetric) equilibrium in a first-price
auction: see Maskin and Riley (1984).
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IV. Experimental Design and Results

In Section IV, we test our theoretical predictions. First, as suggested by Proposition 7, we
illustrate that, when comparing auctions without a hard reserve, the best soft-floor auction yields
significantly higher revenues than a first-price auction while being equally efficient (Section B).
We also find that the best soft-floor auction with a strictly positive hard reserve in our experiment
revenue dominates all first-price auctions with a strictly positive hard reserve and efficiency
dominates the first-price auction with the highest revenue (Section C). Lastly, we show that
soft floors are even more attractive than predicted by our model. While our model suggests
that increased regret makes bidders more likely to accept the opening bid, our experiment
instead finds that many participants accept any opening price that does not exceed their value
(Section D). All reported p-values for our main treatments come from non-parametric directed
permutation tests based on independent matching group averages with Holm corrections for
multiple hypothesis testing.

A. Experimental Design. Table 1 describes the three stages of our laboratory soft-floor
auction. In Stage I, the auctioneer announces an opening price s and hard reserve r. The
experiment then employs a two-step decision-making process for bidders in Stages II and III.
First, bidders must decide whether to accept the opening price and participate in a second-price
auction, or decline and compete in a first-price auction (if no bidder participates in the second-
price auction).22 Then, they submit a bid in the corresponding auction format. This differs
from the one-step decision-making for the bid described in Section II, which simultaneously
determines whether the opening price is accepted. However, it deliberately mirrors the two-
step computation of bids in our model: First, a cutoff value w determines whether a bidder
accepts the opening price, and then, the optimal bidding function for the relevant auction
format (first-price or second-price) is applied. Aligning the laboratory decision process with this
theoretical approach to finding the optimal bid simplifies the decision-making for participants
while preserving strategic equivalence. Proposition 14 formally establishes that the two-step
laboratory implementation yields the same equilibrium outcome as the one-step decision about
the bid.

22In practice, an ascending auction instead of a sealed-bid second-price auction would follow if multiple bidders
accepted the opening price. We use a second-price auction in Stage III for convenience in the laboratory.
Second-price auctions can be conducted much more quickly in the laboratory than ascending auctions. In our
private value setting, a second-price auction yields nearly the same outcome as an ascending auction, both in
theory and in the laboratory, when properly explained (see Ariely, Ockenfels, and Roth 2005, Shachat and Wei
2012). Thus, we anticipate that our results will apply when Stage III uses an ascending rather than when a
second-price auction. If at all, the common preference among bidders for ascending auctions (Cramton 1998)
suggests that using an ascending auction may strengthen our results.
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Table 1. Laboratory Soft-Floor Auction

Stage I Auctioneer announces opening price s and hard reserve r.
Stage II Bidders decide whether to participate in a second-price auction

with a minimum bid of s. The decision is not revealed to other
bidders.

Stage III Participating bidders submit a bid equal to or larger than s
that competes in a second-price auction. Non-participating
bidders submit a bid larger than hard reserve r and smaller
than s that competes in a first-price auction if no bidder
participates in the second-price auction.

Payment Rule The highest bid in the second-price auction wins and pays
the second highest bid (or, in the case of a single bidder,
the opening price). If no bidder participates, the highest bid
smaller than s and larger than r wins, and the winner pays
her winning bid.

Otherwise, our laboratory auction environments follow standard procedures. Two bidders
compete for a single item. We focus on the two-bidder case because fewer bidders make the
effects of the hard and soft reserves more apparent.23 Bidders have private values independently
and uniformly distributed between 0 and 100 Experimental Currency Units (ECU). Values are
randomly drawn before the experiment and remain identical across all sessions and treatments.
Each subject participates only in a single treatment (between-subject design) and competes for
48 rounds in a strangers’ matching protocol. Subjects participating in treatments with a soft
floor, a hard reserve, or both face four levels of s, r, and (s, r) for 12 rounds each (within-subject
design) in random order. Sellers are computerized. Subjects accumulate earnings during all 48
rounds, and the final payoff is converted to Euros, which are paid out immediately after the
experiment. After each round, bidders learn whether they won the auction, the final price of the
item, and their earnings.

Table 2. Auction Formats and Parametrization

Auction format Level of hard reserve r and soft floor s
First Price Zero r = 0
Soft Floor Zero s ∈ {40, 46, 52, 58}
First Price r ∈ {32, 38, 44, 50}
Soft Floor (s, r) ∈ {(50, 50), (56, 44), (62, 38), (68, 32)}

Our framework considers four auction formats: First Price Zero, Soft Floor Zero,
First Price, and Soft Floor. Table 2 summarizes the parametrization. First Price Zero
23As n → ∞ in (4), the winning bid converges to 1, as bidders compete with more bids and thus lose the
opportunity to shade their bids.
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is a standard, efficient first-price auction with no hard reserve. Bidders submit bids between 0
and 100 ECU. The bidder with the highest bid wins the auction and pays her bid.

Soft Floor Zero is a soft-floor auction with no hard reserve. To determine the soft floor
parameters for our experiment, we ex-ante estimated the weight of regret from the observed
bidding behavior in the First Price Zero sessions using the model’s predicted bidding function.
We then used this estimate, (1 − β̂ex-ante), to compute the model’s predicted optimal soft floor
(details in Appendix B). This ex-ante calculation yielded an optimal s = 46. For our laboratory
soft-floor auction, we chose parameters at and around this value, setting s to 40, 46, 52, and 58.
As we show in Section D, this ex-ante model-predicted optimal level of the soft floor does not
coincide with the ex-post experimentally-observed revenue-maximizing soft floor level. Based on
regret estimates from first-price auction behavior, accepting the soft floor is even more attractive
than our model predicts.

Comparing the performance of First Price Zero and Soft Floor Zero allows us to
distinguish between three competing predictions. Under standard assumptions, First Price

Zero and Soft Floor Zero should lead to the same revenue (and full efficiency) by the
Revenue Equivalence Theorem. However, according to our model, the optimal Soft Floor

Zero revenue dominates First Price Zero (Proposition 7). Lastly, with risk aversion rather
than regret aversion, First Price Zero revenue dominates Soft Floor Zero (Proposition 9).

First Price is our first-price auction with a strictly positive hard reserve r. Bidders submit
bids between r and 100 ECU. Soft Floor is a soft-floor auction with a strictly positive
hard reserve. By comparing First Price and Soft Floor, we can test the dominance of
soft-floor auctions over first-price auctions with strictly positive hard reserves (Proposition 8).
We determined the hard reserves and soft floors employed in these treatments using the same
approach as for Soft Floor Zero. First, we estimated (1 − β̂ex-ante) from observed bidding
behavior in First Price Zero. We then used this estimate to compute the ex-ante model-
predicted optimal soft floor and hard reserves. For First Price, we obtained an ex-ante
model-predicted optimal hard reserve r = 44. We varied the level of the hard reserve around
this value, considering r ∈ {32, 38, 44, 50}.

For Soft Floor, the ex-ante model-predicted optimal parameters are (s, r) = (56, 43). The
ex-ante model-predicted optimal hard reserve differs only marginally in First Price (44) and
Soft Floor (43), and the corresponding predicted difference in efficiency, 80.64 percent in
First Price and 81.51 percent in Soft Floor, is less than one percentage point. The impact
of such small differences is likely undetectable in laboratory data. Thus, we decided to isolate
the effect of adding a soft floor to auctions by slightly ‘rounding’ the ex-ante model-predicted
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optimal hard reserve to r = 44. Then, we always matched the hard reserve level for Soft

Floor and First Price. Additionally, we fixed the sum of s and r at 100. Our full set of
parameters is (s, r) ∈ {(50, 50), (56, 44), (62, 38), (68, 32)}.

All sessions were conducted in April 2023 in the Cologne Laboratory for Economic Research
(CLER).24 Participants were students from the University of Cologne invited via ORSEE (Greiner
2015). The experiment was programmed with z-tree (Fischbacher 2007). Participants were
randomly matched within matching groups utilizing a stranger’s matching protocol. Each
matching group consisted of four bidders. In total, we collected 11,712 bids from 244 subjects.
We collected 14 independent observations for Soft Floor, 15 for First Price Zero and
Soft Floor Zero, and 17 for First Price. In treatments with fewer than 17 observations,
some invited participants failed to attend. Sessions lasted around 90 minutes, and the average
payoff was approximately 16.26 € with a standard deviation of 3.78 €.

B. Without hard reserves, soft-floor auctions earn more revenue than first-price

auctions. Figure 3 shows the revenues for the First Price Zero and Soft Floor Zero

treatments. With a soft floor of s = 52, revenue increases by 14 percent relative to First

Price Zero (p = 0.002). Thus, soft-floor auctions can increase revenue, as suggested by our
model (Proposition 7) and contrary to the predictions of standard theory and risk aversion
(Proposition 9). Moreover, we find that for all sufficiently high soft floors s, the Soft Floor

Zero revenues exceed the First Price Zero revenue. This includes the soft floor at the ex-ante
model-predicted optimal level and all soft floors above it. The differences are economically large,
ranging from six percent for s = 46 (p = 0.162) to 17 percent for s = 58 (p < 0.001), and they
are statistically significant at soft floor levels above the ex-ante model-predicted optimal level.
As the revenue is increasing across all considered soft floors, an even larger soft floor (s > 58)
may have resulted in still greater revenue.

As suggested by our model, the increase in revenue does not come at the expense of efficiency.
Measuring realized efficiency as a fraction of maximum efficiency, the efficiency of all auctions
is about 97 percent. There are no significant differences in efficiency between First Price

Zero and Soft Floor Zero for all levels of the soft floor. Figure 4 shows the frequency
of allocation types. One might have expected that efficiency would increase as s decreases
as there are more bids under the second-price rules and second-price bidding is in dominant
strategies (Pezanis-Christou 2002). However, we do not find that the share of items allocated or
the frequency of the highest-valued bidder winning decreases in s.

24Pilot sessions were conducted between December 2016 and October 2017 in the Cologne Laboratory for
Economic Research (CLER). See Appendix F for a detailed protocol and results.
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Figure 3. Revenue in First Price Zero and Soft Floor Zero
Notes: Average revenue by treatment. Each observation represents a matching group mean. Statistical
significance based on directed permutation tests with Holm correction for multiple comparisons.
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Figure 4. Frequency of Allocations in First Price Zero and Soft Floor
Zero

Notes: Achieved efficiency as a share of maximum achievable efficiency (gray), efficiency loss due to no trade
(dark blue), and efficiency loss due to allocation to the low-value bidder (light blue).

We note that the result that adding a soft floor to the first-price auction can robustly increase
revenues without sacrificing efficiency is fully consistent with an initial laboratory experiment we
conducted as part of a pilot study. We ran this pilot experiment before developing any formal
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Figure 5. Revenue in First Price and Soft Floor
Notes: Average revenue by matching group. Statistical significance based on directed permutation tests with
Holm correction for multiple comparisons.

model. Rather, the pilot was motivated by the widespread use of soft floors in practice and
served as a proof-of-concept test against the revenue equivalence null hypothesis. Using a basic,
ad-hoc parametrization in a standard laboratory auction experiment with 348 subjects, we found
that adding a soft floor s ∈ {50, 66} to the first-price auction significantly increased revenues by
more than ten percent—from 40.11 to 44.41 (46.01)—without compromising efficiency.25

C. With hard reserves, the best soft-floor auction earns more revenue and is more

efficient than the best first-price auction. Proposition 8 suggests that, with salient regret,
the optimal soft-floor auction with a strictly positive hard reserve yields higher revenue and
efficiency than the optimal first-price auction with a strictly positive hard reserve. Recall,
however, that the efficiency improvements are predicted to be negligible in our simulations and
thus controlled away in our laboratory environment.

25These pilot results motivated us to develop a theoretical model to understand the underlying mechanisms and
to derive hypotheses, predictions, and parametrizations regarding the roles of regret and risk aversion in soft-floor
and hard-reserve auctions that go beyond the revenue equivalence test in the pilot’s ad-hoc treatments. Our main
experiment tests these new theoretical predictions using model-derived parameters and new treatment conditions
that were not present in the pilot. The pilot study also included sellers as subjects, in a further treatment. The
sellers could choose to implement a second-price auction, a first-price auction, and a soft-floor auction with
different levels of soft floors and hard reserves. Across all auctions, twice as many sellers prefer the soft-floor
auction (66.81 percent) over a first-price auction with a hard reserve (33.19 percent) (p < 0.001). Moreover, they
also choose higher levels of soft floors than hard reserves. This suggests that our results are robust to including
(human) sellers, anticipating the positive effects of (larger) soft floors on revenue. Appendix F discusses the
pilot’s design and results in detail.
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Figure 6. Efficiency in First Price and Soft Floor
Notes: Average efficiency by matching group. Statistical significance based on directed permutation tests with
Holm correction for multiple comparisons.

Figure 5 shows the revenue for the different levels of hard reserve r and soft floor s.26 The
revenue in Soft Floor strongly increases as the soft floor increases and the hard reserve
decreases. It is maximized in our experiment for the largest soft floor and smallest hard reserve
considered, s = 68 and r = 32. This parametrization of Soft Floor revenue dominates
any parametrization of First Price with economically substantial and statistically significant
increases in revenue between eight percent (p = 0.057) and 16 percent (p < 0.001), providing
evidence for Proposition 8. The soft-floor auction with the ex-ante model-predicted optimal
level, (s, r) = (56, 44), does worse than the soft-floor auctions with higher soft floors and does
not significantly affect revenue compared to the first-price auctions. The experimental findings
suggest that the soft floor can be larger and the hard reserve smaller than predicted by the
model.

Figure 6 shows the efficiency in Soft Floor and First Price for each level of hard reserve
and soft floor. Efficiency decreases as the hard reserve increases, but does not depend on the
presence or size of the soft floor. The decrease in efficiency is driven by non-trades, with their
proportion rising from roughly ten percent for r = 32 to roughly 25 percent for r = 50 in
both Soft Floor and First Price. The revenue of Soft Floor increases as the soft floor

26Here we are focusing on comparisons between first-price and soft-floor auctions. As discussed in the Introduction,
first-price auctions have been robustly shown to generate higher revenues than second-price and English auctions.
This pattern is consistent with both risk aversion and regret aversion (Section II and Section III) and is well
documented in experiments (Kagel and Levin 2016 for a survey). Because Soft Floor with (50, 50) is equivalent
to a second-price auction with a hard reserve of 50, we can show that our data is consistent with these previous
findings: First Price with r = 50 yields revenue 7 percent larger than Soft Floor with (50, 50) (p = 0.073).
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increases and the hard reserve decreases. Therefore, the soft-floor auction provides a tool to
reduce the efficiency loss from using hard reserves while still increasing revenue. The revenue-
maximizing parametrization of Soft Floor in the experiment not only revenue dominates
any parametrization of First Price, but also leads to significantly higher efficiency than
the revenue-maximizing parametrization of First Price. Notably, the experiment suggests
potential efficiency gains are larger than our model suggests— the best soft-floor auction in the
experiment has a lower hard reserve and higher soft floor than the ex-ante model-prediction
implied.

D. The surprising attractiveness of a soft floor to bidders. Compared to our model’s
predictions, we find that high soft floors are remarkably effective at increasing revenue. One
reason is that soft floors are more attractive to bidders than anticipated. Ex-ante, our model
predicts that 24 percent of bids would accept the opening price. In the experiment, 46 percent
of bids—nearly twice as many as expected—accepted the opening price.27

To investigate the attractiveness of s on an individual level, we estimate individual weights on
regret 1 − β̂i from bidding behavior under first-price rules in Soft Floor Zero.28 Figure 7
displays the cumulative distribution of estimated individual weights on regret. Contrary to the
assumptions of our model of regret, bidders’ regret aversion varies substantially. This suggests
that the weights on winner’s and loser’s regret are similarly heterogeneous across subjects. More
than 80 percent of subjects exhibit regret aversion 1 − β̂i > 0, with estimates roughly uniformly
distributed across the [0, 1] interval.

We now compute the subjects’ cutoff values for accepting the opening price. First, using their
individual weight on regret 1 − β̂i estimated from bidding, we calculate the model-predicted
cutoff wmodel

i (s) by numerically solving (13). Second, we compute the empirically observed cutoff
wemp

i (s). This is the value most consistent with the subject’s actual decisions, i.e., the value that
is least often violated.29

Figure 8 plots wemp
i (s) against 1 − β̂i for each subject (red dots) and the model’s predicted

relationship (blue line) for each considered soft floor level. The model and standard theory

27This is based on the ex-ante estimated weight on regret from the observed bidding behavior in First Price
Zero as explained in Section A. We get similar estimates based on the observed bidding behavior under first
price rules in Soft Floor Zero.
28We use only data from Soft Floor Zero because the bidding function from our model (see (33)) under
first-price rules reduces to a linear function of the value and the weight on regret only in Soft Floor Zero.
Therefore, it can be easily estimated using ordinary least squares. As there is no such straightforward way to
estimate the weight on regret if there is a strictly positive hard reserve, as in Soft Floor, we do not use this
data here. In Appendix C, we provide a detailed discussion of the estimation procedure.
29Specifically, wemp

i (s) is chosen to minimize the number of cases where the subject accepts when v < wemp
i (s) or

declines when v ≥ wemp
i (s).
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Figure 7. Distribution of Individual Weights on Regret
Notes: Cumulative distribution of 1 − β̂i estimated separately for each of 60 subjects in Soft Floor Zero. We
estimate δi from the regression bi,ki

= δivi,ki
+ εi,ki

and convert to 1 − β̂i using the relationship
1 − β = (2δ − 1)/δ. Eleven negative estimates are censored at zero.

predict that subjects with no regret aversion 1 − β = 0 should bid v/2 under first-price rules and
accept the soft floor only when v/2 ≥ s, implying w = 80 for s = 40, w = 92 for s = 46, and
w = 100 (never accept) for s ≥ 50. Conversely, subjects who weigh only regret 1 − β = 1 should
accept any soft floor not larger than their value, implying w = s. For intermediate weight on
regret 0 < 1 − β < 1, the model predicts that higher regret aversion monotonically lowers the
acceptance cutoff.

We make two observations. First, our results qualitatively confirm the relationship between
cutoffs and weight on regret suggested by the model. The red dots exhibit a negative slope.
Higher estimated weight on regret 1 − β̂i correlates with lower empirically observed cutoffs
wemp

i (s). We test this formally using Pearson correlations ρ between wmodel
i (s) and wemp

i (s). The
correlations are positive and significant for three of four soft floor levels: ρ = 0.380 (p = 0.007)
for s = 40, ρ = 0.410 (p = 0.003) for s = 46, ρ = 0.221 (p = 0.126) for s = 52, and ρ = 0.469
(p < 0.001) for s = 58.

Second, there is systematic underestimation of cutoffs. Nearly all red dots lie below the blue
line, meaning empirically observed cutoffs are lower than model predictions. In particular, there
is clustering near the soft floor for all levels. Many subjects’ empirical cutoffs are wemp

i = s,
particularly for higher soft floors. These subjects accept any opening price not exceeding their
value, regardless of how they bid under first-price rules. This suggests they have a decision rule
of “accept the opening price if affordable.”

The model’s prediction aligns with the observed relationship between regret aversion and
behavior: subjects who bid more aggressively under first-price rules also accept soft floors at
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Figure 8. Model-Predicted vs. Empirically Observed Acceptance Cutoffs
Notes: Each red dot represents one subject’s empirically observed cutoff wemp

i (s) plotted against their estimated
weight on regret 1 − β̂i. The blue line shows the model’s predicted relationship between 1 − β and w, derived
from equation (13).

lower values.30 However, the model’s quantitative predictions systematically underestimate
how much bidders are willing to accept the soft floor. This indicates that regret aversion, as
measured by overbidding under first-price auction rules, explains only part of the soft-floor
auction’s attractiveness.

We identify three candidates for additional mechanisms that add to the attractiveness. First,
the soft floor may serve as an anchor that influences bidders’ search for an appropriate bid (Kah-
neman and Tversky 2013, Galinsky and Mussweiler 2001, Beggs and Graddy 2009). Anchoring
suggests even arbitrary or irrelevant numbers can systematically affect an individual’s judgments

30Additionally, the model also aligns with the observation that bids accepting the soft floor carry lower risk of
regret. Bidders with values above the soft floor who do not accept the opening price experience regret for 55.9
percent of bids with mean regret of 7.7 ECU, while those who accept the opening price experience regret in only
18.1 percent of cases with mean regret of 1.5 ECU.
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and decisions. When bidders formulate their bids, the soft floor (a salient, plausible bid amount)
may serve as a starting point from which they adjust. If this adjustment is small, as is typical,
bidders’ willingness to accept the soft floor increases: the anchor makes amount s appear more
reasonable as a bid than it would in the absence of such a reference point. Importantly, this
anchoring effect would increase acceptance rates of bidders with values larger than or equal to s

without necessarily affecting bid shading below s, where accepting s is necessarily unprofitable.
Second, there may be cognitive cost avoidance. Determining optimal first-price bids requires

more complex reasoning than truthful second-price bidding (Kagel and Levin 1993, Kirchkamp
and Reiß 2011). In first-price auctions, bidders must form beliefs about others’ strategies and
compute best responses, a cognitively demanding task. In contrast, second-price auctions have
a transparent dominant strategy: bid your value. Bidders may accept the soft floor to avoid
not only the computational burden of strategic bid calculation, but also the greater strategic
uncertainty inherent in first-price formats. The soft floor effectively transforms the auction into
a simpler decision problem with a focal outcome, reducing both cognitive effort and strategic
uncertainty. This preference affects participation in the soft-floor format but not strategic bid
shading once bidders choose to shade.

Third, there may be satisficing behavior. Rather than computing the optimal bid, bidders
may employ a simple heuristic: accept the soft floor if it does not exceed their value (v ≥ s),
and reject it otherwise (Simon 1955). This rule-of-thumb provides a “good enough” solution
without requiring strategic calculation; bidders secure a positive payoff (v − s) when they win
at the soft floor, which satisfies their aspiration level even if it is not profit-maximizing. Such
satisficing behavior would produce the pronounced clustering of cutoff types near s observed in
Figure 8. Also, this mechanism is consistent with acceptance decisions at s, but does not affect
bid shading below s.

In conclusion, the attractiveness of soft floors in auctions stems not only from salient regret,
but likely also from a complex interplay of psychological, cognitive, and strategic factors, which
we cannot disentangle in the context of our laboratory experiment. These additional factors only
strengthen our conclusion that the soft floor is behaviorally robust enough to increase auction
revenues without sacrificing efficiency.

V. Conclusion

Conventional auction theory advises that reserve prices should be used to increase auction
revenues—especially in instances with few bidders. The use of hard reserves, however, has
downsides. It reduces efficiency if the highest bidder’s value is above the seller’s value but
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less than the reserve price. In practice, many sellers find it difficult to commit to a hard
reserve. Unsold items are often re-auctioned at a lower opening price as suggested by the Coase
Conjecture. Soft floors are widely used, typically without explicit reference, to encourage the
sale of the object. This paper provides a rationale beyond the intuition of Coase.

We show that when bidders regret losing, soft-floor auctions can circumvent undesirable
efficiency loss and commitment problems associated with hard reserves while improving revenues.
Intuitively, whereas bidders may experience regret in a first-price auction—in which they shade
bids—when the good is sold at a price below their value, they never experience regret in a
second-price auction if they bid their value. Thus a second-price or ascending auction motivates
bidders to accept the opening price and avoid exposure to regret.

We suggest that two factors may contribute to the effectiveness of the soft-floor auction in
practice. The first is that the high bidder wins and has positive gains, and all losing bidders
prefer to lose. Accepting the opening price rewards the bidder with entry into a regret-free
competition. The second is the regret of losing at a favorable price. In a setting in which the
bidder is representing a private company or a public entity, entering the second-price auction
allows bidders to avoid needing to explain why they failed to compete.

Our model makes three key predictions. First, regret aversion explains the empirical observa-
tions that the revenue in first-price auctions is larger than in second-price auctions. We note
that risk aversion could also explain overbidding in first-price auctions. Second, regret aversion
suggests that the revenue of the soft-floor auction dominates the revenue of a first-price auction
without a hard reserve. This prediction is contrary to the prediction of risk aversion, which
suggests the first-price auction will lead to a larger revenue. Third, the soft-floor auction with a
hard reserve revenue- and efficiency-dominates the first-price auction.

We test our main hypotheses in a controlled laboratory experiment. In a setting with no hard
reserve, we find that sufficiently high soft floors lead to higher revenue than first-price auctions.
We can therefore rule out risk aversion as an alternative explanation for overbidding in first-price
auctions. Further, our experiment shows that the soft floor is even more attractive than our
model suggests. While our model implies increased regret makes bidders more likely to accept
the opening bid, many accept any opening price below their value. In a setting with a hard
reserve, we find that the best soft-floor auction leads to higher revenue and higher efficiency than
the best first-price auction with a hard reserve. Thus, revenue and efficiency can be increased at
the same time.

We test our theory in a situation most favorable to the standard reserve price theory because
we abstract from four practical advantages of soft-floor auctions: 1) the soft floor can protect the
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seller from weak competition without commitment to a hard reserve; 2) the soft floor encourages
participation by not excluding low-value bidders; 3) bidders acting as agents for others can avoid
blame by accepting the opening price; and 4) the soft-floor auction may have other behavioral
reasons for its performance, such as anchoring and satisficing. Taken together, our model and
laboratory analyses help explain why regret contributes to the widespread use of soft-floor
auctions.

A task for future research is extending our analysis to multi-item auctions where the central
insights from the one-item setting should extend. In an upcoming multi-band spectrum auction
in Thailand, the regulatory agency considered a specific version of a soft-floor auction tailored
to multiple units (Cramton et al. 2025). First, bidders state demands at or below the opening
price. Second, for products with demand less than supply at the opening price, the auctioneer,
after receiving the bids, may select a lower starting price for the subsequent ascending auction.

Although our analysis is limited to private value auctions, we anticipate that our results would
extend to the case of interdependent values as in Ausubel et al. (2014). Like with demand
reduction, our results deliver strict improvements with soft-floor auctions and thus should
remain when marginal interdependent value elements are introduced. One difference is that with
common-value elements, the ascending auction is no longer regret-free.
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Appendix A. Theory

A. Auxiliary Results and Proofs. The appendix contains several auxiliary results and
proofs.

The main text considers the case when r = 0 to highlight the important parts of the set-up.
Here we include the full utility function with a hard reserve r ≤ s. We only include the utility
function because it is a composite of gain and regret. We only include the soft-floor auction
case because the explicit forms for first and second-price auctions are easy to write (and follow
from setting s = 1 or s = r, respectively). Using the price function given by (5) (modified to
incorporate r), the utility of bidder i in a soft-floor auction can be written as

ui

(
vi, bi, b(1), b(2)

)
=



β(vi − b(2)) if s ≤ b(2) < bi = b(1)

β(vi − s) if b(2) < s ≤ bi = b(1)

β(vi − bi) if r ≤ bi = b(1) < s

−(1 − β)(vi − b(2)) if s ≤ b(2) < vi and bi < b(1)

−(1 − β)(vi − s) if b(2) < s ≤ vi and s, bi < b(1)

−(1 − β)(vi − b(1)) if b(1) < vi and r ≤ bi < b(1) < s

−(1 − β)(vi − r) if b(1) < r and r ≤ vi

0 else.

Before we begin our proof of Proposition 1, we establish two lemmas: one about measure
theory, and one specific to any potential equilibrium of a second-price auction.

Lemma 1. Let M ⊆ [0, 1] with positive Lebesgue measure µ(M) > 0. Let h : [0, 1] → R such

that for any x ∈ M , h(x) > 0. Then ∫
M

h(x)µ(x)dx > 0.

Proof. Define

Mk :=
{

x ∈ M : h(x) ≥ 1
k

}
.

Since h(x) > 0 for any x ∈ M , it follows that

M =
⋃
k≥1

Mk.
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There must exist some integer k∗ ≥ 1 such that µ(Mk∗) > 0. Otherwise, M is the countable
union of measure-zero sets, which would mean µ(M) = 0 as well. Thus we have∫

M
h(x)µ(x)dx ≥

∫
Mk∗

h(x)µ(x)dx

≥
∫

Mk∗

1
k∗ µ(x)dx

= µ(Mk∗)
k∗

> 0.

■

The second lemma we need shows that in equilibrium, the probability with which some bidder
receives negative utility must be zero.

Lemma 2. Fix an equilibrium b of a second-price auction. Let A = ×Ai be the set of value

realizations such that at least one bidder receives strictly negative utility in equilibrium. Then

P(v ∈ A) = 0.

Proof. By way of contradiction say P(v ∈ A) > 0. Let

p :=
∫

v∈[0,1]n
(1v∈A) dF1(v1) · · · dFn(vn) > 0.

Then by the Pigeon Hole Principle, there exists some agent i such that i receives negative utility
with probability at least p/n > 0. Bidding b̃i(vi) = vi is a weakly dominant strategy and secures
at least 0 utility. Therefore deviating from bi to b̃i yields strictly higher expected utility for i, a
contradiction. ■

The intuition is that bidding one’s value is a weakly dominant strategy ex-post that ensures
weakly positive utility point-wise. As a result, bidding truthfully gets at least the same utility
when utility is weakly positive, and a strictly greater utility when it is negative. Thus bidder i

does strictly better by bidding her value. As a result, all bidders must bid their value.
Before we proceed with the main proof, we established one further proposition. We first prove

that in any equilibrium, bidders must bid their value almost everywhere, and then we prove that
they must bid their value for each possible value (except the highest type, who can bid anything
weakly exceeding their value).

Proposition 10. Consider a second-price sealed-bid auction. In any pure equilibrium, bidders

must bid their value up to changes on the bid functions on a set of measure zero of bidders’

values.
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Proof of Proposition 10. By way of contradiction say there exists some equilibrium collection of
pure bidding strategies b = (b1, · · · , bn) such that at least one bidder i does not bid her value on
some measurable set vi ∈ M . Bidding bi(vi) = vi is an ex-post strategy; the gain term is weakly
maximized by bidding truthfully, as is the regret term (because it is necessarily 0). We first
show that the set M ′ ⊆ M for which bidder i underbids bi(vi) < vi has measure zero.

Lemma 3. Let M ′ be the set for which b(vi) < vi:

M ′ := {vi : b(vi) < vi}.

Then M ′ has measure 0.

Proof. Assume otherwise, and fix some vi ∈ M ′.31 Denote bi = bi(vi). We consider the set of
value profiles in which for each j ̸= i, vj ∈ (bi, vi). In particular, let

S−i(vi) := (bi, vi)n−1.

Now consider the partition of S−i(vi) given by S1(vi), S2(vi), S3(vi) ⊆ S−i(vi):

S1(vi) := {v−i : ∃vj, vk ∈ (bi, vi) s.t. bj(vj), bk(vk) ≥ bi}

S2(vi) := {v−i :!∃vj ∈ (bi, vi) s.t. bj(vj) ≥ bi}

S3(vi) := {v−i : ∄vj ∈ (bi, vi) s.t. bj(vj) ≥ bi}.

In words, S1 is the set in which two agents bid above agent i, S2 is the set in which exactly
one agent bids above i, and S3 is the set in which no agents bids above i. The union of the three
sets is S−i. We will prove that in any of the above sets, at least one agent has negative utility.

First say v−i ∈ S1(vi). Let b(2) denote the second-highest bid. By assumption, b(2) > bi.
If b(2) ≥ vi, then the winner pays more than their value and gets negative utility. If instead
b(2) ∈ (bi, vi), then bidder i has regret equal to vi − b(2) > 0, and gets negative utility.

Next say v−i ∈ S2(vi). Then bidder i loses, but the final price is bi < vi. Thus bidder i

experiences regret vi − bi and has negative utility.
Finally, for any v−i ∈ S3(vi), agent i wins and pays at most bi. But every other agent j ̸= i

has value exceeding the final price, and therefore they experience regret and receive negative
utility.

By Lemma 2, all we need to show is that the measure of the set in which at least one
agent receives negative utility is non-zero. Indeed, for each vi ∈ M ′, P(v−i ∈ S−i(vi)) > 0. In

31Note 0 /∈ M ′ and thus vi ̸= 0.
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particular, ∫
v−i∈[0,1]n−1

1v−i∈S−i(vi)dF−i(v−i) =
∫

v−i∈[0,1]n−1
1v−i∈(bi,vi)n−1dF−i(v−i)

=
∏
j ̸=i

(∫
vj∈[0,1]

1vj∈(bi,vi)dFj(vj)
)

=
∏
j ̸=i

(Fj(vi) − Fj(bi))

> 0.

We can thus integrate across vi ∈ M ′ and apply Lemma 1 to get a strictly positive measure of
values v ∈ [0, 1]n such that some bidder has negative utility.

∫ 1

0
1vi∈M ′

(∫
v−i∈[0,1]n−1

1v−i∈S−i(vi)dF−i(v−i)
)

dFi(vi)

=
∫ 1

0
1vi∈M ′

∏
j ̸=i

(Fj(vi) − Fj(bi))
 fi(vi)dvi

For each vi ∈ M ′ the integrand is strictly greater than zero, and M ′ has positive Lebesgue
measure. Thus by Lemma 1, the above expression is strictly positive. This contradicts Lemma 2.
We conclude that for each bidder, the set of values for which they place a bid less than their
value has measure zero. ■

We can now turn our attention to the case in which all agents bid bi(vi) ≥ vi with probability
one. Notice that, in this case, the price exceeds the value of all losing bidders with probability
one. Therefore there is no loser’s regret, and bidders’ utility functions are equal to their expected
gain.

By way of contradiction, assume there is some equilibrium in which all bidders satisfy
bj(vj) ≥ vj with probability one, and there exists some bidder i such that bi(vi) > vi with
positive probability. Let M ′′ ⊆ M be the set for which bidder i overbids and bi(vi) > vi, and
exclude the point vi = 1.

Lemma 4. Let M ′′ be the set for which b(vi) > vi:

M ′′ := {vi < 1 : b(vi) > vi}.

Then M ′′ has measure 0.
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Proof. Assume otherwise, and fix some vi ∈ M ′′. Denote bi = bi(vi). Consider the set of value
profiles such that for each j ̸= i, vj ∈ (vi, bi). In particular, let

S−i(vi) := (vi, bi)n−1.

We know for each vj ∈ (vi, bi), bj(vj) ≥ vj with probability one. If agent i wins, then the final
price exceeds their value with probability one, and they get negative utility. If agent i loses, then
the winner pays at least bi > vj and gets negative utility. The rest of the argument is nearly
identical to that employed in the previous lemma. ■

We return to our proposition. We know that M = M ′ ∪ M ′′, and our two lemmas establish
that M ′ and M ′′ both have measure zero. This contradicts the claim that M has strictly positive
measure. ■

Note that the exact same argument for mixed strategy equilibria will apply, replacing the
deterministic statements with their probabilistic counterparts (about the frequency that b(vi) =
vi). While the notation is much more cumbersome, the core of the proof is virtually unchanged.

It is now easy to show that the unique equilibrium is for bidders to bid their value (except for
a bidder with value 1, who can place any bid weakly exceeding 1). A bidder with value vi = 1
can bid any amount weakly exceeding bi(1) ≥ 1 because the probability of another bidder also
having a value of 1 is zero.

Proof of Proposition 1. Fix any equilibrium. By Proposition 10, bidders must bid their values
except on a measure-zero set. Now consider bidder i with value vi who bids bi. Because other
bidders almost surely bid their values, if i underbids bi < vi, then

P(v−i ∈ (bi, vi)n−1) = (F (vi) − F (bi))n−1 > 0.

In that case, she loses the auction but the price is beneath her value, so she experiences regret
and gets negative utility. If she overbids bi > vi, then

P(v−i ∈ (vi, bi)n−1) = (F (bi) − F (vi))n−1 > 0,

and i wins, but pays more than her value, getting negative utility. The above inequality holds so
long as vi < 1. If vi = 1, then bidder i can place any bid bi ≥ 1 because P(v−i ∈ (1, bi)n−1) = 0,
so bidder i overpays with probability zero. ■

Proof of Proposition 2. Let bidder i have value vi and bid bi = b(vi).32 In the main text, we
use ri and gi to denote her ex-post (loser’s) regret and gain, respectively. We use RL and G to
32As discussed in Proposition 1, we include the technical assumption that b ∈ [0, 1].
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denote expected regret and gain, respectively. Recall Q(v) is the distribution of v1, the highest of
the other n − 1 values, and let Q′(v) = q(v). We guess and then verify that the bidding function
is monotonically increasing and continuously differentiable, and thus has inverse ϕ(·). Then
bidder i has expected gain

G(vi, bi) = (vi − bi)Q(ϕ(bi))

and regret

RL(vi, bi) =
∫ vi

bi

(vi − bj)dQ(ϕ(bj)).

Let β ∈ [0, 1] be the weight on gain and 1 − β the weight on regret. Define the expected utility
of bidder i as

U(vi, bi) = βG(vi, bi) − (1 − β)RL(vi, bi).

Bidder i chooses bi to maximize U(vi, bi). Taking first-order conditions,

max
bi

β(vi − bi)Q(ϕ(bi)) − (1 − β)
∫ vi

bi

(vi − bj)dQ(ϕ(bj))

0 = −βQ(ϕ(bi)) + (1 − β)(vi − bi)q(ϕ(bi))ϕ′(bi) + β(vi − bi)q(ϕ(bi))ϕ′(bi)

ϕ′(bi) = β
Q(ϕ(bi))

(vi − bi)q(ϕ(bi))
.

Since vi = ϕ (bi (vi)) and ϕ′ (bi (vi)) = 1/b′
i (vi),

(16) db

dv
= 1

ϕ′(b) = 1
β

(v − b) q(v)
Q(v) .

We drop the subscript i to emphasize that the bidding formula is symmetric. Note that (16) is a
linear first-order ordinary differential equation. Let b = y and v = x. Further, abusing notation
slightly to match standard ODEs, define

P (x) = 1
β

q(x)
Q(x) , R(x) = x

1
β

q(x)
Q(x) , y = uv and y′ = u

dv

dx
+ v

du

dx
.

Then by (16),

R(x) = y′ + P (x)y

R(x) = u
dv

dx
+ v

(
du

dx
+ P (x)u

)
.(17)
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Since y = uv, (17) has a degree of freedom. Set du
dx

+ P (x)u = 0 to obtain

0 = du

dx
+ P (x)u

du

u
= −P (x)dx

ln(u) = −
∫

P (x)dx

u = e−
∫

P (x)dx.(18)

Insert (18) into (17).

R(x) = dv

dx
× e−

∫
P (x)dx

dv = R(x)
e−
∫

P (x)dx
dx

v =
∫ (

R(x)
e−
∫

P (x)dx

)
dx.(19)

Substituting (18) and (19) for u and v gives

y = uv = e−
∫

P (x)dx
∫ (

R(x)
e−
∫

P (x)dx

)
dx.(20)

Insert P (x) and R(x) into (20) to get

y = e−
∫

P (x)dx ×
∫ (

R(x)
e−
∫

P (x)dx

)
dx

y = e−
∫

1
β

q(x)
Q(x) dx ×

∫  x
β

q(x)
Q(x)

e−
∫

1
β

q(x)
Q(x) dx

 dx.(21)

Observe that
−
∫ 1

β

q(x)
Q(x)dx = − log(Q(x))

β
+ c = log

(
Q(x)− 1

β

)
+ c.

Thus (21) becomes

y = e
log
(

Q(x)− 1
β

)
+c

×
∫  xq(x)

βQ(x)

e
log
(

Q(x)− 1
β

)
+c

 dx

= Q(x)− 1
β ×

∫  xq(x)
βQ(x)1− 1

β

 dx.
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Integrate by parts to obtain

y = Q(x)− 1
β ×

∫  xq(x)
βQ(x)1− 1

β

 dx

= Q(x)− 1
β

(
xQ(x)

1
β −

∫
Q(x)

1
β dx

)
= x − Q(x)− 1

β ×
∫

Q(x)
1
β dx.

Finally let y = b and x = v, and replace the integral variable with a dummy variable z integrated
from our lower bound r to the value v to obtain

b(v) = v −
∫ v

r

(
F (z)
F (v)

)n−1
β

dz.(22)

Uniqueness follows from the uniqueness of (22).33 ■

Proof of Proposition 3. The revenue generated from a first-price auction with reserve price r is
given by

(23)
∫ 1

r
b(v)f1(v)dv =

∫ 1

r

v −
∫ v

r

(
Q(z)
Q(v)

) 1
β

dz

nF (v)n−1f(v)dv.

A second-price auction has the same expected revenue with or without regret. By the Revenue
Equivalence Theorem, without regret, a first-price auction and a second-price auction generate
the same expected revenue. Hence, we compare the expected revenue of a first-price auction
with regret to that of a first-price auction without regret. The expected revenue of a first-price
auction without regret is given by∫ 1

r

(
v −

∫ v

r

(
Q(z)
Q(v)

)
dz

)
nF (v)n−1f(v)dv.(24)

Subtracting (24) from (23) gives

∫ 1

r

∫ v

r

(
Q(z)
Q(v)

)
−
(

Q(z)
Q(v)

) 1
β

dz

nF (v)n−1f(v)dv.

Since Q(·) is non-decreasing, Q(z) ≤ Q(v). If β > 0,

Q(z)
Q(v) >

(
Q(z)
Q(v)

) 1
β

,

so the integrand is positive. ■

33See Milgrom and Weber (1982) for similar arguments.
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Remark. Conceptually, the proof is easy, and Engelbrecht-Wiggans (1989) and Filiz-Ozbay and
Ozbay (2007) both provide non-explicit versions. Intuitively, (loser’s) regret induces aggressive
bidding. We appear to provide the first explicit calculation to prove it, which has the added
practical benefit that it is then easy to compare revenues for given β.

Proof of Proposition 4. Standard monotonicity arguments establish a cut-off for participating in
the second-price auction. Hence Proposition 1 and the uniqueness of (22) establish equilibrium
uniqueness. Existence is by construction. ■

Proof of Proposition 5. Let bidder i have type vi = w. Participating in the first-price auction
yields expected gain

(w − bi)F (w)n−1.

Bidder i has three potential sources of loser’s regret when she participates in the first-price
auction.

(1) If vj ≤ w for all j ̸= i, bidder i experiences regret if she loses but the winning bid is
beneath her value. Since vi = w, any winning bid exceeds her value, and this term
vanishes.

(2) If vj ≥ w, vk < w for all k ̸= j, by default j wins the second-price auction at price s, and
bidder i has regret of w − s.

(3) At least two other bidders participate in the second-price auction. However, they both
have values of at least w, so the winning price is at least w. Hence, this term also
vanishes.

Thus, bidder i only experiences loser’s regret if exactly one bidder has a value greater than w,
and the other n − 2 have values less than w. There are n − 1 choices for who has a value greater
than w, so the probability that this occurs is

(n − 1)(1 − F (w))F (w)n−2.

Expected loser’s regret is
(n − 1)(1 − F (w))F (w)n−2(w − s).

The expected utility bidder i receives from participating in the first-price auction is

U(w, b(w)) = β(w − b(w))F (w)n−1 − (1 − β)(n − 1)(1 − F (w))F (w)n−2(w − s).(25)

If bidder i instead participates in the second-price auction, she faces two possible scenarios.
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(1) Bidder i is alone in the second-price auction. This occurs with probability Q(w) =
F (w)n−1 and her gain is w − s.

(2) Bidder i is not alone in the second-price auction. Then the winning bid is no smaller
than w, so bidder i cannot gain.

There is no regret in a second-price auction, so her expected utility is just her gain.

(26) U(w, b(w)) = βF (w)n−1(w − s).

Since a type w bidder is indifferent between participating in the first or second-price auction, set
(25) equal to (26) to obtain

βF (w)n−1(w − s) = β(w − b(w))F (w)n−1 − (1 − β)(n − 1)(1 − F (w))F (w)n−2(w − s).

Isolating s(w) gives

s(w) = w − β(w − b(w))F (w)
βF (w) + (1 − β)(n − 1)(1 − F (w)) .

To prove w ≥ s, rearrange terms to get

w − s = β(w − b(w))F (w)
βF (w) + (1 − β)(n − 1)(1 − F (w)) .

Thus w = s if β = 0. For β ̸= 0,

w = s ⇐⇒ β(w − b(w))F (w)
βF (w) + (1 − β)(n − 1)(1 − F (w)) = 0.

This requires F (w) = 0 or w = b(w). In the former case, s = w = 0 ≤ r and in the latter, by
(7), w = r so that b(r) = r. Since s ≥ r, s = r. ■

Proof of Proposition 6. The revenue of a first-price auction without regret is given by (24). Fix
r and set β = 1. For any w ∈ [r, 1], let H(w) be the difference in revenue between a first-price
and soft-floor auction, given by the different between (24) and (14).

H(w) =
∫ 1

r
b(v)f1(v)dv −

(∫ w

r
b(v)f1(v)dv + n(1 − F (w))F (w)n−1s(w) +

∫ 1

w
vf2(v)dv

)
H(w) =

∫ 1

w
b(v)f1(v)dv −

(
n(1 − F (w))F (w)n−1s(w) +

∫ 1

w
vf2(v)dv

)
(27)

By (13), since β = 1, s = b(w). Then H(w) simplifies to∫ 1

w
b(v)f1(v)dv − n(1 − F (w))F (w)n−1b(w) −

∫ 1

w
vf2(v)dv.(28)
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We can now compute H ′(w).

H ′(w) = − b(w)f1(w) − b′(w)n(1 − F (w))F (w)n−1

− nf(w)F (w)n−2((n − 1)(1 − F (w)) − F (w))b(w) + wf2(w)

= − b(w)n(n − 1)F (w)n−2(1 − F (w))f(w)

− nF (w)n−2(1 − F (w))
[
F (w)b′(w) + w(n − 1)f(w)

]
.

Substitute b′(w) using the differential equation (16) to get

H ′(w) = − b(w)n(n − 1)F (w)n−2(1 − F (w))f(w)

− nF (w)n−2(1 − F (w))
[
F (w)(n − 1) f(w)

F (w)(w − b(w)) + w(n − 1)f(w)
]

= n(n − 1)F (w)n−2(1 − F (w))f(w)
[

− b(w) − w + b(w) + w

]

= 0.

The derivative of H(w) is identically zero on the interval [r, 1], so for any w ∈ [r, 1], the revenue
generated from a first-price and soft-floor auctions differ by only a constant. But H(1) = 0
because if w = 1, a soft-floor auction is the same as a first-price auction. ■

Proof of Proposition 7. Proposition 3 proves that a first-price auction revenue dominates a
second-price auction. It is therefore sufficient to show that a soft-floor auction revenue dominates
a first-price auction. First observe that by evaluating (13) when w = 1, we get

(29) s(1) = b(1).

We can now use (14) to take the derivative of R(w) with respect to w and evaluate it at w = 1.

∂R

∂w
= b(w)nF (w)n−1f(w) + s′(w)n(1 − F (w))F (w)n−1

+ ns(w)F (w)n−1f(w) (n − 1 − nF (w)) − wn(n − 1)F (w)n−2(1 − F (w))f(w)

∂R

∂w

∣∣∣∣∣
w=1

= nb(1)f(1) + ns(1)f(1)(−1)

= 0.
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The penultimate line uses (29) to substitute s(1) = b(1). Hence w = 1 is a critical point. To
verify it is a minimum, take the derivative again and evaluate at w = 1.

∂2R

∂w2

∣∣∣∣∣
w=1

= nf(1)
β

× (−βb′(1) + 2(n − 1)(1 − b(1))f(1) − β(n − 1)(1 − b(1))f(1)) .

Use (16) to obtain an expression for b′(1).

b′(v) = v − b

β
× f(v)

F (v) (n − 1)

b′(1) = 1 − b(1)
β

f(1) (n − 1) .

Hence

∂2R

∂w2

∣∣∣∣∣
w=1

= nf(1)2

β

(
−β

(
1 − b(1)

β

)
(n − 1) + 2(n − 1)(1 − b(1)) − β(n − 1)(1 − b(1))

)

= n(n − 1)(1 − β)(1 − b(1))f(1)2

β
> 0.

We have shown that a soft-floor auction with threshold value w = 1 minimizes revenue among
choices of w.34 Therefore slightly decreasing the soft floor increases the revenue of the auction.
When w = 1, the soft-floor auction reduces to a first-price auction. We conclude that a soft-floor
auction with an optimally-chosen soft reserve yields strictly more revenue than a first-price
auction. ■

Proof of Proposition 9. We abuse notation for this proof and let b(v) denote the unique symmetric
equilibrium bidding function of a first-price auction with hard reserve r ≥ 0 for risk averse
bidder with utility functions u. By Maskin and Riley (1984), the solution satisfies the ordinary
differential equation

(30) b′(v) = (n − 1) f(v)
F (v)

u(v − b(v))
u′(v − b(v)) , b(r) = r.

Let the revenue from a soft-floor auction with reserve r and threshold w derived in (14) be
denoted RSFA(r, w). Then

RSFA(r, w) =
∫ w

r
b(v) f1(v) dv + n(1 − F (w))F (w)n−1s(w) +

∫ 1

w
v f2(v) dv

=
∫ w

r
b(v) f1(v) dv + n(1 − F (w))F (w)n−1b(w) +

∫ 1

w
v f2(v) dv,

where the second equation uses (15) to substitute s(w) = b(w). Similarly, let RFPA(r) denote
equation (10), the revenue in a first-price auction (defined by bidding function (30)). Fix any

34Obtained by choosing soft-floor s(1) according to (13).
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r ∈ [0, 1) and for w ∈ [r, 1] define the function

H(w) : = RFPA(r) − RSFA(r, w)

=
∫ 1

r
b(v) f1(v) −

(∫ w

r
b(v) f1(v) dv + n(1 − F (w))F (w)n−1b(w) +

∫ 1

w
v f2(v) dv

)
=
∫ 1

w
b(v) f1(v) − n(1 − F (w))F (w)n−1b(w) −

∫ 1

w
v f2(v) dv.

When w = 1, a soft-floor auction reduces to a first-price auction, so H(1) = 0. We want to prove
that H(w) > 0 for w ∈ [r, 1). It is thus sufficient to show that H ′(w) < 0.

H ′(w) = −b(w)f1(w) − d

dw

(
n(1 − F (w))F (w)n−1b(w)

)
+ wf2(w).

Write L(w) := n(1 − F (w))F (w)n−1. Then

L′(w) = nf(w)F (w)n−2
(

(n − 1)(1 − F (w)) − F (w)
)

= nf(w)F (w)n−2
(

(n − 1) − nF (w)
)

,

so
d

dw
(L(w)b(w)) = L′(w)b(w) + L(w)b′(w).

Using f1(w) = nF (w)n−1f(w) and f2(w) = n(n − 1)F (w)n−2(1 − F (w))f(w),

H ′(w) = −nF (w)n−1f(w)b(w) − nf(w)F (w)n−2
(

(n − 1) − nF (w)
)

b(w)

− n(1 − F (w))F (w)n−1b′(w) + n(n − 1)F (w)n−2(1 − F (w))f(w) w.

The first two terms combine as

−nf(w)F (w)n−2b(w)
(

F (w) + (n − 1) − nF (w)
)

= −n(n − 1)f(w)F (w)n−2(1 − F (w))b(w),

therefore

H ′(w) = n(1 − F (w))F (w)n−2
(
(n − 1)f(w)

(
w − b(w)

)
− F (w) b′(w)

)
.

Substituting the equilibrium FOC (30) for b′(w),

(31) H ′(w) = n(n − 1)(1 − F (w))F (w)n−2f(w)
[
(w − b(w)) − u(w − b(w))

u′(w − b(w))

]
.

It suffices to show that the bracketed term is strictly negative for w ∈ (r, 1). Let x = w−b(w) > 0
for w > r. We claim x < u(x)/u′(x), i.e.,

(32) x u′(x) < u(x).
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By the mean value theorem, there exists c ∈ (0, x) such that

u′(c) = u(x) − u(0)
x − 0 = u(x)

x
,

using u(0) = 0. Since u′ > 0 and u′′ < 0 by assumption, c < x ⇒ u′(c) > u′(x). We conclude

u(x) = u′(c)x > u′(x)x.

Thus the bracketed term in (31) is strictly negative for all w ∈ (r, 1). Since the prefactor
n(n − 1)(1 − F (w))F (w)n−2f(w) > 0 on (r, 1), we conclude H ′(w) < 0 for all w ∈ (r, 1).
Combined with H(1) = 0, we have H(w) > 0 for all w ∈ [r, 1), completing the proof. ■

Remark. A corollary of the proof is the well-known fact that for strictly risk-averse bidders, a
first-price auction earns strictly more revenue than a second-price auction. The result follows
from the fact that H(r) > 0 is the difference between the revenue of a first-price and second-price
auction.

We consider the case of two bidders with values drawn from the uniform distribution. Since
β is determined endogenously, the seller chooses the reserve price(s) as a function of β. In the
first-price auction, we solve explicitly for the optimal hard reserve r∗(β) and show that it strictly
increases in β for β ∈ (1/3, 1]. Then, we determine the corresponding maximal revenue. The
soft-floor auction’s optimal hard reserve and soft floor are interdependent. We solve for r∗(β) in
terms of w, and then we solve several implicit functions to graph the optimal reserves r∗(β) and
s∗(β) and the corresponding threshold w∗ and maximal expected revenue.

B. First-Price Auction. Inserting F (v) = v and n = 2 into (7) gives the bidding function in
a first-price auction with hard reserve r.

(33) b(v) = v

1 + β
+ r

(
r

v

)1/β
(

β

1 + β

)
.

By (8), f1(v) = 2v. Insert (33) into (14) to find the seller’s expected revenue.

RF (r) =
∫ 1

r
b(v)f1(v)dv

=
∫ 1

r

(
v

1 + β
+ r

(
r

v

)1/β β

1 + β

)
2vdv

RF (r) = 2
3(1 + β) + 2r

β+1
β β2

(1 + β)(2β − 1) + 2r3(1 − 3β)
3(2β − 1) .(34)

For given β, the seller picks r to maximize (34).
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Proposition 11 (Optimal r in a first-price auction).
The optimal hard reserve r∗(β) is given by

r∗(β) =


0 if β ∈ [0, 1/3]

r(β) =
(
3 − 1

β

) β
1−2β if β ∈ (1/3, 1].

(35)

Further, r(β) is strictly increasing for β ∈ (1/3, 1].35

Proof. The first term of (34) is independent of r. For β ∈ [0, 1/3], the second and third terms of
(34) are weakly negative, and their sum is strictly negative.

2r
β+1

β β2

(1 + β)(2β − 1) + 2r3(1 − 3β)
3(2β − 1) = − 2r

β+1
β β2

(1 + β)(1 − 2β) − 2r3(1 − 3β)
3(1 − 2β) < 0.

Setting r = 0 is thus maximal and gives the total expected revenue

2
3(1 + β) .(36)

Now let β ∈ (1/3, 1]. Taking the derivative of (34) with respect to r gives

∂RF

∂r
=

2
(
βr1/β + (1 − 3β)r2

)
2β − 1 = 0.(37)

There are two solutions to (37):

r ∈

0,

(
β

3β − 1

) β
2β−1

 .

If r = 0, the revenue is given by (36). Rewrite the non-trivial solution as

r(β) =
(

3 − 1
β

) β
1−2β

.(38)

For β ∈ (1/3, 1], (38) strictly increases (see Figure A.1). Insert (38) into (34) to obtain the
expected revenue.

RF (r(β)) = 2
3(β + 1) +

2

3β2

((
( β

3β−1)
1

2β−1
)

−( β
3β−1)

2β
2β−1

)
( β

3β−1)
β

2β−1

2β−1 −
(

β
3β−1

) 3β
2β−1


3(β + 1)

RF (r(β)) = 2
3(β + 1) +

2β
(

β
3β−1

) β+1
2β−1

3(β + 1) .(39)

35There is a removable discontinuity at β = 1/2. Standard techniques prove continuity; the limit is 1/e. A similar
point applies for revenue, which becomes (4 + 2e−3)/9.
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The second term in (39) is strictly positive for β > 1/3, and the first is the revenue when r = 0.
Hence, (38) gives the optimal r for β ∈ (1/3, 1].36 ■

r

Rev

Figure A.1. First-Price Auction for Two Bidders, Uniform Distribution

Proposition 12 (First-Price vs. Second-Price Auction).
For any β ∈ [0, 1), the maximal revenue of a first-price auction is strictly greater than that of a

second-price auction.

Proof of Proposition 12. By (9), f2(v) = 2(1 − v). The revenue of a second-price auction with
reserve r is independent of β and given by∫ 1

r
vf2(v)dv = 1

3(4r2 + r + 1)(1 − r),

which achieves its maximal value at r = 1/2 and gives a revenue 5/12. In the first-price auction,
the revenue function is strictly decreasing in β and is exactly equal to 5/12 when β = 1. ■

Proposition 12 also follows from Proposition 3.

C. Soft-Floor Auction. In a soft-floor auction, the seller optimizes r and s simultaneously.
However, the revenue also depends on w, which, in turn, depends on s. By (14), the revenue as
a function of r, s, and w is given by

R(r, s, w) = 2sw(1 − w) + 2w3 − 3w2 + 1
3 +

2
(w3 − r3) +

3β2r

(
r2−( r

w )
1
β w2

)
1−2β


3(1 + β)(40)

By (13),

s(w) =
w
(

1 − w + wβ − β2 + r
(

r
w

) 1
β β2 + wβ2

)
(1 + β)(1 − w − β + 2wβ) .(41)

36Second order conditions are difficult to prove explicitly but are easily verified graphically.
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Eliminating s from (40) gives

R(r, s(w), w) =
w
(

1 − w + wβ − β2 + r
(

r
w

) 1
β β2 + wβ2

)
(1 + β)(1 − w − β + 2wβ) (2w − 2w2)(42)

+ 2w3 − 3w2 + 1
3 +

2
(w3 − r3) +

3β2r

(
r2−( r

w )
1
β w2

)
1−2β


3(1 + β) .

First-order conditions on r give the optimal hard reserve for w.

Proposition 13 (Soft-Floor Auction r∗).
In a soft-floor auction with two bidders with uniform values, the optimal hard reserve is given by

r∗ =


0 if β ∈ [0, 1/3]

w
(

β2

(3β−1)(−β+2βw−w+1)

) β
2β−1 if β ∈ (1/3, 1].

Proof of Proposition 13. We tackle the slightly more general problem of implicitly solving for
the optimal r in terms of w and β for the uniform distribution F (v) = v with n bidders. By (7),
the bidding function is:

b(v) = v −
∫ v

r

z
n−1

β

v
n−1

β

 dz = v −
β
(

v − r
β+n−1

β v
1−n

β

)
β + n − 1(43)

=

(
v(n − 1) + βr

β+n−1
β v

1−n
β

)
β + n − 1 .

Further, (13) gives the relationship between s and w.

s(w) =

w

β − βn −
β2

(
w−r

β+n−1
β w

1−n
β

)
β+n−1 + βnw − nw + n + w − 1


β + (β − 1)n(w − 1) + w − 1

s(w) = w −

w

β2

(
w−r

β+n−1
β w

1−n
β

)
β+n−1


(n − 1)(1 − β)(1 − w) + βw

(44)
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Insert (43) and (44) into (14) to obtain the revenue as a function of r and w.

R(r, w) =
nw

(
β2r

β+n−1
β w

(β−1)(n−1)
β

(β−1)n+1 + (n−1)wn

n+1

)
β + n − 1 + (n − 1) ((n(w − 1) − 1)wn + 1)

n + 1

− n(β + (β − 1)n + 1)rn+1

(n + 1)((β − 1)n + 1) + n(1 − w)wn −

n(1 − w)wn

β2

(
w−r

β+n−1
β w

1−n
β

)
β+n−1


(n − 1)(1 − β)(1 − w) + βw

Although complicated, the first-order conditions on r give a manageable expression.

∂R

∂r
=

n

(
β2r

n−1
β w

(β−1)n+1
β

β+(β−1)n(w−1)+w−1 − (β + (β − 1)n + 1)rn

)
(β − 1)n + 1 = 0

r
nβ−n+1

β = w
nβ−n+1

β
β2

(1 + β + nβ − n)((n − 1)(1 − β)(1 − w) + wβ

r∗ = w

(
β2

(1 + β + nβ − n)((n − 1)(1 − β)(1 − w) + wβ)

) β
1+nβ−n

.

When n = 2,

r∗ = w

(
β2

(3β − 1)((1 − β)(1 − w) + βw)

) β
2β−1

.

Hence if β ∈ [0, 1/3], 3β − 1 < 0 and optimally r = 0. If β ∈ (1/3, 1], r∗ is as above. ■

The proof solves for r∗ in the slightly more general case of n bidders with values drawn from
the uniform distribution. As anticipated, the optimal hard reserve depends on the threshold
value w, which depends on the chosen soft floor s. The seller’s choice of s uniquely determines
w, and each w corresponds to a unique s. It is, therefore, sufficient for the seller to choose
w, solve the first-order conditions of (42) for r and w, and then use (13) to determine the
corresponding s. Unfortunately, the first order conditions of (42) for w prove complicated, but
we use Mathematica to construct Figure A.2, which plots the optimal r, s, and w, and the
corresponding maximal expected revenue, as a function of β.
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Figure A.2. Soft-Floor Auction for Two Bidders with Uniform Distribution

We also consider a soft-floor auction with no hard reserve r = 0. For β ∈ [0, 1/3], the optimal
s and w, and expected revenue, are unchanged since r = 0. Now say β ∈ (1/3, 1].37 Then set
r = 0 and take first-order conditions of (40) to get

w∗ = 2β2 +
√

5β2 − 4β4 + β − 2
2 (2β2 + β − 1) .

Substituting into (44) gives

s∗ =
−4β6 − 2β5 + 10β4 − 6β2 − 2

√
5β2 − 4β4β +

√
5β2 − 4β4 +

(
2
√

5β2 − 4β4 + 2
)

β3 + β

(2β2 + β − 1)2
(√

5β2 − 4β4 + β
) .

(45)

37Note that there is a removable singularity at β = 1/2.
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The optimal revenue in a soft-floor auction with no hard reserve is given by substituting r = 0, s∗,

and w∗ into (40). The result yields Figure A.3.

s

w

Rev

s, w, Rev

Figure A.3. Optimal s, w, and Revenue for Two Bidders, Uniform Distribution

Combining the revenues from the optimal first-price auction, soft-floor auction with no hard
reserve, and soft-floor auction allows for comparing revenues across auctions.

First Price Auction

Soft Floor Auction, No Hard Reserve

Soft Floor Auction

Comparison of Maximal Revenues

Figure A.4. Comparison of Revenues for Two Bidders with Uniform Distribution

The revenues of the soft-floor auction with and without a hard reserve coincide for β ∈ [0, 1/3]
because the optimal hard reserve is r = 0 in that range. For β > 1/3, the performance of the
soft-floor auction with no hard reserve sharply decreases. By contrast, the first-price auction
always generates strictly lower revenue than the soft-floor auction, confirming Proposition 7, but
by relatively small margins.

Appendix B. Experiment

A. Relationship between simultaneous-move and sequential-move game.
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Proposition 14. The sequential-move version of the soft-floor auction has essentially the same

set of equilibria as the simultaneous-move version of the soft-floor auction denoted in (12).

We make the innocuous assumption that no agent bids above 1, so that Equation (12) is
unique. The assumption is for convenience; the results extend without it, although the argument
is more involved. It is innocuous for two reasons: (1) it is always weakly better to bid 1 instead of
a > 1, and (2) in our experimental data, no bidder ever placed a bid exceeding 1. It is therefore
reasonable to limit the bid space to [0, 1].

Proof of Proposition 14. We first restate Proposition 14 formally. Let G1 denote the simultaneous-
move version of a soft-floor auction in which all agents submit a single bid. Bids that exceed the
soft floor b ≥ s are considered using second-price rules, bids that fall between the hard and soft
reserve b ∈ [r, s) are considered using first-price rules, and bids beneath the hard reserve b < r

are discarded.
Let G2 denote the sequential-move version of a soft-floor auction. First, agents choose whether

or not to accept the soft floor. If any agents accept the soft floor, then those agents submit a
bid b ≥ s and the auction price is determined using second-price auction rules. Agents do not
learn information about the number of agents who accepted before placing their bid. If no agent
accepts, agents submit a bid b ∈ [r, s) and the auction price is determined by first-price rules.

Then the claim is that the set of symmetric Bayesian Nash Equilibria of G1 and G2 are
essentially the same, meaning an equilibrium in either game has a corresponding equilibrium
in the other game with the same value-to-bid mapping. In particular, if β(v) is the unique
equilibrium of a soft-floor auction given by Equation (12), then the bidding strategy

β̃(v) :=


{accept, β(v)} if v ≥ w

{decline, β(v)} if v < w

forms the unique Bayesian Nash equilibrium of G2.
It is clear that β̃ is an equilibrium of G2, as any deviations would have been possible under

the rules of G1. In particular, since no information is revealed between accepting/rejecting the
opening price and submitting a bid, if type v bidding b ≠ β̃(v) is a profitable deviation, so is
type v bidding b in G1.38

To prove it is the unique equilibrium of G2, consider some alternate equilibrium bidding rule
β̂. Then β̂ can be converted to a map from values to bids, and must therefore be an equilibrium
of G1. But the equilibrium of G1 is unique, so β̂ = β̃. ■

38The logic employed here is similar to that used in the Revelation Principle.
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Remark. Our set-up is also equivalent to running an English auction with an opening price
of s, followed by a Dutch auction starting at s if no agents accepted the opening price. The
equivalence follows from standard arguments of the equivalence of second-price and English
auctions, as well as first-price and Dutch auctions, in independent private value settings. More
precisely, bidding dynamically according to (12) constitutes an equilibrium of the auction.

B. Parametrization of the Treatments. The optimal soft floor and hard reserve depend
on the weight bidders place on regret, 1 − β. We recover this weight from bidding behavior under
first-price rules. For our experimental setting (n = 2, uniform values, r = 0), the equilibrium
bidding function (33) simplifies to b(v) = δv with δ = 1/(1 + β). We estimate δ from the
regression bi,k = δvi,k + εi,k using First Price Zero data, with standard errors clustered at
the matching group level. This yields (1 − β̂ex-ante) = 0.353 (p < 0.001).

We use this estimate to parametrize the remaining treatments. For Soft Floor Zero,
plugging (1− β̂ex-ante) into (45) yields an optimal soft floor of s = 46. For First Price, plugging
into (35) yields an optimal hard reserve of r = 44. For Soft Floor, we numerically optimize
(42) over w, r ∈ [0, 1] and use (41) to recover s, obtaining (s, r) = (56, 43). The predicted
efficiency difference between First Price and Soft Floor at these optima is less than one
percentage point (80.64 versus 81.51 percent), too small to detect reliably in laboratory data.
To isolate the effect of adding a soft floor, we therefore matched the hard reserve levels across
First Price and Soft Floor.

C. Estimation of the Individual Weights on Regret. To investigate the higher-than-
predicted attractiveness of soft floors, we estimate individual weights on regret from bids placed
under first-price rules in Soft Floor Zero. We focus on this treatment because the linear form
b(v) = δv holds only when r = 0. With a strictly positive hard reserve, the bidding function (33)
is nonlinear in v, precluding straightforward OLS estimation. For each subject i, we estimate:

bi,ki
= δivi,ki

+ εi,ki
,

where ki indexes that subject’s bids placed under first-price rules (i.e., bids below the soft
floor). We observe between 14 and 39 such bids per subject across the 60 subjects in Soft

Floor Zero, providing sufficient within-subject variation. Individual weights are recovered via
(1 − β̂i) = (2δ̂i − 1)/δ̂i.

D. Dynamics. Tables B.1 and B.2 show that revenues in the different treatments and
parametrizations are stable across time.

E. Instructions.
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Table B.1. Revenue in Soft Floor Zero and First Price Zero by round

First Price Zero Soft Floor Zero
s = 40 s = 46 s = 52 s = 58

Period 1 to 12 41.04 39.66 40.31 47.56 50.81
(6.88) (7.73) (8.10) (6.03) (4.83)

Period 13 to 24 42.99 37.83 45.27 47.56
(6.79) (5.98) (2.94) (7.79)

Period 25 to 36 41.10 39.35 43.37 48.41 47.27
(6.42) (7.39) (7.68) (3.68) (6.57)

Period 37 to 48 40.61 42.36 48.18 44.14 47.74
(8.26) (3.48) (9.50) (5.92) (5.58)

Table B.2. Revenue in Soft Floor and First Price by round

First Price Soft Floor
r = 32 r = 38 r = 44 s = 68 s = 62 s = 56

Period 1 to 12 46.28 46.14 45.86 49.85 44.27 41.37
(7.62) (8.11) (11.19) (9.87) (7.72) (11.19)

Period 13 to 24 40.56 44.42 48.81 44.46
(6.12) (6.88) (7.30) (6.58)

Period 25 to 36 40.11 44.65 47.32 49.42 45.70 46.16
(9.08) (5.93) (11.16) (6.53) (9.28) (10.83)

Period 37 to 48 41.80 44.19 44.66 48.13 50.23 41.86
(6.17) (6.72) (12.99) (10.49) (9.25) (24.19)

General part

Treatment dimensions are: First Price Zero / First Price / Soft Floor Zero /
Soft Floor

Welcome to our experiment!

Please read the following instructions carefully. If you have a question, please raise your hand.
We will then come to you and answer your questions. Communication with other participants is
not allowed during the whole experiment. If you violate this rule, we might exclude you from
the experiment and all payouts.

All participants receive a 4.00 Euro show-up fee. In addition, you can earn further payoffs
depending on your decisions and those of the other participants.

The currency used in this experiment is experimental currency units (ECU). At the end of the
experiment, all ECUs will be converted into euros and paid out in cash. The conversion rate is
40 ECU = 1 Euro. All decisions and payoffs in this experiment will be treated anonymously. All
participants receive identical instructions.
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Experiment

The experiment consists of a total of 48 rounds. In each round, the participants are randomly
matched into groups of two. We ensure that nobody is matched with the same participant in two
consecutive rounds. All rounds are identical and independent of each other. All round earnings
are added and paid out at the end of the experiment. Possible losses will be offset by the 4.00
Euro show-up fee.

In each round, the participants can bid in an auction. A round consists of two stages. The first
stage, the bidders decide participation in the auction [Soft Floor Zero/Soft Floor/First

Price: with a minimum bid] On the second level, bidders can bid on a fictitious good if they
have decided to participate in the auction [Soft Floor Zero/Soft Floor/First Price:
with a minimum bid]

The personal value of the fictitious good (the value) of each bidder varies between the bidders
and the rounds. At the beginning of each round, each bidder is told how much the good is worth
to him in that round. The values are determined randomly and independently for each bidder,
and each ECU-Amount between 0.00 ECU and 100.00 ECU (with two decimal places) is equally
probable.

Participation decision. [First Price Zero / First Price: In the first stage, both bidders
decide whether they wish to participate in the auction [First Price: with a minimum bid.]

[First Price: Bids in the auction must be at least as high as the opening bid. The opening
bid varies between rounds and can take the values of 32 ECU, 38 ECU, 44 ECU, or 50 ECU.]

If both bidders decide not to participate in the auction, none will receive the goods.]

[Soft Floor Zero / Soft Floor: In the first stage, both bidders decide whether to
participate in the auction with an opening bid. Auction bids must be at least as high as the
opening bid.] [Soft Floor Zero: The opening bid is determined before each round of the
experiment. It can take the following values: 40 ECU, 46 ECU, 52 ECU, or 58 ECU.]

[Soft Floor Zero / Soft Floor: If a bidder does not want to participate in the auction,
they can make a purchase price suggestion, which must be between [Soft Floor Zero: 0
ECU][Soft Floor: the minimum price] and the opening bid. Anyone who does not want to
make a purchase price suggestion can decline this option.]

[Soft Floor: The opening bid and the minimum price were set for each round ahead of the
experiment. They can take the following values: (50 ECU, 50 ECU), (44 ECU, 56 ECU), (38
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ECU, 62 ECU), and (32 ECU, 68 ECU). The first value in the parentheses corresponds to the
minimum price, and the second value corresponds to the opening bid. (If the minimum price
equals the opening bid, no purchase price suggestions can be made.)]

[Soft Floor Zero / Soft Floor: If both bidders decide against participating in the auction
with an opening bid, the bidder with the higher purchase price suggestion receives the good. In
this case, they pay their purchase price suggestion. The buyer is determined randomly if both
bidders suggest the same purchase price. If both bidders decide against participating in the
auction with an opening bid and neither of them makes a purchase price suggestion, neither
bidder receives the good, and both bidders end up empty-handed.]

Auction. [First Price Zero: Bidders who participate in the auction place their bids for the
goods at the second stage. Bidders who have decided not to participate do not submit a bid.
The bid must be a minimum of 0 ECU and a maximum of 100.00 ECU.]

[First Price: Bidders who participate in the auction with minimum bid place their maximum
bid for the good at the second stage. Bidders who have decided not to participate do not submit
a bid. The maximum bid must be at least as high as the opening bid and may not exceed 100.00
ECU.]

[First Price Zero / First Price: The bidder who places the higher maximum bid wins the
auction. The price he has to pay corresponds to his bid. If both bidders place the same bid, a
random decision is made about who wins the auction.]

[Soft Floor Zero / Soft Floor: In the second stage, bidders who participate in the auction
with an opening bid submit their maximum bid for the good. Bidders who have decided not
to participate cannot submit a bid. The maximum bid is the maximum price the bidder will
pay for the good. This maximum bid must be at least as high as the opening bid and can be a
maximum of 100.00 ECU. The bidder who submits the higher maximum bid wins the auction.
The price he has to pay corresponds to the second highest bid plus 0.01 ECU.

Exceptions:

⇒ If only one bidder participates in the auction with an opening bid, the price corresponds

to the opening bid, regardless of his bid.

⇒ If both bidders submit the same bid, the auction winner is decided randomly. In this case,

the price corresponds exactly to the maximum bid of the auction winner.

The maximum bid thus works like a proxy that bids for you at the auction. The proxy always
bids as much as is necessary to be the highest bidder. It does this until your maximum bid is
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reached; after that, it drops out. Therefore, the price the winner has to pay never exceeds the
second highest bid plus 0.01 ECU.]

Round payoff. If a bidder receives the good, the round payoff corresponds to his value minus
the price. For a bidder who does not receive the good, the round payoff is 0.00 ECU.

Round payoff =


value − price, if the bidder receives the good

0, if the bidder does not receive the good

Feedback. At the end of each round, all bidders receive information about the price, the bidder
who received the good, and their round payoff.

F. Pilot. Our pilot experiments were motivated by the prevalence of soft floors in practice,
despite revenue equivalence predictions to the contrary. To see whether the soft-floor auction
does better than the revenue equivalence null under highly controlled conditions, we decided to
run a pilot experiment before developing any theory. Treatments and parameters therefore differ
from the main study, which is theory- driven. The pilot implemented First Price Zero with
r = 0, Soft Floor Zero with r = 0 and s ∈ {50, 66}, and Second Price with r = 50, using
standard protocols. The pilot rejected the revenue equivalence null. It showed that soft floors
raise revenue without lowering efficiency. Only after these pilots did we develop the regret model
and derive new predictions: soft-floor auctions revenue dominance over first-price auctions, their
efficiency gains via lower optimal hard reserve r, the risk aversion falsification, and the predicted
relationship between regret-aversion in first-price bidding behavior and soft floor acceptance. The
main experiment then introduced treatments absent from the pilot (Soft Floor and First

Price with positive hard reserve r) and parameter values chosen from the model. In addition
to the pilot experiments focusing on the buyers in the auctions, we also ran an experiment with
sellers to investigate whether sellers indeed opt for a soft-floor auction if given the chance.

Pilot sessions were conducted between December 2016 and October 2017 in the Cologne
Laboratory for Economic Research (CLER). Participants were students from the University
of Cologne invited via ORSEE (Greiner 2015). The experiment was programmed with z-tree
(Fischbacher 2007). We conducted two sessions for each of the main treatments, with exogenous
sellers, consisting of 32 (with one exception of 28) participants in each session. Participants
were randomly matched within matching groups utilizing a stranger’s matching protocol. One
matching group consisted of four bidders; thus, we collected 16 independent observations for
each treatment. In First Price Zero, we only had 15 independent observations because
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some invited participants failed to attend. For Endo, we collected data from 96 subjects in
four sessions. One matching group consisted of four bidders and two sellers. Thus, we have 16
independent observations for the endogenous seller treatment. We collected 15,800 bids and
1,600 soft floor or hard reserve decisions from 348 subjects.

1. Buyer results. In the pilot, we considered treatments First Price Zero, Soft Floor

Zero, and Second Price. The treatments were conducted as described in the main part of
the study in Section A. Table B.3 summarizes the parametrization. Note that the treatments
were not parametrized according to our model, as the experiments were run before the models
were derived. In First Price Zero, we naturally consider the same setting as in the main
experiment. In Soft Floor Zero, we consider two soft floor levels only: a soft floor of s = 50
roughly at the midpoint of values considered in the main experiments and a soft floor of s = 66
larger than any value considered in the main experiment. Lastly, for Second Price, we only
considered the optimal hard reserve according to the standard theory of r = 50. This corresponds
to the parametrization r = s = 50 of Soft Floor in the main experiment.39

Table B.3. Auction Formats and Parametrization

Auction format Level of hard reserve r or soft floor s
First Price Zero r = 0
Soft Floor Zero s ∈ {50, 66}
Second Price r = 50

A soft-floor auction, with a soft floor of s = 50 and s = 66, significantly increases revenue
compared to a first-price auction without a hard reserve. Similar to our results in Section IV,
the increase is more than 10 percent for s = 50 and more than 15 percent for s = 66.40

In the pilot, we also compared the second-price auction with a strictly positive hard reserve to
a soft-floor auction with a hard reserve of zero. Here, we find that the soft-floor auction for both
s = 50 and s = 66 also leads to a significant increase in revenue of around 10 percent.

2. Sellers: Endogenous Auction Format Choice. The second part of our pilot study focused on
seller choices. In each period, we let sellers choose among the auctions from the main experiment
as explained in Section A. Table B.4 summarizes the menu of choices, which includes a first-price
auction, a second-price auction, and a soft-floor auction with different levels of soft floors and
hard reserves. In each period, the seller must choose the format and the soft floor or hard reserve
level.
39Notably, in the main part of our paper we use this specification merely to show that Proposition 3 holds.
40As in the main experiment, we find that the attractiveness of the soft floor goes beyond what even our model
captures.
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Figure B.5. Revenue in First Price and Soft Floor Zero in pilot
Notes: Average revenue at the matching group level. Statistical significance based on Wilcoxon tests with Holm
correction for multiple comparisons.

Table B.4. Seller Choice Menu

Auction format Level of hard reserve r or soft floor s
Second Price r = 0
First Price Zero r = 0
Soft Floor Zero s ∈ {33.33, 50, 66.67, 100}
First Price r ∈ {33.33, 50, 66.67, 100}

Across all auctions, a sizable majority of sellers prefer the soft floor, 66.81 percent, over the
hard reserve, 33.19 percent (p = 0.004). The same holds if we restrict ourselves to intermediate
reserve price levels (s, r = {33.33; 50; 66.67}), where 60.83 percent of our sellers prefer the soft
floor while 39.17 percent prefer the hard reserve (p = 0.053).

Not only do sellers prefer the soft floor, but they also choose higher soft floors than hard
reserves. The average hard reserve is 53.70 ECU, slightly above the optimal reserve for risk-
neutral bidders of 50 ECU, while the average soft floor is 71.80 ECU (p < 0.001). If we restrict
to intermediate reserve levels, the average hard reserve, 55.36 ECU, is smaller than the average
soft floor, 60.87 ECU (p = 0.010).

Figure B.6 shows the relative frequencies with which sellers choose soft floors and hard reserves
across levels. Here, we exclude the rarely chosen second-price auction. The figure shows that a
low hard reserve of 33.33 ECU is more popular than a correspondingly low soft floor, yet with
only 5 percent of all cases, both are hardly chosen. The absolute and relative attractiveness of
the soft floors increases in s. The soft floor is more popular for a level of 50 ECU, although the
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Figure B.6. Seller choices of First Price and Soft Floor in Endo treatment
Notes: Relative frequency of seller choices at the matching group level. Statistical significance based on
Wilcoxon tests.

effect is not statistically significant (p = 0.8017). For r = s = 66.67, the difference becomes
highly significant both economically (more than twice as many sellers choose the soft floor) and
statistically (p = 0.041). Not surprisingly, the popularity difference between corresponding soft
floors and hard reserves becomes even larger for s = r = 100, because all other auction formats
obviously dominate the r = 100 auction.

Sellers’ choices reflect that soft-floor auctions generally lead to higher revenues. Figure B.7
displays the average revenue for the different soft floor and hard reserve levels in our Endo

treatment. Soft-floor auctions never perform significantly worse. However, they perform better
than first-price auctions for a high enough level of soft floors. Comparing the soft-floor and
first-price auction among the different levels, we find weakly significantly higher revenue for a soft
floor of 50 ECU (p = 0.066) and highly significantly higher revenue for 66.67 ECU (p = 0.001),
but no significant difference for 33.33 ECU (p = 0.590). Computing the average revenue across
all soft floor and hard reserve levels, we find the soft-floor auction revenue (48.29 ECU) beats
the revenue of the first-price auction with a hard reserve (36.11 ECU) by a significant margin
(p < 0.001). Restricting the data to intermediate levels of soft floors and hard reserves only
confirms our findings with an average soft-floor auction revenue of 48.26 ECU and an average
first-price auction revenue of 37.31 ECU (p < 0.001).
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Figure B.7. Revenue of First Price and Soft Floor in Endo treatment
Notes: Average revenue at the matching group level. Statistical significance based on Wilcoxon tests.


