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Abstract 

This paper is concerned with multi-object, multi-unit auctions with a budget 
constrained auctioneer who has noisy value estimates for each object. We propose 
a new allocation mechanism, the endogenous reference price auction, with two key 
features. First, bids are normalized across objects using “reference prices.” Second, 
reference prices are set endogenously using information extracted from the bids 
submitted. We report on an experiment showing that a simple endogenous process 
mitigates value inaccuracies and improves three performance measures: the seller’s 
profit, allocative efficiency and total surplus. These results have important 
implications for large auctions used in practice. 
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1. Introduction 

This paper is concerned with the allocation mechanism in an original auction environment: a multi-

object, multi-unit auction with a budget constrained and imperfectly informed auctioneer. 

Specifically, we study how an auctioneer who receives bids to purchase (or sell) shares of different 

commodities should decide which bids to accept conditional on a budget constraint (e.g. a specific 

amount to raise or to spend) when he does not know precisely his own value for each commodity. 

This allocation problem is of great importance as many large auctions share these features. 

Practical examples include: i) The Treasury buyback auctions in which the Treasury sets a 

fixed notional amount of different bonds to be purchased simultaneously at auction;1 ii) The 

Quantitative Easing (QE) auctions in which a pre-specified amount of central bank reserves is used 

to acquire simultaneously different government bonds;2 iii) The liquidity auctions conducted by 

central banks in which a set amount of liquidity is allocated across financial institutions against 

different types of collateral;3 iv) The open market operations conducted by central banks in which 

a specific amount of reserves is drained (or injected) by purchasing (or selling) various types of 

securities simultaneously at auction;4 v) The 2008 TARP program which initially called for the 

use of auctions to purchase $700 billion worth of different “toxic assets;”5 vi) The “Bids Wanted 

in Competition” (BWIC) auctions in which a financial institution raises a specific amount of 

                                                        
1 Akcadag et al. (2015) report that 88% of OECD countries conduct such buyback (or swap) auctions. The U.S. 
Treasury ran its largest buyback operation in 2000-2002 when $67.5 billion worth of various bonds were bought back 
in 45 auctions (Han, Longstaff and Merril 2007). In each of these auctions, the Treasury set a fixed notional amount 
to be purchased and could cherry pick among the bids submitted for up to 26 different bonds (Garbade 2015). Although 
smaller in size, the U.S. Treasury is still conducting small-value buyback auctions on a regular basis. 
2 In response to the Covid-19 pandemic, the Federal Reserve, the European Central Bank, and the Bank of England 
launched a $700 billion, €1.35 trillion and £745 billion QE program, respectively. QE auctions were also used by the 
Federal Reserve between 2009 and 2011 to purchase $1.19 trillion worth of various Treasury bonds (Song and Zhu 
2018) and by the Bank of England to purchase £435 billion worth of domestic government securities (Breedon 2018). 
3 Notably, the Bank of England conducts liquidity auctions in which three separate classes of collateral (from less to 
more risky) are considered simultaneously (see Klemperer 2010, or Frost, Govier and Horn 2015). The Reserve Bank 
of Australia, the Bank of Japan and the Bank of Canada also conduct regular liquidity auctions. Other central banks 
conducted liquidity auctions during the great recession. In particular, the Federal Reserve conducted 60 auctions 
between 2007 and 2010 under the Term Auction Facility (TAF) program in which $3.8 trillion in loans were allocated 
to 429 different financial institutions against collateral of varying riskiness (Armantier and Sporn 2013). 
4 The Federal Reserve has generally implemented monetary policy using “temporary open market operations” which 
consist of daily auctions for overnight repurchase agreements in which bids for three classes of securities (Treasury 
securities, federal agency obligations, and agency mortgage-backed securities) are considered simultaneously for 
purchase. In 2007, 208 such auctions were conducted for a total purchase size of $1.5 trillion. 
5 These proposed auctions are described and evaluated in Armantier, Holt, and Plott (2013).  
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liquidity by circulating a list of different bonds for which it is willing to accept offers. In each of 

these examples, the auctioneer has a liquidity obligation that is met by buying or selling units of 

different commodities whose values the auctioneer may not know precisely ex-ante. 

As documented in Section 2, the literature provides little guidance on how the auctioneer in 

these examples should compare and accept bids across different commodities. One exception is 

Armantier, Holt, and Plott (2013) (AHP hereafter) who proposed a relatively simple approach, a 

“reference price” auction. As explained in Section 3, a reference price auction is an allocation 

mechanism in which the auctioneer first normalizes the bids for each commodity using a value 

estimate called a “reference price.” Then, the highest normalized bids are accepted regardless of 

the commodity until the auctioneer’s budget constraint is met. The reference price auction thus 

enables the auctioneer to accept the bids deemed to have the best relative values across 

commodities. Further, the approach promotes competition by letting bidders compete across 

commodities on a “leveled playing field” (i.e. controlling for differences in commodities’ values). 

Of course, the performance of the reference price auction is contingent on the quality of the 

auctioneer’s value estimates. The laboratory experiments conducted by AHP in a common value 

environment confirmed that reference price auctions perform well when the auctioneer knows his 

own value for each commodity. AHP however, also found that auction performance can deteriorate 

substantially when the auctioneer is imperfectly informed and must rely on noisy value estimates 

to set reference prices. So how can auction performance be improved in such cases? 

In this paper, we attempt to answer this question by proposing and testing experimentally a 

new mechanism, the endogenous reference price auction. The mechanism rests on the idea that if 

the auctioneer’s values are correlated with the bidders’ values, then the bids submitted are 

informative about the auctioneer’s values. Thus, the auctioneer could use the bids to sharpen his 

value estimates and set more accurate endogenous reference prices. To illustrate how such an 

approach may improve auction performance, we consider in the paper a trivial process in which 

each endogenous reference price is set midway between the seller’s initial noisy value estimate 

and the median of the bids submitted for the corresponding commodity. This process is then tested 

in a laboratory experiment with financially motivated human subjects. Consistent with theoretical 

predictions, we find that even a simple endogenization of the reference prices can help the 

auctioneer mitigate value inaccuracies and significantly improve three performance measures: the 

auctioneer’s profit, allocative efficiency and total surplus.   
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This paper contributes to the literature in at least three ways. First, we consider an auction 

environment (a multi-unit, multi-object auction with a budget constrained and imperfectly 

informed auctioneer) with several important practical applications which has received little 

attention in the literature. Second, we propose a new allocation mechanism, the endogenous 

reference price auction, applicable in general settings (e.g. common or private values, uniform or 

discriminatory auctions). Third, we provide experimental evidence that even a simple 

endogenization process can improve auction performance significantly. 

The related literature is summarized in Section 2. The environment and the endogenous 

reference price auction are described in Section 3. We illustrate the approach with an example in 

Section 4. The experimental treatments are described in Section 5. Auction performance is 

compared across treatments in Section 6. Section 7 explores the channels through which the 

endogenization process improves auction performance. Alternative endogenous procedures are 

considered in Section 8. Finally, we examine how making the endogenous process explicit can 

affect auction performance in Section 9. 

2. Related Literature 

This paper is an extension of AHP in which we propose a new endogenous allocation method to 

improve the performance of AHP’s reference price auction when the auctioneer is imperfectly 

informed about the value of the objects for sale at the auction. The experimental setup used to 

study the reference price auction is also different in the two papers. AHP consider a reverse 

(procurement) auction, a common value setting and a uniform price (single-price) mechanism in 

which the auctioneer is a buyer, whereas the experiment in this paper is based on an affiliated 

private values, discriminatory (pay-your-bid) auction in which the auctioneer is a seller.  

Although the literatures on multi-unit auctions and on multi-object auctions are quite extensive 

(for reviews, see Kwasnica and Sherstyuk 2013, Kagel and Levin 2016, or Bichler and Goeree 

2017), few papers have studied multi-object, multi-unit auctions. In addition to AHP, one 

exception is Klemperer (2010) who proposed the product-mix auction. In their basic forms, the 

reference price and product-mix auctions are closely related. In particular, it is easy to show that 

they are equivalent in the environment considered in this paper where the auctioneer’s value for 

each object is fixed (i.e. it does not change with what is sold at the auction). The key difference 
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with Klemperer (2010) is that he assumes that the auctioneer knows his value for each object 

before the auction, whereas we consider an imperfectly informed auctioneer who can use the bids 

submitted to improve auction performance. The product-mix auction, however, would also 

underperform if the seller had noisy value estimates. Thus, exploring how to mitigate value 

inaccuracies endogenously is relevant for the product-mix auction as well. 

The paper is also related to the literature on scoring auctions. In particular, Asker and Cantillon 

(2008) conduct a theoretical analysis of linear scoring auctions, whereas Cason, Gangadharan, and 

Duke (2003), and Chen-Ritzo et al. (2005) use experimental methods to investigate the properties 

of single-unit scoring auctions. What sets the reference price auction apart from scoring auctions 

is its purpose. The objective of standard scoring auctions is to summarize the multidimensional 

attributes of a bid (e.g. price, quality, time of completion) into an easily comparable 

unidimensional score. In contrast, as explained in Section 3, the object of a reference price auction 

is to promote competition by creating thick markets in which bidders in multi-object, multi-unit 

auctions are able to compete against each other on a “leveled playing field.” 

More generally, this paper builds on the literature that uses experimental methods to testbed 

mechanisms too complex to be characterized fully by theory. The value of this approach was 

underscored by the Nobel Committee when it stated that Vernon Smith (the 2002 Nobel Prize 

winner) “pioneered the use of controlled laboratory experiments as ‘wind tunnel’ tests of new 

auction designs for which precise theoretical predictions are hard to obtain.” Multi-object and 

multi-unit auctions are classic examples of such complex problems and the experiments of (e.g.) 

Cox, Smith and Walker (1984), Cason (1995), Kagel and Levin (2001) or Sade, Schnitzlein and 

Zender (2006) have greatly contributed to improving our understanding of these mechanisms. 

More generally, Roth (2016) reviews how testbed experiments have been used in market design. 

Finally, the paper is related to the literature that studies how a strategic auctioneer can improve 

auction performance. For instance, Myerson (1981) studies how the auctioneer can set reserve 

prices optimally to raise profits, while Milgrom and Weber (1982) explore the auctioneer’s 

incentives to conceal or disclose information to bidders. Other forms of endogenous adjustments 

to the allocation process based on the bids submitted have also been studied. For instance, Brenner 

et al. (2009) report that 30 of the 48 Treasuries they surveyed can adjust the quantity of bonds they 

issue at Treasury auctions based on the aggregate amount bid, a practice that can benefit the 

auctioneer (Back and Zender 2001, McAdams 2007). Similarly, the amount of liquidity allocated 
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at the Bank of England liquidity auctions is adjusted based on the aggregate amount bid (Frost et 

al. 2015). In this paper, we consider a new situation in which an imperfectly informed auctioneer 

wants to improve auction performance by extracting information from the bids submitted at the 

auction, and we propose a simple, cost-free mechanism to do so effectively. 

3. The auction environment 

In this section, we consider a general multi-object, multi-unit auction environment. At this stage, 

we do not restrict attention to common or private values, we do not impose a pricing mechanism 

(uniform or discriminatory), and we leave the seller’s objective function unspecified (as we shall 

see, the seller may consider profits, allocative efficiency and total surplus).6 The discussion below 

pertains to the case in which the auctioneer is the seller, but our approach applies equally to 

procurements in which the auctioneer is the buyer. 

Consider a seller with a portfolio of 𝐽 commodities. The seller owns 𝑘# units of commodity 𝑗 =

1,… , 𝐽. The value of a unit of 𝑗 to the seller is 𝑉#. In the canonical auction model (e.g. Milgrom and 

Weber 1982), the seller knows 𝑉# before the auction. In this paper, we focus on the more general 

case in which the seller does not know his values 𝑉#  and has to rely on noisy signals 𝑉*# . For 

instance, the signal may be the commodity’s market price at the time of the auction. This signal, 

however, may not fully capture the fundamental value of the commodity (e.g. when markets are 

impaired), or it may be different from the value the auctioneer privately assigns to the commodity. 

The seller conducts an auction in which he is willing to sell any part of his portfolio to meet a 

liquidity obligation. The seller’s revenue objective is characterized by lower and upper targets, 

𝑀𝑖𝑛 and 𝑀𝑎𝑥. The seller has an exact revenue objective when 𝑀𝑖𝑛 = 𝑀𝑎𝑥, and he can maintain a 

balanced portfolio by adding commodity specific budget constraints, 𝑀𝑖𝑛# and 𝑀𝑎𝑥#. Each bidder 

can submit multiple bids for each commodity, where a bid is a price for a unit of a commodity.7 

In this environment, how can the seller compare bids across commodities and decide which 

bids to accept? The simplest allocation mechanism is probably a combined auction in which all 

bids are pooled together and the highest bids are accepted first irrespective of commodity until the 

                                                        
6 The U.S. Treasury aims to optimize both profits and efficiency when conducting buyback auctions (Han et al. 2007). 
7 Alternatively, a bid can be defined as a price per unit and a number of units. Note also that we do not have to specify 
the bidders’ signals at this point because the approach so far applies equally to common and private values auctions. 
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seller’s revenue objective is met. This approach may promote competition by letting bidders 

compete across commodities, but adverse selection is often severe in combined auctions (see 

Varian 2008 and the example in Section 4). A natural alternative is a set of simultaneous auctions, 

one per commodity, each with its own revenue target. This approach effectively deals with value 

heterogeneity across commodities, but it does not promote cross-commodity competition. As a 

result, performance suffers when competition for a commodity is low due to a thin market. 

AHP proposed an alternative allocation mechanism, the reference price auction, under which 

the seller accepts the bids deemed to have the best relative values across commodities. The 

reference price auction consists of three steps. First, the bids for each commodity 𝑗 are transformed 

into “normalized bids” by dividing them by a reference price 𝑅# reflecting the seller’s estimate of 

the value of commodity j. A normalized bid strictly above 1 is favorable from the seller’s 

perspective (because it exceeds his value estimate), but a normalized bid below 1 is unfavorable. 

Second, the normalized bids for all the commodities are ranked together in a single list from high 

to low. The bids are accepted in decreasing order of normalized bids, regardless of the commodity, 

even if the normalized bids are lower than 1, until all the bids are accepted or until the minimum 

revenue target 𝑀𝑖𝑛  is reached. Third, the seller keeps accepting bids in decreasing order of 

normalized bids as long as i) the bids are favorable (i.e. with a normalized bid strictly above 1) 

and ii) the maximum revenue target 𝑀𝑎𝑥 is not reached. The seller stops accepting bids when one 

of those two conditions is not satisfied.8  

In principle, the reference price auction combines the benefits of the simultaneous auctions 

(i.e. controlling for value heterogeneity across commodities) and the combined auction (i.e. 

promoting cross-commodity competition). The experiment conducted by AHP (in a common-

value uniform-price environment) confirms that the reference price auction performs well when 

the seller knows his own value for each commodity before the auction, in which case reference 

prices can be set accurately (i.e. 𝑅# = 𝑉#). However, AHP also found that auction performance (i.e. 

the seller’s profit, efficiency) suffers when the seller does not know 𝑉# at the time of the auction 

and has to rely on the noisy value estimate 𝑉*# to set the reference price (i.e. 𝑅# = 𝑉*#).  

In this paper, we propose an approach aimed at mitigating the impact of noisy value estimates. 
                                                        
8  Like the combined and simultaneous auctions, the reference price auction needs to be paired with a pricing 
mechanism such as the standard discriminatory or uniform-price mechanism. Which pricing mechanism dominates 
from the auctioneer’s perspective needs to be determined on a case-by-case basis (Hortaçsu and McAdams 2010). 
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To be clear, the objective is not to find an optimal mechanism. Instead, we test whether a trivial 

adaptive process can reduce reference price inaccuracies and improve auction performance. Thus, 

consistent with Roth (2002) and Bolton and Ockenfels (2012), we place ourselves more in the 

position of an engineer who establishes a proof of concept, than an auction theorist who attempts 

to identify an optimal design. The premise for our approach is that if the seller’s and bidders’ 

values are correlated, then the bids submitted for a commodity should provide the seller with 

additional information about his own value. The seller can then exploit this information to revise 

his initial value estimate 𝑉*# and set more accurate endogenous reference prices.  

To gauge whether endogenous reference prices can improve auction performance we complete 

the specification of the auction environment: In the remainder, bidders’ have affiliated private 

values drawn around the seller’s actual value for each commodity, and we evaluate a simple 

approach in which each endogenous reference price is set midway between the seller’s initial value 

estimate 𝑉*# and the median of the bids submitted for that commodity 𝑏2#: 𝑅#3𝑏2#4 = 0.5𝑉*# + 0.5𝑏2#.  

Before we move to the next section, let us briefly return to the practical examples discussed in 

introduction. Which of the allocation mechanisms presented so far are actually used in these 

auctions? This question is difficult to answer because the information made available to bidders is 

often vague or inexistent. For instance, the rules regulating the U.S. Treasury buyback auctions 

make no mention of how bids are accepted.9 Similarly, BWICs announcements do not specify how 

the seller compares bids across securities. In the open market operations and QE auctions 

conducted by the Federal Reserve, the allocation process is not fully disclosed but it is similar to 

the reference price auction.10  For the 2008 TARP program, the Treasury initially considered 

combined and simultaneous auctions, but then settled on a reference price design.11 Finally, the 

liquidity auctions conducted in the U.S. used a combined auction, while those in the U.K. follow 

the product-mix format. This discussion raises one question: Why do many auctioneers keep the 

allocation mechanism partly or totally secret?12 The reason most often mentioned by practitioners 

                                                        
9 See Department of Treasury “Marketable Treasury Securities Redemption Operations; Final Rule.” Garbade (2015) 
also notes (page 100): “The Treasury does not disclose the criteria that it uses in accepting one offer in lieu of another.” 
10 For QE auctions, the rules state: “Offers will be evaluated based on their proximity to prevailing market prices at 
the close of the auction as well as on measures of relative value. Relative value measures are calculated using the 
Federal Reserve Bank of New York’s proprietary model.” www. newyorkfed.org/markets/longertermtreas_faq.html. 
11 As explained in AHP, the Treasury ultimately decided to abandon auctions in favor of capital injections. 
12 This issue is not confined to the auctions just mentioned. For instance, bidders in the Treasury and liquidity auctions 
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is to avoid bidder manipulations. Examples of such possible manipulations and the benefits of 

concealing the allocation process are discussed in Section 9. 

4. Illustrative Example 

To start, we consider a complete information example that illustrates how endogenous reference 

prices can improve auction performance when the seller is imperfectly informed about his values. 

Consider a seller who is willing to sell at auction up to three units of commodity A and three units 

commodity B to meet a revenue objective between 𝑀𝑖𝑛 = 125 and 𝑀𝑎𝑥 = 150. The seller’s value 

is 𝑉: = 55 for a unit of A and 𝑉; = 39 for a unit of B. The auction has six bidders. Bidders 1, 2 and 

3 each want 1 unit of A. Bidders 4, 5 and 6 each want 1 unit of B. The bidders have private values 

for each commodity distributed around the seller’s value. As indicated in the top panel of Table 1, 

the values of bidders 1, 2 and 3 for A are 𝑣?,: = 59, 𝑣@,: = 55 and 𝑣A,: = 51, while the values of 

bidders 4, 5 and 6 for B are 𝑣B,; = 47, 𝑣E,; = 41 and 𝑣F,; = 29. With relative values (i.e. relative 

to their mean value 𝑉#) strictly above 1, only bidders 1, 4, and 5 value the commodities more than 

the seller (see the top panel of Table 1). The seller uses a discriminatory auction and sets a reserve 

price of 25 for both commodities. Bids are constrained to be integers, ties are decided at random 

and the marginal bid may be accepted partially. 

As a benchmark, consider first a combined auction (i.e. highest bids win regardless of 

commodity) in the second panel of Table 1. In that case, it is easy to verify that bidding the reserve 

prices is an equilibrium. The seller’s total revenue is 150, the value to the seller of the commodities 

sold is 282, and the seller’s profit is -132, as indicated in Table 1. Thus, despite reserve prices, the 

combined auction exhibits severe adverse selection in the sense that the lack of effective cross-

commodity competition enables bidders to submit low bids at the expense of the seller. 

Consider now the accurate reference price auction in the third panel from the top in Table 1. 

In this best-case scenario, the seller normalizes the bids submitted with reference prices equal to 

his own values 𝑉:  and 𝑉; . The highest normalized bids are accepted first until the minimum 

                                                        
discussed in Section 2 are not told how their bids are used to set endogenously the amount of bonds or the amount of 
liquidity issued. The auctioneer may have other reasons to conceal information. For instance, it is well known that the 
seller can increase his profit by keeping the actual number of bidders secret (Dyer, Kagel and Levin 1989). 
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revenue target of 125 is reached. If there are bids left that look favorable to the seller (i.e. with a 

normalized bid strictly greater than 1), then the seller accepts those bids until he reaches his 

maximum revenue target of 150. It is easy to see that bidding the reserve price is no longer an 

equilibrium in this case.13 Instead, by bidding just above their respective reference prices, bidders 

1, 4 and 5 are guaranteed clinch one unit and thus have no incentives to submit higher bids. Further, 

given the bid of bidder 2, submitting a lower bid would decrease the expected profit of bidders 1, 

4 and 5. Hence, the bids in the third panel from the top in Table 1 are in equilibrium. The seller’s 

profit is now positive (136-133=3) and much larger than in the combined auction. The accurate 

reference price auction is also efficient in the sense that the commodities are allocated to the three 

bidders who value them the most in relative terms, i.e. with the highest values relative to their 

mean. As discussed below, the average relative value of the bids accepted at the auction can be 

considered a measure of allocative efficiency. This efficiency measure increases from 1.0 in the 

combined auction to 1.11 in the accurate reference price auction (see the next to last column of 

Table 1). Finally, the accurate reference price auction generates gains from trade as the total 

surplus (i.e. the sum of the seller’s and bidders’ profits) is 14 in equilibrium (last column of Table 

1), with 21% of this surplus being captured by the seller.  

Next, consider the case where the seller does not know his own values before the auction. 

Instead, assume that the seller cannot distinguish A from B and initially believes they are both 

worth 47 (instead of 55 and 39). The seller then sets the reference price for each commodity equal 

to this value estimate. In equilibrium, bidders 1, 2 and 3 take advantage of the undervalued 

reference price on commodity A, by bidding just above the inaccurate reference price which allows 

them to clinch one unit each (Table 1, fourth panel from the top).14 The seller profit is now 3*(48-

55)=−21, the allocation is inefficient (bidder 4 has the highest relative value but does not clinch a 

unit, and the efficiency measure drops back to 1.00), and total surplus is reduced to 0. This example 

illustrates how auction performance deteriorates when reference prices are noisy. However, 

observe that the difference in average submitted bids across the two commodities (48 for A and 39 

                                                        
13 When everyone bids the reserve price of 25, all the normalized bids are below 1 and the seller only needs to accept 
at random 5 of the 6 bids submitted to reach the minimum revenue target of 125. A bidder has then a strict incentive 
to increase his bid from 25 to 26, in which case his bid is accepted first (because his normalized bid is now the highest). 
Consequently, bidding the reserve price cannot be an equilibrium.  
14 A lower bid of 47 would tie the bid from bidder 3, and only one of those two 47 bids would be accepted at random 
to reach the seller’s lower revenue target of 125. A higher bid of 49 would obviously lower the bidders’ profits. 
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for B) should have provided the seller an indication that A is more valuable than B, and that setting 

the same reference price for both commodities was a mistake. This is the core idea behind the 

endogenous reference price auction. 
 

Table 1: Illustrative Example 
Revenue Targets: Min=125, Max=150. Reserve Price: 25 for A and B. 

  Commodity A Commodity B 
 
 
 

Seller’s
Profit 

 
 
 

Bidders’
Profit 

 
 
 

Efficiency 
Measure† 

 
 
 

Total 
Surplus 

  Bidder  Bidder  
1 2 3 4 5 6 

Seller’s Value  55 39 
Bidder’s Value 59 55 51 47 41 29 

 Bidder’s Relative Value 1.07 1.00 0.93 1.21 1.05 0.74 
Combined 
Auction 

Bid 25ü 25ü 25ü 25ü 25ü 25ü -132 +132 1.00 0 Bidder Profit 34 30 26 22 16 4 

Accurate 
Reference 

Prices 

Bid 56ü 55 51 40ü 40ü 29 

+ 3 +11 1.11 + 14 Reference Price 55 39 
Normalized Bid 1.02 1.00 0.93 1.03 1.03 0.74 

Bidder Profit 3 0 0 7 1 0 

Inaccurate 
Reference 

Prices 

Bid 48ü 48ü 48ü 47 41 29 

- 21 +21 1.00 0 Reference Price 47 
Normalized Bid 1.02 1.02 1.02 1.00 0.87 0.62 

Bidder Profit 11 7 3 0 0 0 

 
Endogenous 
Reference 

Prices 

Bid 52ü 52ü 51 46ü 41 29 

+1 +11 1.09 +12 

Value Estimate 47 
Median Bid 52 41 

Reference Price 49.5 44 
Normalized Bid 1.05 1.05 1.03 1.05 0. 93 0.66 

Bidder Profit 7 3 0 1 0 0 
† The “Efficiency measure” is the average relative value of the bids accepted. ü indicates a bid accepted by the auctioneer. 

  

In the endogenous reference price auction presented in the bottom panel of Table 1, the seller still 

initially believes the two commodities have an equal value of 47. The seller, however, now revises 

his initial estimate by setting the endogenous reference price for a commodity midway between 

his initial estimate and the median of the bids submitted for that commodity. As a result, the 

reference price for the low-quality commodity B is revised downward, which makes the bid of 

bidder 4 competitive and forces bidders 1 and 2 to bid more aggressively. In equilibrium, bidders 

1, 2 and 4 clinch one unit by bidding just above the revised reference price. As shown in the last 

three rows of Table 1, the seller’s profit, the efficiency measure and total surplus (1, 1.09 and 13, 

respectively) all improved substantially compared to the case of inaccurate and unadjusted 

reference prices (-21, 1.00 and 0, respectively) and they are now very close to the best case scenario 

of accurate reference prices (3, 1.11 and 14, respectively).  

To summarize, this example illustrates how noisy seller’s value estimates can lead to problems 
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that can be partially corrected with a trivial endogenous process. This result is not contingent on 

the auction features chosen for this example. In particular, it is easy to verify that the bids in Table 

1 remain in equilibrium when the seller uses a uniform pricing rule.15 This shows that the allocation 

mechanism, not the pricing mechanism, can be of first order importance for auction performance. 

Similarly, the performance ranking across allocation mechanisms remains unchanged under 

truthful bidding. This shows that the problems stemming from noisy seller’s value estimates we 

address in this paper cannot be solved simply by inducing aggressive/truthful bidding. 

Given the complexity of the environment considered (a multi-object, multi-unit scoring auction 

with budget constraints and endogenous reference prices), it is difficult to use theory to derive 

general properties for the endogenous reference price mechanism.16 As an alternative, we conduct 

simulations with various parametrizations under complete and incomplete information to 

understand better how the endogenous reference price auction performs.17  These simulations 

suggest that a simple endogenization of the reference prices always improves auction performance 

in equilibrium as long as two conditions are met. First, bidders’ values must be sufficiently 

informative about the seller’s value (i.e. distributed relatively symmetrically around the seller’s 

value). Second, a bidder cannot unilaterally manipulate the median bid to his advantage. The latter 

condition holds when there is sufficient competition, reasonable reserve prices and more trivially, 

when bidders do not know how reference prices are set. Under these conditions, the endogenous 

reference price auction is found to dominate systematically the (unadjusted) reference price 

auction when the auctioneer has noisy value estimates. Whether this result extends to practical 

applications, however, is an empirical question. In particular, because actual bidders are unlikely 

to make optimal choices in such a complex environment, one may question whether the 

endogenous mechanism would perform as expected. A natural first step to address this question is 

to conduct a laboratory experiment with financially motivated subjects.  

                                                        
15 AHP explain how commodity specific uniform prices are set in a reference price auction: The “market clearing 
normalized bid” (i.e. the lowest accepted or the highest rejected normalized bid) is first calculated. This common 
“market clearing normalized bid” multiplied by the reference price of a commodity then determines the “market 
clearing price,” i.e. the commodity specific uniform price per unit. The bids in Table 1 remain in equilibrium whether 
the market clearing normalized bid is set by the lowest accepted or the highest rejected normalized bid. 
16 Breedon (2018) reaches the same conclusion. Referring to QE auctions, an example of multi-object, multi-unit 
auctions he notes (p 352): “these operations are too complex to be adequately analyzed using standard auction theory.” 
17  When the number of types and bids are finite, the endogenous reference price auction can be solved under 
incomplete information by numerical simulations. See Section 5.2 for an example.  
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5. The experiment 

5.1. The Treatments 

We conduct a between-subjects experiment in which fixed groups of four subjects compete in a 

series of twelve independent auctions. The basic setup consists of a reference price auction with 

discriminatory prices where bidders have affiliated private values. In each auction, four subjects 

can bid on four commodities, labeled A, B, C, and D. Following, the classic design of Kagel, 

Harstad and Levin (1987), the value of a unit of commodity 𝑗 ∈ {𝐴,… , 𝐷} to the seller,	𝑉#, is drawn 

from a uniform distribution with range [$20,$80]. The value of any unit of commodity 𝑗 to bidder 

i, 𝑣M#, is then drawn independently from a uniform distribution with range of ±$10 around 𝑉#. A 

bidder can submit up to 6 bids on each commodity, where a bid is a price for a unit of the 

commodity. Bids are integer-valued between a minimum (reserve price) of $10 and the bidder’s 

value (since bidding above value is strictly dominated). The seller’s minimum and maximum 

revenue targets are 𝑀𝑖𝑛=$1,200 and 𝑀𝑎𝑥=$2,000.  

The experiment consists of three main treatments. In the “Known” treatment, which serves as 

the best-case scenario and baseline treatment, the seller knows his values 𝑉# and sets reference 

prices accurately (𝑅# = 𝑉#). In the “Noisy” treatment, the seller does not know 𝑉# at the time of the 

auction. Instead, the seller receives a noisy signal 𝑉*# for each commodity drawn from a uniform 

distribution with range of ±$15 around 𝑉#. The reference price for commodity 𝑗 is then set to be 

this noisy estimate (𝑅# = 𝑉*#). In the “Endogenous” treatment, the seller receives the same noisy 

signals 𝑉*# as in the Noisy treatment, but the endogenous reference price for commodity 𝑗 is now 

𝑅# = 0.5𝑉*# + 0.5𝑏2#, where 𝑏2# is the median of the bids submitted for commodity 𝑗. 

The same information is provided in every treatment. In particular, subjects receive identical 

experimental instructions in all treatments. Subjects know the seller’s revenue targets 𝑀𝑖𝑛 and 

𝑀𝑎𝑥, the distribution of the seller’s value 𝑉# and the distribution of the bidder’s values 𝑣M#. Finally, 

at the beginning of each auction, subjects are told their own value 𝑣M# for each commodity.  

The same information is also withheld in every treatment. In particular, subjects at the time of 

bidding do not know the other bidders’ values, the seller’s value 𝑉#, the seller’s noisy signal 𝑉*#, the 

distribution of 𝑉*#, the seller’s reference price 𝑅# and the way 𝑅# is calculated. Thus, the subjects do 

not know that the seller’s reference prices can be accurate, noisy or endogenous. Subjects in every 
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treatment are simply told that the seller uses the “best available information” to determine 𝑅#.  

After each auction, the same feedback is provided in every treatment. The reference prices, 

normalized bids, and the acceptance status for every bid submitted at the auction are announced. 

The seller’s values 𝑉# and the other bidders’ values are not revealed, either before or after the 

auction. Thus, subjects cannot infer how the reference prices were determined, or whether the 

seller had accurate or noisy value estimates.  

Because the same information is provided in every treatment, subjects are unaware of any 

treatment differences. This is an important feature of the experiment and, as discussed earlier, it is 

consistent with the many practical auctions for which the allocation process is not disclosed fully 

(see Section 3 and footnote 12). Nevertheless, we report on an additional treatment in Section 9 

that evaluates the consequences of disclosing the endogenous allocation process explicitly. 

Each treatment consists of 6 independent sessions, each with 12 auctions and 4 bidders. The 

same sequence of random draws is used so that each of the 12 auctions is directly comparable 

across sessions and treatments. The web-based Veconlab interface displayed instructions (see 

Appendix) and bidding pages. Each session lasted for about an hour. A total of 72 different subjects 

were recruited for the three treatments. Subjects were paid a show-up fee of $10, with subsequent 

earnings determined by a fractional payout (0.08) of the subject’s earnings for all 12 auctions. 

Earnings averaged about $35, plus the show-up fee.  

5.2. Theoretical predictions 

Recall that subjects are unaware of any treatment difference. Thus, the information structure is the 

same in all three treatments. Because subjects do not know how the seller sets the reference prices, 

they need to form beliefs. We assume a common belief structure across bidders and treatments 

under which bidder i expects the reference price for object j to be the expected seller’s value 𝑉# 

conditional on his own signal 𝑣M#: 𝐸MP𝑅#Q = 𝐸P𝑉#|𝑣M#Q. This assumption is consistent with the fact 

that in the best-case scenario, the seller sets the reference prices equal to his own values: 𝑅# = 𝑉#.  

In principle, the game played in the experiment can be solved numerically because the number 

of values and bids are finite. The dimension of the strategy space, however, is extremely large. 

With 4 objects and 6 bids per object, a bid function is a correspondence between a 4-tuple of values 

and a 24-tuple of bids, with each component taking integer values between 10 and 90. So the 
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number of possible actions exceeds 1035. To reduce the bid function to a manageable size, we focus 

on non-decreasing strategies, we constrain values and bids to be even numbers, and we allow each 

bidder to submit only two bids per object, the first for the first 3 units and the second for the last 3 

units. Then, we can use simulations to determine the risk neutral Bayesian Nash equilibrium.18  

The experimental treatments can be compared according to three performance measures: The 

seller’s profit, total surplus, and allocative efficiency. The seller’s profit is the difference between 

the total sales revenue and the total value to the seller of the units sold at an auction. Total surplus 

is the sum of the seller’s and bidders’ profits at an auction. To define allocative efficiency we need 

to account for differences in values across commodities as well as differences in the number of 

units accepted across auctions. To do so, we focus on the bidder’s relative value (𝑣M#/𝑉#) averaged 

over the bids accepted at an auction as in Section 4. We consider two allocative efficiency 

benchmarks. Under the lower benchmark, bids are accepted at random. Because bidders’ values 

are equal to 𝑉# on average, the average relative value of accepted bids is equal to 1 under the lower 

benchmark. Under the upper benchmark, the bidders bid truthfully (𝑏M# = 𝑣M# ) and bids are 

normalized with accurate reference prices (𝑅# = 𝑉#). The normalized bids (𝑏M#/𝑅#) are equal to the 

bidders’ relative values in that case, and bids are accepted in decreasing order of relative values. 

In other words, under the upper benchmark, the commodities are systematically allocated to the 

bidders who value them the most in relative terms. The average relative value of the bids accepted 

at an auction is then normalized into an allocative efficiency measure between the lower and upper 

benchmarks. Thus, an efficiency measure of 0% means that the bids were accepted at random, 

while a measure of 100% implies full efficiency.  

The three performance measures under equilibrium behavior in the known, noisy and 

endogenous treatments can be found in the top panel of Table 2. We also add as a reference the 

performance measures obtained under truthful bidding in the second panel. Observe first that the 

ranking of treatments with respect to each performance measure is identical under equilibrium and 

truthful bidding, and it is consistent with the ranking we obtained in the complete information 

example in Section 4. Thus, we are now able to make three predictions, P1, P2 and P3, to be tested 

                                                        
18 The intuition behind the algorithm used to find equilibrium bid functions is that one can exploit the extensive form 
of the discrete game and the monotonicity of the strategies to test in sequence (from least to most aggressive) whether 
a bidding strategy is in equilibrium for all possible value combinations. The equilibrium bid function and the code to 
calculate it can be found on the first author’s website (https://sites.google.com/view/olivierarmantier). 
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in the experiment: The seller’s profit (prediction P1), allocative efficiency (prediction P2), and total 

surplus (prediction P3) are i) highest in the Known treatment, ii) lowest in the Noisy treatment and 

iii) substantially higher in the Endogenous treatment when noisy reference prices are revised.  

 

Table 2: Auction Performance Measures 

  Seller’s 
Profit 

Allocative 
Efficiency 

Total 
Surplus 

Reference Price 
Inaccuracy 

Bid 
Discount 

Prediction under 
Equilibrium 

Behavior 

Known 63.2 89.8% 202.6 0.0% 
10.5% Noisy -36.5 55.8% 121.9 18.1% 

Endogenous 19.4 82.3% 166.1 6.5% 

Prediction under 
Truthful Bidding 

Known 123.4 100% 222.3 0.0% 
0.0% Noisy 47.8 73.6% 150.0 18.1% 

Endogenous 104.9 91.0% 183.4 5.6% 

Experimental 
Results 

Known 60.7 85.4% 186.1 0.0% 12.0% 
Noisy -47.5 59.2% 111.7 17.6% 13.3% 

Endogenous 16.2 79.2% 157.5 5.8% 11.6% 
Endogenous 
Explained 34.1 81.9% 164.3 5.6% 10.8% 

Notes: In the “Known” treatment the seller knows its own values, and reference prices are accurate. In the “Noisy” treatment the seller does not know its own 
values and must rely on noisy estimates to set the reference prices. In the “Endogenous” treatment, the seller has the same noisy estimates as in the Noisy 
treatment and sets the endogenous reference price as the average of the noisy estimate and the median of the bids submitted. The “Endogenous Explained” 
treatment is identical to the Endogenous treatment except that the subjects were told how their bids would be used to endogenize reference prices. The “Seller’s 
Profit” is the difference between sales revenue and market value of sales to the seller. “Allocative Efficiency” is the average relative value of the bids accepted 
at an auction normalized between 0% (the bids were accepted at random) and 100% (the commodities are systematically allocated to the bidders who value 
them the most). “Total Surplus” is sum of the seller’s and bidders’ profit at an auction. The “Reference Price Inaccuracy” is the average absolute percentage 
deviation between the reference price and the seller’s actual value. The “Bid Discount” is the average difference between a bidder’s value and the bid submitted, 
expressed as a percentage of value. 

6. Experimental Results 

6.1. Bid function 

We start by comparing in Figure 1 the bids submitted in the experiment (cross markers) with the 

equilibrium bid function calculated in the Section 5.2 (solid lines). To simplify, we combine all 

three treatments when plotting the experimental data, consistent with the fact that subjects were 

unaware of any treatment difference. Figure 1 then displays the average bids submitted on the 4 

objects, ordered from highest to lowest bidder’s value. For instance, the lowest marker in the top-

left panel of Figure 1, located at x = 49 and y = 44.3, indicates that the average bid (across units, 

bidders, auctions, sessions and treatments) submitted in the experiment is 44.3 when the highest 

of the four values a bidder receives is 49. Likewise, the highest marker in the bottom-right panel 

of Figure 1, located at x = 47 and y = 42.4, indicates that the average bid submitted in the 



 17 

experiment is 42.4 when the lowest of the four values a bidder receives is 47. Similarly, we plot in 

each panel of Figure 1 the average equilibrium bid functions for the corresponding object.19 
 

Figure 1: Equilibrium Bid Function and Bidding Behavior in the Experiment 

Notes: the Figure plots the average bids submitted in all three treatments of the experiment (cross markers) along with the average equilibrium bid function 
(solid lines). At an auction, a bidder receives 4 values, one for each for each object. The values can be ordered from highest to lowest. The top left panel 
represents the average bid (i.e. averaged across units, bidders, auctions, sessions and treatments) submitted on the object with the highest value. The top 
right panel represents the average bid submitted on the object with the second highest value. The bottom left panel represents the average bid submitted 
on the object with the third highest value. Finally, the bottom right panel represents the average bid submitted on the object with the lowest value. 

 
Figure 1 shows that, despite the complex strategic environment, bidding behavior in the 

experiment is reasonably close to the equilibrium bid function. There are, however, relatively 
                                                        
19 Formally, if we order a bidder’s values for each object such that 𝑣(?) ≥ 𝑣(@) ≥ 𝑣(A) ≥ 𝑣(B), then the equilibrium bid 
function calculated in Section 5.2 is an eight dimensional vector where each component 𝐵#,X∗ 3𝑣(?), 𝑣(@), 𝑣(A), 𝑣(B)4, with 
𝑗 = 1,2,3,4 and 𝑘 = 1,2, represents the bid submitted for the first (when 𝑘 = 1) or last (when 𝑘 = 2) three units of the 
object with the jth highest bidder’s value. We plot in each panel of Figure 1 𝐵#∗3𝑣(#)4, the average equilibrium bid 
submitted on object 𝑗 = 1,2,3,4  when 𝑣(#)  is the jth highest value. For instance, 𝐵?∗(90)  is the average of 
𝐵?,?∗ 390, 𝑣(@), 𝑣(A), 𝑣(B)4 and 𝐵?,@∗ 390, 𝑣(@), 𝑣(A), 𝑣(B)4 across all possible values of 𝑣(@), 𝑣(A) and 𝑣(B) that satisfy 90 ≥ 𝑣(@) ≥
𝑣(A) ≥ 𝑣(B). Similarly, 𝐵A∗(50) is the average of 𝐵A,?∗ 3𝑣(?), 𝑣(@), 50, 𝑣(B)4 and 𝐵A,@∗ 3𝑣(?), 𝑣(@), 50, 𝑣(B)4 across all possible 
values of 𝑣(?), 𝑣(@), 𝑣(B) that satisfy 𝑣(?) ≥ 𝑣(@) ≥ 50 ≥ 𝑣(B). 
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systematic differences. Consistent with the experimental literature on single-unit auctions (e.g. 

Cox, Smith and Walker 1983), subjects tend to overbid (i.e. submit bids above the risk neutral 

Bayesian Nash equilibrium) on the object with the highest value. In contrast, subjects tend to 

underbid on the object with the lowest value. 

6.1. Seller’s Profit 

Figure 2 shows the seller’s profit in each auction and each treatment averaged across the 6 

independent sessions. Recall that, comparing treatments auction-by-auction is meaningful because 

the same random draws are used across treatments. Treatment effects (per-auction averages) can 

be seen at the bottom of Table 2 and by comparing the stripped bars on the right side of Figure 2. 
 

Figure 2: Seller’s Profit 

 
In each auction, the bar represents the average of the 6 sessions conducted for the corresponding treatment. Recall that the bars in each auction are 
directly comparable across treatments. Stripped bars on the right are per-auction treatment averages. The stars above a bar represent the outcome 
of a 2-tailed permutation test of equal means between the Endogenous treatment (last bar) and the treatment corresponding to the bar under 
consideration. The superscripts ***, **, and * indicate that the null hypothesis of equal means is rejected at the 1%, 5%, and 10% significance levels. 
 

The seller’s profit in the Known treatment is $60.7 per auction on average, -$47.5 in the Noisy 

treatment and $16.2 in the Endogenous treatment, as indicated in Table 2. The difference in seller’s 

profit across any pair of treatments is significant (p < 0.05).20 Table 2 also shows that the average 

seller’s profit in each treatment is lower than predicted by theory, but the ranking of treatments 

with respect to the seller’s profit is consistent with equilibrium behavior. Figure 2 indicates the 

treatment effects are almost systematic: The seller’s profit in the Known treatment is positive in 

                                                        
20 Treatment effects are based on 2-tailed permutation tests using session level outcomes. 
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10 of the 12 auctions, and it is higher than in the other two treatments in all but one auction. Further, 

the seller’s profit is always higher in the Endogenous treatment than in the Noisy treatment, and it 

is significantly higher in 10 of the 12 auctions. Note also that the gains from endogenizing 

reference prices are substantial for the seller. Indeed, when compared with the seller’s profit in the 

Known treatment, the total losses caused by noisy value estimates are reduced from $108.2 in the 

Noisy treatment ($60.7 – (–$47.5)) to $44.5 in the Endogenous treatment ($60.7 – $16.2). In other 

words, the seller’s losses due to noisy value estimates are reduced by nearly 60% when reference 

prices are endogenized. This leads to our first result. 

Result 1: Consistent with prediction P1, the seller’s profit is significantly higher when the 
seller knows how much he values each commodity. When the seller has noisy value 
estimates, a simple endogenization process increases the seller’s profit significantly.  

6.2. Allocative Efficiency 

Figure 3: Allocative Efficiency 

 
In each auction, the bar represents the average of the 6 sessions conducted for the corresponding treatment. Recall that the bars in each auction are 
directly comparable across treatments. Stripped bars on the right are per-auction treatment averages. The stars above a bar represent the outcome 
of a 2-tailed permutation test of equal means between the Endogenous treatment (last bar) and the treatment corresponding to the bar under 
consideration. The superscripts ***, **, and * indicate that the null hypothesis of equal means is rejected at the 1%, 5%, and 10% significance levels. 
 

Figure 3 shows the allocative efficiency measure in each auction and each treatment. We can see 

that the reference price auction consistently produces high allocative efficiency when reference 

prices are accurate (85.4% on average). Efficiency, however, drops significantly (to 59.2% on 

average) when reference prices are noisy and unadjusted (p < 0.01). Figure 3 shows that these 

results are relatively systematic: Allocative efficiency is highest in the Known treatment and 

lowest in the Noisy treatment in 10 of the 12 auctions. Consistent with the theoretical prediction 
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in Table 2, we find that using a simple endogenization process restores allocative efficiency to a 

great extent. Figure 3 shows that allocative efficiency in the Endogenous treatment (79.2% on 

average) is significantly higher than in the Noisy treatment (p < 0.05), and only slightly (but not 

significantly) lower than in the Known treatment. This leads to our second result.  

Result 2: Consistent with prediction P2, allocative efficiency is highest when the seller knows 
his values and lowest when the seller has noisy (unadjusted) value estimates. 
Allocative efficiency is mostly restored with endogenous reference prices.  

6.3. Total Surplus Comparison 

We can see in Figure 4 that total surplus is highest when reference prices are accurate (186.1 on 

average) and lowest when references prices are noisy and unadjusted (111.8 on average). When 

reference prices are endogenized, total surplus (157.5 on average) is intermediate between the 

other two treatments: it is significantly higher than in the Noisy treatment (p < 0.05), and 

significantly lower than in the Known treatment (p < 0.1). Thus, the treatment ranking with respect 

to total surplus is consistent with prediction P3. This leads to our third result. 

Result 3: Consistent with prediction P3, total surplus is highest with accurate reference prices. 
Endogenous reference prices produce significantly higher surplus than noisy 
(unadjusted) reference prices.  

 
Figure 4: Total Surplus 

 
In each auction, the bar represents the average of the 6 sessions conducted for the corresponding treatment. Recall that the bars in each auction are 
directly comparable across treatments. Stripped bars on the right are per-auction treatment averages. The stars above a bar represent the outcome 
of a 2-tailed permutation test of equal means between the Endogenous treatment (last bar) and the treatment corresponding to the bar under 
consideration. The superscripts ***, **, and * indicate that the null hypothesis of equal means is rejected at the 1%, 5%, and 10% significance levels. 
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To sum up, results 1, 2 and 3 confirm that the reference price auction performs well when the seller 

knows his own values and set accurate reference prices, but that performance can deteriorate 

substantially when the seller does not know his values and has to rely on noisy value estimates to 

set reference prices. This is consistent with the results AHP found in a different context (a uniform 

price common value auction). Further, consistent with theory, the experimental results show that 

even a trivial endogenous procedure can help restore most of the auction performance.  

7. How does Endogenization Increase Performance? 

In this section we explore two factors that may explain why auction performance improved with 

endogenized reference prices: bidding adjustments and a reduction in reference price inaccuracies. 

7.1. Bid Discounts 

Recall that subjects in the experiment are unaware of any treatment. In particular, they do not know 

how the reference prices are determined and whether or not they are accurate. Thus, in principle, 

bidding behavior should be identical across treatments. In practice, however, as subjects gain 

experience, they may learn to behave differently in each treatment. Such bidding adjustments could 

help explain the difference in auction performance documented in Section 6. To test this 

hypothesis, we define the “bid discount” as the percent difference between the bidder’s value and 

the bid submitted: (𝑣M# − 𝑏M#)/𝑣M#. For instance, a bid discount of 10% indicates that the bidder 

submits a bid 10% below value. The bid discount therefore captures how aggressive the bidding 

is (low bid discounts correspond to more aggressive bidding). 

Figure 5 shows the average bid discount in each auction and each treatment. Observe first that 

despite the complex auction environment, bidding behavior stabilizes after only a few auctions in 

each treatment. Figure 5 also confirms that bidding at the beginning of the experiment is 

statistically indistinguishable across treatments. After the third auction, however, the average bid 

discount is systematically highest in the Noisy treatment, although the difference is most often 

insignificant. Thus, it appears that subjects learn to bid slightly less aggressively in the Noisy 

treatment. In contrast, there is no statistical evidence of a difference in bidding behavior between 

the Known and the Endogenous treatment in any of the 12 auctions. It is also interesting to note 

that subjects are initially less aggressive than predicted under equilibrium behavior (i.e. the average 
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bid discount in the first three auctions of every treatment exceeds the 10.5% equilibrium bid 

discount in the last column of Table 2). With experience however, subjects in all treatments except 

the Noisy treatment learn to bid more aggressively than theory predicts (i.e. the average bid 

discount in the last three auctions becomes lower than 10.5%). We can now state our fourth result. 

Result 4: Bidding behavior was slightly less aggressive in the Noisy treatment, but statistically 
indistinguishable in the Known and Endogenous treatments. 

 
Figure 5: Bid Discounts 

 
In each auction, the bar represents the average of the 6 sessions conducted for the corresponding treatment. Recall that the bars in each auction are 
directly comparable across treatments. Stripped bars on the right are per-auction treatment averages. The stars above a bar represent the outcome 
of a 2-tailed permutation test of equal means between the Endogenous treatment (last bar) and the treatment corresponding to the bar under 
consideration. The superscripts ***, **, and * indicate that the null hypothesis of equal means is rejected at the 1%, 5%, and 10% significance levels. 

7.2. Does endogenizing reference prices reduce inaccuracies? 

To measure the inaccuracy of a reference price, we calculate the absolute percentage difference 

between the seller’s value and the reference price actually used to normalize the bid of the 

corresponding commodity: [𝑅# − 𝑉#[/𝑉#. We can see in Table 2 that this reference price inaccuracy 

measure is nearly three times smaller in the Endogenous treatment than in the Noisy treatment 

(5.8% versus 17.6% on average). This treatment effect is highly significant (p < 0.01), and it is 

consistent with the prediction under equilibrium behavior in Table 2. This leads to our fifth result. 

Result 5: The reference prices in the Endogenous treatment are significantly more accurate 
than the unadjusted reference prices in the Noisy treatment, consistent with theory. 

To sum up, the combination of results 4 and 5 confirms that, as suggested by theory, most of the 

increase in auction performance between the Noisy and Endogenous treatments comes from more 
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accurate reference prices, not from adjustments in bidding behavior. 

8. Alternative Endogenization Processes 

The experimental results show that even a simple endogenization of the reference prices can 

improve auction performance. In this section, we use equilibrium behavior to explore the extent to 

which performance can be increased further by using a more sophisticated endogenization process.  

8.1. Weighted average 

We begin by considering a more general process in which the endogenous reference price for 

commodity j is a weighted average of the seller’s noisy value estimate 𝑉*# and the median bid 𝑏2#: 

𝑅#3𝑏2#4 = 𝑤 ∗ 𝑏2# + (1 − 𝑤) ∗ 𝑉*#, with 0 ≤ 𝑤 ≤ 1. The seller ignores the bids submitted when 𝑤 = 0, 

and only the median bid is taken into consideration when 𝑤 = 1. In the Noisy and Endogenous 

treatments, the weight 𝑤 is set to 0 and ½, respectively. Figure 6 shows how the three performance 

measures change with 𝑤 under equilibrium behavior (solid lines with circle markers). As upper 

and lower benchmarks, we also plot the predicted performance measures in the Known and Noisy 

treatments (upper and lower horizontal lines, respectively). Ignore for the moment the dotted and 

dashed lines which will be discussed in the next section. 
 

Figure 6: Alternative Endogenous Process 

 
The connected hollow dots show predicted performance measures when the references price is a weighted average of the seller’s initial value estimate 
and the median bid submitted. The weight placed on the median bid ranges from 0 on the left side of the horizontal axis to 1 on the right side. The full 
dots at w= ½ represent the predicted performance measures in the Endogenous treatment. The lower and upper flat lines indicate the predicted 
performance measures in the Noisy and Known treatments, respectively. The dotted lines connecting the square markers plot predicted performance 
measures when the median bid is debiased before using the weighted average formula. The dashed lines connecting the cross markers show predicted 
performance measures when reference prices are based on the median bidder value (instead of the median bid). 
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Relatively similar patterns emerge for the three performance measures in Figure 6: Performance 

initially increases when some weight is given to the median bid, but it ultimately decreases when 

the seller gives insufficient weight to his noisy signal. For our specification, a weight around 0.7 

seems optimal for every performance measure. In particular, 𝑤 = 2/3 would yield the seller a profit 

of $25.0 per auction on average in equilibrium. This is higher than the predicted seller profit of 

$19.4 in the Endogenous treatment (indicated in Figure 6 by a full dot at 𝑤 = 0.5), but this remains 

substantially lower than the prediction of $63.2 in the Known treatment (upper horizontal line). 

Thus, using a weight around 0.7 further mitigates the impact of noisy value estimates, but it does 

not solve the problem entirely.  

8.2. Weighted average with bias correction 

Although simple and easily implementable, our approach to endogenize reference prices based on 

median bids is in no way optimal. In particular, Table 2 shows that bidders discount their bids by 

10.5% on average under equilibrium behavior. Thus, the median bids may be reasonable and robust 

estimates of the seller’s values, but they are nevertheless biased downward and so are the 

endogenous reference prices.21 Can the seller somehow eliminate or at least reduce this bias?  

In principle, a correction is possible if the bids are in equilibrium and the auctioneer is able to 

invert the equilibrium bid function to recover the bidders’ values from the bids they submit. Given 

the complexity of the environment, such an approach may not be feasible in practice. Alternatively, 

the auctioneer could learn to correct the bias in the median bid from observing the outcome of past 

auctions. For example, if the seller’s actual value tend to be 15% above the median bid in past 

auctions, then the seller could apply a 15% “debiasing factor” to the median bid in future auctions.  

To gauge the effectiveness of this simple debiasing method, we first calculate for each auction 

𝑡 = 1, . . ,12 the debiasing factor 𝛿` equal to the average ratio of the seller’s value to the median bid 

across all commodities sold at previous auctions: 𝛿` =
?

B∗(`a?)
∑ ∑ 3𝑉c#/𝑏2c#4B

#d?
`a?
cd? . Then, the median 

bid for each commodity for sale at auction 𝑡 is multiplied by the debiasing factor. Finally, the 

reference price for commodity 𝑗 is set to the weighted average of the debiased median bid and the 

seller’s noisy value estimate: 𝑅`#3𝑏2`#, 𝛿`4 = 𝑤 ∗ 3𝛿` ∗ 𝑏2`#4 + (1 − 𝑤) ∗ 𝑉*`#. For the first auction, we 

                                                        
21 Klemperer (2010) argues that truthful bidding is a reasonable assumption in a (highest rejected) multi-unit uniform 
price auction because no single bid is likely to set the auction clearing price. Thus, the median bid is an unbiased 
estimate of the seller’s value in this case and no bias correction would be necessary. 
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set 𝛿? = 1 because the seller has no information to debias the median bid.  

Figure 6 shows the predicted performance measures under equilibrium behavior when the 

weight given to the “debiased” median bid varies from 0 to 1 (dotted lines with square markers). 

The figure indicates that endogenizing the reference prices using the debiased median bids 

increases auction performance for every value of the weight 𝑤. Using the debiased median bids 

and a weight around 2/3 yields the highest performance measures. In particular, a weight of 𝑤 = 

2/3 yields the seller a profit of $43.2 per auction on average in equilibrium. This is more than twice 

as high as the $19.4 predicted in the Endogenous treatment and 73% higher than the $25.0 we 

calculated previously with the same weight but without debiasing the median bids.  

This exercise suggests that auction performance can be increased substantially by using data 

from past auctions to debias the median bid. This result is relevant for the auctions discussed in 

introduction (e.g. buyback and QE auctions) because they all involve frequently repeated auctions, 

which gives the auctioneer an opportunity to learn how to make appropriate bias corrections. 

8.3. Performance bounds when bidders’ values are observed 

What would auction performance be under a scenario in which the auctioneer can actually observe 

the bidders’ values? To answer this question, we now assume that the seller revises the reference 

prices for each commodity by taking a weighted average of his noisy value estimate and the median 

of the bidders’ values (instead of the median bid).   

Figure 6 shows the predicted performance measures when the weight given to the median of 

the bidders’ values varies from 0 to 1 (dashed lines with cross markers). As expected, performance 

is systematically higher than in the other two exercises. Further, observe that it is optimal to give 

most of the weight to the median value, but the seller should not ignore his own noisy estimate 

(which would correspond to the case 𝑤 = 1). More importantly, note that the three performance 

measures produced by the bias correction method described in the previous section are very close 

to the bounds that would be obtained if the seller knew the bidder’s values. In particular, the 

average seller’s profit of $43.2 obtained for 𝑤 = 2/3 with the bias correction method is close to the 

$47.7 upper bound obtained using the median values. Thus, when the seller does not know his 

values, alternative methods to endogenize the reference prices are unlikely to provide major 

additional benefits compared to the simple bias correction method. 



 26 

9. Explicit Endogenous Process 

The results from the experiment suggest that a simple endogenous process can enhance auction 

performance significantly. So far, however, we have assumed that subjects do not know how the 

seller sets the reference prices. As discussed earlier, this assumption is consistent with many 

practical auctions for which the allocation mechanism is not fully disclosed. One may wonder, 

however, how auction performance may be affected when the endogenous process is made 

common knowledge. To answer this question, we first report on an additional treatment with 

explicit disclosure, and we discuss how possible bidding manipulations can be avoided in that case. 

9.1. Additional experimental treatment 

The Explained Endogenous treatment is identical to the Endogenous treatment with one exception: 

The experimental instructions given to subjects explain in detail how each endogenous reference 

price is set midway between the seller’s own noisy estimate and the median of the submitted bids. 

As with other treatments, there are 6 sessions, each with 4 bidders and 12 auctions. The random 

number sequence is the same as before, so treatments can be compared directly. 

It is difficult to predict behavior in the Explained Endogenous treatment. Indeed, solving the 

model numerically indicates that there can be multiple equilibria, including a bad equilibrium 

(from the seller’s perspective) with bids at the reserve price. The results of the experiment, 

however, provide no evidence that subjects coordinate on the bad equilibrium. Out of the 6,912 

bids submitted in the Explained Endogenous treatment, none were at the reserve price. Further, we 

find no indication that performance suffers when subjects know the endogenization process. In 

fact, a comparison of the last two rows of Table 2 shows that the three performance measures in 

the Explained Endogenous treatment are actually slightly higher than in the Endogenous treatment. 

This result may be explained by the fact that the average bid discounts is lower in the Explained 

Endogenous treatment than in the Endogenous treatment (see last column of Table 2). 

To sum up, telling subjects how their bids are used to calculate the reference prices does not 

affect bidding behavior in a manner that negatively impacts auction performance. If anything, 

bidders were slightly more aggressive and performance slightly higher when we disclosed the 

endogenization process explicitly. One hypothesis that might explain this result is that subjects are 

more willing to engage in aggressive bidding when the clearing procedure is more transparent.  
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9.2. Avoiding Possible Bidding Manipulation  

When the endogenization process is known, a bidder may have an incentive to submit “phantom 

bids” (i.e. bids at a very low price) with the sole objective of lowering a commodity’s median bid. 

By doing so, the bidder may be able to lower the endogenous reference price and make another 

one of his bids look more attractive to the seller.22 The experiment we conducted provides no 

evidence of such bidding manipulation. In particular, only 0.2% of the bids submitted in the 

Explained Endogenous treatment correspond to a bid discount that exceeds 35%. Thus, bidders 

did not try to influence the median bid by submitting some bids substantially below value.  

Nevertheless, the possibility of phantom bids exists when the endogenous process is common 

knowledge. So, how can the seller avoid possible bidding manipulation? One simple way to do so 

is by not disclosing explicitly the allocation mechanism. As discussed earlier, this is the approach 

often taken by auctioneers in practice. In particular, we saw in footnote 12 that there already exists 

auctions (e.g. Treasury and liquidity auctions) that conceal how the bids submitted are used to 

adjust endogenously the allocation process. These auctions have been conducted repeatedly for 

many years with highly sophisticated bidders and no evidence of bidding manipulation has been 

reported. This therefore suggests that keeping the endogenous allocation process undisclosed can 

be an effective strategy against bidding manipulation. Note also that a concealed endogenous 

reference price auction that allows the seller to improve auction performance at no-cost simply by 

extracting information from the bids submitted is consistent with Milgrom (1989) who notes when 

studying incentives for information gathering: “it is always true, however, that if a decision maker 

can costlessly gather information without letting anyone else become aware of that fact…, then he 

or she would benefit from doing so.” 

An additional measure the seller could take to eliminate incentives for submitting phantom 

bids is to modify the endogenization process. For instance, instead of using the median of all the 

bids submitted for a commodity, the seller could use the median of the highest bid submitted by 

each bidder for that commodity. This way, low phantom bids are not taken into consideration.23 

                                                        
22 Submitting a low phantom bid is essentially cost-free to the bidder because low bids have little chance of being 
accepted. In contrast, bidders have no clear incentives to submit high bids (e.g. above value) to influence the median 
bid because such high bids would have a high probability of being accepted, which would be costly to the bidder. 
23 There are other ways the seller could modify the endogenization process to avoid manipulations. For instance, the 
seller could rely only on the median of the winning bids. This approach is more complex (the auctioneer has to solve 
a fixed-point problem to determine the winning bids) but it can be addressed with standard numerical techniques.  
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Simulations under truthful bidding indicate that this approach produces slightly higher but 

substantially more volatile performance measures. For instance, the average and standard deviation 

of the seller’s profit are $101.6 and $90.2 under this approach, compared to $104.9 and $67.3 in 

the Endogenous treatment. This result reflects the fact that using only the highest bid submitted by 

each bidder for a commodity yields an estimate of the seller’s value that is slightly less biased 

(because it relies on the bids closest to each bidder’s value), but more variable (because it is 

calculated with fewer data points). This exercise illustrates how the endogenization process can be 

adjusted to remove incentives for bidding manipulations without reducing auction performance.24 

10. Conclusion 

An auctioneer using a multi-object, multi-unit auction has to compare bids across different 

commodities. If the auctioneer knows his own value for each commodity, then the “reference price 

auction” (Armantier et al. 2013) enables the auctioneer to accept the bids with the best relative 

values. This paper focuses on the case of an auctioneer with noisy value estimates. We propose a 

generalization of the reference price auction in which the auctioneer reduces value inaccuracies by 

setting reference prices endogenously using information extracted from the bids submitted. To 

illustrate how reference prices may be endogenized, we consider a simple process under which the 

reference price for a commodity is set midway between the seller’s initial noisy value estimate and 

the median of the bids submitted for that commodity. Consistent with theoretical predictions, the 

experimental results indicate that even such a simple endogenous process significantly increases 

three measures of auction performance: the seller’s profit, allocative efficiency and total surplus. 

We also find that using data from past auctions to set reference prices can help the auctioneer raise 

auction performance to a level that is near the upper bound for any endogenous method. Further, 

adjustments to the endogenous process or keeping it undisclosed prevent bidding manipulation.  

These results have practical implications because many important auctions are multi-object, 

multi-unit and involve a budget-constrained auctioneer who may have imperfect value estimates. 

                                                        
24 Collusion is also a legitimate concern for any auction mechanism. Although not immune to the problem, the 
endogenous reference price auction discussed in this paper is less susceptible to collusion. Indeed, as explained in 
AHP, one of the key benefits of a reference price auction is to promote competition by creating thick markets in which 
more bidders can compete across commodities, thereby making collusive behavior more difficult to sustain. 
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Among the examples presented in introduction, consider first the Treasury buyback auctions. The 

General Accounting Office (GAO) has endorsed buyback auctions as a regular and effective debt 

management tool, both in times of surplus and deficit.25 The GAO also recommends using a multi-

object, multi-unit format, and emphasizes the importance of lowering the Treasury’s purchasing 

cost by accepting the most competitive bids. The GAO, however, does not specify how the 

Treasury should “cherry pick” among the bids submitted to achieve this objective. Further, because 

the Treasury is not an active trader on the secondary market, it may not be able to assess precisely 

the relative values of the bids submitted for different bonds. In this context, the endogenous 

reference price auction provides a simple yet effective solution to this allocation problem. Consider 

now the massive QE auctions that are increasingly conducted around the world, in particular since 

the start of the Covid-19 pandemic. Because QE programs are launched in times of crisis when 

markets tend to be impaired, these auctions present a unique challenge: How can the auctioneer 

compare bids across different securities when one cannot rely on market prices to assess their 

fundamental values? 26 Again, the endogenous reference price auction would enable the auctioneer 

to address this challenge and improve performance at QE auctions. 

 
References 
Akcadag O., Baudouin R., Silva A. and I. Raghavan (2015) “Bond buybacks and exchanges: 
Background note,” Washington D.C., World Bank Group. 

Armantier O., Holt C. and C. Plott (2013) “A Procurement auction for toxic assets with asymmetric 
information,” American Economic Journal: Microeconomics, 5(4), 142-162. 

Armantier O. and J. Sporn (2013) “Auctions implemented by the Federal Reserve Bank of New 
York during the Great Recession,” Federal Reserve Bank of NY Staff Reports, 635. 

Asker J. and B. Cantillon (2008) “Properties of scoring auctions,” RAND Journal of Economics, 
39(1), 69-85. 

                                                        
25 Based on the GAO endorsement, the U.S. Treasury has been conducting small-value buyback auctions since 2014. 
The IMF and World Bank recently made similar recommendations for emerging countries (Akcadag et al. 2015).  
26 This challenge led Song and Zhu (2018) to conclude “Given that QE operations tend to be large and could become 
a standard tool in monetary policy, any improvement in the implementation mechanism … could bring substantial 
efficiency gains.” (page 120). See as well Han et al. (2007) and Breedon (2018), who also argue for better auction 
designs to lower the cost of Treasury buyback and QE auctions.  



 30 

Back K. and J. Zender (2001) “Auctions of divisible goods with endogenous supply,” Economics 
Letters, 73, 29-34. 

Bichler M. and J. Goeree (Eds.) (2017) Handbook of Spectrum Auction Design, Cambridge 
University Press.  

Bolton G. and A. Ockenfels (2012) “Behavioral economic engineering,” Journal of Economic 
Psychology, 33, 665-676. 

Breedon F. (2018) “On the transactions costs of UK quantitative easing,” Journal of banking and 
Finance, 88, 347-356. 

Brunner C., Goeree J., Holt C. and J. Ledyard (2010) “An experimental test of flexible 
combinatorial spectrum auction formats,” American Economic Journal: Micro, 2, 39–57. 

Cason T. (1995) “An experimental investigation of the seller incentives in the EPA's emission 
trading auction,” American Economic Review, 85(4), 905-922. 

Cason T., Gangadharan L. and C. Duke (2003) “A laboratory study of auctions for reducing non-
point source pollution,” Journal of Environmental Economics, 46, 446-471. 

Chen-Ritzo C., Harrison T., Kwasnica A. and D. Thomas (2005) “Better, faster, cheaper: An 
experimental analysis of a multiattribute reverse auction mechanism with restricted information 
feedback,” Management Science, 56, 1753-1762. 

Cox, J., Smith V. and J. Walker (1983) “Tests of a heterogeneous bidder’s theory of first-price 
auctions,” Economics Letters, 12, 207-212. 

Cox J., Smith V. and J. Walker (1984) “Theory and behavior of multiple unit discriminative 
auctions,” Journal of Finance, 39, 983-1010. 

Dyer D., Kagel J. and D. Levin (1989) “Resolving uncertainty about the number of bidders in 
independent private- value auctions: An experimental analysis,” the RAND Journal of Economics, 
20(2), 268-279. 

Frost T., Govier N. and T. Horn (2015) “Innovations in the Bank's provision of liquidity insurance 
via indexed long-term repo operations,” Bank of England Quarterly Bulletin. 

Garbade K. (2015), Treasury debt management under the rubric of regular and predictable 
issuance: 1983-2012, Federal Reserve Bank of New York. 

Goeree J. and C. Holt (2008) “Standardized uniform-price reverse auctions: A multi-market 
auction approach for the Treasury’s rescue plan,” proposal submitted to Treasury, October 9, 2008. 

Han B., Longstaff F. and C. Merril (2007) “The U.S. treasury buyback auctions: The cost of 
retiring illiquid bonds,” The Journal of Finance, 62(6), 2673-93.  

Hortaçsu A. and D. McAdams (2010) “Mechanism choice and strategic bidding in divisible good 
auctions: An empirical analysis of the Turkish Treasury auction market,” Journal of Political 
Economy, 118(5), 833–865. 



 31 

Kagel J., Harstad, R. and D. Levin (1987) “Information impact and allocation rules in auctions 
with affiliated private values: A laboratory study,” Econometrica, 55(6), 1275-1304. 

Kagel J. and D. Levin (2001) “Behavior in multi-unit demand auctions: Experiments with uniform 
price and dynamic Vickrey auctions,”  Econometrica, 69(2), 413–454. 

Kagel J. and D. Levin (2016) “Auctions. A survey of experimental research,” J. Kagel, A. Roth 
(Eds.), Handbook of Experimental Economics, Vol. II. 

Klemperer P. (2010) “The product-mix auction: A new auction for differentiated goods,” Journal 
of the European Economic Association, 8(2-3), 526–536. 

Kwasnica A. and K. Sherstyuk (2013) “Multiunit auctions,” Journal of Economic Surveys, 27(3), 
461-490. 

McAdams D. (2007) “Adjustable supply in uniform price auctions: Non-commitment as a strategic 
tool,” Economics Letters, 95(1), 48–53. 

Milgrom P. (1985) “The economics of competitive bidding: A selective survey,” in  Social Goals 
and Social Organization: A Volume in Honor of Elisha Pazner, edited by L. Hurwicz, D. 
Schmeidler and H. Sonnenschein, London: Cambridge University Press, 1985, Chapter 9, 261-89. 

Milgrom P. and R. Weber (1982) “A theory of auctions and competitive bidding,” Econometrica, 
50(5), 1089–1122. 

Myerson R. (1981) “Optimal auction design,” Mathematics Operations Research, 6, 58-73. 

Riley J. and W. Samuelson (1981) “Optimal auctions,” American Economic Review, 71, 381-392. 

Roth A. (2002) “The Economist as engineer: Game theory, experimentation, and computation as 
tools for design economics,” Econometrica, 70, 1341-1378. 

Roth A. (2016) “Experiments in market design,” in Handbook of Experimental Economics Volume 
2, Princeton University Press, 290-346. 

Sade O., Schnitzlein C. and J. Zender (2006) “Competition and cooperation in divisible good 
auctions: An experimental examination,” Review of Financial Studies, 19(1), 195–235. 

Song Z. and H. Zhu (2018) “QE auctions of Treasuries bonds,” Journal of Financial Economics, 
128, 103-124. 

Varian H. (2008) “How to drink the sub-prime kool-aid,” Economists’ Voice, Vol. 5(5).  



 32 

 
Appendix: Experimental Instructions 
 
 
__________________________________________________________________ 
Page 1 
 

General: This is an auction in which you have the role of a bidder who is interested in purchasing 
a portfolio of assets, which will be referred to as "securities." Owning different securities is like 
owning different stocks. Just as shares of the same stock are identical, units of a specific security 
are identical. These units will be referred to as "contracts." 
 

Security Values: There are 4 different securities, labeled A, B, C, and D. Each security has an 
underlying average value. The value of a particular security for one bidder may, however, differ 
from the value to another, due to differences in individuals' overall portfolios and financial needs. 
For each security, you will know your value, but you will not know the average value of the 
security or the security's value for any other bidder. 
 

Auction Procedure: You will be bidding against 3 other bidders in each auction. You will be 
given the chance to purchase contracts for each of the different securities that you have an interest 
in acquiring. The next several pages explain how the seller decides which bids to accept and which 
to reject. 
 
 
__________________________________________________________________ 
Page 2 
 

Seller Value Estimates: The seller has its own seller value estimate for each security. You may 
think of the seller value estimate as being an indicator of the value of that security across all 
bidders. These value estimates will be used by the seller to compare bids across different securities. 
 

Bid Comparisons: The seller is not necessarily interested in accepting the highest price offers 
(bids). Instead, the seller is looking for the best deals, that is, bids that are the highest compared to 
its value estimates. For example, suppose that a bid of $110 is received on a security with a value 
estimate of $100, and a lower bid of $105 is received on a security with a value estimate of $80. 
Then the seller would prefer to accept the second bid, since the difference between that bid and 
the seller's value estimate is greater. 
 

Normalized Bids: To compare bids across different securities, each bid submitted will be 
transformed into a normalized bid by dividing it by the seller's value estimate for that security. 
Hence a normalized bid above 1 means that the bid submitted is higher than the seller value 
estimate. 
 

Bids: You can bid different amounts for different contracts (units) of the same security. For 
example, if you are bidding for 3 contracts of security A, you could submit bids of 85 for one 
contract, 92 for a second, and 103 for a third. Alternatively, you could submit the same amount for 
all three contracts. 
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__________________________________________________________________ 
Page 3 
 

Seller Objective: The seller will accept bids for a given security that exceed the seller value 
estimate for that security, subject to some limits or sales revenue targets to be explained next. 
 

Overall Sales Revenue Targets: The seller has an overall minimum sales target and an overall 
maximum sales target across all securities. This means that the seller will accept bids until the 
sum of all accepted bids across all securities exceeds the overall minimum sales target. After that, 
additional bids may be accepted as long as the total sales revenue does not exceed the maximum 
overall sales target 
 

How Are Bids Accepted? First, the bids for all securities are normalized and ranked from high to 
low in a single list. The seller goes down the list. At each step, a bid is accepted until the overall 
minimum sales revenue has been reached. After that bids are only accepted if 
 

1) the bid exceeds the seller value estimate, and 
 

2) the overall maximum sales revenue target would not be exceeded. 
 

Random Tie Breaking Procedure: In the event of tied bids at the cutoff, random numbers will 
be drawn to break the tie in a manner that gives each tied bid an equal chance of being accepted. 
 
__________________________________________________________________ 
Page 4 
 

Payments: If your bid is accepted, then the amount that you pay is the amount of your accepted 
bid, that is, this is a "pay as bid" auction. You pay nothing when your bid is not accepted. 
 

Earnings: You earn nothing on bids that are not accepted. What you earn for each accepted bid is 
the difference between your value for that particular security and the amount of your accepted bid. 
So a bid equal to your value would result in earnings of $0. Lower bids yield higher earnings if 
they are accepted, but lower bids are less likely to be accepted. So there is a tradeoff that you need 
to face when you decide on which bids to submit. 
 

Partial Acceptance at the Margin: The seller reserves the option of only partially accepting a 
bid, e.g. to avoid having sales revenue exceed a maximum target or to reach a minimum sales 
target with a bid that is below the seller value estimate. For example, if a bid is only half accepted, 
then the bidder would only pay half of the bid and would only earn half of the bidder's value. 
 
__________________________________________________________________ 
Page 5 
 

Example: A Combined Auction with Two Securities Suppose the bids 
are $12, $10, and $8 for security A, and are $22 and $18 for security B. If the seller value 
estimates are $10 for security A and $20 for security B, then the ranked normalized bids are as 
shown below. 
 

Security A:   Security B: 
Bids = $12, $10, $8   Bids = $22, $18 

Seller Value Estimate = $10   Seller Value Estimate = $20 
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Ranked Normalized Bids: 
1.2 (=$12/$10) 
1.1 (=$22/$20) 
1.0 (=$10/$10) 
0.9 (=$18/$20) 
0.8 (=$8/$10) 

 

Example with Minimum Combined Sales of $30: A minimum sales target of $30 would be 
reached by accepting the bids of $12 and $22. The bid of $10, with the third highest normalized 
bid, could also be accepted since the bid-to-estimate ratio for this bid is 1 (as long as it is the case 
that including this third bid does not cause total sales to exceed the seller's maximum combined 
sales limit). The bids of $18 and $8 with bid-to-estimate ratios below 1 would be rejected. 
 

Example with Minimum Combined Sales of $60: The bids with the four highest normalized bid 
ratios ($12, $22, $10, and $18) add up to a total of $62, and these would have to be accepted to 
reach a minimum combined sales target of $60. Note that this requires that the bid of $18 for 
security B is accepted, even though is it below the seller value estimate of $20 for that security. In 
this case, the $18 bid at the margin would only be partially accepted, at a rate of 16/18 or 8/9, 
which would cause the total sales revenue to be exactly $60. The bid of $8 (with a normalized bid 
of 0.8) at the bottom of the list would be rejected. 
 
__________________________________________________________________ 
Page 6 
 

Combined Sales Targets: The seller's overall minimum sales target for all 4 securities 
combined is $1200, and the overall maximum sales target is $2000 
 

Security Average Values: Some securities will be worth more, on average, than others. The 
average value for each security has been drawn randomly from a range between $20 and $80. All 
integer value amounts in this interval are equally likely. Hence, each security has an average value 
between $20 and $80. 
 

Your Security Values: Your value for a given security is drawn randomly from a range 
between $10.00 below the security average value and $10.00 above the security average value. All 
value amounts in this interval are equally likely. Others' values for a given security will be 
determined randomly in the same manner. The range of possible values for a given security with 
a high average value will be higher than the range for a less valuable security. There will be a 
series of auctions, and new random values will be drawn independently for each security and for 
each bidder at the start of each auction. 
 

High or Low Values: If you have a high value for a given security, it could be because your draw 
is high in the interval of possible values that bracket the average value, or it could be because the 
average value for that security turned out to be high, in which case the other bidders are also likely 
to have received high values. Conversely, all bidders' values will be low for a less valuable security 
with a low average value. 
 

Seller Value Estimates: For each security, the seller uses best available information to estimate 
its market value. Note that a higher seller value estimate will generally correspond to a more 
valuable security.  
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Reserve Price: The seller will not accept any bid that is below $10, and your bid submission menu 
will not include lower bid amounts. 
 
__________________________________________________________________ 
Summary Page 
 

Bids specify the price at which you are offering to pay for contracts of a specific security. 
 

Bids for all securities are considered together, starting with acceptance of the highest normalized 
bids (i.e. with the highest bid-to-seller-estimate ratios) and going down the combined list of ranked 
normalized bids. Once the overall minimum sales revenue target of $1200 for all securities is 
reached, additional bids will be accepted if they exceed the seller value estimate until the overall 
maximum combined sales revenue limit of $2000 is reached. 
 

You will not find out the seller value estimates prior to making your bids; you will only be able to 
see those when the auction clears and you find out whether your bids are accepted or rejected. 
 

Purchase Price = Accepted Bid, so all successful bidders will pay their (un-normalized) bid 
amounts. 
 

The sale price for an accepted bid is the bid amount, so to make money, you will have to bid below 
your values for the securities you desire. But if you bid too low, your bids may not be accepted, 
and earnings are zero on bids that are not accepted.  
 

Average Values for each security will be drawn randomly from a range that is between $20 and 
$80. 
 

Individual Values for each security for each bidder will be taken from a range that is within plus 
or minus $10.00 of the average value. 
 

There will be 12 auctions, and your security values will be randomly regenerated for each new 
auction. The program will keep track of your total earnings for all auctions. 
 

Special Earnings Announcement: Your cash earnings will be 8% of your total earnings at the 
end of the experiment. 


