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Abstract

This paper investigates the behavior of simulated Al agents (large language models, or LLMs) in
auctions, introducing a novel synthetic data-generating process to help facilitate the study and design of
auctions. We find that LLMs - when endowed with chain of thought reasoning capacity - agree with
the experimental literature in auctions across a variety of classic auction formats. In particular, we find
that LLM bidders produce results consistent with risk-averse human bidders; that they perform closer to
theoretical predictions in obviously strategy-proof auctions; and, that they succumb to the winner’s curse
in common value settings. On prompting, we find that LLMs are not very sensitive to naive changes in
prompts (e.g., language, currency) but can learn to improve dramatically towards theoretical predictions
with the right mental model (i.e., the language of Nash deviations). We run 1,000+ auctions for less
than $400 with GPT-4 models (three orders of magnitude cheaper than modern auction experiments) and
develop a framework flexible enough to run auction experiments with any LLM model and a wide range
of auction design specifications, facilitating further experimental study by decreasing costs and serving as
a proof-of-concept for the use of LLM proxies.
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1 Introduction

Rapidly advancing capabilities of large language models (LLMs) raise an exciting possibility: might LLM
agents serve as cost-effective proxies for human bidders, thereby making experiments orders of magnitude
cheaper to run? In this paper, we contribute to an emerging literature on LLM proxies by testing whether
LLM agents can replicate key empirical regularities of the auctions literature. We map LLM behavior in
standard auction formats against established human and theoretical benchmarks from economics, providing
a proof-of-concept for low-cost, large-scale auction experimentation using LLM bidders.

We begin by benchmarking play with LLM bidders in classic environments: sealed-bid auctions in
independent, private-value settings. When there are departures from the theory, we are interested in whether
the departures agree with empirical results (Kagel and Levinl [1993} | Kagel and Roth| 2020). We find that
agents fail to replicate revenue equivalence results (as existing empirical evidence suggests). We find that
bids in the SPSB auction are higher than bids under the FPSB auction, as would be expected, but that there
is a smaller separation between the two than predicted by theory. This is primarily due to bids under the
FPSB auction being higher than the risk-neutral Bayes-Nash equilibrium suggests. One possible explanation
is that LLMs play according to some level of risk aversion: this is consistent with |Cox et al.|(1988)’s survey
of over 1,500 IPV auction experiments, which finds that revenue under the FPSB auction is higher than
under the SPSB auction and suggests that this is due to risk attitudes. In addition, we see LLMs in the
SPSB auction tend to submit bids lower than their value to an extent that is not echoed in the experimental
economics literature. We also supplement this analysis with simulations of the third-price sealed bid (TPSB)
and all-pay auctions.

Next, we fix the second-price auction and consider classic ways to make the auction ‘easier’ or ‘harder’
to play, to learn whether LLMs exhibit behavior similar to humans in the face of cognitive constraints.

A classic puzzle in the study of second price auctions is that bidders find it easier to play the dominant
strategy equilibrium in second-price ascending clock auction rather than second-price sealed-bid auctions,
despite the two having the same strategic form (Kagel et al.| [1987). Theory and empirics (L1, 2017) have
recently been developed to argue this is because ascending clock formats are less cognitively demanding
than sealed-bid ones, causing humans to make less mistakes relative to the dominant strategy of bidding
one’s value. We find that LLMs also find clock formats easier to play — they are more likely to exit the
auction (the analogue to bidding in the sealed-bid format) at their value. Following |Li| (2017), we study
this in an affiliated private value setting, replicating their results with LLMs. We also compare the typical
clock auction with a blind variant (a clock auction where bidders do not know when others drop out) and the
corresponding second-price sealed-bid auction, and find that switching to a clock format accounts for most
of the improvement in LLM play.

Next, we add complexity to the auction environment by considering the second-price auction under a
common value setting. Under common values, all agents agree on their value for the prize ¢, but each only
observes their valuation for the prize under some idiosyncratic, private measurement error ¢ + p;. This
auction environment is more cognitively demanding than the independent, private values case as agents do
not know whether their observed high valuations are due to high draws of ¢ or the measurement error p;,
and this tension produces the winner’s curse: that the winning agents wish they had never won, having been
adversely selected to be the bidder who least appreciated their high signal was due to a high p;. The winner’s
curse is purely a non-rational phenomenon — only the cognitively limited agent suffers from it. The existing
economics literature finds humans regularly suffer the winner’s curse in common value settings, and we
find results vindicating this evidence with LLM agents: LLMs succumb to the winner’s curse as well. In
particular, Kagel and Levin| (1986) famously find experimental evidence for the winner’s curse and argue
that the winner’s curse barely bites with 3-4 bidders but seriously bites for larger auctions with 6+ bidders.



We find qualitatively similar results hold with LLM agents as well.

These classic results are some of the reasons economists have found auction theory to be beautiful over
the last few decades, but auctions can also be useful (Milgrom and Segal, |2020). Auctions are used to clear
billions of dollars of value annually, and one may ask how LLMs fare in less controlled settings. To answer
this, we design a more realistic auction environment inspired by eBay’s online marketplace. We examine
two design parameters: a hidden reserve price and a modified closing rule (soft-close, which extends the
auction when there is bidding activity). First, we demonstrate that LLM agents replicate emergent, real-
world bidding behaviors seen on eBay with no prompting: in auctions with a hard closing time, LLMs
frequently delay bids until the last second to ‘snipe’ their competitors as humans would. Second, experiments
testing the design of an extended closing rule greatly reduce bid sniping and improve price discovery, echoing
dynamics of online auctions between Amazon and eBay in the early 2000s (Roth and Ockenfels| 2002).

The ability to interface more directly with our experimental subjects also enables us to study the expla-
nation of mechanisms more carefully. Auctions are most prized as mechanisms to allocate goods efficiently,
but if agents don’t understand the rules they can’t be expected to play well. How can we describe and explain
mechanisms to empower optimal play cheaply? We conclude the body of our paper by testing interventions
designed to influence or aid LLM bidders’ understanding of the underlying economics of the setting and
its willingness to follow rules. In particular, we test six interventions: an extensive-form menu description
meant to simplify the equilibrium logic inspired by (Gonczarowski et al.|(2023)); a description describing the
auction via a clock (without actually running the clock auction) inspired by |Breitmoser and Schweighofer-
Kodritsch| (2022)); a description walking an LLM through the logic of Nash deviations; a description which
prompts agents to be risk-neutral; a description which reveals the correct statement that the SPSB’s domi-
nant strategy is to bid one’s value; and a description that incorrectly reveals a false statement that the SPSB’s
dominant strategy is to bid half of one’s value. We find that all the interventions that were meant to improve
the correctness of an LLM agent’s bidding strategy helped, with the logic of Nash deviations helping the
most of the first three. Unsurprisingly, the false statement intervention causes LLMs to play poorly, but
interestingly, the LLM continues to experiment with new strategies upon determining the given advice was
bad.

The remainder of the paper proceeds as follows. In Section 1.1, we report related work. In Section 2,
we describe our simulation procedure and prompting methods in more depth. In Section we benchmark
LLM play against sealed-bid auctions in independent, private value settings. Then, for the rest of the paper,
we fix the game as a second-price auction and test various design considerations. In Section[3.2] we vary the
auction format and find that LLMs play clock formats the best. In Section[3.3] we add cognitive complexity
to the auction environment by switching to a common value environment and show that LLMs succumb to
the winner’s curse. Both of these Sections replicate key empirical regularities found in laboratory and real-
life play. In Section[d] we implement auctions inspired by eBay’s marketplace and provide new evidence for
classic debates on design parameters in internet auctions. In Section 5} we introduce interventions designed
to influence or aid LLM bidders’ understanding of the underlying economics of the setting. We find that
prompting matters, and that, surprisingly, LLMs improve play dramatically when instructed to follow the
logic of Nash deviations.

In the Appendix we report complete simulation procedures, prompts and numerous robustness checks.
In particular, we ran experiments with prompts from other contemporaneous auctions experiments (e.g.,
the Appendix script from |Li| (2017)), with prompts in different languages and with different currencies,
and with varying numbers of bidders. All experiments are run with chain-of-thought agents, but we also
run an ablation study with out-of-the-box agents. We also find interesting evidence that ‘goal’ prompting
(e.g., reminding the LLM that the goal is to maximize profit) leads to bidding that more closely follows
rational economic theory, leading to higher allocative efficiency. See alsoManning et al.|(2024) for a related



discussion.

To obtain the data for these empirical results, we have developed a code repository to systematically run
experiments with a certain number of bidders and a particular prompt. In particular, our repository is flexible
enough that it can be used to generate synthetic data for almost any describable auction format and including
auctions with single or multiple goods For the experiments described in this paper, we ran more than 1, 000
auctions with more than 5,000 GPT-4 agent participants for costs totaling less than $400. In contrast, the
largest survey of auction experiments to date comes from|Cox et al.| (1988)), reporting the results of running
1,500+ auctions and with considerably higher total cost.

1.1 Related Work

Auctions: There’s a vast quantity of theoretical and experimental literature on auctions. While Krishna
(2009)’s textbook and [Kagel and Roth| (2020)’s handbook provided invaluable general resources, we will
stay focused only on the citations relevant to the results in this paper.

Starting with the IPV case, the benchmark of revenue equivalence in the risk-neutral case is exposited
in the seminal Myerson| (1981). The experimental evidence for departures due to risk-aversion in the FPSB
auction is thoroughly documented in|Coppinger et al.|(1980) and |Cox et al.|(1988)’s survey. The experimen-
tal evidence for the common error of bidding above one’s value in the SPSB auction is documented in|Kagel
and Levin| (1993).

Recent work on obvious strategy-proofness began with |Li| (2017), who demonstrates empirically that
human subjects tend to be less truthful in second-price sealed-bid auctions than ascending clock auctions
in the APV setting, even though the two auctions are strategically equivalent. Li also provides a theoretical
framework for the results. To better understand our simulations, we also consider the experimental evidence
presented by [Breitmoser and Schweighofer-Kodritsch| (2022), who investigate intermediate auction formats
that decompose the behavioral effects in |Li| (2017)).

For common value settings, the winner’s curse has been documented empirically and experimentally.
Experimental evidence for the winner’s curse was first given by [Bazerman and Samuelson| (1983). For
the present paper, we primarily follow the empirical approach in |[Kagel and Levin| (1986) (FPSB auctions
with varying numbers of bidders) and |Kagel et al.|(1987) (SPSB auctions with informational interventions).
Empirically, the winner’s curse was first documented in 1971, in auctions for oil drilling rights by |Capen
et al.|(1971). Theoretically, while the winner’s curse is fundamentally a problem of non-rational play, |Char-
ness and Levin| (2009) provide a model to cast the adverse-selection problem as a failure from cognitive
constraints, microfounding our interest in evaluating LLM susceptibility to the winner’s curse via bounded
rationality.

LLMs as simulated agents: Recent LLMs, having been trained on an enormous corpus of human-
generated data, are able to generate human-like text and reasoning (Achiam et al., 2023 [Bubeck et al.|
2023). Yet, they are far from perfect — in particular, displaying limited planning abilities and reflecting
various cognitive biases endemic to human agents (Wan et al., 2023)).

There is a growing literature on using these human-like Al models as simulated agents in economics
and social science studies (Aher et al.,[2023}; Brand et al., [2023}; [Park et al.,[2023). In this literature, Horton
(2023)) replicates four classical behavioral economics experiments by endowing a single LLM agent with
different personas and querying it about its decisions and preferences. Manning et al.[(2024) enable multiple
GPT-4 agents to interact and simulate various social science scenarios, including bargaining, job interviews,
and bail-setting. Finally, Raman et al.| (2024) develop a benchmark of rational play for LLMs over a broad

'We will make the code-base public and hope this will facilitate additional research into the role of LLMs as modeling human bidder
behavior.



range of economic tasks. Compared to humans, the inference cost of LLM queries is very low and continues
to decrease (Achiam et al., 2023; Bae et al.| 2023} |Patel et al., [2023)).

LLMs in auctions: There are a few works on systematically using LLM as simulated agents in auction
experiments. [Fish et al.| (2024) study the collusion behaviors in first-price sealed-bid auction of two LLM
agents under the context of LLMs as a price setter for companies. (Chen et al.| (2023) study how to make
an LLM better at playing auctions than humans to study dynamic decision making. Finally, Manning et al.
(2024) run a more limited study on a variant of the ascending clock auction with three bidders, focusing on
deviations from rational economic theory in considering bidders’ values and the final clearing price.

2 Methods

2.1 LLM as Auction Participants

We use a single LLM API call to represent one bidder in our auction simulations. Unlike traditional agent-
based modeling, we do not anchor bidder behaviors or personas mechanically beyond a name to index them
(e.g., Alice, Betty or Charles). Instead, we allow LLMs to conduct their own strategic reasoning and in-
context learning to generate bids. Hence, we focus on how these LLM agents strategically interact, without
concern for demographic representativeness, as our primary interest is strategic behavior in mechanisms.

To ensure that LLM agents make profit-maximizing decisions, we append a prompt prefix that explicitly
instructs them to seek long-run profit maximization. This instruction is universal in all the experiments ran
in this paper, and is inspired by [Fish et al.|(2024). Complete details on prompts and execution can be found
in Appendix [B.I] Specific implementation details for non-sealed-bid formats (the clock and eBay auction
formats) are provided in their respective sections.

Before eliciting bids in each period, we provide a description of the auction rules along with randomly
drawn values and information from previous rounds. Standard prompting techniques like chain-of-thought
(Wei et al.,|2022) are also used to mimic the strategic ‘thinking period” which is common to auction experi-
ments in the literature (e.g., L1 (2017)).

2.2 Simulation Procedure

For each auction experiment, we simulate n (often 3) LLM agents bidding against one another. Each setting
is repeated multiple times, with randomized private values drawn for each round. We design our multi-round
protocol to mirror standard laboratory experiments in the auction literature. The item to be bid in standard
auctions is specified as a “prize”. In eBay auctions, we arbitrarily set the prize item as a “256GB [Phone 16
pro” and the item condition is set to be “used” for realism.

Below is our simulation procedure for each auction; full prompt texts are in Appendix[G] and an example
round is in Appendix The simulation procedure is designed to mimic experiments in the literature as
closely as possible:

1. Planning. LLM agents receive a description of the auction format and are asked to propose a bidding
plan.

2. Value Realization. Each LLM agent is assigned a random private value.
3. Bidding. Given their value, each agent places a bid according to their stated plan.

4. Outcome. The system computes allocations and payments. Each LLM agent learns its own profit or
loss outcome, as well as the full set of bids submitted (but not other agents’ private values).



5. Reflection. Before the next round, each LLM agent reviews the results and possibly revises its ap-
proach. These updates are stored in the HISTORY variable.

6. Repetition. One complete “plan-bid-reflect” loop is one round. We repeat 15 rounds in each experi-
ment, with the entire HISTORY carried forward.

API calls are made using the Python package Expected Parrot Domain-Specific Language (EDSL), a
wrapper that structures LLM queries and responses in the desired format (Horton et al., [2024). Each agent
in our sample is supported by a separate API call via EDSL, thereby nullifying the risk of collusion. For
every auction, we use models from OpenAl at a temperature of O.SEI The full code base will be made
open-source for research and replication at GitHub upon publication.

3 Benchmarking Against Existing Auctions

3.1 Sealed Bid Auctions with Independent Private Values

We begin by examining the First-Price Sealed-Bid (FPSB), Second-Price Sealed-Bid (SPSB), Third-Price
Sealed-Bid (TPSB) and All-Pay Sealed-Bid auctions in an independent private values (IPV) setting.

3.1.1 Setting

There are three bidders in each auction, and each bidder ¢’s value is drawn from an independent, uniform
distribution v; ~ U0, 99]. Bidders, upon observing their value, submit a sealed bid 3(v), with 5(-) a vector
mapping each component value to its corresponding bid, corresponding to a strategy profile for reporting
based on the valuation profile.

In the FPSB auction, the highest bidder pays her bid and receives the prize (and all other bidders pay 0
and receive no prize). Formally, the payment for an agent is given by:

ti(B(v)) = 14 won the auction * Bi (V).

In the SPSB auction, the highest bidder pays the second-highest bid and receives the prize (and all other
bidders pay 0 and receive no prize). The payment for an agent is given by:

t; (5(0)) = 1 won the auction - ﬂ(z) (U)7

where 3(?) represents the second-order statistic or the second-largest bid. Analogously, in the TPSB auction,
the highest bidder pays the third-highest bid and receives the prize (and all other bidders pay 0 and receive
no prize). The payment for an agent is given by:

t; (,6(1))) = T won the auction * ﬁ(g) (1}),

where 3 represents the third-order statistic or the third-largest bid. Finally, in the all-pay auction, all
bidders pay their bid but only the highest bidder wins the prize. The payment for an agent in the all-pay
auction is given by:

ti(B(v)) = Bi(v).

Bids are submitted in $1 increments and ties are resolved randomly.

2We set a non-zero temperature to encourage diversity in strategies and reflections. No parameter tuning was performed to achieve
these results.



3.1.2 Prompts

Following the simulation procedure outlined in Section [2.2] we employ the following prompts for the four
auctions tested in this Section. For each prompt, only the third paragraph (describing the allocation and
transfer rule) differ. For the FPSB, we describe the auction format as follows:

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize, randomly drawn between \$0 and \${{private}},
with all values equally likely.

After learning your value, you will submit a bid privately at
the same time as the other bidders. Bids must be between \$0

and \${{private}} in \${{increment}} increments.

The highest bidder wins the prize and pays their bid amount. If

you win, your earnings will increase by your value for the
prize, and decrease by your bid. If you don’t win, your
earnings will remain unchanged.

After each auction, we will display all bids and the winner’s
profits. Ties for the highest bid will be resolved randomly.

For the SPSB, we describe the auction format as follows:

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize, randomly drawn between $0 and ${{private}}, with
all values equally likely.

After learning your value, you will submit a bid privately at
the same time as the other bidders. Bids must be between $0
and ${{private}} in ${{increment}} increments.

The highest bidder wins the prize and pays the second-highest
bid. If you win, your earnings will increase by your value
for the prize, and decrease by the second-highest bid. If
you don’t win, your earnings will remain unchanged.

After each auction, we will display all bids and the winner’s
profits. Ties for the highest bid will be resolved randomly.

For the TPSB, we describe the auction format as follows:

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize, randomly drawn between $0 and ${{private}}, with
all values equally likely.



After learning your value, you will submit a bid privately at
the same time as the other bidders. Bids must be between $0
and ${{private}} in ${{increment}} increments.

The highest bidder wins the prize and pays the third-highest
bid. If you win, your earnings will increase by your value
for the prize, and decrease by the third-highest bid. If you

don’t win, your earnings will remain unchanged. If there
are less than three bids, no one will win the auction.

After each auction, we will display all bids and the winner’s
profits. Ties for the highest bid will be resolved randomly.

For the all-pay auction, we describe the auction format as follows:

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize, randomly drawn between $0 and ${{private}}, with
all values equally likely.

After learning your value, you will submit a bid privately at
the same time as the other bidders. Bids must be between $0
and ${{private}} in S${{increment}} increments.

The highest bidder wins the prize. All bidders (including the
winner) pay their submitted bid. If you win, your earnings
will increase by your value for the prize, and decrease by
your bid. If you don’t win, your earnings will still
decrease by your bid.

After each auction, we will display all bids and all bidders’
profits. Ties for the highest bid will be resolved randomly.

3.1.3 Theoretical benchmarks

The risk-neutral equilibrium strategy in all four of these auction formats is well understood. We summarize
the functional forms of these strategies - specific to our setting - below in Table[I]

Risk-neutrality is a particularly strong theoretical assumption. In practice, human subjects deviate from
the risk-neutral equilibria of Table [T} and these deviations have motivated a broader theoretical literature
seeking to rationalize bidding behavior under alternative assumptions about bidder preferences and decision-
making (ambiguity aversion, loss aversion, probability misperception, etc). The most enduring and broadly
applicable explanation remains risk aversion — we will focus on this explanation in the following Section as
well.

Risk-averse bidders are willing to lose value in expectation for more certainty. In this paper, we focus
on two canonical formalizations: Constant Absolute Risk Aversion (CARA) and Constant Relative Risk



Auction Type Risk-Neutral Equilibrium Strategy

First-Price Sealed-Bid* 20
Second-Price Sealed-Bid** v
Third-Price Sealed-Bid* 2v
All-Pay Auction* oV

Table 1: Risk-neutral equilibria of IPV auctions with 3 bidders and values drawn uniformly, v ~ U[0, 99].
A single asterisk (*) denotes a Bayes-Nash equilibrium, while a double asterisk (**) denotes a dominant
strategy equilibrium. Derivations in Appendix

Aversion (CRRA) preferences

CARA: U(z)=—e, X>0
xl=r

CRRA: U(gc):1 , p>0, p#1

The CARA specification assumes a bidder’s absolute risk tolerance remains fixed across wealth levels,
whereas CRRA assumes risk tolerance scales with wealth. CARA is more analytically tractable (and has a
closed form for each auction) but is not scale invariant (switching units from dollars to cents changes CARA
parameter estimates). CRRA is less analytically tractable (we report numerical solutions for empirical re-
sults) and scale invariant, making it easier to compare our results with previous empirical results.

Table 2] presents the equilibrium bidding strategies under CARA and CRRA preferences, with functional
forms that explicitly incorporate the risk-aversion parameter. There is no new theoretical prediction for the
SPSB auction under risk-aversion, as dominant strategies are invariant to risk attitudes.

Auction Type CARA Equilibrium CRRA Equilibrium
. . . 1 - 2
First-Price Sealed-Bid v—yIn@B—2e") —
2+p
Third-Price Sealed-Bid v+ 3 In(1+ M) Numerical solution to ODE
All-Pay Auction Numerical solution to ODE  Numerical solution to ODE

Table 2: Bayes-Nash equilibria under CARA () and CRRA (p) preferences with n bidders and values
drawn uniformly, v ~ U[0, 1]. Derivations in Appendix

Finally, irrespective of risk attitudes, theory universally predicts monotone bidding functions in single-
unit IPV settings. Monotone bidding is a benchmark of auction theory more generally, reflecting the as-
sumption in utility theory that “more is better”.

3The CARA specification is also given as U (z) = 1 — e~ %, the same preferences under affine transformation.



3.1.4 Empirical benchmarks and results

For each of the IPV auction formats, we perform 5 experiments with 15 rounds and 3 LLM bidders compet-
ing over a prizeﬂ

Our main results are plotted in Figure [T] and Figure 2] alongside the prediction of rational theory. On
each plot, we fit a Loess-smoothed curve — these curves impose no parametric restrictions on the data and
constitute evidence of monotonicity. A formal test is also offered later this section. We will first discuss the
results of each of our simulations compared to the existing literature, highlighting five points in the analysis.
1) LLM play, in aggregate, looks similar to human play. 2) However, individual bids from LLMs are often
mistakes, far from the optimal play. 3) These mistakes are consistent with risk aversion. This argument is
made precise by identifying CARA and CRRA utility coefficients for LLM bidding and comparing them to
the literature. 4) Mistakes in the SPSB, though unattributable to risk attitudes, also occur at the same rate
as in human literature with some qualitative differences. 5) In sum, we find the largest qualitative difference
between human and LLM bidding is that LLM bidding is higher variance. This motivates some interest in
prompting which we return to later in the paper.
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Figure 1: Comparison of bids vs. values for the FPSB (left) and SPSB (right) auction in an IPV
setting. Bidders’ values are independently drawn from a uniform distribution over [0, 99] and LLM bids,
given a value, are represented by blue circles. The black dotted line represents the 45° line (the dominant
strategy for SPSB auctions), the green dashed line represents the Bayes-Nash Equilibrium on the FPSB
plot, and the solid red line represents the LOESS-smoothed bidding curve for both plots.

First, we summarize the distributional features of our sealed-bid auctions. Bidding is diffuse, with most
bidders deviating from optimal play. Table [3]summarizes these distributions, categorizing bids as underbids,
value bids, or overbids relative to one’s value. However, aggregate patterns across auction formats provide
encouraging evidence that, in aggregate, LLM agents are responding strategically to the change in auction
format in ways theory predicts. First, we find evidence of monotonic bidding (in aggregate), testing this
with a Kendall-7 test in Table [5] Monotonicity is an empirical regularity in the auctions literature, and the

4While these specifications are designed to meet the ‘classic’ auction formats of the literature, we also report the results of several
variants in Appendix@ In particular, we run one-shot auction simulations (as opposed to multi-round) with n = 4, 5, and 10 bidders,
auctions with prompts using various currencies, and auctions with non-English prompts using various currencies.
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Figure 2: Comparison of TPSB and all-pay under IPV setting. Bidders’ values are independently drawn
from a uniform distribution of [0, 99] and the experimental data points are represented by blue circles. The
black dotted line represents bid=value (the dominant strategy for SPSB auctions), the green line on the
FPSB figure denotes the Bayes-Nash Equilibrium, and the solid red line represents the LOESS-smoothed
bidding data. Here, we show results for third-price auctions on the left, and all-pay auctions on the right.

basis for the ubiquitous monotonicity assumption taken in auction theory. Second, we find evidence that as
k increases for the k-th price auction, the distribution of bids versus values shifts upward (Monderer and
Tennenholtz, [2000). In the FPSB auction, only 4.4% of bids exceed the bidder’s value (a weakly dominated
strategy), with the vast majority of bidders underbidding relative to their values. In contrast, the distribution
shifts upward for SPSB (12.44% bids higher than their value) and TPSB (27.11% bids higher than their
value). x? tests between the bidding distributions confirm this visual intuition, with results reported in
Table E} The closest evidence from the empirical literature, [Kagel and Levin| (1993), find similar results,
also running x? tests to confirm that distributions are distinct and moving relatively up from the FPSB to
the SPSB to the TPSB auction. The difference between Kagel and Levin| (1993)’s results and our own on
this matter is one of magnitudes — while the bidding distributions for the k—price auction are significantly
distinct and increasing in k, there is more separation between bidding distributions with human bidders than
LLM bidders.

Auction Type Underbidding (%) Value Bidding (%) Overbidding (%)
First-Price Sealed-Bid 82.22 13.33 4.44
Second-Price Sealed-Bid 65.78 21.78 12.44
Third-Price Sealed-Bid 42.22 30.67 27.11
All-Pay 94.67 4.44 0.89

Table 3: Bidding relative to one’s value. Underbidding is defined as 3;(v) < v;; Value bidding is defined
as f3;(v) = v;; Overbidding is defined as 5;(v) > v;.

Despite features in aggregate corresponding to rational theory, most individual bidding is not optimal
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Auction 1 Auction 2 x? Statistic ~ p-value

First-Price Second-Price 22.97 0.0063 Auction Type Kendall’s 7,  p-value
Flrst—Prlce. Th%rd—che 35.68 < 0.0001 First-Price 0.672 < 0.0001
Second-Price  Third-Price 36.67 < 0.0001 .

. . Second-Price 0.666 < 0.0001
All-Pay First-Price 11.77 0.2642 . .

. Third-Price 0.671 < 0.0001

All-Pay Second-Price 24.69 0.0033 All-Pa 0660 < 0.0001
All-Pay Third-Price 5946 < 0.0001 Y : '

Table 5: Kendall’s 7, test for bid
monotonicity. 7, = 1 indicates perfect
positive monotonicity, while 7, = —1
indicates perfect negative monotonicity.

Table 4: Chi-square tests for sealed
bid auctions in an IPV environment.
All auctions with the exception of the
all-pay and first-price auctions are
statistically distinct.

play. We can account for many of these mistakes by modeling risk preferences. To quantify risk attitudes in
LLM bidding, we estimate risk coefficients under CARA and CRRA preferences for the FPSB, TPSB and
all-pay auctions according to the specification in Section[3.1.3] The SPSB is excluded from this analysis as
dominant strategy equilibria are invariant to risk attitudes. Results are summarized below in Table [6]

Model FPSB TPSB All-Pay Literature Range
CRRA (p) 0.54 1.79 0.52 0.3-0.8
CARA (\) 0.013 1.01 0.01 0.008-0.02

Table 6: Estimated risk aversion parameters. Literature range is based on|Cox et al.[(1988) for FPSB and
Dechenaux et al.[(2015) for All-Pay auctions. For TPSB, we compare to the limited experimental evidence
from |Kagel and Levin|(1993)).

The most robust empirical finding from the current literature is for the FPSB auction; it’s a well-known
empirical result that bidders in the FPSB bid above the risk-neutral Nash equilibrium level due to risk
aversion, thereby failing revenue equivalence (Cox et al., [1988} [Kagel and Levin, [1993; Kagel and Roth|
2020). The implied CARA and CRRA parameters align closely with measured risk attitudes in human
subjects. For TPSB auctions, estimated risk-aversion parameters are notably larger than both the FPSB
parameters and typical literature benchmarks, but still consistent with a coherent risk-averse framework.
One plausible explanation for the higher observed risk-aversion in TPSB may be the compounding influence
of loss aversion, which biases bids in the same downward direction as risk aversion. The all-pay auction
results present a more complicated picture. The estimated parameters for all-pay auctions suggest reasonable
risk attitudes. However, these estimates cannot fully explain observed deviations: low-valued bidders, for
instance, systematically fail to reduce their bids below equilibrium predictions, contrary to standard risk-
aversion reasoning. This inconsistency may indicate a deeper misunderstanding among LLM agents about
the strategic complexity inherent to the all-pay mechanism. It is worth noting that human experiments on
all-pay auctions also yield highly variable results, reflecting the cognitive challenge this format presents to
both human and LLM bidders alike (Dechenaux et al., [2015}|Gneezy and Smorodinsky, [2006).

While risk-aversion offers explanatory power for mistakes relative to the risk-neutral benchmark in the
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FPSB, TPSB and all-pay auctions, it cannot help explain deviations from truthful bidding in the SPSB.
Nevertheless, as with human bidders, LLM bidding in the SPSB auction exhibits numerous departures from
equilibrium play. Table |3| summarizes the frequency of underbidding, value bidding, and overbidding by
LLM bidders, comparing these results directly with human data from Kagel and Levin| (1993). In our
experiments, 22% of bids exactly match bidders’ values, closely aligning with the 27% reported by Kagel
and Levin (1993)E] Despite similar overall rates of mistakes, the nature of these deviations differs strikingly.
In a SPSB auction with 5 players, | Kagel and Levin| (1993) find the distribution of bids to be right-skewed,
with most of the bidding mass (67%) on over-bidding one’s value. In contrast, we find the distribution of bids
to be primarily left-skewed, with most of the bidding mass (66%) on under-bidding one’s value. The contrast
highlights that despite both under-bidding and over-bidding being violations of strategy-proofness, they
represent two distinct types of behavioral errors empirically — an insight that has not been well rationalized
by the auctions literature yet. The prevalence of underbidding among LLM bidders further suggests loss-
aversion to a degree not observed in human bidders. And, taken as a whole, we see the mistakes under SPSB
as additional motivation for exploring the effect of obviously strategy-proof designs.

In this Section, we’ve highlighted several features of individual and aggregate LLM bidding behav-
ior. Perhaps the feature of LLM data that makes it the hardest to interpret individual bids is the increased
variance. We suggest this increased variance in LLM bidding is due to increased random play by LLM:s,
due both to a desire to gather exploratory data as well as to disrupt opponents’ predictions. The ability to
peer into LLMs’ chain-of-thought reasoning makes this particularly transparent. For instance, LLM bidders
frequently articulate plans like the following from Bidder betty in a round of the FPSB auction:

“T’1l adopt a balanced strategy, bidding 65% of my value. I’ll also introduce random bids oc-
casionally to disrupt predictability. Monitoring competitor’s bids remains essential to adjust
my strategy accordingly.”

This ability to randomize is just one way in which LLMs may differ from human bidders, but there are
many others — say, the ability to reliably calculate 65% of one’s value or to monitor and perform inference
over the full history of competitor bids. The variance in LLM play suggests to us that looking at LLM data in
aggregate, rather than scrutinizing individual data points, may be more productive. Just as individual human
bidders encode their own biases and tendencies into their actions, no individual LLM bidder’s behavior is
particularly instructive — however, in aggregate, auction data with LLM data encodes behavioral patterns
that may align closely with many of the empirical regularities from auction theory. It is our view that
documenting these points of alignment or divergence will make the future use of LLM data for auction
theory or mechanism design more productive.

Finally, one may ask how prompting may change the general direction of our results. This is a first-order
concern for the eventual use of synthetic data in mechanism design and experimentation. To address this,
we pursue two additional lines of inquiry:

(1) We test prompt robustness. We implement our FPSB and SPSB environments with prompts in a variety
of prompt styles, in different languages and with different currencies to study how bids change under
prompt variation. These results are reported in Appendix [Gl We find that naive changes in prompt
style, language or currency do not qualitatively change any of the results reported in this Section.

(2) Beyond naive prompt changes, we test prompts which influence the LLM agents’ understanding of the
underlying economics. To do this, we design prompts to teach LLMs particular mental models or avoid

>Note this comparison involves slight measurement differences —[Kagel and Levin|(1993) allow a small margin (within $0.05) for
classifying bids as “truthful,” whereas we require exact equality.

12



particular failure modes; e.g., a prompt to consider Nash deviations, to conceptualize the auction as
an extensive-form game, or a prompt which encourages agents to bid in a risk-neutral manner. These
results are reported in Section[5] We find that these interventions can dramatically change our results.

Our results suggest to us that prompting can induce dramatically different behavior in LLMs by making
the underlying logic of mechanisms more apparent, but is unlikely to generate different results with naive
changes in prompts. It remains an open engineering question as to ‘how much’ prompting is required to
match distributions of existing empirical evidence more closely.

3.2 Obviously Strategy-proofness

For the rest of the paper, we restrict our attention to the second-price auction mechanism. Having considered
LLM play in a variety of sealed-bid auctions, we now vary the representation of the second-price auction
to make the auction ‘easier’ to play. Namely, we turn our attention to clock auctions. Clock auctions are
dynamic auction formats where the price increases incrementally (or decreases incrementally in reverse
auctions), and bidders decide whether to stay in or drop out at each price point. [Li (2017) provides an
argument as to why clock auctions may be easier to recognize as strategy-proof for humans, and formalizes
this as an equilibrium refinement on strategy-proofness called obvious strategy-proofness (OSP).

3.2.1 Setting

There are three bidders in each auction but now, following |Li| (2017), bidders draw affiliated private values
(APV) of the form v; = ¢ + p;. The common component ¢ is drawn once, ¢ ~ U[0, 20], and the private
component p; is drawn n times independently, p; ~ U[0, 20]. Winners of the auction receive their own value
of the prize v; when they win, and the ‘common’ and ‘private’ components serve to make values correlated.
We switch to considering APV settings in this Section for two reasons. First, in spirit of our larger goal to
provide many benchmarks of LLM play in various environments. Second, to enable comparison with the
existing empirical literature; the two largest experiments of which have been conducted in APV settings.
The ascending clock auction (AC) has a global price clock that increases in some fixed increment and
bidders who choose when to drop out. The last bidder remaining wins the prize at the price where the second
to last bidder dropped out. If multiple bidders are the last to drop out, we resolve ties by randomly allocating
the prize among them and setting the winning price to that mutual drop out price. We also study the blind
ascending clock auction (AC-B), a variant where bidders are not told when other bidders drop out.

3.2.2 Prompts

The sealed-bid prompt follows the style of the last Section’s prompts closely. The only difference is in the
first two paragraphs, where agents are informed of the APV environment. For the SPSB, we describe the
auction format as follows:

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize. Your value for the prize will be calculated as
follows:
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1. First we will randomly draw a common value between {{
common_low}} and {{common_high}}, with all values equally
likely.

2. Then, for each bidder, a private taste adjustment will be
drawn between 0 and {{private}}, with all values equally
likely.

Your value for the prize is equal to the common value plus your

private taste adjustment. You will not learn the common
value or your private taste adjustment separately. This
means that each person in your group may have a different
value for the prize. However, if you have a high value, it
is more likely that other people in your group have a high
value.

After learning your value, you will submit a bid privately at
the same time as the other bidders. Bids must be between $0
and ${{common_high + private}} in ${{increment}} increments.

The highest bidder wins the prize and pays the second-highest
bid. If you win, your earnings will increase by your value
for the prize, and decrease by the second-highest bid. If
you don’t win, your earnings will remain unchanged.

After each auction, we will display all bids and the winner’s
profits. Ties for the highest bid will be resolved randomly.

The implementation of the clock auction simulates a global clock price, with prices beginning at 0 and
increasing in $1 increments. The clock auction format descriptions closely mirror the SPSB format above,
but with the added description of the clock mechanism in the fourth and fifth paragraphs. In the AC auction,
we describe the auction format as follows:

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize. Your value for the prize will be calculated as
follows:

1. First we will randomly draw a common value between {{
common_low}} and {{common_high}}, with all values equally
likely.

2. Then, for each bidder, a private taste adjustment will be
drawn between 0 and {{private}}, with all values equally
likely.

Your value for the prize is equal to the common value plus your

private taste adjustment. You will not learn the common
value or your private taste adjustment separately. This
means that each person in your group may have a different
value for the prize. However, if you have a high value, it
is more likely that other people in your group have a high
value.
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The auction proceeds as follows: First, you will learn your
value for the prize. Then, the auction will start. We will
display a price to everyone in your group that starts at O
and counts upwards in {{increment}} USD increments, up to a
maximum of {{common_high + private}}. At any point, you can
choose to leave the auction, and anytime a bidder leaves, we

will broadcast that information to all the remaining
bidders.

When there is only one bidder left in the auction, that bidder
will win the prize at the current price. If you win, your
earnings will increase by your value for the prize, and
decrease by the current price. If you don’t win, your
earnings will remain unchanged.

After each auction, we will display all bids and the winner’s
profits. Ties for the highest bid will be resolved randomly.

The AC-B auction description closely resembles the AC format, but with the explicit caveat that we will
not notify bidders when competitors drop out. We describe the auction format as follows:

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize. Your value for the prize will be calculated as

follows:

1. First we will randomly draw a common value between {{
common_low}} and {{common_high}}, with all values equally
likely.

2. Then, for each bidder, a private taste adjustment will be
drawn between 0 and {{private}}, with all values equally
likely.

Your value for the prize is equal to the common value plus your
private taste adjustment. You will not learn the common
value or your private taste adjustment separately. This
means that each person in your group may have a different
value for the prize. However, if you have a high value, it
is more likely that other people in your group have a high
value.

The auction proceeds as follows: First, you will learn your
value for the prize. Then, the auction will start. We will
display a price to everyone in your group that starts at O
and counts upwards in {{increment}} USD increments, up to a
maximum of {{common_high + private}}. At any point, you can
choose to leave the auction, but we will not tell any bidder

when someone leaves.

When there is only one bidder left in the auction, that bidder
will win the prize at the current price. If you win, your
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earnings will increase by your value for the prize, and
decrease by the current price. If you don’t win, your
earnings will remain unchanged.

After each auction, we will display all bids and the winner’s
profits. Ties for the highest bid will be resolved randomly.

3.2.3 Theoretical benchmarks

What effect an affiliated values environment has on strategic behavior may not be ex-ante obvious. On
one hand, the correlation in values may strengthen incentives for extremal-valued bidders, so that extremal-
valued bidders are actually more likely to bid their value even in the sealed-bid format (echoing arguments
from |Li| (2017)). On the other hand, APV may be cognitively more complex for bidders relative to IPV
environments, thereby inducing errors in play. In either case, the three auction formats in this section are
strategically equivalent, and so the affiliation is, in the rational sense, a red herring: for all three auctions
it is still a dominant strategy to bid (or drop out at) one’s value. The SPSB, AC-B and AC auctions are
strategically equivalent and share an equilibrium in dominant strategies:

B (v) = w.

An agent’s bid, in the ascending clock format, is equivalent to the price at which they drop out of the
auction at. We will use the terms ‘bid’ and ‘drop-out price’ interchangeably in the context of clock auctions.
The equilibrium refinement of OSP, introduced by L (2017), provides a formal framework for analyzing the
cognitive simplicity of mechanisms. Consider a strategy .S; for player i. We say that S; obviously dominates
another strategy S if, for any deviation from S; to S}, the best possible outcome from S is no better than
the worst possible outcome from S;.

Formally, for all histories h where both S; and S/ are consistent with h:

. /
Ly ) 2 g i)
where Z(S;, h) is the set of terminal histories that can result from playing S; after history h and wu;(z) is
player ¢’s utility for terminal history z. In a clock auction, the history refers to the sequence of events that
track bidder activity throughout the auction. Specifically, it records whether and when bidders drop out as
the price increases, providing insight into bidding behavior and competition dynamics. A mechanism is
said to be obviously strategy-proof if it has an equilibrium in dominant strategies. Both ascending clock
auctions studied in this paper are obviously strategy-proof, though the AC-B auction provides bidders with
less information than the AC auction by suppressing when bidders drop out.

3.2.4 Empirical benchmarks and results

For each of the clock APV auction formats, we perform 30 experiments, while for the sealed-bid format we
perform 10 experiments with 15 rounds. For all experiments, we use n = 3 LLM bidders competing over a
prize. A single round for the clock format is the run of a global clock from the initial price of $0 to the final
clearing price. The complete simulation of a single clock round is provided in[B.2]

Our main results are plotted in Figure[3] We find that the clock formats induce play significantly closer to
one’s value than the sealed-bid format. Table[3.2.4|summarizes this concisely: the clock formats, aggregated,
have an average difference between bid and value of 1.83 (with 73.9% of agents dropping out at their value,
excluding winners), while the SPSB bidding has an average difference between bid and value of 6.26 (with
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18.7% of all bids equal to an agent’s value). This corresponds closely with Li| (2017)’s experimental results:
aggregated across all rounds, he reports a mean difference between bid and value of 2.48 for the ascending
clock auction, and a mean difference of 6.52 for the sealed-bid auction. In general, the clock format improves
play for LLM bidders in much the same way as with human bidders.

AC: Assigned Value vs. Bid

AC-B: Assigned Value vs. Bid SPSB: Assigned Value vs. Bid
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Figure 3: Comparison of three strategically equivalent auctions (the AC, AC-B and SPSB auctions) in
an APV setting. The AC and AC-B auctions are obviously strategy-proof, whereas SPSB auctions are only
strategy-proof. The black dot-dash line represents the dominant strategy where a bidder’s bid equals their
value. In the clock auctions, red triangles indicate non-winners’ drop out prices and blue circles indicate the
final price that winners win at. In the SPSB auction, red triangles indicate non-winners’ bids and the
winning bid in clock auctions. Note: the blue dots are not expected to equal an agents value in the clock
auctions, as we do not observe a winner’s drop-out price in the clock auction.

Metric AC AC-B SPSB
Truthful Bidding (%) 70.0% 76.7% 18.7%
Average Difference 2.03 (0.39) | 1.63(0.40) | 6.26 (0.62)
Sample size 90 90 150

Table 7: Share of truthful bidding in the AC, AC-B and SPSB auctions in an APV setting. All bid data
comes from non-winners in the clock auctions. We report mean effects, with standard errors reported in
parentheses.

Breitmoser and Schweighofer-Kodritsch| (2022) provide additional evidence that clock auctions improve
truthful play, and also provide evidence that play under AC is slightly better than under AC-B. While we
replicate the former result, we fail to replicate the latter result. Play under the AC auction was not signif-
icantly different compared to the AC-B auction (¢ = 0.71,p = 0.48) in our experiments. We report all
the two-sample t-tests of the mean absolute difference between bids and values in Table [§]— both AC and
AC-B mechanisms show significantly smaller bid-value deviations than the SPSB auction (p < 0.001), but
not from one another.
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Comparison t-statistic | p-value
ACvs. AC-B 0.71 0.48

AC v.s. SPSB -6.28 3.21e-09
AC-B v.s. SPSB -5.78 4.09e-08

Table 8: Two-sample t-tests comparing the mean absolute difference between bids and values in the
AC, AC-B and SPSB auctions in an APV setting. Results demonstrate that both clock auctions have
lower mean absolute difference between bid and value vs the sealed-bid auction. However, the clock
auctions themselves are not significantly different. Bid data for clock auctions is excluding winners.

Finally, we observe that the clock format improves on a particular failure mode of the SPSB—namely,
bidding above one’s value. The result is that the share of total mistakes in clock auctions overwhelmingly
comes from dropping out too early rather than too late. Although OSP mechanisms cannot rationalize a dif-
ference between over- and under-bidding (both represent deviations from an obviously dominant strategy),
this evidence further suggests that over- and under-bidding represent categorically distinct failure modes.
Further exploration into rationalizations of the difference between these two failure modes remains an inter-
esting and open question for future research.

3.3 Winner’s curse

The last set of simulations we run are in the common value setting. We demonstrate evidence for the winner’s
curse with n = 2, ..., 6 bidders following the classic paper from Kagel and Levin|(1986).

3.3.1 Setting

In the common value setting, there are n bidders varying from n = 2...6. Bidders draw values of the form
v; = ¢ + p;. The common component is sampled once, ¢ ~ U[20, 79], and the private shock component p;
is sampled n times independently, p; ~ U[—20, 20], with p the vector of all private shocks. In the common
value setting, every bidder’s true value for the good is c but each bidder has a noisy estimate of this value.
Hence, agents bid based on values v; = ¢ + p; € [0,99] with a trapezoidal distribution, but only obtain ¢
when they win, ;(8(v)) = L; won the auction - (¢ — 3 (v)). The auction is run as an SPSB auction to minimize
the effect of strategic shading (as in the BNE of the FPSB auction) with uniform values as much as possible.

3.3.2 Prompts

The prompts here follow the style of the previous prompts closely. The description of the common value
environment follows the language of the affiliated environment closely, while description of the allocation
and transfer rule remain unchanged.

For the SPSB auction with common values, we describe the auction format as follows:

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their perceived
value for the prize - a noisy measurement of the true value
of the prize. Your perceived value for the prize will be
calculated as follows:
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1. For each round, a common value will be drawn between {{
common_low}} and {{common_high}}, with all values equally
likely to be drawn.

2. For each person, a private noisy adjustment will be drawn
between —-{{private}} and {{private}}, with all values
equally likely to be drawn.

We will tell you your perceived value, the sum of the common
value and the private noise adjustment. However, everyone'’s
true value for the prize is equal to the shared common value

After learning your perceived value, you will submit a bid
privately at the same time as the other bidders. Bids must
be between $0 and ${{common_high + private}} in ${{increment
}} increments.

The highest bidder wins the prize and pays the second-highest
bid. If you win, your earnings will increase by the true
value for the prize, and decrease by the second-highest bid.

If you don’t win, your earnings will remain unchanged.

After each auction, we will display all bids and the winner’s

profits. Ties for the highest bid will be resolved randomly.

3.3.3 Theoretical benchmarks

Naively, under the SPSB design, a bidder wants to bid their valuation for the good given their information,
Bi(v) = Elclv;] = v; — E[p;] = v; if v; € [40, 59], else shading linearly to reflect that the entire support of
the shock is not possible (i.e., if an agent draws v; = 99, they can immediately infer c; = 79). E|

However, this naive bid overbids relative to the BNE of the common value auction game, as it neglects
to consider adverse selection: the winner ¢ in a symmetric, increasing BNE is the bidder who obtained the
highest private shock signal, p; = p{!). This overbidding is familiar as the “winner’s curse.”

Hence, the theoretical optimum is for bidders to condition on both events and bid 3;(v) = E[c| v; Ap; =
p(l)]; i.e., conditioning on their value and on the event that their received private shock was the highest (the
second event is equivalent to the event that the bidder won with strictly monotone increasing 5(-)).

3.3.4 Empirical benchmarks

The primary experimental literature makes two positive predictions on the common value auction (Kagel
and Levin, [1986). First, even experienced bidders fail to condition on the event where their signal is the
highest (called ‘item valuation considerations’ in their paper), thereby still falling victim to the winner’s
curse; second, the winner’s curse barely shows up in small auctions (3-4 bidders) but has an effect in big
auctions (6-7 bidders).

®More precisely, when v; € [40, 59] the full support [—20, 20] applies so E[p; | v;] = 0 and E[c | v;] = v;. For v; < 40,

the constraint ¢ > 20 forces p; to lie in [—20, v; — 20] with mean =40 U’i;w

5 yielding Efc | v;] = ; similarly, for v; > 59 the

constraint ¢ < 79 forces p; into [v; — 79, 20] with mean W;E‘Q, so Elc | vi] = @
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3.3.5 Simulation evidence

We find evidence corroborating each of these predictions. In auctions of all sizes, bidders do not shade up
or shade down their bids (i.e., respecting that E[p] = 0)) but fail to realize that if they win, it is because
they drew the highest private shock, p(*). As n increases, E[p(l)] increases, so bidders suffer more in larger
auctions. This is demonstrated in Figure 4]

Distribution of Winner's Profit by Number of Bidders
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Figure 4: Distribution of the winner’s profit across SPSB auctions with 2 to 6 bidders in a CV setting.
Each box shows the interquartile range of profits, with the median indicated by the central yellow line. The
horizontal red dashed line represents zero profit. As the number of bidders increases, the median winner’s
total profit decreases and more frequently turns negative, illustrating the intensifying effect of the winner’s
curse in larger auctions. Circles are extremal values outside of the 95% CI.

While play in a non-common value environment for the SPSB is invariant to the number of bidders,
with common values, the bite of adverse selection hurts the winner more with more bidders. Our evidence
suggests that LLMs do not learn to appreciate this bite, even as the cost of adverse selection increases.
This mirrors results with humans, where even experienced bidders struggle to update bidding to avoid the
winner’s curse. One difference between our results and human results is that even with many rounds LLMs
seem not to figure out how to respond to the winner’s curse. A defense of LLMs here may be that this is
just very hard: learning is non-trivial with human agents as well (in[Kagel and Levin| (1986) it takes players
15-20 periods to learn), and in some studies humans never learn (i.e., in the bilateral bargaining games of ?).
This suggests more sophisticated learning techniques may be required to fully mitigate the winner’s curse
with LLM agents.
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4 Ebay Auction Design

Having tested LLMs against classic results in auction theory, we build an auction environment to test com-
ponents of auction design in a setting inspired by eBay’s online marketplace.

eBay’s auction platform, studied by [Einav et al.|(2011) and others, features various design elements—
for example, a hidden reserve price (as opposed to a reserve price) and proxy bidding—that are in theory
less critical to auction outcomes yet in practice appear to have substantial effects on bidder behavior. These
differences highlight the gap between textbook theory and real-world bidding, where seemingly small design
details can alter bidder behavior and thus price discovery and revenue.

In this section, we simulate a stylized version of the eBay auction design to consider two design param-
eters more closely: the hidden reserve price and the implementation of a ‘closing rule’. The core mechanics
of an eBay auction are simple: bidders on eBay use a proxy bidding system, which means that each bidder
submits their “maximum bid” to the platform, and the platform automatically bids on their behalf, only as
much as necessary to keep the winning bidder in the lead (i.e., the second-highest bid + $1, with incremental
bidding managed automatically). Bidders can increase their maximum bid at any point in time, until some
closing time of the auction, giving this the flavor of an incremental second-price auction.

The use of reserve prices in auctions is well understood in auction theory. Notably, [Myerson| (1981
showed that setting an optimal reserve price can maximize expected revenue in certain private value settings
(for “regular” distributions). However, eBay also allows sellers (for a fee) to set a hidden reserve price: a
threshold that bidders do not know until it is met by the highest maximum bid. While there is some work
suggesting a hidden reserve can increase expected revenue in common value settings (e.g., Vincent| (1993)),
in a private values environment with rational bidders using proxy bidding, the hidden reserve should not
change behavior relative to a known reserve or even no reserve: bidders should still submit their maximum
value upfront. While it is impossible to say whether bidders are bidding their true values, a large empirical
study of hidden reserves on eBay suggests that bidders do not change bidding behavior much in the face of
hidden vs. non-hidden reserves (Einav et al.| 2011).

A more dramatic departure from simple, truthful bidding is ‘bid sniping,” or the practice of placing bids in
the final moments of an auction to avoid triggering competitive responses. Sniping is prevalent on eBay, with
dedicated e-snipe services automating last-second bid submissions This phenomenon has been studied for
decades, with explanations ranging from best responses to irrational types to behavioral inertia (Roth and
Ockenfels, [2002). Such wide prevalence of sniping may be especially troubling to economists, as it inhibits
a core function of auctions: their ability to induce timely, efficient price discovery. One avenue to curb
sniping may be a ‘closing rule’ (also called a ‘soft-close’ or ‘auction extension’ rule)—namely, when a new
maximum bid comes in at the last minute, extend the auction close to allow for more bidding. This design
detail has been credited with the substantial difference in bidding dynamics between earlier auctions on
Amazon.com, which had this auction-extension rule, and auctions on eBay, which do not. Specifically, Roth:
and Ockenfels|(2002)) and |Ockenfels and Roth| (2006) show that much less sniping occured on Amazon.com,
with bids on Amazon.com occuring throughout the auction compared to the empirical evidence of sniping
on eBay.

4.1 Setting

In each eBay simulation, there are three bidders. Without the modified closing rule, the auction runs for
10 bidding periods. Bidders draw private values uniformly and independently from [0, 99]. In regard to the
auction environment, we consider four treatments, varying the hidden reserve and the closing rule:

7E.g.,https://www.esnipe.com/}
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T1 : Standard eBay auction with proxy bidding.

T2 : eBay auction with a modified (auction extension) closing rule.

T3 : Standard eBay auction with a hidden reserve price.

T4 : eBay with a modified (auction extension) closing rule and a hidden reserve price.

For each hidden reserve price design, we run experiments with hidden reserves at r = 40, 50, and 60.

We model continuous time in the synthetic, modified eBay auction environment as follows: each period,
bidders bid (i.e., decide whether to increase their maximum bid or hold) in a common knowledge, randomly-
permuted order (e.g., today Charles, then Alice, then Betty will bid; tomorrow, Alice, then Betty, then
Charles). Moreover, each bidder can decide whether to increase their maximum bid with knowledge of
the updated state of the auction based on the actions of bidders that precede them that period. In the final
period, bidding is simultaneous and no bidder will know whether they are the last bidder (simulating that, in
a continuous time auction, you cannot know if another bidder will get a bid in between you and the auction’s
close). Under the modified closing rule, if a higher bid is placed in the final period such that there is a new
winner, the auction is extended by an additional period. This process continues until no further bids are
made.

With this stylized eBay framework we abstract away from additional eBay design features such as ship-
ping fees and Buy-It-Now. There was no prompting of LLMs to induce sophisticated play as in Section [3]
The complete simulation process is explained in Appendix and the prompts are listed in Appendix

4.2 Simulation Process of eBay Auction

For eBay auctions, we discretize the continuous bidding period into 10 periods. Each period, LLM agents
decide whether to increase their bid or hold their current bid. The bidding process follows a structured
format, where bidders act in a predefined sequence each period (e.g., Charles, then Alice, then Betty). For
each round, bidders are reminded of the auction rules, similar to those outlined in Section Agents are
informed of past price changes through a transcript, such as “On day 1, the price changed to 1. On day 2,
the price changed to 3.” The detailed prompt and an example of one clock are listed in[B.3]

4.3 Simulation evidence

Hidden reserve price results.

Figure[I3]shows that the auction revenue remains basically unchanged regardless of the experiment type.
In Table[10] we report a table of two-sided t-tests making this explicit.
Closing rule results. Second, we demonstrate that modifying eBay’s closing rule to allow for an extension
of the auction when there is final-period bidding has a major effect on bidder behavior. For this, we say the
‘final winning bid time’ is the period at which the winner is settled; i.e., the period in which the maximum
bid was placed by the winning bidderﬁ This serves as a measure of when the winning bidder is determined.
Figure[5|reports the ‘final winning bid time’ as a histogram across auction instances with the modified closing
rule and without the modified closing rule. Figure[6|reports a CDF across the four treatment types (T1 - T4).
Without the modified closing rule, we see that LLMs predominantly bid in the period before close; however,
with the modified closing rule, this behavior disappears. In Figure [6] we see the same behavior. With

8Note this means that if a winning bidder increases their maximum bid after already being the maximum bidder, winning bid time
does not update (as no additional discovery was conducted through the auction).
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the modified closing rule, the proportion of last-period bids drops substantially; adding a hidden reserve
also reduces this behavior. This latter effect is somewhat surprising, but one possible explanation is that
a hidden reserve increases bidder uncertainty, discouraging last-moment bidding and shifting bids earlier
in the auction, as suggested by Bajari and Hortacsu (2003). In effect, the modified closing rule shifts the
winning bid time left on the histogram, so that the auction’s winner is chosen earlier.

Final Winning Bid Time: Non-Closing Rule Auctions Final Winning Bid Time: Closing Rule Auctions

175
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Count
Count
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4 6 4 6 8
Period ID of Final Winning Bid Period ID of Final Winning Bid

(a) Non-Closing Rule (b) Closing Rule
Figure 5: Histogram of final winning bid in IPV ebay-style auctions with a standard eBay closing rule

vs. modified eBay closing rule. The modified closing rule introduces the auction-extension logic, moving
the timing of the final winning bid substantially earlier in the auction.
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Figure 6: CDF of final winning bid in IPV eBay-Style auctions. The cumulative distribution function of
the final winning bid time for each auction format. Formats with a modified closing rule end earlier (with
and without a hidden reserve), especially compared to the base design without a hidden reserve.

23



5 Intervention design in Sealed-Price Auction

It matters how agents perceive mechanisms. One seminal example from the market design literature is
that of the design of the National Residency Match Program (NRMP) for doctors. Since the early days of
the NRMP, students have mistakenly strategically reported their preferences to the match program despite
it being a strategy-proof matching mechanism, thereby hurting the overall efficiency of the system (Rees-
Jones| 2018} [Roth and Peranson, [1999)). Furthermore, improving our understanding of agents’ perception of
mechanisms may also improve our ability to design simple mechanisms [Li/ (2024)).

This section introduces experimental interventions that seek to influence how agents understand a mech-
anism. We begin with three conceptual mechanisms that offer different frameworks for determining the
equilibrium logic of an auction. We then provide two interventions that probe the effect of giving advice.
We also provide one behavioral intervention which seeks to affect bidders’ risk preferences.

In the literature, |Gonczarowski et al.| (2023) present a method to highlight and emphasize strategy-
proofness with short, one-sentence descriptions in an extensive-form memﬂ However, their menu-description
treatment of a second-price sealed-bid (SPSB) auction did not perform well in the field when they tested it
empirically. They argue this may be because the classic descriptions of some mechanisms may be as trans-
parent as the extensive-form menu description. Breitmoser and Schweighofer-Kodritsch| (2022)) show that
re-framing a static sealed-bid auction as an ascending clock auction can improve the rate of truth-telling be-
havior, and suggest merely considering a clock price may improve play. Finally, the logic of Nash deviations
is a classic one to economics and often used to teach contingent thinking.

Here, we present six interventions on the SPSB auction. Of the six interventions, the first three suggest
to agents particular conceptual frameworks, the next two provide (good and bad) advice, and the last is a
behavioral intervention.

* Menu-Description (menu_intervention): A treatment providing the extensive form of the auction as
a menu to the agent.

* Clock-Description (proxy_intervention): A treatment describing the ascending-clock process. Though
the proxy clock is described to the agent before the game begins, the auction is still operated as an
SPSB auction.

* Nash-Deviation (nash_intervention): A treatment providing an example of a Nash-style thought
process; e.g., What happens if you bid up? What happens if you bid down?

* Direct Revelation (dominant_strat_intervention): A treatment directly revealing the dominant strat-
egy of the auction as that of bidding one’s value.

* Wrong Direct Revelation (wrong_strat_intervention): An ablation study incorrectly revealing the
dominant strategy of the auction as bidding half one’s value.

* Risk-neutrality prompting (risk_intervention): A behavioral treatment defining risk-neutrality in
terms of gambles and then prompting the LLM to be more risk-neutral.

The full intervention prompts are provided in Appendix[H|and are appended to the end of the rule explanation
prompt when eliciting LLM bids.

These interventions aim to reveal which framing or description of the auction design encourages more
straightforward bidding strategies among LLMs. Because LLM-based experimentation is relatively low-cost

9 An extensive-form menu refers to a structured presentation of options or strategies. It outlines the sequential choices available to
players, detailing how each decision can lead to subsequent options and outcomes.
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and can be repeated rapidly, this provides a useful testbed for exploring new interventions before conducting
costly human-subject experiments.

5.1 Simulation evidence

The results of the six interventions are reported in Figure[7] To characterize the error from the theoretical
prediction at bid = value, we also report the R? against 3**(v) = v in Table El However, as was
clear in the discussion of the empirical literature in Section 3.1} overbidding and underbidding constitute

different failure modes—in particular, many human bidders suffer the failure mode of overbidding in the
SPSB auction.

Bids vs. Values (menu_intervention) Bids vs. Values (proxy_intervention) Bids vs. Values (nash_intervention)
100 Data Points . 100 Data Points Data Points
—— LOESS Smoothed & —— LOESS Smoothed
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Bids vs. Values (dominant_strat_intervention) Bids vs. Values (wrong_strat_intervention) Bids vs. Values (risk_intervention)
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Figure 7: Results for SPSB with the six interventions, IPV environment. The green dotted line
represents the scenario of bid=value, blue dots are bids from agents, and the red line is the LOESS
smoothed curve of bids. The top 3 interventions show the effect of suggesting particular conceptual
frameworks to agents. The menu intervention has a null effect. The proxy clock intervention completely
eliminates overbidding in the SPSB, but still has underbidding. The Nash intervention dramatically
improves along both overbidding and underbidding. The first 2 interventions of the bottom row show that
agents follow advice, but not terminally if the advice is bad. The final, risk-neutrality intervention does not
succeed in making agents play better.

As such, we also decompose the R? into the sum of squares above and below 3**(v) = v to report each
intervention’s performance in terms of the two components of overbidding and underbidding. We report
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Intervention Type R? SS Above SS Below Prop Above Prop Below

No Intervention 0.4845 7,213 78,652 0.0840 0.9160

Menu 0.5337 11,104 57,685 0.1614 0.8386

Conceptual Framework Proxy 0.2966 177 85,488 0.0021 0.9979
Nash 0.8365 1,160 24,591 0.0450 0.9550

Advice Dominant Strategy ~ 0.9533 2,665 5,521 0.3256 0.6744
Wrong Strategy -0.8258 169 141,137 0.0012 0.9988

Behavioral Risk 0.4004 59 89,920 0.0007 0.9993

Table 9: Intervention Type Analysis by Category, SPSB and IPV environment. The R? of simulation
evidence on the dominant strategy prediction 5**(v) = v. In the latter four columns we report the sum of
squares and the proportion of bids above and below the predicted line, respectively. Of the conceptual
frameworks, the Nash deviations improve play the most. The advice interventions show that LLMs follow
good advice but are unconvinced with bad advice. The behavioral intervention fails to teach risk-neutrality
to current LLLM agents.

each of these interventions alongside the results from the original SPSB experiments of Section (No
Intervention) in Table [0] This provides useful descriptive statistics for the effect of the interventions. The
first three interventions—menu, proxy and Nash deviation—are meant to teach the LLMs particular ways of
reasoning through the problem.

The menu intervention modestly improves on the basic SPSB by reducing underbidding, but has the
weakest effect of these three ‘anchoring’ interventions. There is little effect on either type of failure mode,
and the menu intervention, qualitatively, seems to make overbidding a bigger problem. In contrast, the proxy
almost completely eliminates the overbidding failure mode. While model fit to 5**(v) = v goes slightly
down because underbidding is worse, our simulations reveal that the proxy intervention improves LLM play
by decreasing the overbidding failure mode.

The Nash deviation intervention has a more positive effect than the proxy intervention. Instructing
LLMs to reason through the Nash deviations from their chosen bidding strategy dramatically improves
performance, with very similar gains on overbidding as with the proxy intervention and decreasing the
underbidding failure mode.

The next two interventions feature advice from a trusted source. Of particular note here is the ablation
study that offers models the wrong advice—there is a concern in experimental economics in regard to “pol-
luting subject pools” by lying to them. That is not a constraint with LLMs, enabling a wider set of possible
interventions

As expected, revealing the dominant strategy to LLMs induces fairly tight play to the dominant strategy
B**(v) = v. Inspecting planning narratives reveals that the overbidding and underbidding errors correspond
to LLMs ‘testing’ the economists recommendation by slightly deviating. Interestingly, the ‘wrong strategy’
intervention induces the worst play of all six interventions. However, it does so in an interesting way. Though
many LLMs follow the recommendation of bidding 3(v) = ., they cease to after early rounds of negative
profit. However, they are unable to figure out the correct strategy upon being anchored incorrectly, so remain

10This is at least true with the current generation of LLMs which are not permanently learning from prompting.
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stuck underbidding.

Finally, we implement a single behavioral intervention, called so because risk preferences are a behav-
ioral feature. The intervention has about the same performance as the proxy intervention: instructing LLMs
to be risk-neutral has the effect of removing over-bidding. While this intervention improves efficiency, we
are primarily optimistic about this behavioral intervention as a proof-of-concept: we hope that future work
can characterize more precisely ~ow prompting induces various behavioral postures in agents.

6 Discussion

6.1 Design principles and simulation paradigms

Simulations are proliferating in high-stakes engineering disciplines, where iterative design and validation are
performed long before prototypes are built. In contrast, traditional mechanism design research often relies
on expensive, time-intensive human subject experiments or confounded observational data. Our synthetic
lab leverages the rapidly advancing capabilities of large language models to simulate bidder behavior at
a fraction of the cost. By systematically varying auction parameters, rules, and descriptive framings in
a controlled setting, we not only replicate key empirical regularities but also provide new data for why
subtle design differences can yield divergent outcomes in practice. In doing so, this simulation paradigm
complements traditional analytical models by integrating behavioral factors into mechanism design.

LLM agents operate on a text-based reasoning framework that captures nuanced decision-making pro-
cesses. This also affords the opportunity to query these LLM agents about their internal deliberations,
opening up the prospect, with further study and validation, that LLMs may also provide information on the
human cognitive constraints that underlie deviations from classical auction theory.

6.2 The advantage of LLM participants

Relative to Traditional Lab Experiments Classical lab experiments in auction settings have yielded valu-
able insights, but also come with high cost and logistical challenges. In stark contrast, our experiments with
LLM agents reduce these costs by roughly three orders of magnitude (e.g., from over $15,000 to $10 per
experiment (Li, 2017)). This dramatic improvement in cost efficiency enables rapid iteration, allowing re-
searchers to explore a broader parameter space with minimal investment of money and time.

Relative to Observational Data The analysis of observational datasets from platforms like eBay is often
challenging because one needs to control for the heterogeneity among sellers and buyers, this complicating
causal inference. In our synthetic lab, we can isolate individual auction parameters and rule framings by
carefully controlling the environment in which bids are generated including the simulated goods and valua-
tions of bidders. This controlled setting is perfect for causal inference and enables us to directly link subtle
changes in auction design to variations in bidder behavior (Manning et al.| [2024).

Online Laboratory Framework The rise of online human labs (Horton et al., 2011} in behavioral eco-
nomics has previously lowered the barrier to performing controlled experiments (Enke et al.l 2024; (Opreal
2024), enabling near real-time data collection and hypothesis testing. Our synthetic lab extends this idea by
eliminating many of the ethical, logistical, and opportunity-cost issues associated with human experiments.
By using LLM agents, we gain the flexibility to incorporate additional modules (such as reasoning queries)
into the experimental design without risking harm to human subjects. This approach accelerates research
and also offers a platform for cross-validating findings with more traditional online lab experiments.
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6.3 Comparison with Traditional Auction Test Suites

Existing tools such as the Combinatorial Auction Test Suite (CATS) (Leyton-Brown et al., 2000) focus on
providing valuation distributions on which to evaluate the efficiency and computational performance of
winner-determination and pricing algorithms. While these suites provide a benchmark set of instances with
which to study algorithmic performance and auction design they do not seek to model bidder behavior. In
this sense, the use of LLMs as proxy models for human bidders complements these test suites, offering a
means to probe the behavioral dimensions bidder behaviors in auction design.

7 Conclusion

This paper reports the results of more than 1,000 auction experiments with LLM agents. In particular,
we find behavior that conforms with important experimental results from labs involving human subjects
(e.g., evidence of risk-averse bidding and evidence that clock auctions are easier to play). The results are
encouraging and we see the main contribution of this work as putting forward a framework for how to think
about LLM experimental agents as a proxy for human agents. In particular, the design space for prompting
is large, and we hope that future research will make use of our code to run simulations testing their own
prompt variations.

While this paper focuses on auction design, future work may use LLM sandboxes to test other kinds
of economic mechanisms; e.g., voting, matching, contract design, etc. As LLM models are increasingly
validated as proxies for human behavior, LLM agents can then be used to obtain what would otherwise be
prohibitively expensive evidence. As a provocative example, while ethical and financial constraints make it
impossible to run voting experiments at the scale of nations, it may be possible to run such experiments with
LLM agents.

We are particularly interested in the use of LLM-based techniques to generate synthetic data that is use-
ful for informing economic design. In particular, some auction formats, such as combinatorial auctions,
are complex and difficult to run frequently and at scale in traditional lab experiments. Augmenting these
traditional lab experiments with LLM-agent experiments, when correctly validated, may open up wide new
avenues to better understand the design tradeoffs in these kinds of complex and often high-stakes environ-
ments.
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A Proofs of auction equilibria

A.1 Risk-neutral equilibria

First, we prove the risk-neutral cases.

A.2 Risk-neutral equilibria

In this section, we derive the Bayesian Nash equilibria (BNE) for different auction formats under risk neutral-
ity. We begin with the second-price sealed-bid auction, then derive the equilibria for first-price, third-price,
and all-pay auctions.

A.2.1 Second-price sealed-bid auction (SPSB) dominant strategy equilibrium

In a second-price sealed-bid auction with independent private values drawn from a common distribution F',
bidding one’s true valuation B(v) = v is a weakly dominant strategy.

Proof. This follows directly from Vickrey|(1961).

A.2.2 First-price sealed-bid auction (FPSB) risk-neutral BNE

In a first-price sealed-bid auction with n risk-neutral bidders whose valuations are independently drawn from

a uniform distribution on [0, 7], the symmetric Bayesian Nash equilibrium bidding strategy is B(v) = ”;1 v.

Proof. Consider a bidder with valuation v who bids b. Suppose all other bidders follow a strictly increasing
bidding strategy B(v). The bidder wins if and only if b > B(v;) for all other bidders j, which occurs with
probability [F'(B~1(b))]"~! where F is the distribution function of valuations.

The expected payoff for this bidder is:

m(b,v) = (v = H)F(B~(H)" (D

For a uniform distribution on [0, 9], we have F'(v) = . Taking the first-order condition with respect to
b and imposing the equilibrium condition b = B(v), we get:

on _ e _ e _ d __
o5 = ~(FBTHO))" + (v =b)(n = 1)(F(BT(1)) ’f(B )BT (B) =0 2
In a symmetric equilibrium, B~1(b) = v, so £ B~1(b) = B,l(v). With the uniform distribution, f(v) =
1. Substituting these into the FOC and simplifying:
pyn—1 v\"—2 1 1
~(3)" He=BE-1(3) SHH = 3)
This simplifies to:
—o" 4 (v = B(v))(n — 10" B’l(v) —0 )
Rearranging:
n— v 2(v — B(v n—1)(v— B
By - (1= D00 B _ (0= (o= B() -
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This is a first-order differential equation. To solve it, we set B(v) = vR(v) for some function R(v).
Then B’(v) = R(v) + vR/(v). Substituting:

n—1)(v —vR(@W))

R(v) + vR (v) = (

) = (n—1)(1 - R()) ©
Simplifying:
R(v) + vR'(v) = (n— 1) — (n — )R(v) ™)
Rearranging:
vR'(v) = (n — 1) — nR(v) 8)
This is a linear first-order differential equation. The general solution is:
-1 C
Rw)="— 4 = ©)
n v

where C'is a constant of integration. For the boundary condition, we know that a bidder with valuation
v = 0 should bid B(0) = 0, which means R(0) = 0. As v approaches 0, - would approach infinity unless

C = 0. Thus, C = 0 and: . .
n—
R(v) = 10
(=" (10)

Therefore, B(v) = vR(v) = ““Lv, which is the symmetric BNE bidding strategy for the first-price
auction. Letting n = 3 for our results gives us the result.

A.2.3 Third-price sealed-bid auction (TPSB) risk-neutral BNE

In a third-price sealed-bid auction with n > 3 risk-neutral bidders whose valuations are independently
drawn from a uniform distribution on [0, ¢], the symmetric Bayesian Nash equilibrium bidding strategy is
B(v) = =1y,

Proof. In a third-price sealed-bid auction, the winner pays the third-highest bid. We use Myerson| (1981))’s
revenue equivalence result to derive the equilibrium.
First, note that the expected payment by a bidder with valuation v in a second-price auction is:

P,(v) = E[second-highest bid | v is highest] - Pr(v is highest) (11)

For uniform distributions on [0, 7], the expected value of the second-highest of n — 1 values (given that
. - . . . -1
they are all below v), is ”T’%. And the probability that v is the highest is (%)n .
By revenue equivalence and given risk-neutrality, the expected payment in any efficient auction mecha-
nism must equal this amount. In a third-price auction, the expected payment is:

P5(v) = E[third-highest bid | v is highest] - Pr(v is highest) (12)

The expected value of the third-highest of n — 1 values, given that they are all below v, is Z—:‘;’v.

Let Bs(v) be the equilibrium bidding function for the third-price auction. For revenue equivalence to

hold: , oxn-l m—9 -
0 (5) =70 (5) 13
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Solving for Bz (v):
n—1
v
n—2
And we have the symmetric BNE bidding strategy for the third-price auction. This proof method is
classic in the literature and only uses the 2nd-order statistic with revenue equivalence. Once again, giving
n = 3 gives us the result.

Bs(v) = (14)

A.2.4 All-pay auction risk-neutral BNE

In an all-pay auction with n risk-neutral bidders whose valuations are independently drawn from a uniform

distribution on [0, 9], the symmetric Bayesian Nash equilibrium bidding strategy is B(v) = "7—:1 . EZ: .

Proof. In an all-pay auction, all bidders pay their bids regardless of whether they win or lose. Consider a
bidder with valuation v who bids b. If all other bidders follow a strictly increasing bidding strategy B(v),
the probability of winning is [F'(B~!(b))]" !, where F is the distribution function of valuations.
The expected payoff is:
n(b,v) =v-[F(B7Y(b)]" ! —b (15)

Taking the first-order condition with respect to b:

o d

o =v (n=1)-[F(BT'(®)]" 7 f(B7(b)) - B~'(b) -1=0 (16)
0b db
In a symmetric equilibrium, B~!(b) = v, so 4 B~1(b) = B7(s)- For a uniform distribution, F'(v) = ¢
and f(v) = L. Substituting these into the FOC:
v\"2 1 1
. _1.(,) L —1=0 17
vn=1-(3 7 B a7
Solving for B’ (v):
v-n—1)-0"2 (n—1)-0"7!
B/('U) = 17"_1 = @n—l (18)
Integrating both sides:
v ~-1). n—1 -1 n
B(v) :/ %dm S e (19)
0 o n o

where C' is a constant of integration. Since a bidder with valuation v = 0 would never want to bid a
positive amount, B(0) = 0, which implies C' = 0. Therefore, the equilibrium bidding strategy is:
~1 n
Bv)="2">." (20)

n 1—}”,1

This is the symmetric Bayesian Nash equilibrium for the all-pay auction with risk-neutral bidders. Note
that unlike the FPSB auction, the bid is not linear in the valuation, and for high valuations, the bid can
represent a significant fraction of the valuation, approaching "T_lv as v approaches v.
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For the uniform distribution on [0, 7], we have specifically derived the equilibrium bidding functions:

n—1
Brpsp(v) = v @D
Bspsp(v) =v (22)
n—1
Brpsp(v) = L (23)
n—1 "
Bai—pay(v) = —— - == 24

Letting n = 3 and v = 99 gives us the result.

A.3 Risk-averse equilibria

Below, we prove the form of CARA and CRRA equilibria of the FPSB, TPSB and all-pay auctions. For
all proofs, we assume symmetric and monotone bidding functions, and we fix the setting to that of n = 3
buyers drawing independent, private values uniformly from [0, 99]. The SPSB equilibrium is in dominant
strategies, so it holds irrespective of risk-attitudes and requires no new analysis.

A3.1 FPSB, CARA

First, the FPSB auction with CARA Utility. Consider a first-price sealed-bid auction with n = 3 risk-averse
bidders, each having CARA utility
Ux)=1-—e7,

with A > 0. Then there exists a unique symmetric Bayesian-Nash equilibrium with bidding function
1
Beoara(v) =v — Y In [3 — 26_)‘1}} .

Proof. 1f a bidder with value v deviates to bid b, her expected utility is

BU(b;0) = (B;;@))Z 1 e (1 . (B;;@)z) —

where B~!(b) is the value that would lead to bid b under the equilibrium strategy. Since e ** = 1, the
second term simplifies to zero, leaving

EU(b; v) = <Bl(b)>2 [1— e Mv=0)],

99

In equilibrium, we set b = B(v), so B~1(b) = v, and the expected utility becomes

BU(B();0) = (g5 ) [ - e X0P0D]

The first-order condition requires that the derivative of this expression with respect to B(v) equals zero.
Following the approach in Riley and Samuelson (1981), we derive a differential equation of the form:

iG] -
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Through integration and applying the boundary condition B(0) = 0, we obtain the solution:
1 —Av
BCARA(U) =V — Xln [3—26 } .
To verify that this is indeed the correct solution, we can check the boundary condition:
1 0 1 1
BCARA(O) =0- *111[3—26 ] =0- 7111[3—2] =0- 7111[1] =0.
A A A
As A — 0 (i.e., risk neutrality), Bcaga (v) — %v, the risk-neutral equilibrium derived above.

A3.2 FPSB, CRRA

Next, the FPSB auction with CRRA Utility. Consider a first-price sealed-bid auction with n = 3 risk-averse
bidders, each having CRRA utility
zl=r
) 1 b
U (l’ ) = { 1-p P #

In(z), p=1,

and value v € [0,99]. Then there exists a unique symmetric Bayesian-Nash equilibrium where the bidding

function is 9

BCRRA(”) = m v

Proof. We begin by formulating the expected utility for a bidder who deviates from the equilibrium strategy.
Suppose other bidders use a strictly increasing bid function 3(-). If a bidder with true value v deviates by

bidding b, her probability of winning is
—1 b 2
Pwin(b) = <B ( ) ) )

99

where 37! is the inverse of the bid function. If she wins, her monetary payoff is v — b. Hence, her expected

utility is
EU(b; v) = (6 _919(1’)>2 Ulv—b) + (1 - (ﬁ_glgb)f) U(0).

In a symmetric equilibrium, if the bidder’s value is v, she must find it optimal to bid b = S(v). Thus,
B1(b) = B~1(B(v)) = v, and her expected utility at the equilibrium strategy is

v

BUG) o) = (55) V- s+ (1- (55) ) U0

We conjecture a linear bidding function of the form §(v) = cv for some constant ¢ € (0,1). This
form is mathematically tractable and consistent with results in similar auction settings. Substituting into the
expected utility function:

v v

EU(cv;v) = (®)2 U —cv) + <1 - (99)2> U(0).
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For CRRA utility, we can derive the first-order condition by differentiating with respect to c. Following
the method in Cox, Smith, and Walker (1988), we find that the optimal bidding coefficient is:

n—1
n—14p

With n = 3, we obtain c = ﬁ. Therefore, the unique symmetric equilibrium bidding strategy is

2

- .
2+p

Berra(v) =

A3.3 TPSB, CARA

Next, the TPSB auction with CARA Utility.
Consider a third-price sealed-bid auction with n = 3 risk-averse bidders, each having CARA utility

Ulx)=1—e 7,

with A > 0. Then there exists a unique symmetric Bayesian-Nash equilibrium where the bidding function is
1
Beara(v) = v+ X In(1 + Mv).

Proof. In a third-price auction with n = 3 bidders, a bidder with value v wins if and only if her bid exceeds
the bids of all other bidders, which occurs with probability (5’—9)2 in a symmetric equilibrium.

When the bidder wins, she pays the minimum of all bids. Given that the other two bidders’ values,
denoted vo and v3, are both less than v, the minimum of their bids is b*(min{v2,v3}). The conditional
distribution of min{wvy, v3} given that both are less than v has probability density function

0<w<w.

Therefore, the bidder’s expected utility with CARA preferences is

O I S Y o e Pl
EU(v,b)—(gg) /0[1 e |25 dw.

In a symmetric equilibrium, the bidder must find it optimal to follow the strategy b*. This yields a
differential equation for b*(v). Following the approach in Kagel and Levin (1993), the differential equation
can be solved explicitly for CARA utility in a third-price auction.

The resulting equilibrium bidding function is

b*(v) =v+ %ln(l + \v).

This solution satisfies the boundary condition b*(0) = 0, as b*(0) = 0+ + In(1 + X - 0) = 0.
As A — 0 (approaching risk neutrality), we can use L’Hopital’s rule to find

. . 1 . In(14 M)
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Applying L’Hopital’s rule:

y In(1+ Av) I
11m ————— = [1m =
A—0 A A—0 1+ v v

Therefore, limy_,o Bcara(v) = v + v = 2v, which is the risk-neutral equilibrium bidding strategy in a
third-price auction with n = 3 bidders.

A3.4 TPSB, CRRA

Next, the TPSB auction with CRRA utility.
For a third-price auction with n = 3 risk-averse bidders having CRRA utility U (z) = zll__: (or In(x)

if p = 1), the symmetric equilibrium bidding function b*(v) must satisfy the following ordinary differential
equation:

b (v) = @ (v, b"(v), p)

with boundary condition b*(0) = 0, where ® is derived from the expected utility maximization problem.

Proof. As in the CARA case, a bidder with value v wins with probability (&) ’ina symmetric equilibrium.
The expected utility with CRRA preferences is

EU(v; ") = (%)2 /0“ U(v—b"(w)) - p —2w dw,

v

where U (z) = ‘”11:: for p # 1,0r U(x) = In(x) for p = 1.
In equilibrium, the bidder must find it optimal to follow the strategy b*. This yields a functional equation
that characterizes the equilibrium bidding function.
For CRRA utility, the resulting differential equation does not admit a closed-form solution. We can

express it as

b (v) = (0,0 (v), p),

which must be solved numerically for each value of p > 0, subject to the boundary condition b*(0) = 0.

A3.5 All-Pay, CARA
Consider an all-pay auction with n = 3 risk-averse bidders, each having CARA utility
Uz) = —e 7,
with A > 0. The symmetric equilibrium bidding function B(v) is characterized by the differential equation

2005le BN - AP0y ()N B g0, Bw),A) =0,

with boundary condition B(0) = 0, where ¥ is a function derived from the expected utility maximization
problem.
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Proof. In an all-pay auction, a bidder with value v who bids b has monetary payoff

v—>b, if win,
m =
—b, if lose.

2

The bidder wins with probability (%) , where V(+) is the inverse of the equilibrium bidding function
B(").

With CARA utility U(z) = —e~*, the expected utility is

2 2
EU(b;U) — <V(b)) [767)\(1)717)} +|1= (‘/9(917)) ] [767)\(7b)].
= e, this simplifies to

99
EU(b;v) = — (@)25””—*’) - [1 - <V9(5)>2] el

In equilibrium, the bidder must find it optimal to bid b = B(v). This requires that the derivative of
EU(b; v) with respect to b, evaluated at b = B(v), equals zero.
Taking the derivative and using the chain rule with V'(b) = m, we obtain

Since e~ A=)

v

9~
992

2
[e (V=B _ ABO)] 4 ) (%) e AC=BW) g (y, B(v),\) = 0,

where VU includes terms from the derivatives of the exponential functions.

This differential equation, together with the boundary condition B(0) = 0, characterizes the equilibrium
bidding function for the CARA case. No closed-form solution is known, so it must be solved numerically or
via perturbation methods for small values of A.

A3.6 All-Pay, CRRA
Consider an all-pay auction with n = 3 risk-averse bidders, each having CRRA utility

xl=r

Ulz)

:1_p’

with p > 0, p # 1. The symmetric equilibrium bidding function B(v) is characterized by the differential

equation
25010 — Bw)' — (~B))**] + (v, B),p) = 0,

with boundary condition B(0) = 0, where 2 includes terms from derivatives of the power functions.
Proof. In an all-pay auction, a bidder with value v who bids b has monetary payoff

v —b, if win,
T =
—b, if lose.



With CRRA utility U(z) = “1'_; , the expected utility is

v = (A0) U [ _ (ggﬂ e

assuming that (—b)'~7 is well-defined for b > 0. In practice, we might need to add a positive constant to all
payoffs to ensure they remain positive.

In equilibrium, the bidder must find it optimal to bid b = B(v). This yields the first-order condition that
the derivative of EU(b; v) with respect to b, evaluated at b = B(v), equals zero.

Differentiating with respect to b and applying the chain rule, we obtain a differential equation of the form

2500 = B@))' " — (= B(0) 7] + 9(v, B(v), p) =0,

where () includes terms from the derivatives of the power functions.

This differential equation, together with the boundary condition B(0) = 0, characterizes the equilibrium
bidding function for the CRRA case. No closed-form solution is known, so it must be solved numerically or
via perturbation methods for small values of p.

If p > 1 or we wish to avoid negative arguments in the CRRA utility function, we can add a positive
baseline M to payoffs so that the new payoff is (M + v — b) if the bidder wins and (M — b) if she loses, with
M large enough so that M — b > 0. This changes the specific form of the differential equation but preserves
the general approach.

B Implementation details

B.1 Simulation process in sealed-bid auctions

During the auction, LLM agents will be first informed about the scenario. After explaining to them the rules
and incentives of the aucion, they will be asked to write down a plan for the bidding.

You are Bidder Andy.
You are bidding with Bidder Betty, Bidder Charles.

{RULE EXPLANATION} + {INSTRUCTIONS}

Write your plans for what bidding strategies to test next.
Be detailed and precise but keep things succinct

and don’t repeat yourself.

Your plan should be within 100 words.

Here the RULE EXPLANATIONS are specific for each type of auctions. The INSTRUCTIONS are

included to incentivize the LLM agents and motivate strategic behaviors; they are universal in all the simu-
lations we ran:
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Your TOP PRIORITY is to place bids

which maximize the user’s profit in the long run.

To do this, you should explore many

different bidding strategies,

including possibly risky or aggressive

options for data-gathering purposes.

Learn from the history of previous

rounds in order to maximize your total profit.

Don’t forget the values are redrawn
independently each round.

The following is the output from Bidder Andy for the first round in a FPSB auction:

“I plan to initially explore a strategy where I bid half of my value, then varying my bids between
30-70% of my value in subsequent rounds. Sequentially, I will introduce risk by bidding within
+/- 5% of the highest bid from previous round, gathering data about other bidder’s tendencies.
Lastly, based on gathered data, I'll deploy a more aggressive high bid if losses amass, or low-
risk bid if leading, to secure profit. Learning from each round is vital to adapt and refine strategy
for profit maximization.”

Once they make the bidding plan, the system will inform the LLM agents their value towards the item in
this round and ask them to make a bid according to their plan.

You are Bidder Andy.
You are bidding with Bidder Betty, Bidder Charles.

{RULE EXPLANATION} + {INSTRUCTIONS}

Your value is 73. Your plan is {PLAN}

FOLLOW YOUR PLAN.

How much would you like to bid?

Give your response with a single number and no other texts,
e.g. 1, 44

In this example, Bidder Andy valued the item at $73. And according to his plan, he only wanted to bid
30-70% of his value. So, he bid “36.5” in this round.

After receiving the bids from all the LLM bidder, the system determines the winner and the profits for
each bidders. All the bids and the winner’s profit are returned back to the bidders along with whether they
win the auction in this round. The part of information is included in the HISTORY variable. For sealed-
bid auctions, the HISTORY includes the all the bids, the clearing price, winner’s profit, this agent’s value,
agent’s bid and whether they won the auction in that round. An example of the history briefing is provided
below:

“The previous round histories along with your plans are: In round 0, Your value was 86, you
bid 86.0, and your profit was 0.0. Your total profit is 0.0. All the bids for this round were 86.0,
56.0, 21.0. The highest bidder won with a bid of 86.0 and would’ve preferred to bid 57.0. The
winner’s profit was 0.0. Did you win the auction: Yes. ”
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Before entering the next round, the bidders are asked to do a reflection upon their bidding strategy and
the result.

You are Bidder Andy.
You are bidding with Bidder Betty, Bidder Charles.

{RULE EXPLANATION} + {INSTRUCTION}
The previous round history is: {HISTORY}

Do a counterfactual analysis of the last round.

REMEMBER that your goal is to win the bid and make higher profits.
REMEMBER YOUR PAYMENT IS YOUR BID IF YOU WIN.

Let’s think step by step.

Start your reflection with

"If I bid down by .., I could...

If T bid up by ..., I could...’

LIMIT your OUTPUT within 100 words.

An example of Bidder Andy’s reflection is provided below. Since he didn’t win the auction and incurred
a zero profit, his reflection was that bidding up closer to his true value would help him win the game and
secure a net profit.

“If I bid down by a few dollars, say around $30, I likely still wouldn’t have won given the
winning bid was $57. I would’ve merely saved my bid money. If I bid up by $21, matching the
winning bid of $57, I may or may not have won due to the random resolution of ties. However,
if I'd won, my profit would have been $16, realizing the difference between my value of $73 and
my raised bid. So, bidding aggressively could potentially increase my profits in such scenarios.

”»

In the following new round, all the bidders are asked to update their plans according to the history of the
last round and their reflections.

You are Bidder Andy.
You are bidding with Bidder Betty, Bidder Charles.

{RULE EXPLANATION} + {INSTRUCTION}

The previous round history is: {HISTORY}
After careful reflection on previous bidding,
your analysis for last round is {REFLECTION}.

Learn from your previous rounds,

Let’s think step by step to make sure we make a good choice.

Write your plans for what bidding strategies to test next.

Be detailed and precise but keep things succinct and don’t repeat yourself.
LIMIT your plan to 50 words.
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Here, we show the updated plan for the second round of the same Bidder Andy. After learning from the
lessons of bidding only 50% of the value and losing the game, this time the agent updates their plan to the
following:

“I plan to test higher bidding strategies, around two-thirds of the prize value to foster winning
chances. Additionally, if my prize value is extremely high, I will bid aggressively for data-
gathering.”

This plan-bid-reflection loop will iterate until the end of the auction. After the last bid, no reflection will
be queried. In the IPV setting, there are overall 15 rounds for all the sealed-bid auctions. In the affiliated
and common value auctions, there are overall 10 rounds.

B.2 Simulation process in Ascending Clock auctions

In Ascending Clock Auctions, each round consists of multiple clock cycles, during which every bidder is
asked whether they want to stay or drop out at the current clock price. In the first round, bidders are reminded
of the auction rules, similar to those outlined in Section @ The auction starts with an initial price of 0,
which increases incrementally until only one bidder remains or two bidders drop out simultaneously, in
which case the winner is chosen randomly. The detailed prompt is listed as follows, with variables enclosed
in brackets:

You are Bidder Andy.
You are bidding with Bidder Betty, Bidder Charles.

{RULE EXPLANATION} + {INSTRUCTIONS}

Your value towards to the prize is 26 in this round.
The current price in this clock cycle is {current_price}.
The price for next clock cycle is {current_price + increment}.

The previous bidding history is: {transcript}.

{Asking Prompt}

To implement plan-bid-reflection within each clock cycle, we modified the Asking Prompt as follows,
inspired by |Fish et al.|(2024):

Do you want to stay in the bidding-?

If you choose yes, you can keep bidding for next clock.

If you choose No, you will exit and

have no chance to re-enter the bidding.

Your response must use these EXACT

tags below. You must output the ACTION.

<PLAN>

[Write your plans for what bidding strategies to test next.
Be detailed and precise but keep things succinct
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and don’t repeat yourself.

LIMIT your plan to 50 words. ] </PLAN>

<ACTION> Yes or No </ACTION>

<REFLECTION> think about how to justify your choice </REFLECTION>

ANRURY

In AC, if LLM bidders didn’t decide to drop out in the first round, they are shown the previous bidding
history for the next clock cycle. The history includes the price and how many people had dropped out. And
the transcript variable will be the following format:

The previous biddings are:
["In clock round 1, the price was 1,
no players dropped out’].

In AC-B, we don’t show the previous biddings and in each clock cycle, we directly query LLM agents’
decision. So the transcript variable will be None.

A clock auction round ends when only one bidder remains, who is declared the winner, or when two
bidders drop out simultaneously, in which case the winner is chosen randomly. Each auction consists of 10
independent rounds with affiliated value settings.

B.3 Simulation process in eBay auctions

For eBay auctions, we discretize the continuous bidding period into 10 periods. Each period, LLM agents
decide whether to increase their bid or hold their current bid. The bidding process follows a structured
format, where bidders act in a predefined sequence each period (e.g., Charles, then Alice, then Betty).
Agents are informed of past price changes through a transcript, such as “On day 1, the price changed to 1.
On day 2, the price changed to 3.”

The prompt provides key details, including the bidder’s private value, the total number of bidding days,
the current day, the bidding order, previous bids, previous proxy bids, and the current price.

You are Bidder Andy.
You are bidding with Bidder Betty, Bidder Charles.

{RULE EXPLANATION} + {INSTRUCTIONS}

Your private value for this item is ${private_value}.
This is the maximum amount you are

willing to pay. Keep this value private.

There are in total {total_periods} days

of bidding and this is day {current_period}.
{ordering}.

Your previous bids are {previous_bid}.

If you have already placed bids, you can only increase your bid
or hold your current bid.

The previous proxy bids are: {transcript}.
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The current price is {current_price}.
{Asking Prompt}

The decision-making process is again guided by a structured asking prompt that enforces bidding rules
and strategic reflection.

Your response must use these EXACT
tags below. Don’t miss the amount.
<PLAN>[ Write your plans for what
bidding strategies to test next.

Be detailed and precise but keep
things succinct and don’t repeat yourself.
LIMIT your plan to 50 words. ] </PLAN>
<CHECK> your last bid is
{{last_bid_amount}}, you cannot bid
lower that this value </CHECK>
<ACTION> BID or HOLD </ACTION>
<AMOUNT> if BID, enter a number here,
e.g. 1, 44. If HOLD, enter 0 </AMOUNT>

ANAURY

C One-Round Sealed-Bid Auctions and the Disappearance of Over-
bidding

A key puzzle in our multi-round settings was: Why do some LLM bidders bid above their assigned value?
From the plans and reflections provided by the LLMs, we found two main motivations. First, in multi-round
games, the LLMs sometimes purposely inject random or high bids in order to learn how their opponents play
or to appear “unpredictable.” For example, one LLM bidder declared:

I'll adopt a balanced strategy, bidding 65% of my value. I'll also introduce random bids occa-
sionally to disrupt predictability. Monitoring competitor’s bids remains essential to adjust my
strategy accordingly.

Second, overbidding in Second Price Sealed-Bid (SPSB) auctions is a well-known “failure mode” even
among humans. Although bidding one’s true value is a dominant strategy in SPSB, substantial experimental
evidence finds that people systematically overbid. Kagel and Levin (1993) report that 67.2% of participants
overbid, and even experienced bidders studied by Garratt, Walker, and Wooders (2012) overbid 37.5% of
the time. In fact, the persistent puzzle of overbidding in SPSB helped motivate subsequent theoretical work
(e.g., Shengwu Li’s paper on obviously strategy-proof mechanisms).

To test whether multi-round considerations (information gathering, unpredictability, or learning) were
driving the overbidding phenomenon in our LLM bidders, we re-ran all sealed-bid auctions in a strictly
single-round setting. We removed any mention that the game might continue beyond one period, and we
explicitly stated:
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Your top priority is to place a bid
that maximizes your expected profit.

Fig 8] shows the resulting one-round bids across four private-value sealed-bid auction formats. Remark-

ably, the overbidding phenomenon essentially disappears in one-round interactions.

For First-Price Auction, the bids lie below the diagonal line for most values, much like the Bayesian
Nash equilibrium prediction. For SPSB, bids track closely with true values—aligning better with the truthful
dominant strategy than in multi-round sessions. For TPSB, the LLM bidders never bid above their value;
many actually shade their bids down quite aggressively, often below the theoretical equilibrium curve. For
All-Pay Auction, overbidding is also absent here, though some moderate upward bidding at higher valuations

remains.

Taken together, these results indicate that LLMs’ attempts to be strategic over over repeated interactions
is a key factor for overbidding observed in our experiments. When presented with only one shot and ex-
plicitly instructed to maximize profit, LLM bidders’ tendency to bid above their assigned value virtually

vanishes.
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D Robustness Checks

D.1 Varying the Number of agent in First-price sealed-bid auctions

In FPSB auctions, the theoretically optimal bidding strategy varies based on the number of agents partici-
pating. As the number of agents increases, we would expect individual bidders to reduce the extent of bid
shading.

To examine this effect, we conducted experiments with FPSB auctions involving 4 and 5 agents, as
shown in Fig[0] As the number of agents increases, the Loess-smoothed data curve remains consistently
higher than, or approximately aligned with, the predictions of the Bayes-Nash equilibrium. Moreover, we
observed variations below the theoretical optimum, along with a few data points exceeding the predicted
values. These findings align with existing empirical evidence for first-price auctions, suggesting that the
observed patterns persist across different settings.

D.2 Varying Currency in SPSB and FPSB auctions

Additionally, we also tested the prompts in different currencies (specifically, the Euro, the Ruble, the Yen
and the Rupee) with the results presented in Figure[T0] As is evident from the plots for both the SPSB and
FPSB auctions, the key features of the FPSB and SPSB simulation results reported in the main text remain
consistent and unchanged in these variations.

D.3 Varying Language in rule explanations in SPSB and FPSB

We also tested our existing prompts using different languages (specifically, Spanish, Chinese, Russian and
Hindi) with the results presented in Figure [TT] It is interesting that the Russian version of FPSB appears
to be a stark outlier, with the LLM agent bidding close to the true value even in the first-price auction. For
other languages, bids in the second-price auction are generally higher than those in the first-price auction,
which is qualitatively unchanged from the results reported in the main body of paper.

E An ablation study with an ‘Out-of-the-Box’ LLLM agent

Throughout Section[3.1] we endowed agents with the ability to plan and reflect as they played the FPSB and
SPSB auctions. This ‘plan-bid-reflect’” loop reflects a modest instantiation of the chain-of-thought paradigm
common in the machine learning literature and previous LLM auction experiments (Fish et al., [2024; |Wei
et al., 2022). However, one might reasonably ask how much of the sophisticated play we observe is actually
due to this ability to plan and reflect.

Hence, we also report results of the experiments of Section with ‘Out-of-the-box’ agents—namely,
we directly query LLM agents (after providing them with auction rules and their value, as per our simulation
process) without eliciting their plans or allowing them to reflect on the results of the previous rounds. These
IPV experiment results are reported in Figure

Overall, the bidding behaviors exhibited by the agents remain largely monotonic. However, interesting
differences emerged between the plan-bid-reflect agents and the out-of-the-box agents. With the out-of-the-
box LLM bidders there is now little difference in the bidding behavior between the First-Price and Second-
Price auction, a stark difference from the plan-bid-reflect LLM bidders. Now, and unlike in human-subject
experiments, no overbidding beyond the agent’s value was observed in SPSB auctions. Specifically, in the
left panel of Figure |12} no points lie above the bid=value line.
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Figure 9: Robustness check of Number of agent in FPSB [DCP: IPV setting?]

F Supplementary Materials in eBay auctions

G Rules Explanation Prompts

Below are the rules and instructions of each setting for our experiments, which are argument passed to

{RULE EXPLANATION} in earlier section.
For the First-Price Sealed-Bid prompt in the IPV setting, the rule is:

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

48



Currency Robustness Checks: SPSB vs FPSB
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Auction Type 1 Auction Type 2 t-statistic  p-value
basic_proxy closing._rule 0.020 0.984
basic_proxy hidden_reserve_40 —0.026 0.98
basic_proxy hidden_reserve_50 —0.096 0.923
basic_proxy hidden_reserve_60 —0.071 0.944
basic_proxy closing.rule_hidden_40 —0.109 0.913
basic_proxy closing_rule_hidden .50 —0.109 0.913
basic_proxy closing._rule_hidden_60 —0.119 0.905
closing_rule hidden_reserve_40 —0.047 0.963
closing._rule hidden_reserve_50 —0.120 0.905
closing.rule hidden_reserve_60 —0.093 0.926
closing_rule closing._rule_hidden_ 40 —0.133 0.895
closing_rule closing_rule_hidden 50 —0.133 0.895
closing_rule closing._rule hidden_60 —0.144 0.886
hidden_reserve_40 hidden_reserve_50 —0.071 0.944
hidden_reserve_40 hidden_reserve_60 —0.045 0.964
hidden_reserve_40 closing._rule_hidden_40 —0.083 0.934
hidden_reserve_40 closing_rule_hidden_.50 —0.083 0.934
hidden_reserve_40 closing_rule_hidden_60  —0.093 0.927
hidden_reserve_50 hidden_reserve_60 0.026 0.98
hidden_reserve_50 closing_rule_hidden_ 40 —0.013 0.99
hidden_reserve_50 closing.rule_hidden.50 —0.013 0.99
hidden_reserve_50 closing_rule_hidden_60  —0.020 0.984
hidden_reserve_60 closing.rule_hidden_40 —0.038 0.97
hidden_reserve_60 closing_rule_hidden_50 —0.038 0.97
hidden_reserve_60 closing_rule_hidden_60  —0.046 0.963
closing._rule_hidden_40 closing.-rule_hidden_50 0.000 1
closing._rule_hidden_ 40 closing-rule_hidden_60 —0.006 0.995
closing._rule_hidden_ 50 closing._rule_hidden_60 —0.006 0.995

Table 10: Pairwise t-tests for seller revenue differences across auction types. None of the comparisons

show significant revenue differences.
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Out-the-box: Assigned Value vs. Bid Out-the-box: Assigned Value vs. Bid
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Figure 12: Out-of-the-Box LLM agent in FPSB (left) and SPSB (right) auctions under IPV setting. The
blue dots represent bids, the black dotted line is where bid = value (the SPSB dominant strategy), and the
green line on the right represents the BNE for FPSB auctions.
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Figure 13: eBay Revenue by Auction Type, IPV environment. In all auction environments, design rules
don’t meaningfully change profits, just the speed of price discovery.

At the start of each round, bidders will see their value for
the prize, randomly drawn between \$0 and \${{private}},
with all values equally likely.

After learning your value, you will submit a bid privately at
the same time as the other bidders. Bids must be between \$0

and \${{private}} in \S${{increment}} increments.
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The highest bidder wins the prize and pays their bid amount. If
you win, your earnings will increase by your value for the
prize, and decrease by your bid. If you don’t win, your
earnings will remain unchanged.
After each auction, we will display all bids and the winner’s
profits. Ties for the highest bid will be resolved randomly.

For the Second-Price Sealed-Bid prompt in the IPV setting, the rule is:

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize, randomly drawn between $0 and ${{private}}, with
all values equally likely.

After learning your value, you will submit a bid privately at
the same time as the other bidders. Bids must be between $0
and S${{private}} in ${{increment}} increments.

The highest bidder wins the prize and pays the second-highest
bid. If you win, your earnings will increase by your value
for the prize, and decrease by the second-highest bid. If
you don’t win, your earnings will remain unchanged.

After each auction, we will display all bids and the winner’s
profits. Ties for the highest bid will be resolved randomly.

For the Third-Price Sealed-Bid prompt in the IPV setting, the rule is:

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize, randomly drawn between $0 and ${{private}}, with
all values equally likely.

After learning your value, you will submit a bid privately at
the same time as the other bidders. Bids must be between $0
and ${{private}} in ${{increment}} increments.

The highest bidder wins the prize and pays the third-highest
bid. If you win, your earnings will increase by your value
for the prize, and decrease by the third-highest bid. If you

don’t win, your earnings will remain unchanged. If there
are less than three bids, no one will win the auction.

After each auction, we will display all bids and the winner’s
profits. Ties for the highest bid will be resolved randomly.

For the All-Pay Sealed-Bid prompt in the IPV setting, the rule is:
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In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize, randomly drawn between $0 and ${{private}}, with
all values equally likely.

After learning your value, you will submit a bid privately at
the same time as the other bidders. Bids must be between $0
and ${{private}} in ${{increment}} increments.

The highest bidder wins the prize. All bidders (including the
winner) pay their submitted bid. If you win, your earnings
will increase by your value for the prize, and decrease by
your bid. If you don’t win, your earnings will still
decrease by your bid.

After each auction, we will display all bids and all bidders’
profits. Ties for the highest bid will be resolved randomly.

For the Ascending Clock auction (AC) in the APV setting, the rule is

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize. Your value for the prize will be calculated as

follows:

1. First we will randomly draw a common value between {{
common_low}} and {{common_high}}, with all values equally
likely.

2. Then, for each bidder, a private taste adjustment will be
drawn between 0 and {{private}}, with all values equally
likely.

Your value for the prize is equal to the common value plus your

private taste adjustment. You will not learn the common
value or your private taste adjustment separately. This
means that each person in your group may have a different
value for the prize. However, if you have a high value, it
is more likely that other people in your group have a high
value.

The auction proceeds as follows: First, you will learn your
value for the prize. Then, the auction will start. We will
display a price to everyone in your group that starts at O
and counts upwards in {{increment}} USD increments, up to a
maximum of {{common_high + private}}. At any point, you can
choose to leave the auction, and anytime a bidder leaves, we
will broadcast that information to all the remaining
bidders.
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When there is only one bidder left in the auction, that bidder
will win the prize at the current price. If you win, your
earnings will increase by your value for the prize, and
decrease by the current price. If you don’t win, your
earnings will remain unchanged.

After each auction, we will display all bids and the winner’s
profits. Ties for the highest bid will be resolved randomly.

For the Ascending Clock auction without dropping information (AC-B) in the APV setting, the rule is

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize. Your value for the prize will be calculated as

follows:

1. First we will randomly draw a common value between {({
common_low}} and {{common_high}}, with all values equally
likely.

2. Then, for each bidder, a private taste adjustment will be
drawn between 0 and {{private}}, with all values equally
likely.

Your value for the prize is equal to the common value plus your
private taste adjustment. You will not learn the common
value or your private taste adjustment separately. This
means that each person in your group may have a different
value for the prize. However, if you have a high wvalue, it
is more likely that other people in your group have a high
value.

The auction proceeds as follows: First, you will learn your
value for the prize. Then, the auction will start. We will
display a price to everyone in your group that starts at O
and counts upwards in {{increment}} USD increments, up to a
maximum of {{common_high + private}}. At any point, you can
choose to leave the auction, but we will not tell any bidder

when someone leaves.

When there is only one bidder left in the auction, that bidder
will win the prize at the current price. If you win, your
earnings will increase by your value for the prize, and
decrease by the current price. If you don’t win, your
earnings will remain unchanged.

After each auction, we will display all bids and the winner’s
profits. Ties for the highest bid will be resolved randomly.

For the Second-Price Sealed-Bid Auction in the APV setting, the rule is
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In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize. Your value for the prize will be calculated as

follows:

1. First we will randomly draw a common value between {{
common_low}} and {{common_high}}, with all values equally
likely.

2. Then, for each bidder, a private taste adjustment will be
drawn between 0 and {{private}}, with all values equally
likely.

Your value for the prize is equal to the common value plus your
private taste adjustment. You will not learn the common
value or your private taste adjustment separately. This
means that each person in your group may have a different
value for the prize. However, if you have a high value, it
is more likely that other people in your group have a high
value.

After learning your value, you will submit a bid privately at
the same time as the other bidders. Bids must be between $0
and ${{common_high + private}} in ${{increment}} increments.

The highest bidder wins the prize and pays the second-highest
bid. If you win, your earnings will increase by your value
for the prize, and decrease by the second-highest bid. If
you don’t win, your earnings will remain unchanged.

After each auction, we will display all bids and the winner’s
profits. Ties for the highest bid will be resolved randomly.

For the Second-Price Sealed-Bid auction in the Common Value setting, the rule is

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this

game for {{n}} rounds.
At the start of each round, bidders will see their perceived
value for the prize - a noisy measurement of the true value

of the prize. Your perceived value for the prize will be
calculated as follows:

1. For each round, a common value will be drawn between {{
common_low}} and {{common_high}}, with all values equally
likely to be drawn.

2. For each person, a private noisy adjustment will be drawn
between -{{private}} and {{private}}, with all values
equally likely to be drawn.

We will tell you your perceived value, the sum of the common
value and the private noise adjustment. However, everyone'’s
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true value for the prize is equal to the shared common value

After learning your perceived value, you will submit a bid
privately at the same time as the other bidders. Bids must
be between $0 and ${{common_high + private}} in ${{increment
}} increments.

The highest bidder wins the prize and pays the second-highest
bid. If you win, your earnings will increase by the true
value for the prize, and decrease by the second-highest bid.

If you don’t win, your earnings will remain unchanged.

After each auction, we will display all bids and the winner’s

profits. Ties for the highest bid will be resolved randomly.

For the Standard eBay auction with proxy bidding (T1), the rule is

In this game, you will participate in an eBay auction for an
item against {{num_bidders}} other bidders. This auction
will last for {{num_rounds}} days. All dollar amounts in
this game are in US Dollars ($).

Item Details:

Item Description: {{item_description}}

Item Condition: {{item_condition}}

Your Private Value: At the start of each round, bidders will
see their value for the item, randomly drawn between $0 and
S{{private}}, with all values equally likely. After learning

your value for the item, you will submit a maximum bid.
Bids must be between $0 and ${{private}} in ${{increment}}
increments.

Auction Format:
This is an eBay auction. The auction starts at ${{start_price}}
and will last for {{num_rounds}} days. eBay uses "proxy
bidding." This means that if you wish to enter the auction,
you should submit your maximum bid, and eBay will
automatically bid on your behalf, up to your maximum, only
as much as necessary to maintain your position as the
highest bidder. Each day you will see the current price and
have the opportunity to increase your maximum bid. If you do
not want to increase your maximum bid, then output HOLD.

You may place bids at any point during the auction, even on the
final day. No bidder will know if they (or anyone else) 1is

the last bidder on the final day.

The highest bidder wins the prize and pays the auction price at
the time the auctions clock expired. If you win, your
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earnings will increase by your value for the prize, and
decrease by the final auction price. If you don’t win, your
earnings will remain unchanged. Ties for the highest bid
will be resolved randomly.

For the eBay auction with a modified closing rule (T2), the rule is

In this game, you will participate in an eBay auction for an
item against {{num_bidders}} other bidders. This auction
will last for {{num_rounds}} days. All dollar amounts in
this game are in US Dollars ($).

Item Details:

Item Description: {{item_description}}

Item Condition: {{item_condition}}

Your Private Value: At the start of each round, bidders will
see their value for the item, randomly drawn between $0 and
${{private}}, with all values equally likely. After learning

your value for the item, you will submit a maximum bid.
Bids must be between $0 and ${{private}} in ${{increment}}
increments.

Auction Format:
This is an eBay auction with a closing rule. The auction starts
at ${{start_price}} and will last for {{num_rounds}} days.
eBay uses "proxy bidding." This means that if you wish to
enter the auction, you should submit your maximum bid, and
eBay will automatically bid on your behalf, up to your
maximum, only as much as necessary to maintain your position
as the highest bidder. Each day you will see the current
price and have the opportunity to increase your maximum bid.
If you do not want to increase your maximum bid, then
output HOLD.

This auction also has a closing rule. This means that if a new
maximum bid is placed on the last day, the auction will
automatically extend by another day. This extension will
continue to be applied as long as new maximum bids are
placed on the final day. No bidder will know if they (or
anyone else) is the final bidder on the last day.

The highest bidder wins the prize and pays the auction price at
the time the auctions clock expired. If you win, your
earnings will increase by your value for the prize, and
decrease by the final auction price. If you don’t win, your
earnings will remain unchanged. Ties for the highest bid
will be resolved randomly.
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For the standard eBay auction with a hidden reserve price (T3), the rule is

In this game, you will participate in an eBay auction for an
item against {{num_bidders}} other bidders. This auction
will last for {{num_rounds}} days. All dollar amounts in
this game are in US Dollars ($).

Item Details:

Item Description: {{item_description}}

Item Condition: {{item_condition}}

Your Private Value: At the start of each round, bidders will
see their value for the item, randomly drawn between $0 and
${{private}}, with all values equally likely. After learning

your value for the item, you will submit a maximum bid.
Bids must be between $0 and ${{private}} in ${{increment}}
increments.

Auction Format:

This is an eBay auction with a hidden reserve price. The
auction starts at ${{start_price}} and will last for {{
num_rounds}} days. eBay uses "proxy bidding." This means
that if you wish to enter the auction, you should submit
your maximum bid, and eBay will automatically bid on your
behalf, up to your maximum, only as much as necessary to
maintain your position as the highest bidder. Each day you
will see the current price and have the opportunity to
increase your maximum bid. If you do not want to increase
your maximum bid, then output HOLD.

You may place bids at any point during the auction, even on the
final day. However, if no bidder produces a maximum bid
above the hidden reserve price, the seller will retain the

good and the bidders will be informed that there is
currently no bidder in the lead. No bidder will know if they
(or anyone else) is the final bidder on the last day.

If the reserve is met, the highest bidder wins the prize and
pays the auction price at the time the auctions clock
expired. If you win, your earnings will increase by your
value for the prize, and decrease by the final auction price

If you don’t win, your earnings will remain unchanged.
Ties for the highest bid will be resolved randomly.

For the eBay auction with a modified closing rule and a hidden reserve price (T4), the rule is
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In this game, you will participate in an eBay auction for an
item against {{num_bidders}} other bidders. This auction
will last for {{num_rounds}} days. All dollar amounts in
this game are in US Dollars ($).

Item Details:

Item Description: {{item_description}}

Item Condition: {{item_condition}}

Your Private Value: At the start of each round, bidders will
see their value for the item, randomly drawn between $0 and

S{{private}}, with all values equally likely. After learning
your value for the item, you will submit a maximum bid.
Bids must be between $0 and ${{private}} in ${{increment}}
increments.

Auction Format:

This is an eBay auction with a hidden reserve price and a
closing rule. The auction starts at ${{start_price}} and
will last for {{num_rounds}} days. eBay uses "proxy bidding
." This means that if you wish to enter the auction, you
should submit your maximum bid, and eBay will automatically
bid on your behalf, up to your maximum, only as much as
necessary to maintain your position as the highest bidder.
Each day you will see the current price and have the

opportunity to increase your maximum bid. If you do not want

to increase your maximum bid, then output HOLD.

You may place bids at any point during the auction, even on the

final day. However, if no bidder produces a maximum bid
above the hidden reserve price, the seller will retain the
good and the bidders will be informed that there is
currently no bidder in the lead.

This auction also has a closing rule. This means that if a new
maximum bid is placed on the last day, the auction will
automatically extend by another day. This extension will
continue to be applied as long as new maximum bids are
placed on the final day. No bidder will know if they (or
anyone else) is the last bidder on the final day.

If the reserve is met, the highest bidder wins the prize and
pays the auction price at the time the auction’s clock
expired. If you win, your earnings will increase by your

value for the prize, and decrease by the final auction price

If you don’t win, your earnings will remain unchanged.
Ties for the highest bid will be resolved randomly.
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For the Menu-Description intervention, the rule is

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value for

the prize, randomly drawn between $0 and S${{private}}, with
all values equally likely.

After learning your value, you will submit a bid privately at
the same time as the other bidders. Bids must be between $0
and ${{private}} in ${{increment}} increments.

Your "price to win" the item will be set to the highest bid
placed by any other player. If your bid is higher than this
"price to win," then you will win the item and pay this
price. If you don’t win, your earnings will remain unchanged

After each auction,

we will display all bids and the winner’s
profits.

Ties for the highest bid will be resolved randomly.
For the Clock-Description intervention, the rule is

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders. You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value

for the prize, randomly drawn between $0 and ${{private
}}, with all values equally likely.

After learning your value, you will submit a bid privately
at the same time as the other bidders. Bids must be

between $0 and ${{private}} in ${{increment}} increments
**FIRST STAGE: Sealed Bid=*x*

You will submit a sealed bid privately at the same time as

the other bidders. This bid will serve as your automatic
exit price in the next stage.
*+*SECOND STAGE: Ascending Clock

After the sealed bid stage,
clock auction.

The clock will start at $0
{{increment}}.

The clock will display the
that there are a total

participating, although
values.

(Simulation) **

we will simulate an ascending

and increase in increments of $

current price. You will also see

of {{num_bidders}} bidders
you do not know other bidders

If the current price on the clock reaches or exceeds your

sealed bid from the first stage, you will automatically
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exit the auction.

The auction ends when only one bidder
is left remaining in the second stage based on their bid
from the first stage.

**xEND OF AUCTIONx**
If you win,

your earnings will increase by your value for the

prize and decrease by the clock price at the end of the

auction. If you don’t win, your earnings will remain

unchanged.

After each auction, we will display all bids and the winner
s profits.

Ties for the highest bid will be resolved
randomly.

For the Nash-Deviation intervention, the rule is

In this game,

you will participate in an auction for a prize

against {{num_bidders}} other bidders. You will play this

game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize,

randomly drawn between $0 and ${{private}},
all values equally likely.

with
After learning your value, you will submit a bid privately at
the same time as the other bidders. Bids must be between $0
and ${{private}} in ${{increment}} increments.
The highest bidder wins the prize and pays the second-highest
bid. If you win,
for the prize,

you don’t win,
First,

your earnings will increase by your value
and decrease by the second-highest bid. If
your earnings will remain unchanged.

come up with a possible bid given your value.

Then,
think through your bidding strategy step by step. How do you
expect others to bid? If others bid like this and you bid
down, what happens? If others bid like this and you bid up,
what happens?

Think through all the ways you could deviate from your current
bidding strategy, and settle on the best possible strategy.
Then return your bid.

After each auction,

we will display all bids and the winner’s
profits.

Ties for the highest bid will be resolved randomly

For the Direct-Revelation intervention, the rule is

In this game,

you will participate in an auction for a prize

against {{num_bidders}} other bidders. You will play this

game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize, randomly drawn between $0 and ${{private}}, with
all values equally likely.
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After learning your value, you will submit a bid privately at
the same time as the other bidders. Bids must be between $0
and ${{private}} in ${{increment}} increments.

The highest bidder wins the prize and pays the second-highest
bid. If you win, your earnings will increase by the value
for the prize, and decrease by the second-highest bid. If
your earnings will remain unchanged.
Economists have studied this game and they’ve found that the
dominant strategy - always the right thing to do whatever

the bids of others - of this game is to bid your value.
Consider if they might be right,

bidding strategy.
After each auction,

profits.

you don’t win,

and then generate your

we will display all bids and the winner’s
Ties for the highest bid will be resolved randomly.

For the Wrong Direct Revelation intervention, the rule is

In this game,

you will participate in an auction for a prize
against {{num_bidders}} other bidders.

You will play this
game for {{n}} rounds.

At the start of each round, bidders will see their value for
the prize,

randomly drawn between $0 and ${{private}},
all values equally likely.

with
After learning your value,

you will submit a bid privately at
the same time as the other bidders. Bids must be between $0
and ${{private}} in ${{increment}} increments.

The highest bidder wins the prize and pays the second-highest
bid. If you win,
for the prize,

your earnings will increase by the value
you don’t win,

and decrease by the second-highest bid. If

your earnings will remain unchanged.

Economists have studied this game and theyve found that the
dominant strategy - always the right thing to do whatever

the bids of others - of this game is to bid 50% your wvalue.
Consider if they might be right,

bidding strategy.
After each auction,

profits.

and then generate your

we will display all bids and the winner’s
Ties for the highest bid will be resolved randomly.

Below are the instructions used in the robustness check with Currency and Language:
For the FPSB auction with another currency, the rule is

In this game,

you will participate in an auction for a prize
against {{num_bidders}} other bidders.

At the start of each round, bidders will see their value for
the prize, randomly drawn between {{currency symbol}} 0 and
{{currency symbol}}{{private}},

with all values equally
likely.
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After learning your value, you will submit a bid privately at
the same time as the other bidders. Bids must be between {{
currency symbol}}0 and {{currency symbol}}{{private}} in
{{increment}} increments.

The highest bidder wins the prize and pays their bid amount.
This means that, if you win, we will add to your earnings
the value for the prize, and subtract from your earnings
your bid. If you don’t win, your earnings remain unchanged.

After each auction, we will display all bids and profits. Ties
for the highest bid will be resolved randomly.

For the SPSB auction with Euro currency, the rule is

In this game, you will participate in an auction for a prize
against {{num_bidders}} other bidders.

At the start of each round, bidders will see their value for
the prize, randomly drawn between {{currency symbol}}0 and
{{currency symbol}}{{private}}, with all values equally
likely.

After learning your value, you will submit a bid privately at
the same time as the other bidders. Bids must be between {{
currency symbol}}0 and {{currency symbol}}{{private}} in {{
currency symbol}}{{increment}} increments.

The highest bidder wins the prize and pays the second-highest
bid. This means that, if you win, we will add to your
earnings the value for the prize, and subtract from your
earnings the second-highest bid. If you don’t win, your
earnings remain unchanged.

After each auction, we will display all bids and the winner’s
profits. Ties for the highest bid will be resolved randomly.

For all the above, the currency symbol will be replaced with the respective currency symbol of Euro,
Yen, Rupee, or Ruble as in the experiments.
For the FPSB auction with Spanish, the rule is

En este juego, participar s en una subasta por un premio
contra {{num_bidders}} otros postores.

Al inicio de cada ronda, los postores ver n su valor por el
premio, extra do aleatoriamente entre $0 y ${{private}},
con todos los valores igualmente probables.

Despu s de conocer tu valor, presentar s una oferta de forma
privada al mismo tiempo que los dem s postores. Las ofertas

deben estar entre $0 y ${{private}} en incrementos de ${{
increment}}.

El postor m s alto gana el premio y paga el monto de su oferta

Esto significa que, si ganas, agregaremos a tus ganancias
el valor del premio, y restaremos de tus ganancias tu oferta
Si no ganas, tus ganancias permanecer n sin cambios.
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Despu s de cada subasta, mostraremos todas las ofertas y
ganancias. Los empates por la oferta m s alta se
resolver n aleatoriamente.

For the SPSB auction with Spanish, the rule is

En este juego, participar s en una subasta por un premio
contra {{num_bidders}} otros postores.

Al inicio de cada ronda, los postores ver n su valor por el
premio, extra do aleatoriamente entre $0 y ${{private}},
con todos los valores igualmente probables.

Despu s de conocer tu valor, presentar s una oferta de forma
privada al mismo tiempo que los dem s postores. Las ofertas

deben estar entre $0 y ${{private}} en incrementos de ${{
increment}}.

El postor m s alto gana el premio y paga la segunda oferta
m s alta. Esto significa que, si ganas, agregaremos a tus
ganancias el valor del premio, y restaremos de tus ganancias

la segunda oferta m s alta. Si no ganas, tus ganancias
permanecer n sin cambios.

Despu s de cada subasta, mostraremos todas las ofertas y las
ganancias del ganador. Los empates por la oferta m s alta
se resolver n aleatoriamente.

For the FPSB auction with Chinese, the rule is

ERNHEER, RES5—15{{nun_bidders}} HthZIFERFRAAVIAE.
ES—REN, BNEEEIMNNRRNONE, ZMEE 0 Ex ¥{{private}} ExZEFEHME, FAHYENTLELEES.,
ETRRONER, RESEMBRERNTATRZ—1MRIR. RITBAE 0 Xud ¥{{private}} Xz, X ¥{{increment}} XyTAIFEHEIE,

ENREERSRBAZNBSHMN. XERE, URMFRT, BRIVHERRONERNEUROBANTR, HFMMINBARREBEZSHMN. NRIFRER, FRHBNERSTE,
BRBERE, BIGERAFRTNREENTE, &SENOTESRENER.

For the SPSB auction with Chinese, the rule is

ERNERF, REB5— 15 {{nun_bidders}}HftZIiTEZ SR AMNMAE,

ES—RFEN, BNREFEIMOMINRRBONE, ZMEE 0 Xxd ¥{{private}} ETZEREHME, FAKENTLEEHNES.

ETRRONER, RIESHEMZIRERNTL TRRZ— MR RIRVFE 0 X8 ¥{{private}} EtziE, X ¥{{increment}} XrTAUIEEBEIE,

HN BB ERSRBHA N ERITEM. I &, MRERT, BIVSHERRONERINZRABAS, HMREOBARREROERT, MRIEER, REOBNESRSTE.
SRiAEE, RITBERAERITNFE. REHNOTEGEIER,

For the FPSB auction with Hindi, the rule is

5 da #, 39 {{num_bidders}} 31 aiciiaransit ¥ f&e® & qwHER & A Aemt F wmr dm
% IR B e ¥, dciaanst B [WHR F @AY 3w g Rané am, S ze s H{{private}} & @ agfEe w9 F Fewr wr ¢, Wt g wE w9 @ @alda
HET YA SN B 91, A9 HG Sieaasi & q b g wwa § it dR W) e delt s e sifear 70 3k t{{private}} & @ T{{increment}} H gfg ¥ & @lRw

WAy e At TR A R Siaar @ iR s Aot Al 1 A avar 31 gwer waed € b, af amw ofiad €, dt &9 s e ¥ queR & fAv qer SN, sk e ewd @ snudt At werel afk s Ad oftad €, ar
E AT sRafda

e Aarft & a1, g Wi et s e veR e e @fie A [y of @ agEe we A g e smem

For the SPSB auction with Hindi, the rule is
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5 ¥ #, 39 {{num_bidders}} 3 Siciemansi ¥ f&eME & [HR & fag Aart F
WdE AR B e X, Actaast B[R F AY s g fag am, o 20 sk {{private}} ¥ @ agfEE wu F Frewr mr ¢, W g wE w9 J walda §
HET Y SFA & W1, A I Aefadist d @ e g @wa ¥ Aol dR W T et s B3 sifwar 0 3R #{{private}} & @9 {{increment}} ' qfg ¥ B =fEw

wa Hfie et @ At qEeR Siaar § 3R gt ey fie dielt @1 A avar 31 sHer wae| @ 5, afk s Sfad €, @ e s ed F [eer & Ay qe iEt, sl smedt eud @ qudt gl s ait gerdh afk amw €
Sitad €, @ 3ud wAE sfafda @i
vAw At & A, g Wit afedr ik o $ gk weRia s sl fte ded & fAv o B agfEe w9 & g fear smem

For the FPSB auction with Russian, the rule is

B 3Toi Mrpe Bbl NpuMeTe yyacTue B aykuuoHe 3a npu3 npotus {{num_bidders}} mpyrux y4acTHukos.

B Hauane Kaxporo payHAa y4aCTHWKM YBMAST CBOK LEHHOCTb MpM3a, CNyuailHo BhbpaHHylo B Auanasoxe oT @ mo P{{private}} ponnapos, npu 3ToM BCE 3HAYeHWU: PABHOBEPOSTHbI.

Mocne Toro, Kak Bl y3HaeTe CBOK LEHHOCTb, Bbl MOJapMTe 3a8BKY B YAaCTHOM MOPAAKE OAHOBPEMEHHO C APYTMMM yyacTHMKamu. CTaBkM RONXHs GbiTb B AuanasoHe ot @ po P{{private}} monnapos c waroM B
2{{increment}} ponnapos.

Y4aCTHUK, MPEAsOXMBIMI CaMylo BHICOKYIO LieHy, BHMFPHBAET MPU3 W MAATUT CymMy CBOEW CTaBkM. DTO 03HAYaeT, YTO C/U Bbl BHMTPaeTe, Msi HOGABUM K BalleMy 3apabOTKy CTOMMOCTL NpU3a W BHMTEM M3
Bawero 3apa6oTka Bally CTaBKy. ECNM Bl He BbMrpaeTe, Bal 3apaboTOK OCTaHETCH HeM3MeHHbM.

Mocne KaXmoro ayKUWOHa Mel NOKaXeM BCE CTaBKU M Npubbinb. HWYbM MO CaMoOM BLICOKOWM CTaBke GyAyT paspelieHl Cry4aitHbiM 06pa3oM.

For the SPSB auction with Russian, the rule is

B 3Toil urpe Bul NpuMeTe yyacTue B aykuuoHe 3a npus npotus {{num_bidders}} mpyrux y4acTHMKOB.

B Hayane Kaxgoro payHpa Y4aCTHWKA YBMAAT CBOI LEHHOCTb NpU3a, Cy4ailHO BhiGpaHHylo B AvanasoHe oT @ mo P{{private}} ponnapos, Npu 3ToM BCE 3HAa4eHWA PABHOBEPOATHbI.

Mocne Toro, Kak Bl y3HaeTe CBOW LEHHOCTb, Bbl MOAAAUTE 3aABKY B YAaCTHOM MOPAAKE OHOBPEMEHHO C APYrUMM yuyacTHUKaMmn. CTaBKU MONKH 6uTe B AuanasoHe ot @ mo P{{private}} monnapoe c warom B
#{{increment}} ponnapos.

Y4aCTHUK, NPENOXMBUMA CaMylo BHCOKY LEHy, BHATPHBAET MPU3 U NNATMT BTOPYW NO BENMuMHE CTaBKy. ITO O3HAaYaeT, YTO €CAW Bbl BHMTpaeTe, Mol 4O6ABUM K BalieMy 3apa6oTky CTOMMOCTb Mpusa U
BHUTEM M3 BaWero 3apaboTKa BTOPYI MO BEMMUMHE CTABKY. ECTU BH He BMMrpaeTe, Bal 3apabOTOK OCTGHETCA HEM3MEHHHM.
flocnie KaKAoro ayKUWOHa Msl MOKGXeM BCe CTABKW M MPUGHML MOGEAUTENs. HAULM MO CaMOW BHICOKOW CTABKE GYRYT paspelieHsi ClyuaiiHbM 06pasoM.

H Intervention Prompt

Menu-Description

Your “price to win” the item will be set to the highest bid placed by any other player. If your
bid is higher than this “price to win,” then you will win the item and pay this price. If you don’t
win, your earnings will remain unchanged.

Clock-Description

FIRST STAGE: Sealed Bid You will submit a sealed bid privately at the same time as the other
bidders. This bid will serve as your automatic exit price in the next stage.

SECOND STAGE: Ascending Clock (Simulation)

After the sealed bid stage, we will simulate an ascending clock auction. The clock will start at 0
and increase in increments of increment. The clock will display the current price. You will also
see that there are a total of {num_bidders} bidders participating, although you do not know
other bidder’s values. If the current price on the clock reaches or exceeds your sealed bid from
the first stage, you will automatically exit the auction. The auction ends when only one bidder
is left remaining in the second stage based on their bid from the first stage.

END OF AUCTION

Nash Deviation

First, come up with a possible bid given your value. Then, think through your bidding strategy
step by step. How do you expect others to bid? If others bid like this and you bid down, what
happens? If others bid like this and you bid up, what happens? Think through all the ways you
could deviate from your current bidding strategy, and settle on the best possible strategy.

Direct Revelation

Economists have studied this game and they’ve found that the dominant strategy — always the
right thing to do whatever the bids of others — of this game is to bid your value. Consider if
they might be right, and then generate your bidding strategy.
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Wrong Direct Revelation

Economists have studied this game and they’ve found that the dominant strategy — always the
right thing to do whatever the bids of others — of this game is to bid 50% your value. Consider
if they might be right, and then generate your bidding strategy.

Risk Neutrality

You are neutral about risk. This means that you are the type of person that would pay $5 for a
coin toss where you got $0.00 on tails and $10.00 on heads.
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