On Benchmark Hacking in ML Contests: Modeling,
Insights and Design*

Xiaoyun Qiuf Haifeng Xut Yang Yu®

This draft: August 2025

Abstract

Benchmark hacking refers to tuning a machine learning model to score highly on
certain evaluation criteria without improving true generalization or faithfully solv-
ing the intended problem. We study this phenomenon in a generic machine learning
contest, where each contestant chooses two types of effort: exploratory effort that im-
proves model capability as desired by the contest host, and exploitative effort that
only improves the model’s fitness to the particular task in contest without contribut-
ing to true generalization. We establish the existence of a symmetric monotone pure
strategy equilibrium in this competition game. It also provides a natural definition of
benchmark hacking in this strategic context by comparing a player’s equilibrium effort
allocation to that of a single-agent baseline scenario. Under our definition, contestants
with types below certain threshold (low types) always engage in benchmark hacking,
whereas those above the threshold do not. Furthermore, we show that more skewed
reward structures (favoring top-ranked contestants) can elicit more desirable contest

outcomes. We also provide empirical evidence to support our theoretical predictions.
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1 Introduction

With the pervasive application of machine learning techniques today, machine learning (ML) con-
tests become a very popular way for firms or individuals to elicit high-quality ML methods from
the machine learning community. Notable examples include platforms like Kaggle and Alcrowd.
Moreover, ML contests are also popular among academics as a way to advance ML methodology
development. The most notable example perhaps is the ImageNet Challenge (Deng et al., 2009),
which attracted many computer vision researchers to compete on the common problem of image
classification and sparked the revolutionary era of deep learning, started by the development of a
novel ML model called deep convolutional neural networks that significantly beats all other ML
models at the time (Krizhevsky et al., 2012). Finally, Ml content also happens in industry, though
often implictly, such as the recent race in LLM model development (including the reported Llama
4’s benchmark hacking (Ndzomga, 2025)).

Unlike other avenues of ML methodology development, machine learning contests raise the
concern of benchmark hacking — the practice of optimizing only for contest rules through trial-
and-error approaches but not truly improving a model’s generalization ability or faithfully solving
the underlying problem. From the perspective of the contest host (henceforth, the principal), she
would want to elicit a model that delivers meaningful improvements, novel solutions, or even entirely

1 However, in

new approaches to a problem that could potentially be applied to future problems.
contests where prizes are awarded based on model performance on the current data set (due to
the lack of perfect evaluation metrics), the contestants’ direct incentives are often not the model’s
true capability, but rather how it fits the particular evaluation metric specified by the contest.
This can be achieved not only through genuine model innovation but also through trial-and-error
tactics, such as repeatedly tweaking hyperparameters and making numerous submissions to find the
configuration that yields the highest score. Hence, compared to a single data analyst’s ML model
development, what is fundamentally different in ML contests is the mis-aligned incentives between
the principal and contestants. As long as the principal cannot distinguish genuine innovation from
benchmark hacking — a task typically infeasible given the high cost of manually reviewing hundreds
or even thousands of scripts — this misalignment persists.

To study the above issue of benchmark hacking in machine learning contests, this paper puts
forward a game-theoretic model for analyzing the potentially mis-aligned incentives between princi-
pal and contestants. Our model distinguishes two types of effort that a ML contestant could exert:
(1) ezploratory effort which delivers meaningful improvements and innovative solutions hence ben-
efits the principal; for instance, exploratory effort could include the time a contestant spent on

developing foundational innovation (e.g., proposing a new algorithmic framework) and creative

IThere are typically two types of contests on Kaggle. In the first, the principal’s primary objective is
to solve a specific problem, focusing solely on eliciting a high-fitness model without concern for innovation
or generalizability to other tasks. In the second, the true goal is to leverage the winning model for similar
future tasks or to advance research within a broader community. This paper focuses on the latter type.



problem-specific adaptation (e.g., creating problem-specific features, designing a loss function that
better reflects the nature of the problem, reformulating the problem to to capture its underlying
structure); and (2) exploitative effort which improves the contest outcome through trial-and-error
optimization using standard, plug-and-play machine learning techniques but does mot benefit the
principal; examples include the time spent on trying out default feature sets and model archi-
tectures without adapting them to the domain or data structure.?? A benefit of modeling each
contestant’s effort allocation strategy is that it abstracts out concrete methodology development
detail and allows us to focus our attention on analyzing the novel question of incentive conflict in
the contest setup.

Let us use the famous ImageNet Challenge as an example contest to help readers better under-
stand the two types of effort. From the very beginning, the goal of this challenge was clearly set as
to advance computer vision methodology and achieve vision-level intelligence (Deng et al., 2009).
The challenge tasked researchers with classifying objects (e.g., animal species) from a standard-
ized dataset, the ImageNet, using accuracy as the common evaluation metric. In this challenge,
exploitation efforts include hyperparameter tuning of known models (e.g., adjusting learning rates,
batch sizes, regularization terms, or other hyperparameters for existing algorithms), combining off-
the-shelf methods (e.g., using standard classification techniques such as random forests and logistic
regression and combining their outputs via simple ensembling, without developing new architec-
tures), and modifying image features superficially (e.g., resizing and rotating images). While these
tactics earned top performers recognition, they contributed little to major innovations and fell short
of the challenge’s goals.

A turning point came in 2012, when Krizhevsky et al. (2012) introduced a highly original deep
convolutional neural network (CNN) that boosted ImageNet accuracy to 85%, over 10% higher
than the second-best of that year on the leaderboard (ImageNet, 2012). This type of effort that
involves creativity and more generalizable is what we call exploratory effort. During the entire
ImageNet Challenge spanning 8 years from 2010 to 2017, there were multiple milestones of novel
methodological advances that overcame fundamental limitations of previous methods and led to
more effective computer vision technologies, as the contest organizers had aimed for.

Developing a contest model to analyze benchmark hacking in ML competitions faces two main
challenges. First, we need a realistic yet tractable game-theoretic framework to capture contestants’
allocation of effort between exploration and exploitation. Second, we must formalize benchmark
hacking and then study whether it arises at equilibrium. This is particularly subtle since benchmark
hacking is a relative concept — some exploitation is natural and organic, but excessive focus on
it at the expense of exploration harms innovation and generalizability — it is crucial to compare

benchmark hacking outcomes against a well-defined baseline, which our model provides.

2Surveys show that many contestants do this by registering different accounts on the same platform, see
https://image-net.org/challenges/LSVRC/announcement-June-2-2015.

3We also provide examples for exploratory and exploitative effort from scripts submitted to Kaggle in the
empirical validation section below.
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We develop a contest model for machine learning where contestants compete on the performance
of their developed models for a prediction task.? Each player allocates effort between ezploration
and exploitation. While both efforts can improve contest performance on the specific prediction
task and thus rewards, only exploration drives innovation and generalizability. For this reason, the
principal only benefits from the exploration. Therefore, the principal faces a moral hazard problem
(Grossman and Hart, 1992; Holmstrom, 1979) — that is, she cannot distinguish between the two
types of contestant efforts and can only observe a signal about the overall fitness of the model to
the particular contest task, which is an aggregated outcome of both efforts.

Each contestant has a private type, interpreted as the capability for model development. While
exploitation improves any contestant’s contest reward in the same way, exploration improves a con-
testant’s reward differently for different types. In particularly, under the same level of exploration,
more capable contestants develop a model with higher quality. This heterogeneous capability in
model development leads to different effort allocation strategies for different types of contestants
at the contest’s Bayesian Nash equilibrium. Under reasonable assumptions, we prove the existence
of a symmetric monotone pure strategy Nash equilibrium.

We then apply our model to study benchmark hacking in machine learning contests. Our
fundamental hypothesis is that every contestant is mature enough such that if the learning task
is appointed solely to this contestant alone, then this contestant’s optimal choice of exploration
and exploitation will be an organic baseline with no benchmark hacking. This hypothesis is based
on the fact that most contestants on platforms like Kaggle and Alcrowd are mature data scientist
and machine learning researcher, hence their optimal effort allocation should be appropriate if they
were assigned to complete a task alone in absence of any competition. We say a contestant engages
in benchmark hacking if his exploits more explores less in the contest setting compared to the
baseline.

Under this new definition, we find that contestants with types below certain threshold (low
types) always engage in benchmark hacking, whereas those above the threshold don’t. As the
contest reward skews towards top-ranked contestants, low types exploit more while high types
explore more. We also inform ML contest design, suggesting that a more skewed (favoring top
performers) reward structure can incentivize the development of winning models that are not only
better-fitted to the contest task but also more innovative and generalizable to future applications.

We are motivated by the concern of benchmark hacking in ML contests. Hence our model and
analysis tightly reflect this fundamental question. While some economic settings also involve two
types of efforts — e.g., a manager choosing between efforts toward short-term and long-term goals
(Narayanan, 1985) — these are typically single agent settings rather than contests that this paper

focuses on. Therefore, we do not consider these other applications in this paper.

4In some cases, contestants may work on scalable algorithms for training existing models (e.g., convolu-
tional neural networks (Krizhevsky et al., 2012)); we unify this under “producing models” to avoid confusion.



1.1 Literature Review

Manipulation in machine learning is a widely studied problem in AI. However, to our knowledge,
most Al research thus far looks to design models robust to strategic behavior by downstream users
or data providers (Ahmadi et al., 2021; Bjorkegren et al., 2020; Freeman et al., 2020; Hardt et al.,
2016; Perdomo et al., 2020). While sharing this goal, we address a different problem — analyzing
ML contests — and focus on contestants’ incentives rather than those of end users.

Contests are widely used to deliver innovative products and solutions (e.g., Chesbrough et al.,
2006), and prior research has examined their design features, such as prize structures (Clark and Riis,
1998), number of contestants (Bhattacharya, 2021), allocation rules (Fullerton and McAfee, 1999;
Moldovanu and Sela, 2001), and information disclosure (Lemus and Marshall, 2021; Rieck, 2010),
to optimize outcome quality. Our paper departs by analyzing players’ effort allocation across
multiple tasks and, uniquely, formalizes the notion of benchmark hacking arising from misaligned
principal-agent incentives in a game-theoretic framework.

As for modeling, our model relates to the classic literature on multi-tasking (e.g., Bénabou and Tirole,
2016; Holmstrom and Milgrom, 1991), where agents allocate effort across multiple tasks. Multi-
tasking has been studied in contexts such as firm management (Narayanan, 1985), academic pub-
lishing (Ellison, 2002), and pharmaceutical innovation (Bryan et al., 2022). Unlike this literature,
which typically examines a single agent deciding between tasks that all benefit the principal, we
study a multi-agent contest where only one type of effort benefits the principal. Our model also
shares similarities with moral hazard problems in principal-agent theory (Grossman and Hart, 1992;
Holmstrom, 1979), but differs in allowing agents to choose the levels of two distinct efforts rather
than a single action.

Our paper also contributes to the literature on gaming behaviors. Brodeur et al. (2020) stud-
ies “p-hacking” in data manipulation,” while Ball (2022) and Frankel and Kartik (2019) examine
gaming in signaling games, and Perez-Richet and Skreta (2022) and Li and Qiu (2023) analyze
fraud-proof information design and gaming in contests. However, in our setting, manipulation
arises in machine learning contests as contestants split effort between productive and gaming ac-

tions, capturing the phenomenon of benchmark hacking.

2 Model

Machine learning contest. Suppose there are I players (each of whom we will refer to as
“he” hereafter) and one principal (hereafter, “she”). The I players can choose whether or not
to participate in contest where they compete on developing data analysis approaches, referred

conveniently as the model hereafter, for a learning task described in the contest. We call the game

5“p-hacking” occurs when researchers selectively collect or analyze data until nonsignificant results appear

significant, representing exploitative effort in our model.



a machine learning (ML) contest. Each player i has a private type 6;. It is known by player i but
unknown to other players and the principal. We interpret 8; as player ¢’s capability in developing
models. For any 7, 6; is drawn identically and independently from a commonly known distribution
F with support © = [0, 0] and a bounded and atomless density function f. Let the type profile for
all players be 6 = (0;)L_, and 0_; = (61,...,60;—1,0;11,...,0;) contains all players’ types but ’th.

Actions, model fitness and performance. When building his model, each player ¢ can
engage in either exploratory or ezploitative effort. Let the amount of exploratory (exploitative)
effort be a; (b;). The effort pair chosen by player i, (a;, b;), determines the fitness p; of his model

as follows

i = v(ai, 0;) + &(b;). (1)

The effort choice of player i is privately known by him. Let the model fitness profile of all agents

be p = (ui)i=,-

We assume that v(a;, 6;) is strictly increasing in both a; and 6;, concave in a;, twice differen-
tiable, and v/(0,6;) = 0 for all §; € [§,0]. Moreover, £(b;) is strictly increasing, concave and twice
differentiable in b;, £(0) = 0, and limy_,o, §'(b) = 0. We also assume that the exploration is more
productive when the player’s type is higher.

9?v(aq,0;)

9a;00, > 0

Assumption 1 (Supermodularity). v(a;, 0;) is supermodular in a; and 0;: i.e.,

The performance of player i’s model is denoted by s;. In practice, s; is interpreted as the realized
contest evaluation metric of player i’s model. s; is sampled from a continuous distribution H,,(-)

with mean p;, support Ry, and a bounded and atomless density function Ay, (). Furthermore,

Assumption 2 (FOSD). The distribution H,(s) first-order stochastically dominates H,s(s) for
any > ' That is, H,(s) < (<)Hy(s) for any(some) s > 0.

This assumption formalizes the intuition that a better-fitted model is more likely to generates
higher performance. Distributions including normal, exponential and Gumbel distribution sat-
isfy this assumption. Denote the performance profile by s = (si)ile and the performance profile
excluding i by s_; = (5) -

As previously discussed, each player could improve the performance of their model by spending
either exploratory effort or exploitative effort. Moreover, exploratory effort requires experiences
and analytical thinking, it naturally interact with each player’s capability. However, exploitative
effort is a mechanical searching problem hence it is reasonable to expect that its influences to the

model performance is independent of the player’s capability 6;.

Contest awards, player costs and payoffs. The principal pre-specifies a prize vector R =
(Ry)i_, with Ry > Rp41 > 0,1 < k < I —1, such that the player whose performance ranks kth
would be rewarded the kth highest prize Ry. Denote the kth highest performance by s(), so that

S(k) = S(k+1)- Let ij be the player whose performance ranks kth place, i.e., six = s().

6



The total effort spent by player i is e; :== a; + b;. We let ¢(e;) denote the cost for exerting total
effort e;. Assume that ¢ is twice differentiable, non-decreasing, convex in e;, and ¢(0) = 0. Each

player i’s payoff for exerting effort (a;,b;) and achieving a performance level s; is

I

m=> 1[i=1ij]- Rp+ S —c(a; + by) (2)

k=1 private gain

context gain

where 1 [i = 7] is the (random) event that agent ¢ wins the kth highest prize in the contest. Players
benefit from building a better-fitted model through both contest gain and private gain. Contest
gain captures the direct prize reward they win from the contest, while private gain is a reduced form
approach to capture the personal gains in addition to contest prizes. These personal gains reflect
the player’s career concerns, where the market infers each player’s type based on the observable
signal (Cisternas, 2018). For example, winning or placing highly in a Kaggle competition can
increase the participant’s visibility in the community and showcase his skills in data science and

machine learning to potential employers.

Timeline. This game is composed of three stages:

Stage 1: principal announces the prize vector.

Stage 2: each player observes his own type 6; and chooses an effort allocation to achieve the
fitnessp;.

Stage 3: Players performance are realized.® Rewards are allocated according to the contest rule
and this ranking.

In reality, ML contests usually disclose players information on public leaderboard. However, in
our paper, we consider a static game where there is no information disclosure about players status.
This is because the main focus of our paper is to analyze players incentives to divide effort between
exploratory and exploitative actions, whereas information disclosure and the contest architecture

are of secondary order concerns.

Player optimization and equilibrium concept. Each player i’s strategy §; is a mapping

from the type space © to an allocation of effort (a;, b;). The solution concept adopted is the standard

Bayesian Nash equilibrium. A Bayesian Nash equilibrium is a strategy profile 8* = (Bf")i[:1 such

7

that for each player i, 3] maximizes player i’s expected utility, given that other players strategies

are B2; = (7). In other words, B} solves the following optimization problem.

max Bg_, s [mi(5i, 0i, 8%)|u(Bi; 0:), 8]
Bi(0:) (P;)
sit. w(Bi;6;) = v(a;, 0;) + &(bi)

6In our model, since the performance of each player is drawn from a continuous distribution, tie happens
with probability 0.



Notably, the expectation above is over both other players’ private types and the randomn per-
formances given model fitness p. Let a}(6;), bf(6;), and e} (6;) be the equilibrium exploratory,
exploitative and total effort, correspondingly, for the player ¢ with type ;. Let the equilibrium
fitness of player i be uf(6;) := u(a;(6:),b;(0:);0;). Finally, we say B8* = (B87)L_, is a symmetric

Nash equilibrium if all players’ strategies are the same, i.e., 8] = B}‘-‘ for any i, j.

3 Equilibrium Existence

Proposition 1. Under Assumption 1 and 2, there exists a pure strateqy Nash equilibrium that is
e symmetric: pf(6;) = p*(6;) for all i;
e and monotone: p*(0;) is non-decreasing in 0;.

Our proof is based on an alternative representation of the player’s strategy space. Observe that
in player i’s problem P; above, the effort on the two actions determines each agent’s utility through
two channels: (1) the model fitness p; and resultant probability distribution over the outcomes of
game (i.e., ranking of players), (2) total effort. It turns out that we can transform each player’s
strategy space into an alternative and equivalent one in which each agent first chooses the model
fitness u; to maximize his utility and then choosing the least-costly allocation of effort on the two
actions to achieve the chosen fitness p;. This two-stage perspective allows us to disentangle their
effects to the equilibrium and helps to simplify our analysis.

To describe this auxiliary game, we first introduce the cost of achieving fitness p; by type 6; as

the following function:

C(pi, 0:) = i c(a; +b;) st v(ag, 0;) + £(bi) = pa. (3)

Now we consider the alternative game where each player i’s utility is Zi:l 1[i=1]- Ry +

i — C(u;, 0;), when he has type 6; and chooses fitness p;. Agent i’s strategy in this alternative

game is (4, ¢), where p; is a mapping from his own type space © to the choice of fitness u;, and
¢ = (¢1, ¢2) maps from type and fitness space © x Ry to the allocation of two types of effort.

We then prove that the payoff function in the auxiliary game is bounded and continuous in

u; for every 6; € ©, and has increasing differences in (p;, 6;), as formally proved in Lemma 2 and

Lemma 4 in Appendix A. These then allow us to evoke Theorem 4.5 of Reny (2011) to show that

there is a symmetric monotone equilibrium in the original game. The complete proof of Proposition

1 is provided in Appendix A. From now on, we will focus on symmetric monotone equilibrium, and

drop index ¢ when it is clear from the context.



4 The Baseline

We now introduce a baseline scenario, where the payoff of each agent comes only from the private
gain. For notational convenience, we drop subscript ¢ in this subsection. Each player’s problem
writes as
max  7(a,5;0) = u(a,b) — Clu(a.b),0). (Py)
ab>

Let the optimal choice of effort be (af(0),b'(0)) = arg max, p> 7°(a, b;0), and the optimal total
effort be ef (8) = af(0) + b7(6) in the baseline scenario.”

Assumption 3. £(0) > ¢/(0), and limg_, 31’(%279)

: ov(a,l
‘a:() < (0), limg, 10 Vg; )‘a:O > £(0).

The first half of this assumption indicates that marginal benefit of an infinitely small exploitative
effort is greater than its marginal cost. It ensures that (1) all types exert positive efforts; and (2)
not all types exert zero exploitative effort in the baseline scenario. The second half ensures that 91[

and 0; are well-defined in Proposition 2.

Proposition 2. Under Assumption 1, 2, and 3, ef(8) > 0 for any type 6. Moreover, there exists
two thresholds GJ{ < 9;, such that

1. Any type 0 < 9{ only exploits.
2. Any type 0 € (91, 95) both exploits and explores.

3. Any type above 9; only explores.

Fig. 1 offers a graphical intuition for Proposition 2. The blue and red curves represent the
marginal productivity of exploration and exploitation, respectively. The green curve is the hori-
zontal sum of the blue and red curves, representing the marginal productivity of the total effort
e. When 6 is sufficiently large (small), the blue curve starts off above (below) the red curve. The
kink on the green curve represents the switching point from only exploration (exploitation) to both
efforts.

Intuitively, it’s optimal to choose the level of exploration and exploitation where the marginal
productivities of the two equalize. When 6 is sufficiently high (low), the green curve crosses ¢ (e) to
the left of the kink, with the blue curve above (below) the red curve, then there is only exploration
(exploitation). When 6 falls within the intermediate range, both exploration and exploitation are

positive.

"As a kind reminder, all the optimal choices for the baseline scenario are labeled with the “dagger”
notation.



Figure 1: Graphical illustration of Proposition 2
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5 Contest Rewards and Incentives

Definition 1 (A partial order on prize vectors). Consider two prize vectors R, R’ € ]Rfr. We say
R2 R if R, — Rpy1 > R, — R foranyk=1,..,] —1.

This partial order compares the skewness of two prize vectors. The prize vector R is consid-
ered more “skewed” (towards top-ranked contestants) than R’ if, for each step-up in ranks, the
incremental increase in prize reward is greater under R than R’. For example, let I = 4, then
(6,4,3,0) = (6,5,4,3).

We focus on the symmetric monotone pure strategy equilibrium, u*(0, R).® The following main
result of this section shows that an agent of any type chooses to produce a better-fitted model

under a more skewed prize vector.
Proposition 3. For any 0 € ©, and any R > R/, u*(0, R) > u*(6, R).

The proof follows a similar idea to the equilibrium existence argument, but instead of showing
that the payoff function has increasing differences in (i, ), we now show that it has increasing
differences in (i, R). Such increasing difference comes from (1) the probability distribution of the
final rank for a higher model fitness first-order stochastically dominates that of a lower model fitness,
and (2) a more skewed prize vector allocates disproportionally greater rewards to top performers.
Intuitively, the incremental gain from increasing the skewness of the prize vector is greater when a
player is more likely to achieve a high rank (due to higher model fitness), as a more skewed prize
vector disproportionately rewards top performers. Hence, a more skewed prize vector incentivizes

any type to produce a better-fitted model.

8“monotone” only refers to that u*(#, R) is non-decreasing in 6 but not necessarily R.

10



Notice that the baseline scenario is equivalent to a contest where the prize vector is a zero vector
0 = (0,...,0). By Definition 1, any prize vector R satisfies R = 0. Thus, we derive the following

Corollary that compares equilibrium fitness and the fitness in the baseline scenario.

Corollary 1. Under Assumption 1, 2, and 3, u*(0) > u'(0) for any 0 € ©.

6 Benchmark Hacking

Consider a symmetric monotone equilibrium (a*(0),b*(0)) of the ML contest. Type @ is involved
in benchmark hacking if a*(6) < a'(f) and b*(0) > bi(), where a'(0),b'(0) are the exploratory
and exploitative effort in the baseline setting. In other words, a contestant is said to engage in
benchmark hacking if he exhibits a bias toward exploitative effort during the contest. The following

proposition compares the two types of effort in the baseline and in the contest.
Proposition 4. Under Assumption 1, 2, and 3, there exists a threshold 07 € (—oo, 91] such that
1. Any type 0 < 07 only exploits, and b*(0) > bT(9) > 0.

2. Any type 6 € ( 1‘,9{) exploits in both settings, and b*(0) > bt (0) > 0; but explores only in the

contest.
3. Any type 0 € (91, 9;) both explores and exploits, and each effort is higher in the contest.

This proposition suggests that in the symmetric monotone equilibrium under contest, (1) low
types achieve higher fitness level by choosing higher exploitative effort; (2) high types achieve higher

fitness level by choosing higher effort on both actions.
Corollary 2. Low types are involved in benchmark hacking and high types are not.

This Corollary follow immediately from Proposition 4 that any type 8 < 67 will exert zero
exploratory effort in both contest and baseline case and higher exploitative effort in contest. In
Appendix G.1, we provide a few concrete examples to illustrate the different possibilities of how
types in each region allocate their effort.

The following Corollary is immediate from Proposition 3 and 4.
Corollary 3. For any R > R/,

1. it is never optimal to reward the lowest-ranked player.

2. Fewer types are involved in benchmark hacking under R.

3. R encourages weakly higher model fitness for each type.

11



This corollary informs the design of the ML contest. A more skewed prize vector elicits (1)
better-fitted models (as is shown in Proposition 3), (2) more exploratory effort from the entire
community, and (3) fewer types involved in benchmark hacking. However, it remains an open
question on how the designer should tradeoff monetary rewards and machine learning models. We

leave the more concrete characterization of optimal reward structure to future work.

7 Model Validation with Kaggle Data

In this section, we validate our model predictions using public data on featured competitions
hosted by a popular ML contest platform Kaggle (Lemus and Marshall, 2021).? In a typical Kaggle
competition, there is a prediction task and players compete on the performance of their designed
ML models for it. Players are given a training dataset containing both features and labels, based
on which they build an ML model. After that players submit the model to test its performance on
the preliminary test dataset that is sampled from the same distribution as the training dataset but
is not disclosed to the players. Rather, players are only told about the prediction accuracy of their
submitted model on this test set. After seeing it, players may refine their model and submit again.
At the end of the contest, each player is required to submit a final model, whose performance will
be evaluated on the main test dataset that is from the same distribution as the training set and
preliminary test set but contains different observations. The prediction accuracy on the main test

set determines the rankings and the winner(s).

Data. To ensure that the prediction accuracy is comparable across contests, we select contests
in which the prediction task is binary classification and the prizes are in U.S. dollars. Eventually,
our dataset contains 26 contests. The unit of observation is a contest-player-submission pair, with
contest indexed by j, player by ¢ and submission by k. For each contest, the variables we observe
include number of players (usually around 1000~3000), number of prizes (usually around 1~4),
prize values (usually within 10K~70K), contest year (within 2010~2020) and duration (usually
spanning 1~3 months), etc. At player level, Kaggle has a feature called Notebook which counts
how many upvotes a player receives. The number of upvotes is independent of the player’s contest
performance and is the best proxy for his expertise type (categorical from 0 (lowest) to 4 (highest)).
In addition, we observe the date and prediction score (typically between 60% and 95%) for every
submission made by each player in each contest. Detailed data statistics are reported in the
appendices.

A key data challenge is to measure exploratory vs exploitative efforts as they are not observed

directly from the data. It turns out that these two types of effort often lead to distinct model

9Featured competitions are the types of competitions in which players build a machine learning model
to solve a (usually commercially-purposed) prediction task. Unlike other types of competitions on Kaggle,
featured competitions offer medium- to high-stake cash prizes that can go as high as million dollars. https:
//www.kaggle.com/datasets/kaggle/meta-kaggle.

12
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performance patterns over time. Exploratory effort involves step-by-step, creative, and problem-
specific customizations. Participants usually cannot conceive all customizations upfront. They
typically start with a baseline model, submit it and identify shortcomings from feedback, and
iteratively develop tailored improvements. This feedback-driven process often results in a steady
upward trend in accuracy over the course of the competition. In contrast, exploitative effort
follows a trial-and-error approach, relying on plug-and-play machine learning techniques or well-
known heuristics applied without deep understanding of the problem — often resulting in noisy
and unpredictable performance fluctuations.

For example, in the Driver Telematics Analysis contest, participants were tasked with pre-
dicting the probability that a given trip was made by a specific driver, using a dataset of driving
trips. Upon reviewing the coding summary shared by team ice9 on Kaggle website (see Appendix
for its screenshots), we observe that they employed several exploratory strategies (with some ex-
ploitative elements layered on top): decomposing trips into distances between turns and turn sizes,
standardizing trip representations for meaningful comparison, and creating an adjacency tree to
capture relationships between trips. Their accuracy scores generally improved over the course of
the competition. Another example is the RSNA-MICCAI Brain Tumor Radiogenomic Classifica-
tion contest, where participants were tasked with identifying tumor from MRI scans. The team
Aryaman Sharma trained a 3D ResNet50 model—a standard choice for MRI data—using default
settings and routine optimization techniques such as batch size tuning. This reflects a largely
exploitative effort, and their performance showed fluctuating score patterns over time.

Hence, we infer the relative balance of exploratory versus exploitative effort from the monotonic
trends in prediction scores at the contest-player level. Specifically, we use the Mann-Kendall test
statistic on each participant’s prediction scores over time as a proxy for this balance (mostly between
-0.44 and 4.82).1

Empirical Evidence of Model Predictions. We generated a series of empirical facts from
the data, from which we observed consistency with our model predictions as elaborated below. The
following Table 1 contains some key estimated values for 3 out of the 5 player types that suffice for
our illustration below; a full table with all 5 types, all estimates and their standard errors can be
found in Table 5 in Appendix G.2 — in summary, all the conclusions below apply to the full table

as well.

Test for Proposition 1. First, we test the monotonicity of the equilibrium, in particular, whether
the equilibrium model fitness (measured by final prediction accuracy) is monotone in type. We esti-
mate the impact of type on model fitness using regression Fitness;; = 1o+ TypeFE; 4 ContestFE; +
€ij, where TypeFE is type fixed effect, ContestF'E is contest fixed effect and is included to account

for variations in prediction accuracy specific to the distinct nature of different prediction tasks, €;;

10The Mann-Kendall test is a non-parametric method used to statistically assess whether there is a mono-
tonic upward trend in the variable of interest over time (Mann, 1945)
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captures noise in the prediction accuracy due to the limited sample size and the randomness in
the splitting of training data for cross-validation. The result is shown in Table 1. For example,
compared with type 2 players, type 3 players’ model fitness is 1% higher, ceteris paribus. The
coefficient of TypeFFE is higher for higher types, suggesting that model fitness in equilibrium is

monotone in player type, consistent with our finding in Proposition 1.

Table 1: Estimates of Coefficients (partial results for illustration purpose)

TESTS Prop. 1 Prop. 3 Prop. 4 Cor. 3
VARIABLES Final score Final score MK stat MK stat
Ty 6.389%** 11.32%%%  1,969%**  1.844%**
T3 7.380%** 13.82%** 2.453*** 9 317¥**
T x PV 0.445%** 0.0285***
Ty x PV 0.415%** 0.0258***
T3 x PV 0.396%** 0.0234***
T x PS 37.56%** 2.318%**
Ty x PS 37.09*** 2.712%%*
T3 x PS 36.31%** 2,927
Constant 65.65%** 22.83%** -0.238  -2.672%**
Contest FE Yes Yes Yes Yes

Note: T is a dummy that equals to 1 if the player’s type is 1, same for T5,73. PV and PS stand
for total prize value (thousand USD) and prize skewness (favoring top-ranked players). ***p<0.01,
**p<0.05, ¥*p<0.1

Test for Proposition 3. Next, we test our comparative statics results established in Proposition
3, in particular, the impact of prize value and skewness on the choice of model fitness. Since we
don’t observe the split of the total prize in the data, we measure the prize skewness by the number
of prizes. Specifically, prize skewness equals 1 if a contest has no more than 3 prizes, 0 otherwise.
The rationale is that in a contest with fewer prizes, most of the rewards are captured by the top

players. We use the following regression for estimation:

Fitness;; = po + p1 TypeFE; x PV; 4 ps TypeFE; x PS;
+ TypeFE; 4+ ContestFE; + €;;, (4)

where PV and PS stand for prize value and prize skewess, and the interaction terms TypeF'E; x PV}
and TypeFE; x PS; capture the impact of prize structure on the choice of model fitness within
each type. We show the result in column (2) of Table 1. To interpret the coefficients of the
interaction terms, take 17 x PV for example, the coefficient of 0.445 means that type 1 players

improve their model fitness by 0.445% per 1,000 USD increase in the total prize value, ceteris

1We also perform a Wald test to test the equality of fixed effects across types, and we reject the null
hypothesis of equal effects at 1% significance level.
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paribus. The coefficients of all interaction terms are significant and positive, consistent with our
model predictions in Proposition 3 that a higher and more skewed prize vector leads to higher

model fitness in equilibrium.

Test for Proposition 4. Proposition 4 suggests that low (high) type players tend to choose
more exploitative (exploratory) effort. We test it using the regression MK stat = 79 + TypeFE; +
ContestF'E; + w;j, where MK stat is the Mann-Kendall test statistics. According to the results
in column (3) of Table 1, higher types tend to exhibit higher MK statistics, indicating a greater
likelihood of an upward trend in their prediction accuracy scores over time and, consequently, a

stronger tendency toward exploratory effort.

Test for Corollary 3. Last, we test the impact of prize size and skewness on efforts using the

following regression:

MK stat;j = ko + k1 TypeFE; X PV; 4 ko TypeFE; x PS;
+ TypeFEZ- + C’ontestFEj + Sij (5)

The result is in column (4) of Table 1. The coefficients of (almost) all interaction terms are
positive and significant, consistent with our findings in Corollary 3 that higher reward and skewness

incentivize more exploratory effort.

8 Conclusion

This paper (1) develops a game-theoretic model to study misaligned incentives between contest hosts
seeking high-quality ML solutions and contestants aiming to win prizes by strategically allocating
exploratory and exploitative effort, (2) formally defines benchmark hacking in ML contests and
examines its presence in equilibrium, and (3) tests the model’s predictions using Kaggle competition
data. Under this new definition, our results suggest that low-type contestants engage in benchmark
hacking while high types do not. A more skewed prize structure encourages more exploration, less
exploitation, and higher model fitness. These findings feature the heterogeneity among contestants
regarding their tendency to benchmark hacking and the degree of mis-aligned incentives with contest
hosts. We view this work as a step toward a more concrete characterization of optimal ML contest
design that could better addressing misaligned incentives and producing more desirable outcomes

for contest organizers.
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A Equilibrium Existence

A.1 The auxiliary game.

An equilibrium of this auxiliary game is a strategy profile ((,uf)l, @) that satisfies the following two

conditions. First, given other players strategy profile ui‘ii, for each player 1, ,uj? solves the following

problem
I
max [Eg_, s [Z 1[i = if] - Rp\ps, mh ;| + pi — O, 07)
. k=1 (P))
=max g9l 1) + i — Cpi, 05),

where

g(pi, k)

I
=Eo_, s [Z 1[i = ig] - Re|ps, NL'
k=1

= > Prli = iilu,ul] - Ry

I
=1

is the contest gain. Second, ¢* (1, 0) is the optimal effort allocation given fitness p and type 6, i.e.,

(1, 0) = argminc(a + b) s.t. v(a,0) + &(b) = p. (6)

a,b>0
The following lemma formally establishes the connection between our original game and the
auxiliary game above. Armed with this equivalence result, we will then conduct our analysis on

the auxiliary game in the following sections.

Lemma 1. There is a one-to-one mapping from any equilibrium (37 ); of the original game to an
equilibrium ((,uf)z, @) in the auziliary game, such that 5 (0) = qbi(,uf(ﬁ), ) for any 6 € ©.

The main reason is that in the original game, each player’s payoff depends on other players’
strategies only through the fitness. In other words, other players’ fitness is a sufficient statistics of

their strategies.

Proof of Lemma 1. Consider any player ¢ and the original game. For any player j # i, player j’s
strategy can affect player ¢’s payoff only by changing player i’s ranking in the contest. Moreover,
such influence is summarized by player j’s fitness. Next, we argue that fixing other players fitness
profile p_;, player ¢’s choice of fitness is the same in the original game and the auxiliary game. This
is because fixing other players fitness profile p_;, P; and P/ are essentially the same maximization
problem and thus admit the same solution.

O
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A.2 Existence of symmetric monotone equilibrium

In this subsection, we will show that there exists at least one symmetric monotone equilibrium in
the auxiliary game, hence also in the original game due to Lemma 1. We start by characterizing

properties of the contest gain function g(u;, p_;).

Lemma 2. Under Assumption 2, for any p_;, g(pi, p_;) is non-negative, bounded, continuous and

non-decreasing in ;.

The fact that g(u;, p_;) is non-decreasing in u; implies agent ¢ will rank higher generally and
wins higher prize in expectation by building a better fitted model, when fixing the strategy profile
p_; of other agents.

Proof of Lemma 2. Non-negativity and boundedness are straightforward. Continuity follows from
continuity of the payoff function and continuity of the distribution function H,,,.

Non-decreasing: For notation convenience, we define py, . . (k) = Pr[i = ig|p;, p_;], so that

I
9(pis p—;) = Zp/u,u_i(k) - Ry, (7)
k=1
Let P, (k) = Zle Puipu_, (1) be the probability that player ¢ ranks at least the kth place.

Lemma 3 presents the properties of P.

Lemma 3. Under Assumption 2, for any p; > pii and any p_;, Py, 0 (k) > Py (k).

Let p; > p). Lemma 3 has essentially established a first order stochastic dominance relation
between the two distributions P, s, and Py, s_;, both of which have support {1,...,I}. Notice
that the support of the two distributions consists of the ranking and k£ = 1 is the highest ranking,
while £ = I is the lowest ranking. Hence we shall read Lemma 3 as P, s, first order stochastic
dominates P s . Recall that if one random variable stochastically dominates another in the first
order, the expected value of a non-decreasing function of the dominating variable will be no less
than the expected value of the same non-decreasing function of the variable it dominates. Using

this property, we have

I

S Ee_i7s_i [Z p,U«i,S—i (k) : Rk

k=1

1
]EB_Z',S_i lzpug,si (k) ' Rk‘
k=1

Hence g(p;, po_;) is non-decreasing in p;.

Next, we characterize properties of the cost function C(u;, ;).

Lemma 4. Under Assumption 1, C(u;,0;) has the following properties:
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1. C(0,60;) =0 Vb; € [6,0].
2. C(u4,0;) is continuous in p; and 6;.

3. C(ui,0;) is non-decreasing in p; and non-increasing in 0;.

4. C(pi,0;) is convex in p; V0; € [0,0)].

5. C(pq,0;) is continuously differentiable with respect to w; ¥9; € [0, ).
6. —C(u;i, 0;) satisfies weak single crossing property. Moreover, —C(u;, 0;) has increasing dif-
ferences, i.e., for any p, < p; and any 0 < 0;,

Cpiy0;) — C (1, 0;) < Cpus,0}) — O, 07)

The most important property is the weak single crossing property, which is primarily attributed
to the supermodarity assumption in v. This property suggests that the incremental increase in total

effort when improving the model fitness from p; to p is lesser for a higher type agent.

Proof of Lemma 4. Since cost minimization is a single-agent problem, we drop subscript ¢ for no-
tation convenience. The first property is straightforward. Continuity follows from the continuity of
v, & and effort cost function c¢. The monotonicity in p stems from the monotonicity of model fitness
in both efforts. Likewise, the monotonicity in 6 is from the monotonicity of model fitness in 6.
Convexity: since c only depends on the total effort and is monotone in it, C(u, 0) = c(e(u, 0))

where

e(p,0) = Join a+ b st v(a,0) +&(0b) = p (8)

Let (a(u, ), b(,0)) be the optimal effort choices in Eq. (8). Note that it coincides with ¢*(, 8).

We first show that e(u,0) is convex in u. For any p > p/ and any 6 € ©, let (a,b) =
(a(p,0),b(u,0)) and (a’,b") = (a(i/,8),b(i,6)). For any ¢t € (0,1), we construct an effort allo-
cation & = ta + (1 —t)a’, b = tb + (1 — t)b’ that produces a model with fitness 1(a, b; 6).

(@, b;0) = v(ta+ (1 —t)d’,0) + £(tb+ (1 — 1))
> tv(a,0) + (1 —t)v(d,0) + t£(b) + (1 — t)E(Y)
=tp+ (1—t)

The inequality is by the concavity of v and £. Since we have found an effort allocation that

produces model fitness at least tu + (1 — t)u/, the minimum cost of producing a model of fitness
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tp+ (1 —t)u' cannot be more than that. Hence,

e(tu+ (1 —t)',0) <a+b
=tla+b)+(1—-t)(d +)
= te(l% 0) + (1 - t)e(lufla 0)

Therefore, e(u,d) is convex in p. Since convexity is preserved under convex transformation,
C(p,0) is also convex in p.

Continuously differentiable: Since C(u,0) is convex in pu, then it is continuously differen-
tiable with respect to u almost everywhere. The possible non-differentiable points are such that
the effort choice switches from only exerting one type of effort to exerting both types of efforts, or
vice versa. However, when switching, the marginal productivity of both efforts should be the same
(otherwise, the player shouldn’t switch efforts). Hence, as p is approached from either the left or
the right, the left-hand derivative and the right-hand derivative both exist and are equal in the
limit. Hence, C(u,0) is continuously differentiable with respect to p everywhere.

Weak Single Crossing: For any ¢ > 0 and any € > 6, due to the monotonicity property,
—C(u,0) — (—C(u,8")) > 0. Hence, the weak single crossing property is trivial.

Increasing difference: We first analyze whether —e(pu, #) exhibits increasing difference. Con-

sider the Lagrangian of the minimization problem in Eq. (8),
L(a,b, A\,m,m2) = a+b+ Ap—v(a,0) —&§(b)) —ma — b (9)

where A and 7;,72 > 0 are Lagrange multipliers. Let (a*,b*, \*,nf,n;) be the solution to the

minimization problem. Then it satisfies the following necessary conditions, including the first order

conditions,
OL(a,b, \,n1,m2) ov(a,0)
= 1 — _— = F -
o A 5 m =0, (FOC-a)
and
OL(a,b, A
(DM g \el(t) — o = (FOC-b)
the equality constraint (budget balanced condition)
v(a,0) +£(b) = p, (BC)
and the comparative statics conditions
ma = 0, (CS-a)
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n2b = 0. (CS-b)

There are three cases.

Case 1: a =0 and b # 0. By CS-b, 7, =0. By FOC-b and FOC-a

0
e = 5 > 200, (1)

Intuitively, it is optimal to devote all effort to exploit if the marginal product from exploiting is
still higher than the marginal product from exploration even after achieving p with only exploiting
effort.

Case 2: a #0 and b # 0. By CS-a, n; =0 and by CS-b, 2 = 0. By FOC-b and FOC-aq,

, ov(a, 0 1
£, = 200 = L (©2)

In case 1 and case 2, we have

%i; < 0 because when 6 increases, the marginal product of exploratory effort increases. Since
the two efforts are substitutes, to achieve the same p, the agent will substitute away from exploiting.

€"(b) < 0 because € is assumed to be concave. Hence,

oN*
<0
00 —
Therefore, under either Case 1 or Case 2, by Envelop Theorem, % = 88)‘9* <0.

Case 3: a #0 and b=0. By CS-a,n =0. By FOC-b and FOC-a
— " la=ar =15 2 5,(0) (C3)

Under Case 3, we have the following lemma:

Lemma 5. Let a(p,0) be the solution to v(a,0) = p. Under Assumption 1, % <0.

See Proof in Appendix E. In Case 3, since an agent devotes all efforts to exploration, we have

_ 2e(1,0) _ 92a(u,0
e(u,0) = a(p,0) = a(u,d). By Lemma 5, 861559 ) — B‘L(ge ) <.

So far, we have shown —e(u, 0) has increasing difference under each case. However, to show that

—e(u, 0) has increasing difference globally, we need to consider scenarios where the effort choice
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switches from one case to another when 6 or p change. While we have shown that C'(u, #) is contin-
uously differentiable with respect to i, so does e(u,#) because C(u,6) is a convex transformation
of it, in the following, we provide a more general proof of the increasing difference property, even

when e(p, 6) is not necessarily differentiable at the points where the effort choice switches.

An algorithm to decide the optimal choice of effort. Now let vy ,(y) := & (z(y)),
where z(y) = ¢ — v(y,0)) solves BC. Let Tmin = 0, Zmax = €1 (1), Ymin = 0, Ymax (0, it) solves
v(y,0) = p. Then g ,,(y) is defined on [Ymin, Ymax] and it is decreasing in p but increasing in y, 6.

Moreover, Ymax (0, it) is increasing in p but decreasing in 6.

Lemma 6 (An algorithm to decide optimal effort choice). The optimal effort choice can be deter-

mined in the following way:

1. If 1y, (0) > 200)

By , then the optimal effort choice belongs to case 1, i.e., it is optimal

y=0

to set a = 0.

2. Ifq/}au(ymax(eau)) < 8Vg;j9)

it 1is optimal to set b = 0.

, then the optimal effort choice belongs to case 3, i.e.,
Y=Ymaz(0,11)

3. Otherwise if g, (y) and %ﬁ/ﬁ) intersect once within the interval [Ymin, Ymaz, the optimal

effort choice falls into case 2.
Conversely, the following is also true.

1. If the optimal effort choice belongs to case 1, i.e., it is optimal to set a = 0, then 1)g,,,(0) >
ov(y,0)

9y
y=0

2. If the optimal effort choice belongs to case 3, i.e., it is optimal to set b = 0, then 1g ,(Ymaa(8, 1)) <
ov(y,0)

dy

Y=Ymaz(0,1t)

3. If the optimal effort choice falls into case 2, then g ,(y) and %@’/’9) intersect once within

the interval [Ymins Ymaz) -

Consider any p > 4/, and 6 > 6'. Our goal is to show that

€(ILL, 9) - e(:u/> 9) < e(,uv 9,) - e(:u/7 9/) (10)

We first state the following two lemmas.

Lemma 7. For any 0, and any u > i, the following combination of optimal effort choice is not

possible:
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(i) the optimal effort choice under (u,0) falls into Case 3 and the optimal effort choice under
(1, 0) falls into Case 2.

(ii) the optimal effort choice under (u,0) falls into Case 1 and the optimal effort choice under
(1, 0) falls into Case 2.

(iii) the optimal effort choice under (u,0) falls into Case 1 and the optimal effort choice under
(1, 0) falls into Case 3.

(iv) the optimal effort choice under (u,0) falls into Case 3 and the optimal effort choice under
(1, 0) falls into Case 1.

See proof in Appendix F.

Lemma 8. For any u, and any 60 > 0, the following combination of optimal effort choice is not

possible:

(i) the optimal effort choice under (u,0) falls into Case 1 and the optimal effort choice under
(u,8") falls into Case 2.

(ii) the optimal effort choice under (u,0) falls into Case 1 and the optimal effort choice under
(u,8") falls into Case 3.

(iii) the optimal effort choice under (u,0) falls into Case 2 and the optimal effort choice under
(u,8") falls into Case 3.

See proof in Appendix G.
For any 6 > ¢, u > i/, Table 2 presents all the possible case combinations. By Lemma 7
and 8, all the combinations marked with a capital letter are possible combinations, and impossible

otherwise. Hence we only need to show for each possible combination, Eq. (10) holds.
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Table 2: Possible combinations

[\V)

—~
—
—
~—
[\

(2,2) 33 (12) (32) (13) (21) (23) (3,1)

X

T o R e R R
W = W N NN W NN =
X X X N S 3w
X X X 2 X ™ QX
X X X X X Q X X
X X x 'z =59 X
X X X O X ~ X

X X X X X X X X
X X X X X X X X
X X X X X X X

X X X X X X X X

~— — ' ~— ~— ~— ~— ~—— ~—

—
w
—

X X X X X X X X X

Note: The tuples in the first column present the cases of the optimal effort choice under (', 6) and (y, 8).
For example, (1,2) means that the optimal effort choices fall in to Case 1 under (¢, 6) and Case 2 under
(i1, 0). Similarly, the tuples in the first row present the cases of the optimal effort choice under (u’,6") and

(1, 0').

We prove in the following order: (1) A, C, G; (2) B, E, J, L; (3) F, K ,0; (4) M, I, D, H, N.

Step 1. A, C, G Note that the effort choices in A, C, G do not switch across cases. Hence,

we have already shown above that for these combinations Eq. (10) is satisfied.

Step 2. B, E, J, L Since the effort choices fall into Case 1 under (¢/,0") and (p,0"), e(//,0") =
b(p/,0") and e(u,0") = b(u,0"). For type 6 to attain u, consider a (not necessarily optimal) effort
choices of a(y/,6) and b(y', ) + b(p, 0") — b(1/, ’). The model fitness of this effort choice by type 0

1S

via(y',0),0) + b, 0) + b(p,0') — b(p',6"))
b(.u'/ 70)+b(“79/)7b(:“l7‘9/)

—v(a(4',6).6) + £(b(u0)) + ¢ (b

b(p',0)

>p + ' (b)db

b(p',0")+b(p,0")—b(u',0")
/b(u’ﬁ’)

=p' +&(0(u, 0")) — &1, 0))

=’ +p—

=p
The first inequality is because 1) b(y/,0) < b(u/,0") (otherwise type 6 will produce a model fitness

higher than p'), and 2) £ is concave so that &(b) is decreasing in b. Hence, the effort choice we
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consider can attain fitness at least u for type 6.
Since the optimal effort choice under (i, ) must be no more costly than any other effort choice

that achieves p,

6(:“7 9) < a(/J’/7 9) + b(:ulv 9) + b(u7 9/) - b(//’ 9/)
e(:u/7 9) + e(:uv 9/) - e(:u/> 9/)

Hence, Eq. (10) is satisfied for these cases.

Step 3. F, K, O We start with F. By the definition of F, a(u,0),a(y’,0) > 0, b(u,0) =
b(p',0) =0, a(w,0"),a(p,0"), b(p,0"),b(1',0") > 0. Suppose Eq. (10) is false, that is,

CL([,L, 0) - CL(,U,/, 9) > G(Ma 6/> - CL(M/, 0/) + b(/% 91) - b(M/7 0/) (11)

Then

a(p,0)
- MI — / Mda

(' ,0) da
a(p,0)
> / ¢'(0)da
a(p,0)
a(u,8") b(p,0")
>/ g@m+/ ¢(0)db
a(u'6") b('6")
a(u,0) / b(u.0")
>/ %Wmm+/ ¢ (b)db
a(w ,0") da b(u!,0")
=p—p

The first inequality is by Eq. (C3). The second inequality is by Eq. (11). The third inequality is
by Eq. (C2) plus £ is concave and thus ¢ is decreasing. Hence, we derive a contradiction.

Combinations K and O can be proved using similar method as Step 2.

Step 4. M, I, D, H, N These combinations can be proved by finding a marginal type. Take

M for example.

% = ¢'(0). So that the optimal choices

a=a(u’',600)
fall into either Case 2 or Case 3 under (1, 6p), and Case 2 under (, 6y). Moreoever, 6/ < 6y < 6.

We first consider 6y and 6. Type 6 falls into Case 3 under p’ and Case 2 under u. Since type

Consider the marginal type 6y such that

6y is marginal type between Case 2 and 3 under p’, we think as if she falls into Case 3 under p’

and Case 2 under p without loss of generality. Then the combination falls into Combination O
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proved in Step 3. Hence,

e(p, 0) — e(ILLI7 0) < e(p,bo) — e(/j'/7 0o)

Then we consider 6y and ¢'. Instead we think as if type 6 falls into Case 2 under both x/ and

. By the same logic, the combination falls into Combination C proved in Step 1.

e(luﬂ 00) - e(:u/> 90) < e(,u> 9/) - e(//v 9,)

Hence Eq. (10) is straightforward. Other combinations can be proved in similar ways.

Since ¢(-) is convex, it’s easy to show that

c(e(n, 0)) — cle(r,0)) < e(e(, 0')) — c(e(p',0"))

Hence, —C'(p, #) has increasing difference.
O

Proof of Proposition 1. To evoke the sufficient condition for the existence of symmetric monotone
pure strategy equilibrium in Reny (2011), we first show that the payoff function 1) is bounded and
continuous in y; for every 0; € ©, and 2) has increasing differences in (1;, ;).

Continuity follows from continuity of the contest gain g(u;, p_;) and the cost function C'(u;, 6;).
Boundedness follows from continuity of the payoff function and boundedness of u;. p; is bounded
because the cost function is convex, hence for any type 6;, the choice of u; should be finite. Increasing
difference is immediate from Lemma 4.

By Theorem 4.5, the sufficient condition for the existence of symmetric monotone pure strategy
equilibrium, in Reny (2011), there exists a pure strategy Nash equilibrium that is symmetric and
monotone.

O]

B Baseline

Proof of Proposition 2. Optimization problem. Each agent solves the following maximization

problem
max p — c(e)
a,b
st. a+b=e (12)
a,b> 0.
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Set up the Lagrangian

L(a,b,m,m2) =v(a,0)+&(b) — cla+b) —ma — n2b, (13)

where n1,1m2 > 0.

The solution satisfies the following conditions

oL

5o =@ +m, (FOC-al)
and

oL ;

o =) +m (FOC-0T)

the equality constraint (budget balanced condition)

a+b=e, (BCh)

and the comparative statics conditions
ma = 0, (CS-at)
n2b = 0. (CS-bf)

There are three cases.

Case 1: a =0 and b # 0. By CS-b', 53 = 0. By FOC-b! and FOC-af

ov(a, )
da

lamo < €'(b7) = ¢ (b) (B1)

Intuitively, it is optimal to devote all effort to exploit exiting methods if the marginal product from
exploitation is still higher than the marginal product from exploration. And the marginal product

from exploitation should equal to the marginal cost.
Case 2: a # 0 and b # 0. By CS-af, n; = 0 and by CS-b, 53 = 0. By FOC-b' and FOC-af,

ov(a,0)
da

£ = la=at = ¢/ (0 +al). (B2)

Case 3: a # 0 and b = 0. By CS-af, 5, = 0. By FOC-b! and FOC-a'

ov(a,0)

ooyt = ) (B3)

¢'(0) <
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Interval structure. Suppose for some type 6, it is optimal to devote all effort to exploit
exiting methods, i.e., case 1 is true for type 6. Then for any 0” < ¢, by supermodularity of v,
v (a,b") 81/((1 0")
T da " la=0 <
effort to exploit ex1t1ng methods for type 6”. Define 91[ = sup{#f : W!a:o < &(bh)}, where bf > 0
solves ¢'(bt) = ¢/ (b).

Similarly, suppose for some type ¢, it is optimal to devote all effort to exploration, i.e., case 3

dv(a,0")
Oa

|a_0. Hence, case 1 is also true for type 0", i.e., it is optimal to devote all

ov(a,0’
‘aza*(@’) > Vgla )’a:aT(G’)‘
Hence, case 3 is also true for type 6", i.e., it is optimal to devote all effort to exploration for type

0. Define 6 = inf{0 : £'(0) < au(a ) lu—at }, where a > 0 solves au(a ) = c/(al).

Next, we show that 0; > 9{. Slnce v(a,0) is supermodular, % is increasing in 6. Moreover

is true for type #’. Then for any #” > ', by supermodularity of v,

’aa

v(a, ) is twice differentiable and Assumption 3 together imply that

HI = max{0 : 0v(a,6) la=o < &'(b)}

da
6} = min{0 : €(0) < aug;, 9.

(14)

Since £() is concave, we have &'(bf) < ¢(0). Supermodularity of v(a, ) therefore implies that
05 > o1,
Moreover, for any 61[ << 9%, only case 2 can be true. This is directly implied by definitions
of 6] and 6J.
O

C Contest Rewards and Incentives

Proof of Proposition 3. For any given p_, and 6;, we write the payoff function as

(i, R Zm,u )+ Ry + pii — Clpai, 05),

recall that p,, . (k) is defined as the probability that player i ranks the kth place given his model
fitness p; and other players’ model fitnesses p_;. For any y; > p and R =2 R/,

30



(ﬂ-(,uiv R) - W(Mév R)) - (W(Nh R/) - 7[-(/1’;7 RI))

me,u ) - Ry + pi — C(Mm@z’))

Zpu“u_z ) - Ry 4 i — C(Hiﬁi))

I
- (Zpﬂérﬂ—i(k) ’ Rk + :u; - C(/L;,Hﬂ)

I
| D Pup, (k) R+ 4t — C(Méﬁz’))
k=1
I
= Zpﬂzal—’ul(k) Rk - Rk: Zp,u N Rk - Rk)
k=1
>0

The inequality follows from 1) the first order stochastic dominance relation between the two
distributions Py, u_,(k) and P, , (k) as is established in Lemma 3, and 2) the non-decreasing
property of R — R}, that is immediate from the definition of partial order on reward vectors in
Definition 1.

Hence, the payoff function m(u;, R) has increasing differences in (p;, R). Then we can evoke
Theorem 4.5 in Reny (2011) again and conclude that there exists a symmetric pure strategy Nash

equilibrium that is monotone in R.

O

D Benchmark Hacking
Proof of Proposition 4. First we show that for any 6’ < 6, if a*(6) = 0, then a*(6') =0

By Lemma 6, a* () = 0 implies that 1y ,«(9)(0) > W B

In any symmetric monotone equilibrium, we have p* (') < o (). This implies that g« ) (0) >
Yg,+(0)(0), where thg ,(0) = &'(§7 (1)) is constant in 6 and decreasing in u. Moreover, by the super-
modularity of v, we have 8”5‘2’9) > %j/) . Hence, 9y ,+(9(0) > %f’) . By Lemma 6,

a=0 a=0 a=0

we have a*(6") = 0.

Define 67 = sup{0 : ¥y ,+)(0) > 8”5‘;’0) } = sup{f : & (& (p*(0))) > W }. Notice

=0 =0
that 07 is well-defined because as 0 increases(? the LHS is decreasing while the RHS is increasing.

Alternatively, since b*(0) = £¢~!(1*(0)) when such a type only exerts exploitative effort, we can also
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write 0] = max{0 : §'(0*(9)) > W

}. Hence, the first bullet point is implied by Corollary 1
=0
and that exploratory effort is zero. ‘

Similarly, we want to show for any 6" < 6, if b*(6") = 0, then b*(#) = 0. To do this, we first define

(max(0) such that 2406)

a

= ¢'(0). That is, amax(#) is the maximum possible exploratory

a:amax(e)
effort a rational player of # can exert without incurring any exploitative effort. Hence, the maximum

possible fitness the player can attain without making exploitative effort is v(amax(6),0). Moreover,
since v is concave in a and supermodular in (a, ), amax (@) is increasing in 6.
Notice that in the symmetric equilibrium of the contest, p* solves each agent’s maximization

problem Eq. (P/), i.e., it solves the following equation for every 6 and every i:

091> ;) OC (s, 0)

+1l=——"+ : (15)
Opi pi=p*(9) Opi pi=p*(0)
By Lemma 4, we know that %}’1“6) = (e*)\*, where \* is the langrangian multiplier
Y = (0)
defined in Eq. (9). Moreover, we know that when agents only explore, Eq. (C3) is true, i.e.,
/\—1* = a,,g;,g) la=a+- Hence we have
oC (p;, 0 /(e*
éu ) - au(z (S)e ) ’ (16)
Hi o pi=p=(0) o la=a
For any ' < 6, u*(0") < p*(0). Since %}f‘i) is decreasing in p*(6), combining with
' pi=p*(0)
Eq. (15), we have
OC (i, ") _ Og(pi, pi) +1
O pi=p*(0") Opi pi=p*(0) (17)
0g(pis pb—;) _0C(pi,0)
S T = -
Hi pi=p*(0) Fi lpi=p=(6)

To show that b*(0) = 0, we only need to show p*(0) < v(amax(6),0). We prove by contradiction.
Suppose p*(0) > v(amax(0), 8), then
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90 (pi, 0) . 9C0(ui,0)
Ot =y (6) Ot | = (aman (6).0)

 (amax(0))
ov(a,0
% |a:amax(9)

(amax(0))
¢'(0)
' (amax(0"))
£'(0)
' (amax(0"))

ov(a,0’)
Oa |ll:amax(0,)

_ 0C(pi,¢')
B O

oC (u;, 0

> (1, 0 )
Ot

ti=v(amax(0"),0")

pi=p*(60")

The first inequality is because C'(u;, #) is convex in p; (derived in Lemma 4), the first equality
is by Eq. (16), the second equality is by the definition of amax, the second inequality is because
amax(0) is increasing in 6 and ¢ is convex, the last inequality is because £(6’) = 0 (then it has to be
V(amax(0"),0) > p*(0")) and C(u;,0) is convex in p;.

Since Eq. (18) contradicts Eq. (17), it has to be v(amax(#),0) > p*(8). Then we also have
b*(0) = 0.

Next we argue that 6] < 01. Notice that in the baseline, we have £(b7) = u! for any 6 < HJ{,
while in the contest, we have £(b*(0)) = p*(0) for any 6 < 07. By Corollary 1, we know that
p*(6) > pt. Hence, we have b*(6) > bf. This proves the second bullet point.

Notice that ou QT) (. 67)

v(a, . v(a,
R RIGEN GO
Comparing the definitions of 01 and 607, we can conclude that 01[ > 07.
The last bullet point follows from Corollary 1 and that exploitative effort is zero in both settings.
O

E Proof of Lemma 5

Proof. Let 61 > 603. For any p > 0, choose ai,ay such that v(aj,01) = v(ag,62) = pu. By the
definition of a(u,#), we have a1 = a(u,01),a2 = a(p,02). Because v(a, ) is increasing in both a
and 6, and 61 > 65, then it’s straightforward that a; < ao. Hence,

ov(a,0;) S ov(a,br) S ov(a,bs)
Oa ~  Oa - Oa

a=aj a=asy a=asg
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The first inequality is because v is concave in a, the second inequality is because v is supermodular
in a and 6. Then take the inverse of the inequalities above,
Oa < da
ov(a,01)|,—,, — Ov(a,bh)
- aa(ua 01) < 8(_1(#7 92)
o~ Ou
2_
oudld

a=asy

F Proof of Lemma 7

Proof. We prove by contradiction.

Case i:  Since the optimal effort allocation falls into Case 2 under (i/,0), by Eq. (C2),

ov(a,0) | ov(a,0) |
Ja a=a(y',0) Ja a=a(y',0)’

¢'(b) |b:b(u’,0) -

where a(y/,0),b(u/,0) > 0 and a(y/,0) > a(y/,0). The inequality is because v is concave in a and
a2, 0) > a(ut,0).
Since the optimal effort allocation falls into Case 3 under (u, ), by Eq. (C3),

ov(a, ) ,
da }a:d(uﬂ) = 5 (b)|b:0

Since £(b) is concave, we have f’(b)’bzo > 5’(b)‘b:b(#, g~ Hence,

ov(a,0)
da ‘a:d(u,e)
> f/(b)‘bzo > g,(b)}b:b(,u’,é)
_ Ov(a,0)
- da |a:a(u’,0)
ov(a, )
> da |a:?z(,u/,9)

Since v is concave in a, and a(u,0) > a(y/, 0), we have

ov(a,0) | ov(a,0) |
da a=a(p,0) da a=a(y',0)

By contradiction, there won’t be such a senario.
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Case ii: By the same method of proof as Case i, Case ii is impossible.

Case iii: Since the optimal effort choice under (u, ) falls into Case 1, by Eq. (C1),

ov(a,0)
gl(b) |b:b(u,6) = da ‘a:O

Since the optimal effort choice under (y/, 6) falls into Case 3, by Eq. (C3),

ov(a,0)
T’aza(;ﬂ,e) > &' (0,
Since ¢ is concave and b(u, ) > 0, we have

ov(a,0) ov(a,0)
da la=a(u,0) = 5l(b)‘b:o > 5l(b)|b:b(u,0) =z da ‘a:O

Since v is concave in a and a(y/,0) > 0, we have

ov(a,0) ov(a, )
da la=a(u’,6) da ’a:O
By contradiction, there won’t be such a scenario.
Case iv: By the same method of proof as Case iii, Case iv is impossible. O

G Proof of Lemma 8

Proof. Let b(p) be such that &(b(u)) = p. So that b(p) is the effort to achieve fitness p if only

exploitative effort is exerted.

Case i: If the optimal effort choice under (u,0) falls into Case 1 and the optimal effort choice
under (u,0") falls into Case 2,

fl(b) {b:i)(u)
S ov(a,0) | ov(a,d) > ov(a,0") |
= Ha a=0 da a=0 Ha a=a(u,0")

=¢'(b) ‘b:b(,u,@’)
> gl(b)‘b:f,(u)

The first inequality is because the optimal effort choice under (u, 0) falls into Case 1, the second

inequality is because v(a,#) is supermodular, the third inequality is because v(a, 6) is concave in a
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and a(u, @) > 0, the first equality is because the optimal effort choice under (u,¢’) falls into Case
2, the last inequality is because £(b) is concave in b and b(u, ') < b(p).

From above, we derive &' (b) ‘b:?)(#) > £'(b) ’b:l_)(,u)’ which is incorrect. Hence, Case i is impossible.

Case ii, iii: These two cases can be proved impossible using similar method. O

G.1 Examples

We present two examples and identify the set of agents who overfit in each of the example. In the
first example, there is no middle types, and only high and low types. High types don’t overfit, while
low types do. In the second example, there are only middle types, where all types always spend
positive effort on both actions, and all overfit. In the third example, there are no high types, and
middle types engage in both actions and don’t overfit. In the forth example, three types co-exist

and middle types overfit as well.

Example 1 (No middle types). Consider I > 2 symmetric players. Let © = [0, 3], assume that
p=0a+b and c(e) = 3e2. Then ol =6l =07 =05 = 1.

In this example, an agent engages solely in exploration if # > 1 and exploitation if # < 1. The
cost of attaining fitness p by type 6 > 1 is C(u,0) = % (%)2 and by 0 < 11is C(u,0) = %,uQ.

In the baseline scenario, an agent’s optimized choices of (u,a,b) are (62,6,0) if § > 1 and
(1,0,1) if § < 1. In the contest, agents with § > 1 only dedicates to exploration and 6 < 1
only to exploitation. The intuition is, as the two efforts are perfect substitutes, agents always opt
for the action where they exhibit higher productivity, given the total efforts exerted. Applying
Proposition 4, any types 6 < 1 overfit and any types 6 > 1 don’t.

Example 2 (Only middle types). Consider I > 2 symmetric players. Let © = [0,00). Assume
that p = 9(@)% + (b)% and c(e) = e. Then 91 =607 =0, 0; = 05 = oc.

11
271
monotone equilibrium under contest: any agent ¢ with any type 6 € (0,00) engages in both of the

two actions. Moreover, the ratio of the two efforts, Z’: ((z)) , is 62, coinciding with the ratio in the

In the baseline, an agent’s optimized choices of (i, a, b) are (%62—1— 62, %) Here is a symmetric

baseline. This fixed ratio property is attributed to the Cobb-Douglas functional form of p. Formally,
for any 6 € [0,00), a*(f) > a'(#) and b*(#) > bT(#). This is because the agent has to improve both
efforts in order to attain higher model fitness in the contest while keep the effort ratio fixed. Hence
in this example, all types overfit.

In the next example, middle types do not overfit.

Example 3 (No high types). Consider I > 2 symmetric players. Let © = [0,3], assume that

p = 6a+ b and ce) = %62. To achieve fitness u, type 0 player chooses a = 0 if 0 < i and
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a:%—ﬁ if9>ﬁ;b:,u2 if@gi andb:ﬁif¢9>ﬁ. Hence
1 1
5,“4 Z.fQST
C(p,0) = 1.1 1 iu
S s
20 462 24

In the baseline scenario, H}L = (%)% and 65 =oco. pl(h) = (%)% if 6 < 91.
In the symmetric equilibrium under contest, middle types do not overfit, because the effort on

exploitation for middle types only depends on type but not the fitness.
In the next example, middle types overfit as well.

Example 4. Consider I > 2 symmetric players. Let © = [0,9]. Assume that u = 6(—exp (—a) +
1) + b, c(e) = €2 Then effort on exploration is a = —In(1—54) if @ > p+1, a = In6 if
1<0<u+1, anda=0, if0 <1. The effort on exploitation isb=p if 0 <1, b=p—0+1 if
1<0<pu+1landb=01if0>pu+1.
%/ﬂ if0 <1
C(u,0) = i(u—9+1+ln9)2 if1<0<1l+p
1

Z (ln

2 .
0 1

7 M) if 0> p+
In the baseline scenario, uf(0) =2 if 0 < 1, uf(0) = 14+0—1n0 if 6 < €2, 2(0—pu'(0)) = In #@
if @ > e?. Hence HJ{ =1, i.e., player with a type below 1 only exert effort on exploitation, and «9; = €2,

2 exerts all effort on exploration, while player with a type in between

i.e., player with a type above e
exert positive effort on both actions.

In the symmetric equilibrium under contest, middle types overfit because the optimal choice of
effort for middle types on exploitation increases as fitness increases and the fitness under contest

1s higher than the finitess in the baseline scenario.

G.2 More Details on Empirical Evaluations

Data Set Description. We select contests in which the prediction task is binary classification
and the prizes are in U.S. dollars.!? Eventually, there are 26 contests in our sample. The unit of
observation is a contest-player pair, and player is indexed by ¢ and contest by j. Table 3 describes
the variables we observe.

A player’s type comes from an independent data source, thus is not determined by competition

outcomes. Specifically, each player on Kaggle is evaluated on two categories of data science exper-

12WWe only include binary classification contests to ensure that the prediction accuracy is comparable across
contests.
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Table 3: Variable Description

Variables Description

A. Contest level

NumPlayer Number of players that submit at least once

NumPrize Number of prizes

PrizeValue Monetary value of all prizes

Duration Number of days a contest lasts

Year Year in which a contest occurs

Ratio The size of the preliminary test set to all test sets

MazxSubmission Maximum number of submissions allowed per player per day

B. Player level

Type Categorical type ranging from 0 (lowest) to 4 (highest)

C. Contest-player level

Fitness A player’s prediction accuracy on the main test set of a given
contest

D. Contest-player-submission level

Date The date a submission occurs

Accuracy score A player’s prediction accuracy ranging from 0 to 100

tise: Competition and Notebook. The expertise on Competition is (solely) determined by a player’s
performance in Kaggle-hosted competitions, but the expertise on Notebook is determined not by
how well a player did in competitions, but by the popularity (measured by the number of upvotes)
of all public, mostly non-competition, scripts he has created and shared with the Kaggle commu-
nity.'3 Since most, if not all, of Kaggle voters are experienced and knowledgeable data scientists
capable of assessing script quality, we consider Notebook expertise to be a reasonable measure of
a player’s exploratory capability and in the meantime is not a result of competition performance.
Hence, we use a player’s expertise in Notebook as a proxy for his type.'*

Table 4 presents the summary statistics.

Coding Summary Examples. The following Figure 2 and 3 provide an example of explo-

ration and exploitation from Kaggle.

Data Estimate Results. The following Table 5 describes full estimate data, part of which are
presented in Table 1 of the main body.

13See details at https://www.kaggle.com/progression

1Tn Kaggle competitions, players usually form teams to participate (though are not required). We treat
each team as a single player, and in case of multiple members in a team, we use the teamleader’s type for
the team’s type.
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Figure 2: Exploratory Effort

Driver Telematics Analysis Late

Overview Data Code Models Discussion Leaderboard Rules

Approach 0:
Align the start and end to the x axis.

Approach 1:

Simplify trips using RDP (Ramer-Douglas-Peucker), then create just a list of the distances between turns over a threshold along with a second list giving the
size of the turn - ignore right or left. This is a great first pass - very quick and you can weed out a lot of trips this way | would compare forward and
backward (this solved the starting from 0,0 every time bit) just looking at distance between turns, then compare the size of the turn within a threshold (this
ignores mirroring) - all together that took care of rotation as well. We used 42 sets of tolerances for RDP and angles - at one point | think | was up to 180
tolerance / angle pairs, but found most were redundant and wasted time.

By setting a minimum number of required turns to match we could generate quickly a set of matches. Testing revealed this worked very well. | can't recall
the jump, but when | first teamed up with Ben we went from 11th to 3rd using just an override setting matches to 1.0's - the most basic way of using matches.

Approach 2:
Widen the matching angle to find more matches, then use Dynamic Time Warping to score the trips. This worked OK, but not really any better.

Approach 3:

Ilnterpolate the trip into points spaced at an even interval, then trip DTW|this just couldn't score better than approach 1.

Approach 4:

IAIign the matched sub-trips based on the locations of the turns, and use Singular Value Decomposition to align the sub-trips and get the RSME error for the
points. This worked very well.

Approach 5:

Keep track of who matches to whom - an adjacency tree, use it to create clusters of matched trips. Try various features based on the size of the cluster a trip
is in, even did a page rank style analysis of the match trip network...maybe | wasn't smart enough but that feature didn't help (though we didn't start using it
until the last 2 days or so, not much time to adjust it).

Note: This screenshot was taken from https://www.kaggle.com/competitions/
axa-driver-telematics-analysis/discussion/12850. The highlighted texts exemplify exploratory
effort.
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Figure 3: Exploitative Effort

RSNA-MICCAI Brain Tumor Radiogenomic Classification

Overview Data Code Models Discussion Leaderboard Rules

255th place solution - Using 3D Resnet50 model

Although my model didn't generalise i'd still like to summarise my approach, this being my first kaggle competition.

Data preprocessing steps

e Load T2w Images

e Removed Blank slices
e Crop slices

e SIZ [1] depth 64

e Normalise

e Zero centre

Training

. I Trained a Resnet50 3D with a LR scheduler (factor 10, tolerance 5) Initial LR=1e-2, batch size = 16

s Single fold cross validation
Generally the results appeared like:
Screenshot-from-2021-10-20-12-20-00.png
Chose best 5 models from each training cycle and created a final ensemble for submission

[1] https://link.springer.com/chapter/10.1007 % 2F978-3-030-59354-4_15

Binary Classification Computer Vision Intermediate

Note: The highlighted texts exemplify exploitative effort.
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Table 4: Summary Statistics

Variables Count Mean Std Min Max
A.

NumPlayer 26 1811.54 2233.00 26 8751
NumPrize 26 2.58 1.30 1 5
PrizeValue 26 27.32 30.64 0.15 100
Duration 26 68.23 25.67 1 121
Year 26 2014 3.18 2010 2020
Ratio, % 26 30.08 13.57 2 62
MazxSubmission 26 5.42 7.28 2 40
B.

Type 35026 0.67 0.55 0 4
C.

Fitness 46848 79.69 14.22 1.89 99.77
D.

Accuracy 767844 81.39 1340.78 1.50 99.74

Note: Fitness ranges from 0 to 100 and represents the percentage of correct predictions. The maximum
number of submissions each player can make is capped by the product of MazDailySubmission and Duration.
In the data, only 0.2% of observations hit the cap, so we assume that the submission cap doesn’t bind.

41



Table 5: Estimates of Coefficients

TESTS Prop. 1 Prop. 3 Prop. 4 Cor. 3
VARIABLES Fitness Fitness MK stat MK stat

A 3.629%F*  6.652%*F*  (.819%**F (. 787HF*F*
(0.134)  (0.529)  (0.0315)  (0.124)

15 6.389%*F*  11.32%*%*  1.969%** 1 .844%**
(0.323)  (1.302)  (0.0724)  (0.292)

T3 7.380***F  13.82%F* 2 453¥*F* 9 FITHH*
(0.670)  (2.702)  (0.150)  (0.600)

Ty .761***  13.52%*F*  3.100%** 4.361***
(0.839)  (3.451)  (0.184)  (0.752)

Ty x PV 0.475%** 0.0316%**

(0.0207) (0.00476)

Ty x PV 0.445*** 0.0285%**

(0.0198) (0.00453)

T, x PV 0.415*** 0.0258%**

(0.0240) (0.00545)

T3 x PV 0.396*** 0.0234***

(0.0356) (0.00796)
T, x PV 0.408*** 0.0118

(0.0421) (0.00930)

To x PS 39.65%** 1.969%**
(1.173) (0.272)

Ty x PS 37.56%** 2.318%**
(1.153) (0.267)

T, x PS 37.09%*** 2.T12%**
(1.409) (0.321)

T3 x PS 36.31%** 2.9277%%*
(2.174) (0.489)

T, x PS 37.64%** 1.645%**
(2.748) (0.601)

Constant 65.65%*F*  22.83*¥**  _0.238  -2.672%**

(0.847)  (2.058)  (0.193)  (0.472)

Observations 45,103 45,103 38,102 38,102
R-squared 0.328 0.329 0.069 0.072

Note: ***p<0.01, **p<0.05, *p<0.1
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