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Abstract
When chess world champion Magnus Carlsen accused Hans Niemann of cheating in September
2022, it spotlighted a challenge that extends well beyond chess: how can one audit a competitor’s
play while protecting honest players from false accusations? We propose a principled framework
for auditing a monitored player relative to a known strategy in two-player normal-form games. In
particular, we introduce (ϵ, δ)-strategic testing which, given a tolerated accusation rate δ, keeps
the accepted winning payoff within ϵ of the honest expected winning payoff. We characterize the
optimal acceptance policy by a linear program, compare it with a suboptimal policy, and show why
purely distributional criteria can miss or overstate strategically relevant deviations. Finally, we
formulate the auditing problem as an auxiliary zero-sum Stackelberg game.

1. Introduction

Auditing strategic behavior arises across many domains: cheating in games, unauthorized assistance
in standardized testing, and manipulation in financial markets. In each case the monitored agent faces
a simple incentive: in a normal-form game, choose the action with the highest winning payoff rather
than the prescribed baseline. The principal must ensure that the winning payoff of any accepted
action stays close to what honest play would produce, while keeping false accusations under control.

Existing approaches to cheating detection [1, 7] typically measure how unusual a player’s action
distribution is relative to a behavioral baseline. Beyond move-level signals, deployed systems may
combine behavioral biometrics such as mouse dynamics and keystroke patterns [11] with system-
level signals and private procedures. Such approaches do not know which actions matter for payoff:
they may flag behavior that is statistically unusual but gives no advantage, or accept behavior that is
distributionally close to the baseline but improves the player’s accepted winning payoff. Statistical
testing frameworks [2, 3, 9, 10, 18] face the same limitation, as they focus on worst-case distributional
divergence.

Our framework is inspired by the two-parameter structure of PAC learning [19]: δ controls how
much baseline action mass the audit removes, while ϵ controls how far above the honest winning
benchmark W+ the accepted winning payoff can reach. We adopt a full-information setting in which
the reference strategies µ0 and ν0 are treated as known, following work on human-AI alignment in
chess [8, 16, 17] and intrinsic skill estimation [13], which show that player action distributions can
be concretely estimated from Elo ratings and match data.

Contributions. We formalize (ϵ, δ)-strategic testing as a framework for bounding the accepted
winning payoff above an honest benchmark (Section 3) in normal-form games. We characterize the
optimal acceptance policy by a linear program (Section 4). We also formulate the testing problem as
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an auxiliary zero-sum Stackelberg game [12, 15] in which the auditor is the leader and an adversarial
evaluator is the follower, and show that its value equals ϵ∗(δ) (Section 5).

2. Preliminaries

For a finite set A, let ∆(A) denote the probability simplex, p(a) the probability of action a under p,
and ∥p−q∥TV = 1

2

∑
a |p(a)−q(a)| the total variation distance. A two-player game has finite action

sets A and B and a payoff function U : A×B → R for the monitored player. Throughout, payoffs are
normalized so that U(a, b) ∈ [−1, 1]. Write U+(a, b) := max{U(a, b), 0} for the positive part. For
mixed strategies µ ∈ ∆(A) and ν ∈ ∆(B), the expected payoff is U(µ, ν) := Ea∼µ,b∼ν [U(a, b)].

3. The (ϵ, δ)-Strategic Testing Framework

We work in a full-information setting: the auditor knows the finite action sets A,B, the payoff
function U , the audited player’s strategy µ0 ∈ ∆(A), and the opponent’s strategy ν0 ∈ ∆(B). As
mentioned, both µ0 and ν0 are treated as fixed and known, for example through estimation from
skill-level models and historical match data. The framework applies to general-sum games; we
restrict attention here to payoffs U(a, b) ∈ {−1,+1} for clarity, and return to the general case in
Section 4. Both actions a and b are observed, so the tester can evaluate U(a, b) for any pair. Define
the honest expected winning-payoff benchmark

W+ :=
∑

a∈A, b∈B
U(a,b)>0

µ0(a) ν0(b)U(a, b) ≥ 0 (1)

Consider an auditor overseeing a two-player game, such as the modified Rock-Paper-Scissors
(RPS) in Table 2, who wishes to audit Player 1. The auditor uses the fixed reference strategies
µ0, ν0 and the payoff geometry of the game to construct an acceptance policy that limits the accepted
winning payoff above W+. The flagging budget δ controls how much accepted mass on payoff-
relevant wins can be removed.

Player 2
R P S

R 0, 0 −1, 1 1,−1
Player 1 P 1,−1 0, 0 −1, 1

S −1, 1 1,−1 0, 0

Table 1: Rock-Paper-Scissors.

Player 2
R P S

R −1, 1 −1, 1 1,−1
Player 1 P 1,−1 −1, 1 −1, 1

S −1, 1 1,−1 −1, 1

Table 2: Modified RPS: ties broken in favour
of Player 2.

To build geometric intuition, consider for example the strategies µ0 = (0.5, 0.3, 0.2) and ν0 =
(0.4, 0.3, 0.3). Those can be depicted in a [0, 1]× [0, 1] square, where green regions correspond to
winning outcomes for Player 1 and red regions to losing outcomes. Since the audit only activates on
wins, we restrict our attention to the green regions. Projecting them onto the x-axis and sorting by
the product of probability and payoff yields the sorted winning regions in Figure 1, where the area of
each bar equals the action’s contribution to W+. The audit policy removes a total mass δ from this
sorted distribution.
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(a) (b)

Figure 1: Pictorial view of Modified RPS with payoffs ±1. (a) shows winning and losing regions in
the joint probability space of (µ0, ν0). (b) sorts actions by their contribution to the honest winning
payoff W+.

One can also think of our framework as follows. Consider a two-player general-sum game in
which Player 1, with reference strategy µ0, may have access to information allowing them to estimate
the payoff regions depicted above and identify that a particular action, say R, yields a higher winning
payoff than the baseline prescribes. Given δ, the auditor’s goal is to ensure that the accepted winning
payoff of the audited baseline stays within ϵ of W+ for every opponent action. Under honest play,
the probability of being flagged is at most δ; it equals δ exactly only conditionally on a win under the
uniform policy (see Lemma 5).

Definition 1 ((ϵ, δ)-Strategic Tester) Assume δ ∈ (0, 1). An acceptance policy µδ is an (ϵ, δ)-
strategic tester for (µ0, ν0,A,B, U) if:

(i) 0 ≤ µδ(a) ≤ µ0(a) for all a ∈ A, and
∑
a∈A

µδ(a) = 1− δ

(ii) for all b ∈ B,
∑

a:U(a,b)>0

µδ(a)U(a, b) ≤ W+ + ϵ

An instance is (ϵ, δ)-strategically testable if such a policy exists.

Condition (i) says that µδ is the accepted part of the reference action mass: the auditor removes
µ0(a)− µδ(a) from each action a, with total removed mass δ. Thus µδ(a)/µ0(a) is the acceptance
probability on a positive-payoff observation of action a, and 1− µδ(a)/µ0(a) is the corresponding
flagging probability. Condition (ii) requires that, for every opponent action b, the accepted positive
payoff mass is at most W+ + ϵ. Since W+ is averaged over ν0 while condition (ii) is column-wise, ϵ
captures both the average-to-worst-case gap and the residual payoff exposure left after removing δ
units of baseline mass.

To see what the mechanism does in practice, consider the two cases separately. An honest
player following µ0 is always accepted on losing outcomes and is randomly flagged on winning
outcomes with action-specific probability 1 − µδ(a)/µ0(a). The total mass subject to flagging is
δ, though the realized probability of being flagged depends on which winning actions are observed
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Algorithm 1: (ϵ, δ)-Strategic Testing for U(a, b) ̸= 0 games

Input: Reference strategy µ0, acceptance policy µδ, player action a, opponent action b
if U(a, b) < 0 then

return ACCEPT;
else

Sample Z ∼ Bernoulli(µδ(a)/µ0(a));
return Z = 1 ? ACCEPT : FLAG;

end

and on the opponent distribution. The mechanism therefore targets payoff-relevant wins rather than
distributional closeness.

The natural question is then how to select µδ given the budget δ.

4. Testing Policies

Having established the framework, we now turn to the computation of the acceptance policy. A
natural baseline is to remove mass uniformly from every action in supp(µ0), giving the uniform
policy µδ,unif(a) := (1 − δ)µ0(a). This policy is always feasible but ignores the payoff structure
entirely: it removes the same fraction of mass from every action regardless of how much each action
contributes to the worst-case column sum.

Proposition 2 (Uniform policy bound) The uniform policy µδ,unif(a) = (1 − δ)µ0(a) is a valid
(ϵ, δ)-strategic tester with

ϵunif(δ) = max
{
0, (1− δ)max

b∈B

∑
a:U(a,b)>0

µ0(a)U(a, b)−W+
}

Proof in Appendix

The optimal policy instead concentrates the removed mass on actions contributing most to
the worst-case column sum, minimizing the residual accepted winning payoff above W+. This
corresponds to the following optimization problem:

ϵ∗(δ) := max
{
0, min

µδ
max
b∈B

( ∑
a:U(a,b)>0

µδ(a)U(a, b)−W+
)}

(2)

subject to
∑

a µ
δ(a) = 1 − δ and 0 ≤ µδ(a) ≤ µ0(a). Since the inner objective is a pointwise

maximum of linear functions of µδ, this corresponds to a linear program, which is solvable in
polynomial time [6].
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Theorem 3 (LP Characterisation) The optimal bound ϵ∗(δ) and policy µδ,∗ are obtained by solv-
ing

min
ϵ, µδ

ϵ

s.t.
∑

a:U(a,b)>0

µδ(a)U(a, b) ≤ W+ + ϵ ∀ b ∈ B

∑
a

µδ(a) = 1− δ

0 ≤ µδ(a) ≤ µ0(a) ∀ a ∈ A
ϵ ≥ 0

(3)

Proof in Appendix F.

Figure 2 illustrates the core mechanism: the LP identifies which action contributes most to the
worst-case column sum and removes proportionally more mass from it, while the uniform policy
spreads the budget evenly.

(a) b (b) b

Figure 2: Policy comparison for Modified RPS (δ = 0.05). Yellow bars show the initial strategy µ0;
purple bars show the accepted mass µδ. The dashed line marks the honest winning payoff W+, and
the solid line marks maxb

∑
a µ

δ(a)U+(a, b).

We now address our assumption on U(a, b) ̸= 0. In normal-form games, a strategic player
may prefer a zero-payoff action over a losing one, since it avoids a loss without contributing to
the winning-payoff sum counted by condition (ii). Under our winning-payoff objective, the audit
budget is therefore concentrated on strictly positive-payoff actions, as those are the ones a strategic
player has a direct incentive to choose. If avoiding losses is itself strategically meaningful, a separate
budget δt can be allocated to tie outcomes. Further details are provided in Appendix D.

5. Game-Theoretic Interpretation

In this section we restrict to games with no zero-payoff outcomes: U(a, b) ̸= 0 for all (a, b) ∈ A×B.
The (ϵ, δ)-testing problem can be formulated exactly as an auxiliary zero-sum Stackelberg game.
This game is distinct from the original game between Player 1 and Player 2: the original strategies µ0

and ν0 are fixed reference strategies, while the Stackelberg game describes the auditor’s worst-case
optimization problem.
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Fix an instance (µ0, ν0,A,B, U) and a budget δ. The leader is the auditor, who commits to an
accepted-mass policy m ∈ Mδ, where

Mδ :=
{
m ∈ R|A|

+ : 0 ≤ m(a) ≤ µ0(a) ∀ a ∈ A,
∑

am(a) = 1− δ
}

The follower is an adversarial evaluator who observes m and chooses a column b ∈ B. The evaluator’s
payoff, equivalently the auditor’s loss, is

L(m, b) :=
[ ∑
a:U(a,b)>0

m(a)U(a, b)−W+
]
+

and the auditor’s payoff is −L(m, b). The Stackelberg value is

Vδ := min
m∈Mδ

max
b∈B

L(m, b)

Since the positive part commutes with the outer maximum over b, we have Vδ = ϵ∗(δ) as defined
in (2).

A Stackelberg equilibrium of the auditing game is a pair (m∗, b∗) such that

m∗ ∈ arg min
m∈Mδ

max
b∈B

L(m, b) b∗ ∈ argmax
b∈B

L(m∗, b)

Any LP-optimal solution µδ,∗ to (3) is therefore an optimal Stackelberg leader strategy, and any
maximising column b∗ is a follower best response.

This formulation clarifies the role of the LP: the auditor commits to an accepted-mass policy,
and the adversarial evaluator selects the column that maximizes the loss L(m, b). The LP computes
the leader policy that minimizes this worst-case exposure. Under honest play, the accepted winning
payoff against column b produced by Algorithm 1 is exactly∑

a:U(a,b)>0

µδ(a)U(a, b)

which is precisely the quantity controlled by the Stackelberg game.

6. Conclusion

We introduced (ϵ, δ)-strategic testing, a framework for auditing a player in normal-form games by
controlling the accepted winning payoff relative to an honest benchmark. The framework offers a
first principled approach to modeling cheating detection in a structured game-theoretic environment.
Two natural extensions are mechanism design for strategic testing, where one designs games that
inherently facilitate deviation detection rather than testing within a fixed game, and adaptive testing,
where the thresholds (ϵ, δ) are dynamically adjusted based on observed player behavior.
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Appendix A. Notation Reference

Symbol Meaning

A,B Action sets for the monitored player and the opponent

∆(A) Probability simplex over A
µ0 ∈ ∆(A) Pl.1 reference strategy

ν0 ∈ ∆(B) Pl.2 reference strategy

U : A× B → [−1, 1] Payoff function for the monitored player

U+(a, b) max{U(a, b), 0}, positive part of the payoff

W+ Honest expected winning-payoff benchmark

µδ : A → [0, 1] Acceptance policy

δ Flagging mass budget (action-mass units)

ϵ Winning-payoff-gain tolerance

ϵ∗(δ) Optimal testability bound

Mδ Feasible set for acceptance policies with budget δ

Table 3: Summary of notation.

Appendix B. Related Work

Cheating detection in games. Work on chess-specific cheating detection has studied the limits
of engine-only analysis and proposed move-preference approaches as more transparent alternatives
[1, 7]. In video games, cheating has been tackled through behavioral baselines and machine learning
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classifiers trained on game logs [11], as well as vision-based methods targeting hardware-level
exploits such as aimbots [5].

Stackelberg security games. Stackelberg security games [15] model a defender who commits to a
randomized inspection policy against a strategic adversary, and have been deployed in airport security
[12], coast guard patrols [14], and wildlife protection [4]. Our LP shares the leader-commitment
structure but the leader commits to an accepted-mass policy constrained by the reference baseline,
and the objective is a payoff-advantage bound rather than a target-coverage criterion.

Appendix C. Supporting Results for Section 3

Proposition 4 (Monotonicity) ϵ∗(δ) is nonincreasing in δ on [0, 1].

Proof Fix δ1 ≤ δ2, set r = δ2− δ1, and let µδ1 be any feasible policy. Since r ≤
∑

a µ
δ1(a), choose

η ≥ 0 with η(a) ≤ µδ1(a) and
∑

a η(a) = r, and define µδ2(a) := µδ1(a) − η(a). This policy is
feasible for budget δ2 and satisfies µδ2 ≤ µδ1 coordinatewise, so∑

a:U(a,b)>0

µδ2(a)U(a, b) ≤
∑

a:U(a,b)>0

µδ1(a)U(a, b) ∀ b ∈ B

giving ϵ∗(δ2) ≤ ϵ∗(δ1).

Lemma 5 (Testing Procedure Validity) Let µδ ∈ Mδ. Under Algorithm 1, with the opponent
fixed at ν0,

Pr[flag] =
∑

a,b:U(a,b)>0

ν0(b)
(
µ0(a)− µδ(a)

)
≤ δ

If the honest win event has positive probability,

Pr[flag | win] =
∑

a,b:U(a,b)>0 ν0(b)(µ0(a)− µδ(a))∑
a,b:U(a,b)>0 ν0(b)µ0(a)

Proof On each winning observation (a, b), Algorithm 1 flags with probability 1 − µδ(a)/µ0(a).
Averaging over honest play (µ0, ν0) gives Pr[flag]. Since∑

a,b:U(a,b)>0

ν0(b)
(
µ0(a)− µδ(a)

)
≤

∑
a

(
µ0(a)− µδ(a)

)
= δ

we have Pr[flag] ≤ δ. Conditioning on the win event gives the conditional rate. Under the uniform
policy, 1− µδ,unif(a)/µ0(a) = δ for every a, so the conditional rate equals δ.
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Appendix D. Tie-Outcome Extension

Algorithm 2 gives an outcome-dependent extension of the testing rule. The budget δ is split into a
winning budget δw and a tie budget δt, with δw + δt = δ. The LP-optimal accepted-mass policy is
applied to positive-payoff outcomes, while a uniform policy is applied to zero-payoff outcomes. The
auditor may allocate the budget across the two outcome types as the game warrants.

Algorithm 2: Generalized (ϵ, δ)-Strategic Testing

Input: Reference µ0, budgets δw, δt ≥ 0 with δw + δt = δ, winning policy µδw,∗, tie policy
µδt,unif , action a, opponent action b

if U(a, b) < 0 then
return ACCEPT;

else if U(a, b) = 0 then
Sample Z ∼ Bernoulli(µδt,unif(a)/µ0(a));
return Z = 1 ? ACCEPT : FLAG;

else
Sample Z ∼ Bernoulli(µδw,∗(a)/µ0(a));
return Z = 1 ? ACCEPT : FLAG;

end

Appendix E. Limitations of Distributional Criteria

Statistical distance controls how much probability mass has moved, not whether the moved mass lies
on payoff-relevant actions. We make this precise.

Proposition 6 (TV bound is tight but payoff-geometry-blind) Assume U(a, b) ∈ [−1, 1]. If ∥µ−
µ0∥TV ≤ τ , then for every b ∈ B,∑

a

µ(a)U+(a, b) ≤
∑
a

µ0(a)U
+(a, b) + τ

This bound is tight but treats all actions uniformly regardless of their payoff contribution.

Proof Let fb(a) = U+(a, b) ∈ [0, 1]. Then∑
a

(µ(a)− µ0(a))fb(a) ≤
∑

a:µ(a)≥µ0(a)

(µ(a)− µ0(a)) = ∥µ− µ0∥TV ≤ τ

Tightness follows, for any τ ∈ [0, 1], by taking A = {a1, a2}, a single opponent action b U(a1, b) =
1, U(a2, b) = −1, µ0 = (0, 1), and µ = (τ, 1− τ)

Proposition 7 (Distributional deviation need not imply payoff exposure) For every ρ ∈ (0, 1],
there exist a game (A,B, U), reference strategies µ0, ν0, and a strategy µ such that ∥µ−µ0∥TV = ρ,
yet ∑

a:U(a,b)>0

µ(a)U(a, b) ≤ W+ for every b ∈ B
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Proof Let A = {a1, a2, a3}, B = {b1, b2}, ν0(b1) = ν0(b2) =
1
2 , and payoffs

b1 b2
a1 1 −1
a2 −1 1
a3 −1 −1

Set µ0 = (12 ,
1
2 , 0) and µ = (1−ρ

2 , 1−ρ
2 , ρ). Then

∥µ− µ0∥TV = 1
2

(ρ
2 + ρ

2 + ρ
)
= ρ W+ = 1

2

Against both columns, ∑
a:U(a,b)>0

µ(a)U(a, b) = 1−ρ
2 ≤ W+

since the shifted mass moves entirely to a3, which loses against both columns.

Together, the two propositions show that TV distance gives only a generic payoff-scale bound,
tight in the worst case, but unable to detect whether shifted mass lands on payoff-relevant actions.
Our framework instead targets this directly, controlling the accepted winning payoff of the audited
baseline using the payoff geometry that distributional criteria discard.

Appendix F. Proofs for Section 4

Proof [Proof of Proposition 2] The policy µδ,unif(a) = (1−δ)µ0(a) satisfies 0 ≤ µδ,unif(a) ≤ µ0(a)
and

∑
a µ

δ,unif(a) = 1− δ, so it is feasible. For every b ∈ B,∑
a:U(a,b)>0

µδ,unif(a)U(a, b) = (1− δ)
∑

a:U(a,b)>0

µ0(a)U(a, b)

which gives ϵunif(δ) as stated.

Proof [Proof of Theorem 3] The uniform policy (1− δ)µ0 ∈ Mδ, so the feasible set is nonempty.
For any µδ ∈ Mδ, the smallest nonnegative tolerance is[

max
b∈B

( ∑
a:U(a,b)>0

µδ(a)U(a, b)−W+
)]

+

minimising over Mδ gives ϵ∗(δ) as in (2). The LP (3) is the epigraph formulation of this problem:
enforcing

∑
a:U(a,b)>0 µ

δ(a)U(a, b) ≤ W+ + ϵ for all b ∈ B and minimising ϵ ≥ 0 recovers ϵ∗(δ).
The program has |A|+ 1 variables and O(|A|+ |B|) constraints.
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