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Abstract

In a decision-making scenario, a principal could use condi-
tional predictions from an expert agent to inform their choice.
However, this approach would introduce a fundamental con-
flict of interest. An agent optimizing for predictive accuracy
is incentivized to manipulate their principal towards more
predictable actions, which prevents that principal from be-
ing able to deterministically select their true preference. We
demonstrate that this impossibility result can be overcome
through the joint evaluation of multiple agents. When agents
are made to engage in zero-sum competition, their incentive
to influence the action taken is eliminated, and the princi-
pal can identify and take the action they most prefer. We
further prove that this zero-sum setup is unique, efficiently
implementable, and applicable under stochastic choice. Ex-
periments in a toy environment demonstrate that training on
a zero-sum objective significantly enhances both predictive
accuracy and principal utility, and can eliminate previously
learned manipulative behavior.

Technical Appendx —
https://arxiv.org/src/2412.20732/anc

Code —
https://github.com/rubi-hudson/Joint-Scoring-Rules

Introduction

Large Language Models (LLMs) excel at pattern recogni-
tion and predicting text. As capabilities improve, this pre-
dictive ability will be applied more frequently to real-world
outcomes. This could include predicting human preferences,
as is used in reinforcement learning from human feedback
(RLHF) (Christiano et al. 2017), or predicting outcomes for
multiple actions when only one action can be taken. Restrict-
ing highly capable AI systems to only make predictions,
rather than autonomously pursue goals, is one proposal for
Al alignment known as Oracle Al (Armstrong, Sandberg,
and Bostrom 2012; Armstrong 2013).

A potential risk of using Al to make predictions is that the
very act of making a prediction can affect the outcome, in
a phenomenon known as performative prediction (Perdomo
et al. 2020). For example, predictions of inflation affect con-
sumer behavior and thus inflation, predictions of crime af-
fect police deployments and thus crime, and predictions of
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mortality affect healthcare usage and thus mortality.

When non-performative predictions are evaluated using a
strictly proper scoring rule, the only optimal response is hon-
esty (Gneiting and Raftery 2007), where honesty means an
agent reports their actual beliefs. However, all such rules
give higher expected scores when the underlying distribu-
tion of outcomes is more extreme. In the performative case,
such rules then incentivize making the distribution more ex-
treme. (Oesterheld et al. 2023).

This introduces two risks. The first is that such manipulation
could push the world towards becoming more predictable,
with potentially negative effects on inflation, crime, health-
care, or other outcomes. In the worst case, it could pose an
existential risk — a dead human is more predictable than a
live one. (Hubinger et al. 2023). The second risk is that op-
timal performative predictions are typically not stable upon
reflection (Oesterheld et al. 2023), which dramatically low-
ers their usefulness.

Still, one might ask how performative prediction could arise
if we do not intentionally run a gradient running through
a prediction’s impact on outcomes? We identify four main
pathways for this to occur:

1. If a model implements search, either by design or as
learned behavior (Hubinger et al. 2019), and chooses

their prediction based on expected score.

. If there are selection pressures other than gradient
descent, such as population based training (Krueger,
Maharaj, and Leike 2020) or economic competition
(Hendrycks 2023).

. If there is generalization (Shah et al. 2022), from only
historical training data to an environment where the
model can influence the outcome.

If powerful models are developed through a process other
than gradient-based updating.

One method for avoiding performativity is to elicit predic-
tions conditional on various actions that can be taken in re-
sponse to the prediction. As this reaction is the causal path-
way by which a prediction affects outcomes, conditioning
on it removes the performative aspect.

Unfortunately, this approach introduces a new type of per-
formativity. The predictor can influence which action gets
taken by dishonestly reporting certain predictions. In fact, it
is impossible for a decision maker to always take their most



preferred action when eliciting conditional predictions from
an agent using a symmetric scoring rule (Othman and Sand-
holm 2010). The symmetry of the scoring rule, meaning it is
invariant to the specifics of outcomes, is important because
it avoids the need to establish preferences over all outcomes.
This is a famously challenging aspect of the Al alignment
problem, due to the difficulty of specifying one’s full values
(Hadfield-Menell and Hadfield 2019).

As a motivating example, consider an ICU at a hospital that
assigns extra care to patients with a predicted chance of mor-
tality over 70%. For a type of patient with a 90% baseline
chance of mortality that drops to a 20% chance if they re-
ceive extra care, using gradient descent to train the predic-
tor would not converge, instead fluctuating across the 70%
threshold (Bell et al. 2021). Importantly though, if the pre-
dictor is somehow trained to make optimal prediction, this
will be exactly 70%, which causes the highest mortality.
When conditional predictions are used instead, the optimal
pair is 90% without extra treatment and >90% with, so no
treatment looks better. Taking that action and evaluating that
prediction results in the highest score for the predictor. Only
by using our proposed method can we make honest predic-
tions optimal, allowing the ICU to minimize mortality.

Our Contribution

Our contribution is to show that when jointly evaluating two
or more predictors, it is possible to elicit honest predictions
using a symmetric scoring rule and to use this info to deter-
ministically take the best action. This enables the safe use of
conditional predictions from powerful Al systems, either for
their own sake or to avoid performative prediction.

Our primary result is a theorem showing that when predic-
tors engage in a zero-sum competition for accuracy, they
have no incentive to influence which action gets taken, and
a decision maker can exploit this to elicit honest conditional
predictions. This is paired with a uniqueness theorem, show-
ing that only zero-sum competition can make this possible.
Supplementary results address obstacles to implementing
the mechanism in practice. We show large spaces of possi-
ble actions can be efficiently searched to identify the optimal
choice. Additionally, we extend our main results to stochas-
tic choice from the decision maker, which can add further
incentives for honesty regarding untaken actions.

Finally, we use experiments in a toy environment to show
that models trained with a zero-sum objective do not become
performative, even in environments incentivizing it. We also
demonstrate that zero-sum training untrains performativity
from a model faster and to a larger degree than directly re-
moving the incentives for performativity.

Related Work

The literature on eliciting honest predictions using proper
scoring rules is well established (Brier 1950; Good 1952;
Savage 1971; Gneiting and Raftery 2007). However, it
largely depends on the assumption that making a prediction
does not impact the outcome.

Concern about predictions affecting outcomes with respect
to Oracle Al began in Armstrong and O’Rorke (2017), with
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a more rigorous formulation and the term “performative pre-
diction” being introduced in Perdomo et al. (2020). This was
followed up with several papers concerning performativity
in a single prediction, and largely focused on stability, op-
timal predictive accuracy, and training methods (Mendler-
Diinner et al. 2020, Izzo, Ying, and Zou 2021; Hardt, Ja-
gadeesan, and Mendler-Diinner 2022). We focus on perfor-
mativity across multiple conditional predictions, and address
the impact of performative predictions on the welfare of
those who elicit them.

Using conditional predictions to choose an action was in-
troduced as a decision problem in Othman and Sandholm
(2010), which went on to prove the impossibility result for
using them to take optimal actions. This is the main paper
our work responds to, by showing that these results can be
overcome using multiple predictors.

Chen et al. (2011) shows that accurate conditional predic-
tions can be elicited if the decision maker is willing to ran-
domize with full support over all actions. However, a hu-
man decision maker often cannot commit to randomly tak-
ing sufficiently bad actions, and they may not know the ex-
act probabilities they assign to each action as required. In an
ML context, arbitrarily small probabilities require arbitrarily
large amounts of training data.

Oesterheld and Conitzer (2020) shows that a decision maker
can take the best action by having the expert choose the ac-
tion, and reward them proportionally to the resulting utility.
This requires specifying their utility function, which is often
difficult in general environments. This approach can also fail
when outcomes modify the decision maker’s utility function
or ability to report it. Additionally, the information gained
from the predicted probabilities can have its own value.

Background and Definitions

Let A be a finite set of actions, and let O be a finite, exhaus-
tive, and mutually exclusive set of outcomes.

We start with a decision making principal, who has com-
plete and transitive preferences - over A(Q), and n pre-
diction making agents. We say that the principal’s prefer-
ences uses some tie-breaking procedure, including over ac-
tions that produce the same distribution, so their preferences
are strict. This simplifies the following theorems and proofs,
although it is not crucial for the results.

The principal receives a set of predictions p € A(O)
with p; o, referring to the probability that agent ¢ assigns to
outcome o conditional on action a being chosen. Dropped
subscripts indicate all values for the dropped dimension are
included, and a prefacing negative sign indicates all except
that subscript are included. For example, p; refers to all pre-
dictions made by agent 7 and p_ ; o) refers to all predictions
except agent ¢’s predictions for action a. After receiving p
from the agents, the principal chooses their action using a
decision rule D : A(OQ)AX" — A

Once action a is taken and outcome o is realized, agents
are assigned scores according to a joint scoring rule S :
A x A(O)AX 5 A x O — R”, with S; referring to the
function that calculates only agent i’s score. For notational
purposes, we let S(a, p, o) refer to the vector of agent scores

|A|xn
b



after outcome o is realized, and S(a, p, q) refer to the ex-
pected scores after the action is taken but before the outcome
is realized, where ¢ € A(O)!Al represents the true distribu-
tion over outcomes. We use ¢, to refer to the true distribution
conditional on action a, and () to refer to all agents predict-
ing q. For now, we consider the case where the ground truth
q is known to all agents.

In equilibrium, each agent chooses their report p; to max-
imize their expected score S;, conditional on each other
agent’s report and the decision rule D. This means that p
is an equilibrium if Ap; € A(O), such that

Si(D((p;vp—i))v (pgvp—i)a Q) > Si(D(p)apv Q)

A joint scoring rule/decision rule pair is strictly proper if
there exists exactly one equilibrium, and in it each agent re-
ports their true beliefs. Formally, Vg, p, 3¢, p} such that

Si(D((p;, p—i)): (P} p—i)s @) > Si(D(p),p, q)

if and only if p # @

Let a* be the principal’s most preferred action, so that g,« >
o, Va € A\ {a*}.

A joint scoring rule/decision rule pair is jointly quasi-strictly
proper if @) is an equilibrium, in all equilibria a* is the
chosen action, and conditional on any action all agents are
strictly incentivized to report honestly for that action and
weakly incentivized to report honestly for all actions. For-
mally, V ¢, p = @ is an equilibrium, Vp, if D(p) # a*, then
34, p), such that

Si(D((p, p—i)) (05, p—i),q) > Si(D(p), p,q)

and Va, a’,
Si(a7 (CIa’ap—(i,a’))> q) > Si(aapa q)

with the inequality strict if ' = @ and p; , # qq.

A joint scoring rule/decision rule pair is symmetric if (mod-
ulo the principal’s tie-breaking procedure) they remain con-
sistent under all permutations of indices to actions, out-
comes, and agents.

Theoretical Results

In the case of a single agent, (Othman and Sandholm 2010)
defines the max decision rule to be the decision rule that
chooses an action a where p, =~ p. Va' € A. A key result
of their paper is that there is no symmetric scoring rule that
is quasi-strictly proper when combined with the max deci-
sion rule. The practical implication of this is that there is no
symmetric scoring rule/decision rule pair that deterministi-
cally chooses the principal’s most preferred action.

To provide intuition,(Othman and Sandholm 2010) includes
an example with are two actions, a; and as, along with two
outcomes, 01 and os. The principal wants to maximize the
probability of o1, and we have that ¢,, = [0.5,0.5] and
da, = [0.25,0.75]. The agent is evaluated with the log scor-
ing rule, which assigns a score of log(p,,,) when action a is
chosen and outcome o is realized.

If the agent reports honestly for both actions, then action a;
will be chosen by the max decision rule and the agent’s ex-
pected score will be 0.5xlog(0.5)+0.5%log(0.5) = log(0.5).
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If the agent instead reports p,, = [0.2,0.8] while reporting
honestly for as, then the max decision rule will select as
and the agent’s expected score becomes 0.251og(0.25) +
0.7510g(0.75) > log(0.5). So, the agent is incentivized to
misrepresent the action that the principal would take if they
knew the truth, causing the principal to choose the lower
variance action instead.

To begin our own contribution, we start with a couple def-
initions. A joint scoring rule is linearly zero-sum, strictly
proper, and symmetric (LSS) if it has the form

Zj;éi 3(Pj.as 9a)
n—1

Si(a,p,q) = 5(Pia: qa) — + h(p-i)
where h is any function and s is a symmetric, strictly proper
scoring rule for the one agent and one action case. For sim-
plicity, we assume h(p_;) = 0,Vp_; in all the following
theorems, and we will note when that assumption is rele-
vant.

A decision rule is independent from suboptimal alterna-
tives (ISA) if, for each action, only the most preferred pre-
diction conditional on that action is considered. Formally,
if p_(ia) = pL(i,a) and Jj such that p;, 2 p;, and
Pj.a > Pjq» then D(p) = D(p").

The ISA-max decision rule is the ISA multi-agent version of
the max decision rule, choosing D(p) = a if and only if 3
such that p; o 22 pjo, V5 € {1,...,n},a’ € A. As we will
see in the following proof, the ISA-max decision rule is a
good analogue for the max-decision rule when paired with
an LSS scoring rule, as in all equilibria it selects the same
action as applying the max-decision rule to any individual
agent. We restrict our analysis to equilibrium behavior with-
out concern about the ease of computing equilibria, since all
agents reporting honestly is always an equilibrium under the
mechanisms we analyze.

Before we proceed, we first introduce a useful lemma.

Lemma 1. Under an LSS scoring rule S, all agents receive
an expected score of 0 in any equilibrium.

The proofs for this and all theoretical results are provided in
the technical appendix.

Using this lemma, we can construct a decision rule/scor-
ing rule pair that allows for the the Othman and Sandholm
(2010) impossibility result to be overcome.

Theorem 2. When n > 2, the combination of the ISA-max
decision rule D and an LSS scoring rule S is jointly quasi-
strictly proper, and in any equilibrium the max decision rule
applied to any agent selects a*.

As this is our key contribution, and the proof gives substan-
tial intuition, we provide it here.

Proof. First, we show that in equilibrium, Ap; , such that
Dia > qa+- Suppose p is an equilibrium, and such a pre-
diction exists. Based on the decision rule, the principal must
end up choosing some action a’ where 3p; o+ > g,-. Then,
since the decision rule is ISA, there exists some agent k # j
who is either already reporting honestly or can change their
prediction to py . = g,/ Without affecting the action taken.



The score for such a prediction, Sk (a’, (¢a’, P—(k,a)), @) is

$(Djars Q)  Doinjk S (Piars dar)
n—1 n—1

The inequality follows because s(-,q,) is uniquely maxi-
mized at g/, and p; o # go’. By Lemma 1, this contradicts
that p is an equilibrium.

Next, we show that in equilibrium, Ai such that g« > p; o=.
Suppose p is an equilibrium, and such a prediction exists. If
another agent j # i reports pj o« = ¢q+, then D(p) = a*
since the decision rule is ISA and we have previously es-
tablished that no predictions are more preferred to qg«.
The score for such a prediction, Sk (a’, (qax, P—(j,a+)), @), is
equal to

S(qa’qu) - >0

s(pi,a’,Qa*) Zk;ﬁi,j S/(pk@*’%*)
n—1 n—1
Again by Lemma 1, this contradicts that p is an equilibrium.
In equilibrium, each agent reports honestly for a* and there
are no reports p; , > ¢q+, SO running the max decision rule
on any p; must choose a*. Using the ISA-max decision rule
across predictors similarly chooses a*. Conditional on any
action, each agent’s score is given by a strictly proper scor-
ing rule for that action’s prediction, so honesty is strictly
incentivized and honesty for untaken actions is weakly in-
centivized. As such, the decision/scoring rule pair is jointly
quasi-strictly proper. O

S(Qa*an*) - >0

The intuition for why this works is that from each agent’s
perspective, the other predictions are constant. Therefore,
conditional on any action, they face a strictly proper scoring
rule and are incentivized to predict honestly. Furthermore,
affecting the principal’s choice of action and the resulting
distribution of outcomes provides no benefit to them. Since
scores are zero-sum, any score increase from a distribution
shift would be exactly offset by an equivalent score increase
to the other agents. The ISA decision rule ensures that if
agents are overstating a suboptimal action’s value, then at
least one agent can report honestly without changing the
chosen action, and that if agents are understating the opti-
mal action’s value, then at least one agent can report hon-
estly and ensure it is chosen.

ISA is not a necessary property for the decision rule. As
we will cover in the subsection on stochastic choice, ran-
domly choosing between which agents to believe also leads
to equilibria where the principal deterministically chooses
their most preferred action.

However, both ISA and stochastic choice can be difficult for
the principal to commit to in the event of off-equilibrium
behavior. If agents provide conflicting predictions, the prin-
cipal may not be willing to throw away half the informa-
tion provided. Fortunately, if we restrict to principals with
preferences that follow the Independence axiom, we can use
a decision rule that incorporates all predictions. The Inde-
pendence axiom states that for any a,b,c € A(O) and p €
(0,1], a > biff pa+(1—p)c = pb+(1—p)c. Preferences that
meet this criteria include von Neuman-Morgenstern utility
functions, as well as lexicographic preferences. The mean-
max decision rule applies the max decision rule to the mean
predictions for each action.
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Theorem 3. When n = 2, for a principal with preferences
that follow Independence, the combination of the mean-max
decision rule and an LSS scoring rule is jointly quasi-strictly
proper.

The reason for the n = 2 restriction is that the proof relies on
any single agent being able to counteract a negative misrep-
resentation of a* from other agents to ensure that the action
is chosen regardless. With n > 3 agents, this is not always
possible. There can be an equilibrium where g« > p; o+,
Vi, but there do not exist p, p such that agent j predicting
Pj.ax = pand p; , = pVa # a* results in a* being chosen.
However, if the agents are able to form coalitions and collab-
orate, the proof can be easily modified to work for any num-
ber of agents. If any agent is dishonest in a way that would
result in a* not being chosen, all the other agents working
together can exploit that to earn a positive score.

A nice property of these jointly quasi-strictly proper mech-
anisms is that beyond having no incentive to lie about un-
taken actions, there is an incentive not to lie too drastically.
If there exists a prediction p; . for untaken action a’ for
which s(pj.a, gar) is sufficiently low, then for ¢ # j there
exists a prediction p; o+ > ¢~ that results in action a’ be-
ing chosen and agent ¢ receiving a positive expected score,
along with agent j receiving a negative one.

The choice of scoring rule affects how inaccurate a predic-
tion for an untaken action can be in equilibrium. For exam-
ple, pi.a’,o = 0 when g, , > 0 results in an expected score
of negative infinity under the log scoring rule, and only a
finitely bad score under the Brier scoring rule, so whether
that prediction is possible in equilibrium depends on the
scoring rule chosen. The optimal choice to minimize inaccu-
racy depends on the principal’s preferences and beliefs about
the distribution of q.

Beyond merely limiting the size of divergence from honest
reporting for unchosen actions, it is possible to strictly in-
centivize honesty for all actions. Consider a disagreement-
seeking-max decision rule, which always chooses an ac-
tion for which predictions differ if possible, and follows
the max decision rule otherwise. Formally, if A, = {a €

A|Fi,j s.t. pia # pja} 7 0 then D(p) € A, and other-
wise D(p) = a, where p; 4 > piq, Va' € A\ {a}.
Theorem 4. [fn > 2, the combination of a disagreement-
seeking-max decision rule and an LSS scoring rule is strictly
proper, and the principal deterministically chooses a*.

The downside of using a disagreement-seeking-max deci-
sion rule is that the proof for the above theorem is heavily
reliant on the assumption that all agents know the ground
truth ¢. If any of them make even slight errors, or if there is
a small amount of noise in their report, then the rule instead
selects a random action, with no relation to the principal’s
preferences. This contrasts the ISA-max and mean-max de-
cision rules where adding a small amount of noise to either
agent’s prediction will for reasonable preferences still result
in choosing a close to optimal action.

There are multiple decision rules that can result in a jointly
quasi-strictly proper mechanism when paired with an LSS
scoring rule. How important is the LSS property in the scor-
ing rule? It can be shown that LSS scoring rules are unique



Algorithm 1: This algorithm performs a binary search over
actions, using conditional predictions to narrow the action
space

0: procedure BINARYACTIONSEARCH(A, D, S)
while | A| > 1 do
A < half of A
Ay < other half of A
DA, ,Pa, < ElicitPrediction(A;, As)
A« D((pA2>pA2))
end while
return single action in A
end procedure
procedure ELICITPREDICTION(A;, A;)
return predictions from n agents evaluated with .S if
A; or A; is selected
end procedure=0

e

PRI

e

in being able to achieve the incentive for honesty.

Theorem 5. If a symmetric scoring rule can be quasi-
strictly proper when paired with a decision rule for any set
of complete and transitive principal’s preferences, then the
scoring rule is LSS.

This is an important result, because it drastically reduces
the space through which to search for the optimal scoring
rule/decision rule pair. It is also highly relevant to Al align-
ment, as it means that incentives for honesty are unlikely to
arise accidentally or by default. The explicit implementation
of an LSS scoring rule is necessary for that end.

Efficient Search

If a decision problem is being used to avoid performative
prediction, one danger is that the action space is not suf-
ficiently descriptive. For example, a diner going for lunch
could divide the action space into the nearby restaurants
without clarifying what they would order at each one. That
reintroduces the possibility of performative prediction by af-
fecting the choice of meal, for example by influencing them
to choose a cheap option by predicting they will not enjoy it.
While any division of the action space reduces a prediction’s
influence on the outcome, ideally we would like that influ-
ence to be as small as possible. To that end, we could end up
with an enormous action space, and very small details dis-
tinguishing different actions. Fortunately, even a large action
space can be searched efficiently.

Theorem 6. A principal can identify a* with at most
O(log(|.A])) comparisons between actions.

The proof shows that Algorithm 1, which essentially does a
binary search through action space, maintains the incentives
for honesty even as predictions can affect later predictions.
Here, we rely on setting the term h(p_;) of the LSS scoring
rule to zero for all p_;.

One way of implementing Algorithm 1 would be to add
more and more details to the action with each iteration. For
example, when deciding on lunch plans, one could first ask
what cuisine they would most enjoy, then what restaurant,
then which menu item, accumulating additional information
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with each step. Iteratively eliciting information is not nec-
essary, however, and using powerful predictive models it is
possible to jump straight to the end of the process.

Theorem 7. A principal can identify a* with at most O(1)
comparisons between actions.

The way this works is by eliciting a non-conditional, non-
zero-sum prediction from an agent about which action will
be chosen, then running Algorithm 1 but with the action
space instead split into the set containing only that action
and the set containing all other actions. a* is then identified
after a single comparison.

Stochastic Choice

The principal may be interested not only in identifying a*,
but in the information contained in predictions about un-
taken actions. For example, consider training an Al system
that generates potential actions in the way LLMs generate
potential text completions. We would like to have a reward
model evaluate the outcomes of each action, but in an on-
line training environment only one can be taken, so we in-
stead evaluate the predicted outcomes. Performative predic-
tion here would be disastrous, as it would train the model to
generate actions that are easy to predict rather than actions
that the developers desire, but even a jointly quasi-strictly
proper scoring rule is insufficent. We would also want ac-
curate predictions for the untaken actions, so they can be
properly evaluated.

If the principle is willing to partially randomize their deci-
sion, then for reasonable methods of randomization, the ac-
tions for which honest predictions are strictly incentivized
can be greatly expanded. This can be done with arbitrarily
small probability of not taking a*, and with zero chance of
taking deeply unpalatable actions.

Let D : A(O)A*™ — A(A) be a non-deterministic deci-
sion function, with D, representing the probability assigned
to action a. Consider the following regularity conditions:

Condition 1. If p_(; ) = pL(i’a) and p, = pia then
D, (p) > 0 implies D,(p") > 0

Condition 2. Ifp_(; o) = p’f(m) and p; o = D}, then for
a’ # a Dy (p) > 0 implies Dy (p') > 0

Condition 1 says that if an agent changes their prediction for
an action to a more preferred distribution, this will not cause
that action to be assigned zero probability. Condition 2 says
that if an agent changes their prediction for an action to a
less preferred distribution, this will not cause other actions
to be assigned zero probability.

These conditions ensure that in equilibrium, S;(a, p, ¢) = 0,
Va s.t. Dy(p) > 0. This is distinct from Lemma 1, which
only showed that .. p(p)[Si(a, p,q)] = 0 in equilibrium.

Lemma 8. Under an LSS scoring rule S and ISA decision
rule D, if Conditions 1 and 2 are met then in equilibrium p
Vi, Ya such that Dg(p) > 0, pio = qa

In practice, we may be willing to accept some chance of tak-
ing non-optimal actions in order to gather information from
the predictions for these actions. While Chen et al. (2011)
showed that randomizing over actions with full support can
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Figure 1: (Left) In environments that incentivize performative prediction, training with an LSS objective avoids the model be-
coming performative, and results increasing accuracy across predictions. Models trained with no intervention are more accurate
for whichever action is chosen, as they influence the choice to be easier to predict, but are less accurate overall. Error bars show
that the difference between either zero-sum intervention and the no intervention baseline is statistically significant. (Right)
When no intervention prevents a model from becoming performative, user utility plateaus earlier and at a lower level. Error
bars indicate that the same statistical significances apply to utility.

incentivize predictions for all actions, we show that with
multiple agents we can randomize with only partial support
and still strictly incentivize honest predictions for those ac-
tions. In particular, the principal can restrict support to only
the actions they would be willing to randomize over if they
knew the true distribution. This means they do not need to
commit to or accept taking to catastrophically bad actions
with any probability.

To do so, we require one more condition:

Condition 3. Ifp_(; o) = pL(i oy and Dq (p) = Do(p')
then D(p) = D(p')
This says that if an agent modifies their prediction for an

action without changing that it is assigned zero probability,
the probabilities assigned to other actions do not change.

Theorem 9. Under an LSS scoring rule S and ISA decision
rule D, if Conditions 1- 3 are met then in any equilibrium p,
D(p) = D(Q).

This result is particularly useful if we want to train a model
to take actions that are predicted to have good outcomes. It
allows us to strictly incentivize honesty for relevant untaken
actions, while ensuring safe exploration. Knowing that some
actions are too bad to be considered is also useful, even with-
out being guaranteed honest predictions for them.
Stochastic choice can also be used to deterministically take
a”*, with needing a decision rule that satisfies ISA or inde-
pendence. We call the decision rule that randomizes which
agent to believe and then takes their most preferred predic-
tion the random-max decision rule.

Theorem 10. When n > 2, an LSS scoring rule and the
random-max decision rule is jointly quasi-strictly proper.

0

Experiments

We test our main theoretical result in a toy environment,
with eight possible actions, eight possible outcomes, and
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eight variables representing context. The ground truth
probabilities are given by a randomly initialized neural
net that takes in as input the context and a one-hot vector
representing the choice of action, and outputs a distribution
over outcomes. A principal with a randomly generated
utility function over actions makes their decisions by taking
the softmax of their expected utility from each action,
consolidating reports from agents in an ISA manner.

We train models to predict the outcome, using a cross-
entropy loss function and running the gradient through
the impact of the prediction on the principal’s decision.
This is the simplest way to implement performativity in
a toy environment, and shows the robustness of zero-sum
competition in avoiding it.

Our first experiment compares training with no intervention
to two methods of implementing an LSS objective. The first
method trains an agent against a detached version of itself
that makes identical predictions, which we call exact. The
second uses dropout to generate two different predictions
from the same model, then performs a gradient update for
each one while detaching the other. This provides evidence
on behavior when agents have different information and
thus disagree about probabilities. We apply dropout to all
models in order to isolate the effect of an LSS objective.

In Figure 1 we compare how the various training methods
affect predictive accuracy, both when taking performativity
into account and when weighing the predictions for all
actions equally. We also measure how the principal’s utility
changes throughout the training process.

We can see that both implementations of an LSS objective
perform very similarly, increasing in both measures of
predictive accuracy. Performative predictive accuracy is
slightly higher, as higher utility actions tend to have more
extreme distributions, resulting in a higher prediction score.
In contrast, training without an intervention leads to the
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Figure 2: (Left) An LSS objective using two different predictions from the same model results in faster and larger decreases
in performativity than an exact LSS objective or training in a non-performative environment. Error bars show that the differ-
ence between the inexact zero-sum objective and the non-performative training baseline is statistically significant, while the
difference from the exact zero-sum objective is not. (Right) The decrease in performativity leads to higher utility for users, with
larger gains for larger drops in performativity. Error bars indicate that the same statistical significances apply to utility.

largest gain in performative predictive accuracy, but after
an initial increase non-performative predictive accuracy
sharply drops. When this divergence occurs, the principal’s
utility plateaus, while for LSS objectives it continues to rise.
Without an intervention, performativity compounds
throughout training. The more inaccurate the conditional
prediction for an action is, the more the local gradient
pushes towards performativity to ensure that action is
not taken. Similarly, it discourages gradient updates from
making the prediction more accurate if doing so increases
the chance the action will be chosen.

Our second experiment tests whether a model that has
already become performative can have that behavior trained
out of it. We compare the same two implementations of
an LSS objective, alongside removing the gradient that
runs through the principal’s choice of action. This last
intervention can be thought of as training to predict only
historical data, rather than making predictions that can
affect their own outcome.

Figure 2 compares the different training methods using the
same measures as in the first experiment. We can see that
the exact LSS objective behaves like training in a non-
performative environment, which makes sense since they
produce nearly identical gradients. The LSS objective that
generates two distinct predictions untrains performativity
faster, plateaus at a higher level of predictive accuracy,
and results in higher utility for the principal. We speculate
that this results slight differences in predictions allow the
gradient to get un-stuck by providing the more accurate
agent an incentive to have that action be chosen.

We further run robustness checks to ensure that the results
are not affected by experimental choices. No major changes
were observed after changing the decision rule from ISA to
mean, only assigning positive probability to above-median
expected utility actions, changing the scoring rule base from
log score to Brier score, sampling more than two agents
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when calculating the LSS objective, or pretraining the
model on historical data. These results are available in the
technical appendix, along with further experimental details.

Discussion and Future Direction

Our work demonstrates that it is possible to incentivize hon-
esty in conditional predictions, both theoretically and prac-
tically. This allows for the elicitation of conditional predic-
tions as a safe alternative to accepting performativity in the
unconditional case.

Eliminating the risk of performative prediction from pow-
erful Al systems represents an important step towards their
safe usage. This applies both to Oracle Al for aligning su-
perintelligent systems, and the use of predictive models for
either economic purposes or training of more powerful sys-
tems. Honesty means we can trust the predictions they out-
put, putting the onus on us to use that information wisely.
We are interested in both empirical and theoretical expan-
sions of this work. As we have only demonstrated the suc-
cess of our intervention in a toy environment, it would be
useful to extend it to a more complex environment, espe-
cially one using real world data. It would also be valuable
for theoretical progress loosening the assumption that all
agents have the same information. While this is less concern-
ing when both agents are contained in the same model, and
our experiments showed this does not result in dishonesty,
it would provide additional robustness. Here, we may be in-
terested in the regret dynamics as agents learn each others’
information, such as the untruthful swap regret (Fujii 2023).
Once we can conclusively eliminate concerns about perfor-
mative prediction, we can move on to the next question: how
can we use honest predictions to align powerful Al systems
and ensure a safer world?
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