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Introduction

• Sustainability requires behavorial change.
• Demand Management Policies (DMP) aim to shift individual behavior toward

sustainable choices.
• -> Potential of reducing greenhouse gas emissions by more than 40% by 2050.1

• Problem:
• Negative signals (like taxes) face public resistance and hit low-income households most.

• Solution: Personalized DMP (PDMP): Personalized incentives based on individual
preferences.

• Problem:
• Regulator is slow to elicitate preferences.
• Vulnerable (exposed to manipulative behavior/ deception).

• In our work, we show that slowness in preference elicitation actually makes the
regulator more robust against deception.

1Creutzig et al., 2022; Lee at al., 2023
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Simple Example:

Train ———————————— Car
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Simple Example:

Train ———————————— Car

As a regulator, how can we best distribute the available incentives?
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Preference Elicitation

• Process of inferring preferences from observations of choice behavior.
• Used in cases where the regulator has only limited information about the agents’

preferences.
• In our case: Regulator has no knowledge about the agent’s true utility, but can observe

their choices.
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Random Utility Theory

• We model the probability of an agent with systematic utility profile k choosing
alternative i as

Pk
i (y) =

evk(i,y)/θ∑
i′∈I evk(i′,y)/θ

. (1)

• Bias towards alternative with higher vk(i, y).
• Gumbel scale θ.
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Back to Our Example

Train ———————————— Car

As a regulator, how can we best distribute the available incentives?
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Model: Alternatives

• Two alternatives: I = {1, 2}.
• Externalities: c1, c2.
• We assume one alternative has more externality, i.e. c1 < c2.
• Regulator encourages alternative 1 by providing

• incentive y ≥ 0 for choosing alternative 1.
• no incentive for alternative 2.

• Incentive y should minimize expected costs.
• -> Sum of expected externalities and incentives.
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Model: Interaction

• We model interaction as a Stackelberg game. At each step t:
• Leader: Regulator proposes personalized incentive y ≥ 0 for alternative 1.
• Follower: Agent chooses between alternative 1 and 2 based on logit model Pv

i .

• Following each interaction history of incentives and agent’s choices is updated and
personalized incentive determined.
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Model

• The utility profiles can be defined as uk(i, y) = αk · xi + yi, where αk vector of
preferences, xi attribute vector and yi = y if i = 1 and yi = 0 if i = 2.

• By denoting αk · xi with ak if i = 1, and with bk if i = 2, we can express the
systematic utility as

uk(i, y) =

{
ak + y if i = 1
bk + 0 if i = 2

, k ∈ {1, ..., n} (2)
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Optimal Incentives

Proposition

There is a unique optimal incentive for inferred profile uk(·, ·):

y⋆uk
= max

(
c2 − c1

β
− θ

(
1 + W(e

ak−bk
θ

+
c2−c1
θβ

−1
)

)
, 0
)

where W(.) is the Lambert’s W-function. Moreover,
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Back to Our Example - Instantaneous Preference Elicitation

Train ———————————— Car
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Back to Our Example - Instantaneous Preference Elicitation

Train ———————————— Car
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Back to Our Example - Instantaneous Preference Elicitation

Train ———————————— Car
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Back to Our Example - Instantaneous Preference Elicitation

Train ———————————— Car

The agents only have to act according to and report a certain profile.
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Instantaneous Preference Elicitation

• Deceptive agents try to receive higher incentives by reporting and acting according
the optimal profile.

• Assumption made in previous work.2

• Agent can simply calculate if pretending to be of different profile is profitable.
• Deceptive agent has highest incentive proposed at every step.
• -> Personalized Incentive Policy is vulnerable.

2Gen et al., 2019; Nguyen and Xu, 2019; Birmpas et al., 2020; Dawkins et al., 2021
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Back to Our Example - Realistic Preference Elicitation

Train ———————————— Car

The agents have to act according to a certain profile and convince the regulator of this
profile.
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Realistic Preference Elicitation

• Deceptive agents try to receive higher incentives.
• It is more difficult to determine if pretending to be of different profile is profitable.
• Deceptive agent might not have highest incentive proposed at every step.
• -> Personalized Incentive Policy is more robust to deception.
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Back to Our Model

• Preference Elicitation: The regulator elicits the agent’s profile by maximizing the
log-likelihood ln Lu

t =
∑t−1

s=1 lnPu
is(ys) based on observed choice history.

• Proposition: We prove that the pairwise likelihood gap dLt
k,ℓ between two profiles is

strictly bounded: ∆dLt+1
k,ℓ (yt) <

ak+bk−(aℓ+bℓ)
θ .

• -> Agent would need a certain number of iterations to convince the regulator of a
specific profile.

• Instantaneous PE: Regulator immediately proposes incentive y∗uk
of reported profile

-> highest incentives without any transition cost.
• Realistic PE: Cumulative utility non-stationary: incentive yt is a function of the

inferred profile, which evolves over T steps.
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Theorem
Profitable deception in InstPE vs. RealPE

• Honest agent (adopting u0): Expected True Utility under RealPE > Expected True
Utility under InstPE

• Deceptive agent (adopting un−1): Expected True Utility under RealPE < Expected
True Utility under InstPE

• This bound is found by calculating the "cost of deception" (utility loss from acting
contrary to personal preference to "convince" the regulator’s bounded learning
process).
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Corollary 1

Let S InstPE,SRealPE be the set of scenarios in which it is profitable for the agent to deceive,
under Instantaneous and Realistic Preference Elicitation, respectively. Then

SRealPE ⊊ S InstPE
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Numerical Results

• Parameters
• c1 (Sustainable alternative externality): 1
• c2 (Less sustainable alternative externality): 15
• θ (Gumbel distribution scale): 3.5

• Utility Profiles
• Profile u0: a0 = 5, b0 = 0
• Profile u1: a1 = 6, b1 = 7
• Profile u2: a2 = 1, b2 = 8

• Simulation Configuration
• Monte Carlo runs: 200 random runs
• Time steps (T): 15

• Derived Optimal Incentives (y∗)
• y∗u0

: 0
• y∗u1

: 3.45
• y∗u2

: 7
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Numerical Results: Utility Comparison

(a) Instantaneous Preference Elicitation (b) Realistic Preference Elicitation

Figure: Agent with true utility u0 acts according to u0 (honest), u1 or u2 (deception).
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Numerical Results: Social Cost

(a) Instantaneous Preference Elicitation (b) Realistic Preference Elicitation
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Numerical Results: Sensitivity on Externalities

Figure: Scenarios where deception is profitable with changing parameters c1 and c2.
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Numerical Results: Sensitivity on Externalities

Figure: Scenarios, in which deception is profitable with changing parameters c1 and c2.
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Conclusion

• Unavoidable classification
uncertainty counterintuitively
can be beneficial: deterring
deception.

• Realistic Preference Elicitation
makes deception costly and
reduces it.

• Potential for creating robust
incentive policies for
sustainability via personalized
demand management.

Mayer et al. The Deterring Impact of Preference Elicitation May 25, 2026 27 / 29



appendix

Gumbel distribution with 0- mean and scale parameter θ ≥ 0. The random term accounts
for some inherent randomness in agent’s behavior [Cascetta, 2009, p100], which makes the
agent’s choice not easily pre- dictable for the regulator. This randomness may be due to the
inability of the agent to estimate the exact alternatives’ util- ity or to an additional utility
disturbance, which is completely observable only after the choice is made. The agent
adopts in general a mixed strategy, i.e., they make choices according to a probability
distribution over the available alternatives. We focus here on a class of mixed strategies,
well-known in RUT, namely the logit model [McKelvey and Palfrey, 1995, §3]

Mayer et al. The Deterring Impact of Preference Elicitation May 25, 2026 28 / 29



Numerical Results: Sensitivity on Randomness and Weight of Incentives in Social Cost

Figure 13: Scenarios where deception is profitable with changing parameters θ and β.
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