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Abstract

This paper studies algorithmic decision-making under human
strategic behavior, where a decision-maker uses an algorithm
to make decisions about human agents, and the latter with
information about the algorithm may exert effort strategi-
cally and improve to receive favorable decisions. Unlike prior
works that assume agents benefit from their efforts immedi-
ately, we consider realistic scenarios where the impacts of
these efforts are persistent and agents benefit from efforts by
making improvements gradually. We first develop a dynamic
model to characterize persistent improvements and based on
this construct a Stackelberg game to model the interplay be-
tween agents and the decision-maker. We analytically char-
acterize the equilibrium strategies and identify conditions un-
der which agents have incentives to invest efforts to improve
their qualifications. With the dynamics, we then study how
the decision-maker can design an optimal policy to incen-
tivize the largest improvements inside the agent population.
We also extend the model to settings where 1) agents may be
dishonest and game the algorithm into making favorable but
erroneous decisions; 2) honest efforts are forgettable and not
sufficient to guarantee persistent improvements. With the ex-
tended models, we further examine conditions under which
agents prefer honest efforts over dishonest behavior and the
impacts of forgettable efforts.

1 Introduction
In applications such as lending, college admission, hiring,
recommendation systems, etc., machine learning (ML) algo-
rithms have been increasingly used to evaluate and make de-
cisions about human agents. Given information about an al-
gorithm, agents subject to ML decisions may behave strate-
gically to receive favorable decisions. How to characterize
the strategic interplay between algorithmic decisions and
agents, and analyze the impacts they each have on the other,
are of great importance but challenging.

This paper studies algorithmic decision-making un-
der strategic agent behavior. Specifically, we consider a
decision-maker who assesses a group of agents and aims to
accept those that are qualified for certain tasks based on as-
sessment outcomes. With knowledge of the acceptance rule,
agents may behave strategically to increase their chances of
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getting accepted. For example, agents may invest to gen-
uinely improve their qualifications (i.e., honest effort), or
they may manipulate the observable assessment outcomes to
game the algorithm (i.e., dishonest effort). Both types of be-
haviors have been studied. In particular, Hardt et al. (2016a);
Dong et al. (2018); Braverman and Garg (2020); Jagadeesan,
Mendler-Dünner, and Hardt (2021); Sundaram et al. (2021);
Zhang et al. (2022); Eilat et al. (2022) focus on learning
under strategic manipulation, where they proposed various
analytical frameworks (e.g., Stackelberg games) to model
manipulative behavior, and analyzed models or developed
learning algorithms that are robust against manipulation.

Another line of research (Zhang et al. 2020; Harris, Hei-
dari, and Wu 2021; Bechavod et al. 2022; Kleinberg and
Raghavan 2020; Chen, Wang, and Liu 2020; Barsotti, Kocer,
and Santos 2022) considers a different setting where agent
qualifications (labels) change in accordance with the im-
provement actions. The goal of the decision-maker is to de-
sign a mechanism such that agents are incentivized to behave
toward directions that improve the underlying qualifications.
Notably, Kleinberg and Raghavan (2020) proposed a mech-
anism to incentivize individuals to invest in specific improv-
able features. Their work inherited the classical settings of
the principal-agent model in economics but designed an in-
centivizing mechanism under a linear classifier. They mod-
eled manipulation and improvement similarly (linear in ef-
forts) and did not consider the persistent and delayed effects
of improvement. The mixture of both improvement and ma-
nipulation behavior is also studied (Miller, Milli, and Hardt
2020; Chen, Wang, and Liu 2020; Barsotti, Kocer, and San-
tos 2022; Horowitz and Rosenfeld 2023; Jin et al. 2022).
However, these works regarded improvement as a similar ac-
tion to manipulation where the only difference is it will incur
a label change. Another related topic is performative predic-
tion (Perdomo et al. 2020; Izzo, Ying, and Zou 2021; Hardt,
Jagadeesan, and Mendler-Dünner 2022; Jin et al. 2024b), an
abstraction that captures agent actions via model-induced
distribution shifts. Details and more related works are pre-
sented in Sec. 2.

This paper primarily focuses on honest agents (i.e., agents
will invest effort to improve their qualifications), while set-
tings with both improvement and manipulation are also stud-
ied. We first propose a novel two-stage Stackelberg game to
model the interactions between decision-maker and agents,

Proceedings of the Seventh AAAI/ACM Conference on AI, Ethics, and Society (AIES 2024)

1672



i.e., the decision-maker commits to its policy, following
which agents best respond. A crucial difference between this
study and the prior works is that the existing models all as-
sume that the results of agents’ improvement actions are im-
mediate, i.e., once agents decide to improve, they experience
sudden changes in qualifications and receive the return at
once. However, we observe that in many real-world applica-
tions, the impacts of improvement action are indeed persis-
tent and delayed. For example, humans improve their abil-
ities by acquiring new knowledge, but they make progress
gradually and benefit from such behavior throughout their
lifetime; loan applicants improve their credit behaviors by
repaying all the debt in time, but there is a time lag between
such behaviors and the increase in their credit scores. There-
fore, it is critical to capture these delayed outcomes in the
Stackelberg game formulation.

To this end, we propose a qualification dynamic model to
characterize how agent qualifications would gradually im-
prove upon exerting honest efforts. Such dynamics further
indicate the time it takes for agents to reach the targeted
qualifications that are just enough for them to be accepted.
The impacts of such time lag on agents are then captured
by a discounted utility model, i.e., reward an agent receives
from the acceptance diminishes as time lag increases. Under
this discounted utility model, agents best respond by deter-
mining how much effort to exert that maximizes their dis-
counted utilities.

This paper aims to analytically and empirically study the
proposed model. With the understanding of the strategic in-
teractions between the decision-maker and agents, we fur-
ther study how the decision-maker can design an optimal
policy to incentivize the largest improvements inside the
agent population, and empirically verify the benefits of the
optimal policy.

Additionally, we extend the model to more complex set-
tings where (i) agents have an additional option of strate-
gic manipulation and can exert dishonest effort to game the
algorithm; (ii) honest efforts exerted by agents are forget-
table and may not be sufficient to guarantee persistent im-
provements, instead the qualifications may deteriorate back
to the initial states. We will propose a model with both ma-
nipulation & improvement and a forgetting mechanism to
study these settings, respectively. We aim to examine how
agents would behave when they have both options of manip-
ulation and improvement, under what conditions they pre-
fer improvement over manipulation, and how the forgetting
mechanism affects an agent’s behavior and long-term quali-
fications.

Our contributions can be summarized as follows:
1. We formulate a new Stackelberg game to model the inter-

actions between decision-maker and strategic agents. To
the best of our knowledge, this is the first work capturing
the delayed and persistent impacts of agents’ improve-
ment behavior (Sec. 3).

2. We study the impacts of acceptance policy and the exter-
nal environment on agents, and identify conditions under
which agents have incentives to exert honest efforts. This
provides guidance on designing incentive mechanisms to
encourage agents to improve (Sec. 4).

3. We characterize the optimal policy for the decision-
maker that incentivizes the agents to improve (Sec. 5).

4. We consider the possibility of dishonest behavior and
propose a model with both improvement and manipula-
tion; we identify conditions when agents prefer one be-
havior over the other (Sec. 6).

5. We propose a forgetting mechanism to examine what
happens when honest efforts are not sufficient to guar-
antee persistent improvement (Sec. 7).

6. We conduct experiments on real-world data to evaluate
the analytical model and results (Sec. 8).

2 Related Work
2.1 Strategic Manipulation
Though our work primarily lies in proposing a new model
for improvement behaviors, the problem settings are also
closely related to strategic classification problems (Hardt
et al. 2016a; Ben-Porat and Tennenholtz 2017; Dong et al.
2018; Braverman and Garg 2020; Sundaram et al. 2021; Ja-
gadeesan, Mendler-Dünner, and Hardt 2021; Ahmadi et al.
2021; Eilat et al. 2022; Horowitz and Rosenfeld 2023;
Miehling et al. 2019). Hardt et al. (2016a) formulated clas-
sification problems with strategic manipulation as a Stack-
elberg game with deterministic cost functions, where the
decision-maker optimizes classification accuracy based on
individuals’ best responses. Afterwards, more sophisticated
analytical frameworks were proposed (Dong et al. 2018;
Braverman and Garg 2020; Jagadeesan, Mendler-Dünner,
and Hardt 2021). Dong et al. (2018) proposed an on-
line algorithm for strategic classification. Braverman and
Garg (2020) added randomness to strategic classifiers, while
Shao, Blum, and Montasser (2024); Lechner, Urner, and
Ben-David (2023) provided a complete analysis of the regret
bound for online strategic classification. On the other hand,
Sundaram et al. (2021) analyzes the statistical learnability of
strategic classification with an SVC classifier. Jagadeesan,
Mendler-Dünner, and Hardt (2021) relaxed the standard mi-
crofoundations assumption where individuals are perfectly
rational to alternative microfoundations where a proportion
of individuals may not be strategic, and proposed a noisy re-
sponse model to tackle the new problem. Zhang et al. (2022)
studied the setting where the decision-maker and individu-
als only have knowledge of the feature distributions as ran-
dom variables. Thus, the strategic manipulation corresponds
to a distribution shift and its cost is also a random variable.
Eilat et al. (2022) considered the setting where individual re-
sponses are dependent and the classifier is learned through
graph neural networks. Xie and Zhang (2024a) studied the
long-term impacts on welfare and fairness under a sequential
strategic learning setting.

2.2 Improvement
However, there are other literature considering improvement
behavior (Liu et al. 2019; Rosenfeld et al. 2020; Shavit,
Edelman, and Axelrod 2020; Alon et al. 2020; Zhang et al.
2020; Chen, Wang, and Liu 2020; Kleinberg and Raghavan
2020; Bechavod et al. 2021; Ahmadi et al. 2022a,b; Raab
and Liu 2021; Xie et al. 2024; Xie and Zhang 2024b; Zhang,
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Khalili, and Liu 2020). Unlike strategic manipulation, im-
provement will incur a label change. Liu et al. (2019) stud-
ied the conditions where fairness interventions can promote
improvement among individuals. Zhang et al. (2020) formu-
lated the label change as a transition matrix where the transi-
tion probabilities are deterministic and difficult to estimate.
Other works consider both behaviors at the same time. Xie
et al. (2024) studied randomness when the agents can both
improve and manipulate, while Xie and Zhang (2024b) re-
laxed the linear assumption on the decision policy and stud-
ied the welfare under strategic learning settings. Kleinberg
and Raghavan (2020) proposed a mechanism to incentivize
individuals to invest in specific features where the individ-
uals have a budget to invest strategically on all features
including undesired ones. Their work inherited the classi-
cal settings of the Principal-agent model in economics but
designed an incentivizing mechanism under a linear ma-
chine learning classifier. They modeled manipulation and
improvement similarly (linear in efforts) and did not con-
sider the persistent and delayed effects of improvement. By
contrast, we first develop a fundamentally different dynamic
model to characterize persistent and delayed improvements.
Based on the new model, we construct a Stackelberg game to
model the interplay between agents and the decision-maker.

Another line of literature focuses on the underlying causal
models of strategic classification. Shavit, Edelman, and Ax-
elrod (2020) and Alon et al. (2020) introduced causal infer-
ence frameworks into strategic behaviors including manip-
ulation and improvement. Chen, Wang, and Liu (2020) di-
vided the features into immutable features, improvable fea-
tures and manipulable features and explored linear classi-
fiers which can prevent manipulation and encourage im-
provement. Jin et al. (2022) also focused on incentivizing
improvement and proposed a subsidy mechanism to induce
improvement actions and improve social well-being metrics.
Barsotti, Kocer, and Santos (2022) conducted several exper-
iments where both improvement and manipulation are pos-
sible and both actions incur linear deterministic costs.

2.3 Other Agent Dynamics
In addition to manipulation and improvement, some studies
consider different individual behaviors and models. For ex-
ample, Zhang et al. (2019); Dean et al. (2024a); Hashimoto
et al. (2018) focused on participation dynamics where agents
at each time decide their participation in decision systems.
Perdomo et al. (2020); Hardt, Jagadeesan, and Mendler-
Dünner (2022); Jin et al. (2024a) studied performative pre-
diction which is an abstract framework for optimization
when the deployed model influences agent population. Yin
et al. (2024) studied the setting where the population distri-
bution has an unknown dynamic and reinforcement learning
is used to improve long-term fairness. We refer interested
readers to survey papers (Zhang and Liu 2021; Dean et al.
2024b) for more examples. Also, our work is related to pref-
erence shifts and opinion dynamics in recommendation sys-
tems, which we refer to Castellano, Fortunato, and Loreto
(2009) as a comprehensive survey. Among the rich set of
works, Dean and Morgenstern (2022); Gaitonde, Kleinberg,
and Tardos (2021) proposed geometric models for opinion

polarization and motivate our work.

3 Problem Formulation
Consider an agent population with m skill sets. Each agent
has a qualification profile at time t, denoted as a unit m-
dimensional vector qt ∈ [0, 1]m with ||qt||2 = 1, A decision-
maker at each time makes decisions Dt ∈ {0, 1} (“0" being
reject and “1" accept) about the agents based on their qual-
ification profiles. Let fixed vector d ∈ [0, 1]m be the ideal
qualification profile that the decision-maker desires.

Decision-maker’s policy. For an agent with qualification
profile qt, the decision-maker assesses whether the agent’s
profile lines up with the desired qualifications d, and makes
decision Dt based on their similarity xt := qTt d using a fixed
threshold policy π(xt) = 1(xt ≥ θ), i.e., only agents that
are sufficiently fit can get accepted. How to choose threshold
θ is discussed in Sec. 5. We assume only agents with initial
similarity x0 ≥ 0 are interested in positions and only focus
on these candidates.

Although the decision policy introduced above focuses on
the similarity between qt and d where qualifications qt are
normalized with the same magnitude for all agents, it can
be easily extended to settings where the magnitude/strength
of skills also matters and may differ across agents. For ex-
ample, if the decision-maker prefers students with balanced
math and English skills and there are two "balanced" stu-
dents, the decision-maker is likely to prefer the one with
higher scores. Therefore, we propose a pre-normalization
procedure to take magnitude into account. The idea is to
first add an additional dimension to initial qualification pro-
file q0, which represents the agent’s unobservable “irrelevant
attribute" (all other skills an agent has that are not important
for the decision). Thus, we expand the original q0 to obtain
a m + 1 dimensional complete qualification profile. Mean-
while, we add a dimension to the ideal qualification profile
d with 0 as its value; the new ideal profile becomes [d; 0].
Then we can make the following natural assumption:

Assumption 3.1. After adding the dimension of “irrelevant
attribute”, for all agents, the norms of their complete quali-
fication profiles are the same.

Assumption 3.1 has been supported by literature in ma-
chine learning (Liu, Garg, and Borgs 2022) and social sci-
ence (Holmstrom and Milgrom 1991). The “irrelevant" di-
mension demonstrates all other skills that belong to an agent
but are not important to the decision. Therefore, competency
in relevant/measurable attributes implies weakness in irrele-
vant/immeasurable attributes and the length of the complete
qualification profile stays the same for all agents. With As-
sumption 3.1 and the distribution of q0 as Q, we formalize
the pre-normalization procedure in Algorithm 1.

Agent qualification dynamics. We assume agents have
information about the ideal profile d (e.g., from application
guides, mock interviews). In the beginning, agents with q0
can choose to improve their profiles by investing an effort
k ∈ [0, 1] to acquire the relevant knowledge, but the effort
will have delayed and persistent effects over subsequent time
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Algorithm 1: Pre-normalization procedure

Require: Joint distribution Q for q0, n agents with {qi0}i=n
i=1

where qi0 ∈ [0, 1]m, d ∈ [0, 1]m.
Ensure: Normalized {qi0}i=n

i=1 (i.e., qi0 ∈ [0, 1]m and
∥qi0∥ = 1), new d ∈ [0, 1]m+1.

1: d = [d, 0].
2: According to Q, find the largest norm K =

maxq0∼Q∥qi0∥ of original profiles.
3: for i ∈ {1, . . . n} do
4: Calculate norm difference zi =

√
K2 − ∥qi0∥22.

5: qi0 =
[qi0;z

i]T

K ∈ [0, 1]m+1.
6: end for

Figure 1: Dynamics of agent’s qualification qt.

stages. The specific value of k depends on the agent’s util-
ity and will be introduced at the end of this section. Upon
investing k, the agent’s qualifications qt gradually improve
over time based on the following:

q̃t+1 = qt + k · qTt d · d ; qt+1 =
q̃t+1

∥q̃t+1∥2
. (1)

(1) suggests that agents at each time improve toward the
ideal profile d. How much they can improve depend on their
current profile qt and the effort k. The similarity qTt d in the
dynamics captures the reinforcing effects: agents that are
more qualified could have more resources and are more ca-
pable of leveraging the acquired knowledge to improve their
skills. Note that the maximum improvement an agent attains
at each round is bounded, i.e., the normalized vector qt+1

after improvement is always between current qualifications
qt and the ideal profile d. Fig. 1 illustrates the improvement
dynamics of qualification qt in a two-dimensional space.

Dynamics in (1) model the delayed and persistent impacts
of improvement action (i.e., effort k). In many real applica-
tions, humans acquire knowledge and benefit from repeated
practices. They make progress toward the goal gradually,
and it takes time to receive the desired outcome from the
investment. Indeed, (1) is inspired by the dynamics in Dean
and Morgenstern (2022), which was used for modeling pref-
erence shifts (details are in Sec. 2.3), where individuals up-
date their opinions/preferences based on their correlations
with some influencer (e.g., a political figure) and control the
power of the intervention. We believe this is similar to im-
provement especially when agents improve themselves by

imitating some "role models". For example, in a job applica-
tion scenario, the “influencer” is a current worker who holds
information session and introduces her profile d. Then the
agents strive to mimic the profile of d by updating qt. The
imitating nature of improvement is well justified in many
works (e.g., Raab and Liu (2021); Zhang et al. (2022)), mak-
ing agent improvement suitable to be modeled in a similar
fashion to concept drift/preference shift. Thus, we use (1) to
model the evolution of agents’ (pre-normalized) qualifica-
tions. Based on Prop. 1 of Dean and Morgenstern (2022), we
know that qt converges under dynamics, as formally stated
in Lemma 3.2 below.
Lemma 3.2 (Convergence of qualification). Consider an
agent with initial similarity x0 := qT0 d > 0. If he/she makes
an effort k and improves qualification profile qt based on dy-
namics in (1), then qt converges to the desired profile d. The
evolution of the similarity xt := qTt d is given by:

x−2
t − 1 =

(x0)
−2 − 1

(k + 1)2t
(2)

Lemma 3.2 suggests that any agent eventually becomes
an ideal candidate with a perfectly aligned profile (i.e.,
xt = qTt d = 1), as long as he/she is interested in the po-
sition (x0 ≥ 0) and willing to make an effort (k > 0). The
only difference among agents is the speed of convergence: it
takes less time for agents who are more qualified at the be-
ginning (i.e., larger x0) and/or make more effort (i.e., larger
k) to become ideal and get accepted. Note that our work fo-
cuses on agent’s improvement behavior with persistent and
delayed effects. Although the model is presented in a sim-
plified setting where only a one-step effort is made by the
agents at the beginning, it can capture more complicated sce-
narios where agents repeatedly exert efforts multiple times
until they reach the target. Each effort has persistent effects
on improving the qualification. Specifically, suppose each
agent at time t can exert an effort kt and the agent’s quali-
fication improves based on q̃t+1 = qt +

∑t
τ=0 kτ · qTt d · d

with qt+1 = q̃t+1

∥q̃t+1∥2
(i.e., every time the agent improves

from all accumulated efforts
∑t

τ=0 kτ ∈ [0, 1] he/she in-
vested so far). For this new dynamics, the overall impacts of
these efforts {kt}t≥0 on improving agent qualification can
be equivalently characterized by the dynamics (1) with some
one-step effort. That is, there exists an effort k∗ ∈ [0, 1] such
that investing k∗ once at the beginning has the same impact
on limt→∞ qt as investing a sequence of efforts {kt}t≥0

over time. We provide more detailed discussion on this in
Xie, Tan, and Zhang (2024) (the full paper with technical
appendix). We also discuss a special case where the effect
of k is decreasing over time and provide further convergence
analysis (Xie, Tan, and Zhang 2024).

Agent’s utility & action. Because it takes time for agents
to receive rewards (i.e., get accepted) for their efforts, they
may not have incentives to invest if there is a long delay. In
practice, people may be more attracted to investments with
immediate rewards than delayed rewards, or they may sim-
ply not have enough time to wait. For example, students
only have limited time to prepare for college applications;
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credit card applicants may not have incentives to improve
their credit scores and wait to get approval for a specific
credit card when there are many instant-approval cards on
the market.

To characterize the delayed rewards, we use a discount
model and assume the reward each agent receives from the
effort k decreases over time. Specifically, let H be the mini-
mum time it takes for an agent to get accepted from the effort
k > 0. We define agent’s utility as:

U =
1

(1 + r)H
− k. (3)

That is, the utility is the exponentially discounted reward an
agent receives from the acceptance minus the effort. r > 0
is the discounting factor. Note that the discounted utility
model1 has been widely used in literature such as reinforce-
ment learning (Kaelbling, Littman, and Moore 1996), fi-
nance (Meier and Sprenger 2013), and economics (Krahn
and Gafni 1993; Samuelson 1937).

Since threshold policy π(xt) = 1(xt ≥ θ) is used to make
decisions, an agent gets accepted whenever the qualification
profile is sufficiently aligned with the ideal profile, i.e., xt =
qTt d ≥ θ. Based on (2), we can derive H as a function of
threshold θ, agent’s initial similarity x0, and effort k, i.e.,

H = min
t

{xt ≥ θ} = min
t

{
(x0)

−2 − 1

(k + 1)2t
≤ 1

θ2
− 1

}

=
− ln

(√
(θ)−2−1
(x0)−2−1

)
ln(k + 1)

(4)

Plug in (3), agent’s utility becomes:

U := U(k, θ, r, x0) = (1 + r)

ln

(√
(θ)−2−1

(x0)−2−1

)
ln(k+1) − k. (5)

Therefore, strategic agents will choose to improve their
qualifications only if utility U(k, θ, r, x0) > 0, and they will
choose the investment k that maximizes the utility.

Stackelberg game. We model the strategic interplay be-
tween the decision-maker and agents as a Stackelberg game,
which consists of two stages: (i) the decision-maker first
publishes the optimal acceptance threshold θ (details are in
Sec. 5); (ii) agents after observing the threshold take actions
to maximize their utilities as given in (5).

Manipulation & forgetting. The model formulated above
has two implicit assumptions: (i) agents are honest and they
improve their qualifications by making actual efforts; (ii)
once agents make a one-time effort k to acquire the knowl-
edge, they never forget and can repeatedly leverage this
knowledge to improve their profiles based on (1). However,
these assumptions may not hold. In practice, agents may
fool the decision-maker by directly manipulating xt to get

1Under exponential discounting function, the agent’s reward di-
minishes at a constant rate (Grüne-Yanoff 2015). Our model can
also adopt other discounting functions (e.g., hyperbolic discount-
ing) for settings when the agent’s reward decreases inconsistently.
The qualitative results of this paper still remain the same.

accepted without improving actual qt, e.g., people cheat on
exams or interviews to get accepted. Moreover, the knowl-
edge agents acquired at the beginning may not be sufficient
to ensure repeated improvements. To capture these, we fur-
ther extend the above model to two settings:
1. Manipulation: Besides improving the actual profile qt by

making an effort k, agents may choose to manipulate xt

directly to fool the decision-maker. The detailed model
and analysis are in Sec. 6.

2. Forgetting: One-time investment k may not guarantee the
improvements all the time, i.e., qualifications qt do not al-
ways move toward the direction of ideal profile d, instead
it may devolve and possibly go back to starting state q0.
The detailed model and analysis are in Sec. 7.

Objective. In this paper, we study the above interactions
between decision-maker and agents. We aim to understand
(i) under what conditions agents have incentives to improve
their qualifications; (ii) how to design the optimal policy to
incentivize the largest improvements inside the agent pop-
ulation; (iii) how the agents would behave when they have
both options of manipulation and improvement, and under
what conditions agents prefer improvement over manipula-
tion; (iv) how the forgetting mechanism affects agent’s be-
havior and long-term qualifications.

4 Improvement & Optimal Effort
In this section, we examine the impact of decision thresh-
old θ and the environment (i.e., discounting factor r) on
agent behavior. Specifically, we focus on agents with dis-
counted utility ((5)) and identify conditions under which the
agents have incentives to improve their qualifications. Note
that we do not consider issues of manipulation and forget-
ting in this section. Based on (5), an agent with x0 := qT0 d
chooses to improve only if its utility U(k, θ, r, x0) > 0. To
characterize the impact of an agent’s one-time investment k
on U(k, θ, r, x0), we first define a function C(θ, r, x0) that
summarizes the impacts of all the other factors (i.e., thresh-
old θ, discounting factor r, and initial profile similarity x0)
on agent utility, as defined below.

C(θ, r, x0) = − ln

(√
(θ)−2 − 1

(x0)−2 − 1

)
· ln(1 + r) (6)

Based on C(θ, r, x0), we can derive conditions under which
agents have incentives to improve (Thm. 4.1).
Theorem 4.1 (Improvement & optimal effort). There exists
a threshold m > 0 such that for any θ, r, x0 that satisfies
C(θ, r, x0) < m, the agent has the incentive to improve the
qualifications, i.e., agent utility is positive for some efforts
k > 0. Moreover, there exists a unique optimal effort k∗ ∈
(0, 1) that maximizes the agent utility.

Thm. 4.1 identifies a condition under which agents have
incentives to exert positive effort k > 0. This condition de-
pends on factors θ, r, x0 and can be fully characterized by
the function C := C(θ, r, x0).

Although the analytical solution of the threshold m is dif-
ficult to find, we can numerically solve m ≈ 0.3164 as

1676



0.0 0.2 0.4 0.6 0.8 1.0
ln(k+ 1)

−1.0

−0.8

−0.6

−0.4

−0.2

0.0

0.2

U

C = 0.539229
C = 0.439229
C = m (0.316352)
C = 0.216352
zero

Figure 2: Impact of effort k on agent utility U under different
C := C(θ, r, x0): ∃m > 0 such that agents have incentives
to invest and improve their qualifications if C < m.

shown in Xie, Tan, and Zhang (2024). In Fig. 2, we illus-
trate agent utilities U as functions of effort under different
C. The results show that only when C < m (red curve),
an agent can attain positive utility with effort k > 0; when
C ≥ m (green/yellow/blue curve), agents will not invest be-
cause the maximum utility is attained at k = 0. Moreover,
when C < m (red curve), there is a unique optimal effort k
that maximizes the utility. These results are consistent with
Thm. 4.1.

The condition in Thm. 4.1 further indicates the impacts of
policy θ, discounting factor r, and initial state x0 on agent
behavior. Specifically, agents only invest if C(θ, x0, r) < m
holds. By fixing any two of θ, x0, r, we can identify the do-
main of the third factor under which agents invest to im-
prove. These results are summarized in Table 1 and verified
in Xie, Tan, and Zhang (2024). It shows that for any thresh-
old θ and discounting factor r, agents only improve if their
initial qualification profile is sufficiently similar to the ideal
profile; the domain of θ also implies the best profile an agent
with initial state x0 can reach after exerting effort: if accep-
tance threshold θ is larger than the upper bound of θ given
in Table 1, then agents will not have incentives to improve.

The above results further suggest effective strategies that
encourage agents to improve their qualifications, i.e., more
agents are incentivized to improve if (i) the decision-maker’s
acceptance threshold θ is lower; or (ii) the time it takes for
agents to succeed after investments is shorter (smaller dis-
counting factor r). Examples of both strategies in real appli-
cations are discussed in Xie, Tan, and Zhang (2024), which
further verify the effectiveness of our proposed model.

5 Decision-Maker’s Policy To Incentivize
Improvement

Sec. 4 studied the impact of threshold θ on agent behavior
and provided guidance on incentivizing agents to improve.
In practice, although it is more difficult to adjust the dis-
counting factor r, the decision-maker can adjust the thresh-
old policy θ to incentivize the largest possible amount of
total improvement, thereby improving the social welfare. In
this section, we study the optimal policy when the decision-
maker is aware of the agent’s best response and hopes to
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Figure 3: Optimal thresholds θ∗ under different density
functions f and discounting factors r.

incentivize agents to improve.
Suppose the decision-maker has full information about

agents and can anticipate their behaviors, i.e., for any de-
cision threshold θ, it knows that agents whose initial simi-

larity x0 > x∗(θ) :=
(
1 + (θ−2 − 1) · exp

(
2m

ln(1+r)

))− 1
2

will invest and improve their profiles (by Table 1). Also, we
define x∗(0) = 0 to let x∗(θ) be continuous in [0, 1] and de-
note f as the probability density function of the agent sim-
ilarity x0 which is also continuous in [0, 1]. Then, we can
define Ud(θ) as the utility of the decision-maker under the
threshold as the total amount of agents’ improvements:

Ud(θ) =

∫ θ

x∗(θ)

(θ − x0) · f(x0)dx0 (7)

Eq. (7) above demonstrates that the decision-maker aims
to maximize the total improvement among the agent popu-
lation, and its utility is a function of θ. Since f(x), x∗(θ) are
both continuous in [0, 1], utility Ud(θ) is also continuous.
The following Thm. 5.1 further shows the existence of the
optimal thresholds θ∗ ∈ (0, 1).
Theorem 5.1 (Existence of optimal threshold). For any
decision-maker with utility function Ud, there exists at least
one θ∗ ∈ (0, 1) that is optimal under which Ud(θ) > 0.
Moreover, θ∗ is the unique optimal point of Ud if ∂Ud

∂θ has
one root within (0, 1).

To verify Thm. 5.1, we demonstrate the values of Ud un-
der situations where the agent population has different den-
sity functions f and different discounting factors r. Specif-
ically, we consider the uniform distribution and Beta distri-
butions with different parameters. Fig. 3 shows Ud(θ) un-
der different density functions f and discounting factors r.
The results illustrate that under these settings, Ud is single-
peaked and there is a unique θ∗ ∈ (0, 1) that is optimal and
results in positive utility, which is consistent with Thm. 5.1.
The figure also indicates the impact of r on the optimal
threshold: as r increases, θ∗ increases and the correspond-
ing maximum utility decreases. As formally stated below in
Corollary 5.2. We prove Thm. 5.1 and Corollary 5.2 in Xie,
Tan, and Zhang (2024).
Corollary 5.2. For Ud(θ) that has a unique maximizer θ∗,
optimal θ∗ decreases as r increases.

Importantly, the results of Thm. 5.1 show that the
decision-maker can always find an optimal decision thresh-
old θ∗ (either numerically or using gradient methods de-
pending on the density function f ) to incentivize the largest
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Domain of x0 (given θ, r) x0 >
(
1 + (θ−2 − 1) · exp

(
2m

ln(1+r)

))−1/2

Domain of θ (given x0, r) θ ≤
(
1 + (x−2

0 − 1) · exp
(
− 2m

ln(1+r)

))−1/2

Table 1: Domain of initial similarity x0 (or threshold θ) under which agents invest positive efforts.

improvement and promote social welfare in practice. While
the above results all assume the decision-maker knows r
when determining θ, we can relax this and provide a pro-
cedure to estimate r; this is included in Xie, Tan, and Zhang
(2024).

6 Impact of Manipulative Behavior
Our analysis and results so far rely on an implicit assump-
tion that agents are honest and they improve qualifications qt
by making actual efforts. However, as mentioned in Sec. 3,
agents in practice may fool the decision-maker by strategi-
cally manipulating xt = qTt d to get accepted without im-
proving qt. Next, we extend our model in Sec. 3 by consid-
ering the possibility of such manipulative behavior.

Model with both manipulation & improvement. We ex-
tend the model in Sec. 3 where agents after observing θ have
an additional option to manipulate x0 directly. If they choose
to improve, they make a one-time effort k ∈ [0, 1] to acquire
relevant knowledge and gradually improve their qualifica-
tions qt over time based on (1). If they choose to manipulate,
they only increase xt at every round to fool the decision-
maker without changing the actual profile qt. Similar to the
literature on strategic classification (Hardt et al. 2016a), the
manipulation comes at the cost and the risk of being caught.

Specifically, let c(x′, x) ≥ 0 be the manipulation cost it
takes for an agent to increase its similarity from x to x′,
and P ∈ [0, 1] be the detection probability of manipulation
during an agent’s entire application process. Agents, once
getting caught manipulating xt, will never be accepted.

Degree of manipulation. If agents choose to manipulate,
they will increase xt at every round to fool the decision-
maker, and they manipulate in a way that minimizes the
manipulation cost and the risk of being detected. We make
the following natural assumptions on c and P :

1. Let xt be the best outcome agents can attain from xt−1

at round t by improvement behavior (with largest effort
k = 1). If xt > xt for some t, then P = 1 because
the decision-maker can be certain that xt is the result of
manipulation; otherwise, P ∈ [0, 1) if xt ≤ xt.

2. The total manipulation cost it takes for an agent with
initial similarity x0 to be accepted is c(θ, x0).

Note that xt above indicates the maximum degree of
manipulation of agents: to avoid being detected, an agent
should not manipulate xt more than xt. We can compute
xt directly from Lemma 3.2 (by setting k = 1), i.e.,

xt =

(
x−2
t−1−1

4 + 1

)− 1
2

. For agents who manipulate, if the

total manipulation cost needed to get accepted is c(θ, x0)
and detection probability P = 1 whenever xt > xt, then
agents will always manipulate toward xt to maximize its
utility. As a result, agents who manipulate can be regarded as
they mimic the improvement behavior with the largest effort
k = 1.

Let Ũ be agent’s utility under manipulation, which is
the benefit an agent obtains from acceptance (when not be-
ing detected) minus the manipulation cost, i.e.,

Ũ = (1− P ) · (1 + r)

− ln

(√
(θ)−2−1

(x0)−2−1

)
ln 2 − c(θ, x0), (8)

where the benefit is derived based on (5) (with k = 1).

Agent’s best response. Suppose agents have full informa-
tion about detection probability P and discounting factor r,
after observing the acceptance threshold θ, they best respond
by choosing the action (i.e., improvement/manipulation/do
nothing) that maximizes their utilities, i.e., if Ũ > maxk U ,
they choose to manipulate; otherwise, they improve by ex-
erting optimal effort k∗ = argmaxk U .

Next, we examine under what conditions agents prefer
improvement over manipulation.

Theorem 6.1. Suppose manipulation cost c(x′, x) = (x′ −
x)+ and threshold θ ≥ θ̄ for some θ̄ ∈ (0, 1). For any dis-
counting factor r, there exists P̂ ∈ (0, 1) such that the fol-
lowings hold:

1. If P = 0, then ∃x̂ ∈ (0, 1) such that agents manipulate
only when initial similarity x0 ∈ (x̂, θ).

2. If P ∈ (0, P̂ ], then ∃x̂1, x̂2 such that agents manipulate
only when initial x0 ∈ (x̂1, x̂2).

3. If P > P̂ , then agents never choose to manipulate.

Thm. 6.1 considers scenarios when the threshold is suffi-
ciently high, and identifies conditions under which manipu-
lation is preferred by agents in these settings. It shows agent
behavior highly depends on the risk of manipulation (i.e.,
detection probability P ). The specific values of P̂ , x̂, x̂1,
x̂2 in Thm. 6.1 depend on θ, r. In particular, P̂ increases
as r increases. Indeed, we can empirically find P̂ , x̂, x̂1, x̂2

and verify the theorem. These are illustrated in Xie, Tan, and
Zhang (2024) and Sec. 8.

7 Forgetting Mechanism
The analysis in previous sections relies on the assumption
that once agents make a one-time effort k to acquire the
knowledge, they never forget and can repeatedly leverage
this knowledge to improve their profiles based on (1). This
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Figure 4: Upper bound k̂ of the optimal effort as a function
of x0.

may not hold in practice when the knowledge agents ac-
quired at the beginning are not sufficient to guarantee re-
peated improvements. In this section, we extend the qualifi-
cation dynamics ((1)) by incorporating the forgetting mech-
anism, i.e., qualification profile qt does not always move to-
ward the direction of ideal profile d, instead, it may devolve
and possibly go back to the initial q0. Note that we only con-
sider honest agents who do not manipulate. By modifying
(1), we define the new qualification dynamics with forget-
ting as follows.

q̃t+1 = qt + (k · d+ (1− k) · q0) · qTt d (9)

qt+1 =
q̃t+1

∥q̃t+1∥2

Let d̃ := k ·d+(1−k) ·q0, then new dynamics in (9) implies
that at each round, qualification profile qt is pushed toward
the direction of d̃, i.e., a convex combination of ideal profile
d and initial qualifications q0. Whether qt improves towards
d or deteriorates back to q0 depends on the investment k:
with more effort k, the degree of forgetting is less; there is
no forgetting if all the knowledge is acquired (k = 1). Un-
der the new dynamics, we can derive the convergence of the
qualification profile as follows.

Theorem 7.1 (Convergence of qualification under forget-
ting). Consider an agent with initial similarity x0 = qT0 d >
0 whose qualifications qt follow dynamics in (9). Suppose
the agent makes investment k > 0, then qt converges to pro-
file d∗ and the similarity xt = qTt d satisfies:

(x∗
t )

−2 − 1 <
(x∗

0)
−2 − 1

(ku + 1)2t
(10)

where d∗ = d̃

∥d̃∥
, x∗

t = qTt d
∗, and ku = ∥d̃∥ · x0.

Thm. 7.1 implies that convergence still holds when qual-
ifications evolve with forgetting. Unlike the scenarios with-
out forgetting where qt eventually converges to the ideal pro-
file d regardless of k (Lemma 3.2), qt now converges to d∗,
i.e., a profile between initial qualifications q0 and ideal pro-
file d, which is closer to q0 with smaller investment k. It
shows that if agents do not exert enough effort and the ac-
quired knowledge is not sufficient, then they will not make
satisfactory improvements.

Agent’s utility and improvement action. Denote agent
utility under the forgetting mechanism as Û(k, θ, r, x0). Un-
like settings without forgetting where we can derive the ex-
act time H it takes for agents to be accepted and find utility
U ((5)), the analytical form of Û(k, θ, r, x0) is not easy to
derive. Nonetheless, we can still show that there exist sce-
narios under which agents have incentives to improve, even
though the best attainable profile is a profile d∗ between ini-
tial q0 and the ideal d.
Theorem 7.2. For any threshold θ (resp. discounting factor
r), there exists a discounting factor r (resp. threshold θ) such
that agent’s utility Û(k̄, θ, r, x0) > 0 for some k̄ ∈ (0, k̂),
i.e., agents have the incentive to make a positive effort. The
upper bound of the optimal effort is k̂ given by

k̂ = min

(
x̂2
0

2x̂2
0 + 2x̂3

0

,
x0 · (x2

0 + x0 −
√
x4
0 − x2

0 + 1)

2x2
0 + 2x3

0 − 1

)
where x̂0 is the root of 2x2

0 + 2x3
0 − 1 = 0 within (0, 1).

Thm. 7.2 implies that there exists (θ, r) such that agents
best respond by improving their qualifications, and the op-
timal effort is upper bounded by k̂. Indeed, we can numer-
ically find the upper bound k̂ as a function x0 (shown in
Fig. 4). Because k̂ < 0.35 for all x0, the actual effort in-
vested by any agent is less than 0.35, and the qualifica-
tions qt converge to a profile d∗ that is between q0 and
0.35 · d + 0.65 · q0. This means the improvement an agent
can make under the forgetting mechanism may be limited,
suggesting that the agents may not improve to be qualified
when the tasks are challenging.

8 Experiments
We validate theoretical results by conducting experiments
on Exam score (Kimmons 2012) and FICO score (Reserve
2007) dataset2. For both datasets, scores serve as the agent’s
initial similarity x0, and we assume agents interact with a
decision-maker based on the Stackelberg game in Sec. 3.
We first fit these scores with beta distributions, i.e., x0 ∼
Beta(v, w), and then use them to derive the followings:
1. The optimal decision threshold θ∗ for the decision-maker

to incentivize the largest amount of improvement and
promote social welfare, and the total improvement in-
duced by θ∗.

2. The percentage of agents who choose to manipulate un-
der the decision-maker’s optimal policy.

Exam Score Data. It is a synthetic dataset contain-
ing 1000 students’ exam scores on 3 subjects includ-
ing math, reading, and writing (Kimmons 2012). We
first average over 3 subjects and normalize the averaged
score to [0, 1]. Then, we fit two beta distributions to
the normalized scores of males and females and obtain
x0 ∼ Beta(4.86, 2.37),Beta(4.15, 1.79) (visualizations are
in Xie, Tan, and Zhang (2024)).

With these distributions, we can compute the optimal de-
cision thresholds and the corresponding total improvement

2https://github.com/osu-srml/Alg-Persistent-Improvement
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Figure 5: From the left to the right are: optimal thresholds to incentivize improvement for males/females; manipulation proba-
bility under the thresholds for males/females for Exam data.
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Figure 6: From the left to the right are: optimal thresholds to incentivize improvement for Caucasians and African Americans;
manipulation probability under the thresholds for Caucasians and African Americans for FICO data.
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Figure 7: From the left to the right are: optimal thresholds to incentivize improvement for Asians and Hispanic; manipulation
probability under the thresholds for Asians and Hispanic for FICO data.

under different discounting factors r. As shown in Fig. 5, for
both males and females, the experimental results are similar.
When r increases, θ∗ always decreases and the total amount
of improvement becomes lower. This illustrates how larger
discounting factors harm agents’ improvement. Addition-
ally, we consider settings with both manipulation and im-
provement. Fig. 5 also shows the percentages of agents who
prefer to manipulate under θ∗. It shows that agents are less
likely to manipulate as detection probability P increases.

FICO Score Data. We adopt the data pre-processed by
Hardt et al. (2016b), which contains CDF of credit scores
of four racial groups (Caucasian, African American, His-
panic, Asian). For each group, we fit a Beta distribution and
obtain four distributions: Beta(1.11, 0.97) for Caucasian,
Beta(0.91, 3.84) for African American, Beta(0.99, 1.58) for
Hispanic, Beta(1.35, 1.13) for Asian (see Xie, Tan, and
Zhang (2024)). The results for Caucasians and African
Americans are shown on the first column in Fig. 7, while

the results for Asian and Hispanic are shown the second col-
umn.

For each group, we compute the optimal decision thresh-
old and corresponding total improvement under different r.
As shown in Fig. 7 (left two plots), for both groups, their
corresponding optimal threshold θ∗ and the total amount of
improvement always decrease as r increases. For settings
with both manipulation and improvement (right two plots in
Fig. 7), agents are more likely to manipulate under smaller
detection probability. When detection probability P is suffi-
ciently large, agents do not have incentives to manipulate.

9 Conclusions & Limitations
This paper studies the strategic interactions between agents
and a decision-maker when agent action has delayed and
persistent effects. By utilizing a qualification dynamics
model and the discounting utility function, we analyze the
conditions where agents tend to improve and investigate
how the decision-maker can incentivize agents to make the
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largest improvement. Moreover, we consider the situation
where agents can improve or manipulate, and characterize
how agents would make improvement or manipulation de-
cisions when their efforts take time to pay back. Finally,
we discuss the situation where the tasks are challenging and
a forgetting mechanism takes place, thereby expanding the
scope of our model.

However, our theoretical results depend on the assump-
tion that both agents and the decision-maker have perfect
information about each other so that they always best re-
spond. Extension to cases when each party only has partial
or imperfect information is important. Moreover, these the-
orems are based on the qualification dynamics (1). Although
a scenario when it does not hold is studied in Sec. 7, future
works should also consider other variants tailored to spe-
cific applications to prevent negative outcomes. For exam-
ple, they may consider the more complex situation where
the decision-maker has a time-varying ideal profile dt.

Ethical Consideration Statement
We believe our work fills the gap in which agent strategic be-
haviors are benign and agents’ efforts can have long-lasting
but diminishing effects. This can be the case under many
real-world situations including exam preparation and job ap-
plication. Thus, our model can improve trustworthy machine
learning and decision-making in reality. However, as men-
tioned in Sec. 9, our work relies on certain assumptions and
needs to be used cautiously. Moreover, though we provide
a procedure to estimate the discounting factor, performing
controlled experiments is not always accessible. Meanwhile,
manipulation cost and detection probability are unknown
and hard to estimate. Collecting real data and estimating
these parameters remain promising research directions in the
future.
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